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ABSTRACT
Fatal and Non-Fatal Police Shootings in the United States, 2015:
An Examination of Open-Source Data
by
Yuchen Hou
Adviser: Michael G. Maxfield, Ph.D.
Purpose and Significance: Police shootings do not always result in death. This fact raises
a question of what distinguishes fatal and non-fatal police shootings (FNFPS). However, no
existing database is available to address how often and under what circumstances civilians have
died from or survived police shootings in the United States. To fill the gaps, this dissertation
research uses open sources to create a crowdsourced national database on FNFPS in the United
States in 2015. The creation of this database provides researchers insights into the suitability and
sustainability of open-source research applied for studying police shootings and offers
practitioners a guideline to develop a use of deadly force data reporting and collection system.
Using this database, the study aims to identify incident-, context-, and agency-level factors that
distinguish FNFPS. Findings can help us better understand how selected features of police
agencies, situations, and contexts interact with key parts of police shootings: officers, civilians,
and places.
Methods: A police shooting problem-solving framework was adopted to guide the coding
and collection of incident-, context-, and agency-related information. This study identified
eligible police shootings (N=1,907) from the GunViolenceArchive.org. A research team was
built to code incident attributes described mainly by local media reports. After examining
intercoder reliability and missing values of incident attributes, this study appended additional
situational, contextual, and organizational information obtained from multiple publicly available

v
databases. After descriptive analysis of the relative incidence of FNFPS by selected incident-,
context-, and agency-level variables, this study performed a series of logistic regression models
to identify dangerousness-related and life-saving-related factors that impacted the relative odds
of fatal and non-fatal police shootings. When modeling with organizational covariates, a random
intercept was specified to control for the observed significant heterogeneity among agencies.
Multiple imputation by chained equations was used to handle missing data that largely existed on
civilian race and age. Multiple-imputation estimates were used to complement the interpretations
of the results from complete case analyses.
Findings: The observations and results through this open-source data collection confirm
that open sources, particularly local media outlets, can constitute a more complete universe of
police shootings nationwide. But the newsworthiness-driven media coverage restricts the content
and amount of information that can be used for theory testing. The results, based on the data
complied, support the notion that police shooting does not always kill, and add evidence to the
ongoing debates on whether or not police shootings are just urban problem. More importantly,
the results demonstrate that conventional scholarly accounts of police decision to shoot may not
further explain police shooting fatality. There may exist divergent mechanisms underlying the
occurrence and outcome of police shootings.
Conclusion: Reducing fatality differs from reducing police shootings. A more complete
understanding of police shooting fatality requires considering factors facilitating or precluding
life-saving interventions that could be implemented in the post-shooting stage. This also requires
a research agenda on systematically integrating data from law enforcement, public health,
academia, and the media.
Keywords: Police shooting; Fatality; Open source; Problem-solving; Life-saving
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CHAPTER 1: INTRODUCTION
No single existing database can allow researchers to answer adequately how often and
under what circumstances civilians1 have died from or survived police shootings in the United
States (Alpert, 2016; Klinger, 2012; Williams et al., 2019). To help fill the gap, this dissertation
research explores the ability of open sources to build a national database of fatal and non-fatal
police shootings (FNFPS) in the United States in 2015. Within an adopted problem-solving
theoretical framework, this study first creates an incident-level database that captures the
incident, civilian, and officer attributes of FNFPS mainly described in local media reports. After
appending contextual features of where shootings occurred and organizational features of the
involved law enforcement agencies from other publicly available data sources, this dissertation
research examined individual, situational, contextual, and organizational-level factors that may
differentially distinguish FNFPS in the United States. The creation of this crowdsourced national
database helps to expand our understanding of the nature and extent of police shootings that has
previously been limited to fatal police shootings. The findings may better inform police agencies,
communities, other stakeholders that the opportunities and strategies for reducing the fatality of
police shooting that are distinct from those conventional beliefs regarding determinants
contributing to the occurrence of police shooting.
1.1 Statement of the Problem
Since the summer of 2014, high-profile deaths of Michael Brown in Ferguson, Missouri
and other unarmed minorities at the hands of police officers in the United States have

1

The term “civilian” in this dissertation research refers to a person engaged in adversarial conflict with an officer or a third party,
which results in a police shooting. It does not include crime victim, bystander, and others who did not engaged in adversarial
conflict with an officer or a third party.
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transformed police use of deadly force into a national problem (Zimring, 2017), putting a
spotlight on two controversies, fatality and racial disparity.
American police officers shoot and kill far more civilians than police in European
countries (Hirschfield, 2015; Lartey, 2015). According to the Washington Post’s “Fatal Force”
database (2021), an average of nearly 1,000 people are shot and killed by American police
officers in the line of duty every year since 2015. In 2015, for example, 816 civilians who were
shot and killed were armed with a deadly weapon, mostly with guns but many of them knives,
whereas 93 civilians shot and killed by police were unarmed (Nix et al., 2017). Previous research
consistently documented that what occurs during an encounter and who the potential targets of
force are, appear to be the most influential factors on the likelihood of the encounter being
escalated to a deadly shooting (Fyfe, 1988; White, 2001, 2002). Nevertheless, the potential for
de-escalation is always present, especially in non-life threatening situations (Police Executive
Research Forum, 2016).
Blacks, specifically unarmed blacks, appear to disproportionately fall victim to fatal police
shootings or police killings given their population proportions (Cesario et al., 2019; Nix et al.,
2017; Ross et al., 2021; Siegel, 2020; Tregle et al., 2019). Nix and associates (2017) analyzed the
Washington Post’s “Fatal Force” database and found that black civilians shot and killed by
police in 2015 were more than twice as likely as whites to have been unarmed at the time of their
deaths. Despite the ongoing debates among scholars and practitioners on the appropriate
benchmarks against which to measure racial disparity (Cesario et al., 2019; Knox & Mummolo,
2020; Ross et al., 2021; Tregle et al., 2019), the observed population-benchmarked racial
disparities are more visible and intuitive for the general public. Perceived as illegitimate and
racially biased by the minority groups targeted and many others in the larger society, these
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disparities have sparked waves of “Black Lives Matter” and other civil unrest movements against
police violence against racial and ethnic minorities.
These fatalities and disparities in fatal police shootings raise a compelling question: How
these deadly and racially disparate police shootings could have been reduced or become less
lethal to save more lives? The considerable urban-rural and intercity variations in fatal police
shootings (Hemenway et al., 2019, 2020; Shane et al., 2017; Sherman, 2015) raise another
question that whether mechanisms likely to provoke deadly and racial disparate police shootings
are also contextualized in different social settings (Sampson et al., 2013).
1.2 Gaps in the Knowledge of Police Shootings
Scholarly explanations for deadly and racially disparate police shootings at the national,
state, and local levels consider four perspectives: individual, situational, contextual, or
organizational (Binder & Scharf, 1980; Bolger, 2015; Fyfe, 1988; Goff et al., 2017; Klahm &
Tillyer, 2010). However, the estimates of the nature of police shootings have been limited by
flaws in data sources used. On a national scale, for example, most aggregate studies relied on
official databases that exclusively collect the data on civilian deaths as results of police actions,
such as the Centers for Disease Control (CDC) and Prevention’s National Vital Statistics Reports
(NVSR) and National Violent Death Reporting System (NVDRS), and the Federal Bureau of
Investigation (FBI)’s Supplementary Homicide Reports (SHR). These official measures have
inherent have validity and reliability problems (Barber et al., 2016; Conner et al., 2019; Finch et
al., 2021; Klinger et al., 2016). Newly merged crowdsourced or media-driven data collection
initiatives in the wake of Ferguson, such as the Washington Post's “Fatal Force” database and the
Guardian’s the Counted Database have been shown to capture more incidents of fatal police
shootings than any such measures by federal agencies (Williams et al., 2019). Like official
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records, these media counts omit non-fatal outcomes. The reality of the use of deadly force that
“it does not always kill” (Fyfe, 1988; Klinger et al., 2016; Meyer, 1980) remains untested. Over
40 years ago, James Fyfe wrote that police use of deadly force is important even when it does not
produce a fatality (1978). Unfortunately, there is still no available national database that can
allow researchers to answer adequately how often and under what circumstances civilians died
from or survived police shootings in the United States (Alpert, 2016; Klinger, 2012; Williams et
al., 2019). The FBI’s National Use-of-Force Data Collection program launched in 2019 aims to
collect data on use of force incidents resulting in civilian deaths, serious bodily injuries, or
firearm discharges. However, this data collection effort may be discontinued before publishing
any data on use of force incidents due to insufficient participation, according to a report by the
US Government Accountability Office (2021). Despite some agency-specific studies (Klinger et
al., 2016; White, 1999, 2002) that examined risk factors influencing the occurrence or rate of all
police shootings, these studies have generally given scant attention to factors that may affect the
likelihood of civilian deaths (White, 2006). The lack of comprehensive and reliable data on
police shootings precludes full understanding of which policies and practices may be effective in
reducing the occurrence and fatality of police shooting.
In addition to the lack of a national database on FNFPS, theoretical frameworks (e.g.,
Blalock’s racial threat perspective (1967) and Klinger’s ecological perspective (1997)) applied in
the policing literature have failed to adequately take into account the interactive complexity in
police-civilian encounters (Parker et al., 2005). A police shooting fatality results from a
contingent sequence of interactions among police, civilian, and place (i.e., circumstance),
involving individual, situational, contextual, and organizational determinants (Binder & Scharf,
1980; Bolger, 2015). In particular, the fatality can also be conditional on what occurs during the
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immediate aftermath of a police shooting. A new theoretical framework that better captures the
combinations of risk factors distinguishing FNFPS is needed for developing preventative
strategies for saving more lives (Sherman, 2018).
1.3 Purpose and Overview of the Present Research
To help fill the gaps, this study aims to identify factors that may contribute differently to
the incidence of FNFPS. Four features distinguish this study:
(1) This study deploys a collaborative research team to build a national database that
extends the scope of police shootings to include both fatal and non-fatal incidents. This
national database captures comprehensive information on the circumstances of how
police-civilian encounters initiated and escalated into shooting incidents, the civilians
involved, the agencies involved, and social-demographic local contexts.
(2) This study applies the emerging open-source research methods to study police-citizen
encounters which are most commonly measured by self-reports and official records.
Analytical strategies are tailored to address the issues of intercoder reliability and
missing data that have been largely overlooked by previous research.
(3) This study extends the problem-solving framework that had been used for analyzing
crime events to explain police shooting behaviors, particularly the opportunity that
contribute to civilian death by police gunfire. This framework supports a research
agenda focused on systematic data integration from law enforcement, public health,
academia, and the media.
(4) The study identifies the strengths and weaknesses of using open-source data for
estimating the counts and correlates of FNFPS.
What this database depicts can provide a guideline for law enforcement agencies to
optimize their use-of-force reporting and collection systems. Findings can help police
organizations, communities, and other stakeholders rethink this problem and collaboratively
develop evidence-based policing reforms on policies and practices, increasing legitimacy and
accountability of police use of deadly force and enhancing police-public relationships.
This dissertation is structured in 8 chapters. First, CHAPTER 2 lays the background for
police shooting problems by looking at the transformation of police shootings into social
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problems in the United States post-Ferguson, known statistics on police use of deadly force, and
current controversies. CHAPTER 3 reviews prior theoretical perspectives and empirical
examinations of factors (i.e., including individual, situational, contextual, and organizational)
which may interactively influence police decisions to shoot, placing special emphasis on linking
some factors to civilian deaths from police shootings or survivals. CHAPTER 3 ends with a
discussion of limitations of prior deadly force research. CHAPTER 4 introduces a framework of
a police shootings problem analysis triangle which is adapted from Eck’s crime triangle under
the routine activity perspective (2003). The framework is designed to understand the interactive
complexity of police-civilian deadly encounters and to explore potential preventative strategies
for saving more lives. CHAPTER 5 presents research questions and hypotheses to test.
CHAPTER 6 details the data coding, processing, evaluation processes for incident-level data,
the merging of the contextual and organizational features from additional data sources, the study
samples and measures included in the analyses, and the quantitative analytic approaches. These
steps were cumbersome, tedious, and time-consuming, but they were essential in preparing the
data for statistical analysis and inference. CHAPTER 7 presents the results from descriptive and
inferential analyses. CHAPTER 8 discusses the major findings regarding the nature of police
shootings and the correlates of FNFPS, highlights theoretical contributions and implications for
police policy and practice reforms, and then addresses methodological challenges and limitations
encountered in this open-source research.
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CHAPTER 2: THE TRANSFORMATION OF POLICE SHOOTINGS AND RESEARCH
IN THE UNITED STATES
Police use of deadly force is a needle-in-the-haystack phenomenon among hundreds of
millions of police-civilian encounters. Only a small percentage (1 to 17%, varying based on
measures and research settings, see Lawton, 2007) of police-civilian contacts resulted in the use
or threatened use of force by police. Among them, the most frequently used force is weaponless,
such as physical restraint by the officer’s hands and body, whereas firearms are least often used
(Adams et al., 1999). Despite the infrequent occurrence, the higher rates of American police
shootings compared to the rates in any other countries and the disproportionate police use of
deadly force towards unarmed young black men in the United States must arouse public outrage
if the lethal coercive force is perceived as “untamed and unbridled” by the public, both
historically and more recently since the police killing of Michael Brown in 2014.
Public outcries sparked by police killings of young black men in the late 1960s and in the
post-Ferguson era are “two great awakenings” (Sherman, 2018), but have differently influenced
the reform and research on police use of deadly force in the United States (Zimring, 2017). As
Sherman (2018) summarized, research on police shootings in the first great awakening has
focused on legal and administrative controls on police use of deadly force, providing empirical
support for the role of restrictive policies (e.g., policies consistent with the “defense of life”
principle expounded in Tennessee v. Garner (1985)) on the documented substantial decline in
police killings nationwide (Fyfe, 1988; White, 2001; Zimring & Arsiniega, 2015). Police
shootings can no longer be isolated from social contexts in the second great awakening that was
fueled by the widespread use of mass media (Sherman, 2018; Zimring, 2017). The sustained
circulation of images, videos, and media reports of police violence against minorities seen on
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mass media venues have drawn connections among police killings of Eric Garner, Michael
Brown, Freddie Gray, and other black men that occurred across the nation but in a compressed
time period (Weitzer, 2015).
The transformation of police shootings from a local to a national problem (Zimring, 2017)
has raised concerns over the government’s failure to disclose the reality of police use of deadly
force nationwide. No single government database—the Centers For Disease Control and
Prevention’s National Vital Statistics System and National Violent Death Reporting System, the
Federal Bureau Of Investigation’s Supplemental Homicide Reporting, nor the Bureau of Justice
Statistics’s Arrest-Related Deaths Program—can tell us how often and under what circumstances
civilians are shot by police in the United States (Alpert, 2016; Klinger et al., 2016; Williams et
al., 2019). “We still live in a society in which the best data on police use of force come to us not
from the government or from scholars, but from the Washington Post” (Fyfe, 2002, p. 99).
Calls for building a comprehensive database on police use of deadly force have been
echoed over the past 40 years (Fyfe, 2002; Klinger, 2012; President’s Task Force on 21st
Century Policing, 2015; United States Commission on Civil Rights, 1981; White, 2016). To date,
out of more than 18,000 law enforcement agencies in the US, only a small number of municipal
police departments and county sheriff’s agencies in metropolitan areas have consistently
disclosed their annual reports and datasets on firearm discharge or officer-involved shootings as
a key part of their initiatives to improve transparency and accountability (see the Police
Foundation’s Police Data Initiative1). For some state-level efforts, as documented by the
National Conference of State Legislatures2, at least 21 states mandate data collection on some
aspect of law enforcement use-of-force incidents. Among those states with mandated data

1
2

See https://www.policedatainitiative.org/datasets/officer-involved-shootings/ (accessed Dec 1, 2021).
See https://www.ncsl.org/research/civil-and-criminal-justice/law-enforcement-statutory-database.aspx (accessed Dec 1, 2021).
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collections, most only capture officer-involved deaths. Only few states (e.g., California,
Colorado, Illinois, Minnesota, Texas, Virginia) collect the data on officers’ firearm discharges
resulting in serious bodily injury or death, but fail to capture the missed-shot circumstances.
More promisingly, there have been some ongoing efforts, such as the FBI’s National Use-ofForce Data Collection3, the Leadership Conference Education Fund’s “Accountable Now”
initiative4 on compiling police use-of-force data nationwide, and VICE News’ data on “Shot by
Cops and Forgotten,”5 are helping to build the first national database on all police shooting
behaviors that result in either fatal or non-fatal outcomes. Among these promising data collection
initiatives, VICE News took the first step to make its data publicly available. Table 1 shows a
few similarities and differences in the patterns of American police shootings captured by the data
from VICE News (2017) and the Washington Post (Nix, et al., 2017; Shane et al., 2017; Sherman,
2015).
As demonstrated by the 7-year data on FNFPS in the country’s 47 largest local police
departments from VICE News, among 4,410 civilians shot by police, two-thirds survived but
were not counted by existing measures of fatal police shootings. If the annual number of fatal
police shootings is around 1,000 as documented by The Washington Post, there may be another
3,000 incidents in which American police officers discharged firearms against civilians every
year. Fyfe’s review (1988) of several earlier agency-specific studies in 1970s-80s reported that
the proportion of fatalities among all police shooting incidents varied from a low of 21.2% to a
high of 41.7% across agencies. Klinger (2012) compared the citizens struck by NYPD and
LAPD gunfire from 1978 to 2008 and found the death rates within two departments were

3

See https://www.fbi.gov/services/cjis/ucr/use-of-force (accessed Dec 1 2021).
See https://www.accountablenow.com/ (accessed Dec 1 2021).
5
See https://news.vice.com/en_us/article/xwvv3a/shot-by-cops (accessed Dec 1 2021).
4
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substantially different over a 35-year period. These findings suggest that the accurate
measurement of police shooting behaviors should also incorporate ones resulting in non-fatal
gunshot wounds or missed shots which account for most of police shooting behaviors and vary
over time and across agencies.
Table 1: Comparing data on police shootings compiled by VICE News and the Washington Post.

Time frame

•

VICE News’s
Shot by Police Databasea
2010-2016

Jurisdictions

•

47 largest local police departments

•

Nationwide

Outcome

•
•
•

Fatal: 31.6% (n=1,392)
Non-fatal: 61.9% (n=2,730)
Unknown: 5.2% (n=288)

•

Fatal: N=1,948

•
•
•
•

Blacks shot: 37.9% (n=1,670)
Armed blacks < Armed whites
Unarmed blacks: 45%
Firearm armed blacks > Firearm armed
whites
Unarmed: 20%
Firearm: 50%
Knife or other weapon: 20%

•

Blacks shot and killed: 25.2% (n=490)

•

Unarmed Blacks shot and killed in
2015: 40.8%

•
•
•

Unarmed: 7.5%
Firearm: 55.4%
Knife or other weapon: 31.8%

•

Decline by 16.1% (2010 to 2016) &
10.6% (2015 to 2016)

•

Decline by 3.4% (2015 to 2016)

•

The number of police shootings decline
for large-city departments, but remain
flat or down slightly for smaller
departments

•

1.7% cities involved 14.3% of fatal
shootings during 2015-2016
51% of fatal shootings during the first 7
months of 2015 occurred in small cities
with <50,000 residents

Racial differences
Racial differences
in weapon status

Weapon status
Overall change

Intercity variation

•
•
•

•

The Washington Post’s
Fatal Force Databaseb
2015-2016

•

Notes:
a
Statistics of police shootings recorded by The VICE News were extracted from
https://news.vice.com/en_us/article/xwvv3a/shot-by-cops (accessed December 1, 2021).
b
Statistics of fatal police shootings recorded by The Washington Post were extracted from three studies: 2015
statistics from Nix et al. (2017), 2015-2016 statistics from Shane et al. (2017), and the statistics related to the first
7 months of 2015 from Sherman (2015).
>: are more likely to be shot; <: are less likely to be shot.

More striking patterns of racial differences in police shootings are revealed when taking
into account both FNFPS. As seen in Table 1, the proportion (37.9%) of blacks among those
shot by police as VICE News found was 50 percent higher than what the Washington Post
documented for the proportion of blacks shot and killed by police (25.2%). VICE News reported
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that 20% civilians were unarmed when police fired and 45% of them were blacks. In contrast,
only 7.5% civilians who were shot and killed by police were unarmed as shown in the
Washington Post data. The picture of police shootings that is based on fatal counts could be
misleading when used to interpret the impacts of some risk factors on police decisions to shoot.
The highly publicized and politicized “Black, Blue, and All Lives Matter” movements
drive the shifts in public concerns over police use of deadly force from the regulation of police
conduct to the emphasis on the sanctity of human life (Zimring, 2017, Police Executive Research
Forum, 2016). As a result, some police agencies, such as the Las Vegas Metropolitan Police
Department and the Philadelphia Police Department, have revised their use of force policies by
stressing the sanctity of human life (Police Executive Research Forum, 2016). Meanwhile, how
to prevent fatal police shootings and save more lives becomes a new research agenda for policing
scholars (Sherman, 2018).
This project aims to identify factors that may impact the fatality of police shootings. This
effort requires a creation of a national database on FNFPS.
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CHAPTER 3: PRIOR RESEARCH ON POLICE USE OF DEADLY FORCE
An extensive literature has been accumulated on police use of force, lethal and non-lethal,
within and across agencies, since the 1970s. Research has indicated that police shooting like
other force decisions is not just simply a “split-second judgment” (Fyfe, 1988), but is more a
contingent sequence of interactions among police, civilian, and place, involving individual,
situational, organizational, and environmental determinants (Binder & Scharf, 1980; Reiss, 1980;
White, 2002).
Previous research has concentrated exclusively on identifying primary determinants of the
occurrence or rate of fatal police shootings. Either using official data (Nowacki, 2015; Willits &
Nowacki, 2014) or crowdsourced data (Edwards et al., 2019; Hemenway et al., 2019; Miller &
Chillar, 2021; Nix et al., 2017), the foci of national-scale studies are civilian deaths at the hands
of police, failing to capture the reality of police use of deadly force that “it does not always kill”
(Fyfe, 1988). As a result, very little is known about how often police shootings kill. Although
some agency-specific studies (Klinger et al., 2016; White, 1999, 2002) examined the relationship
between all police shootings and risk factors, the research has generally given scant attention to
factors that may affect the incident fatalities, both positively and negatively. Whether factors
contributing to the occurrence of police shooting can further determine the death for civilian shot
by police remains unclear.
Thanks to the mandated reporting of police use of force resulting in serious bodily injury
or death via some states’ legislations (National Conference of State Legislatures, 2020), a few
studies (Jennings et al., 2020; Nix & Shjarback, 2021; Shjarback, 2019) have started to use the
publicly available state-specific databases (e.g., California, Colorado, Florida, Texas) to estimate
factors contributing to fatal versus injurious police shootings. As documented in a recent study
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by Nix and Shjarback (2021), the ratio of fatal shootings to injurious shootings varied across four
states (i.e., % fatal vs % injurious: 56 vs 44 in California, 63 vs 37 in Colorado, 54 vs 46 in
Florida, 53 vs 47 in Texas). These state-mandated data collections represent a substantial
improvement on capturing the nature of deadly force (Shjarback, 2019), but they are excluding
another type of non-fatal shootings where civilians may not be struck by shots fired by the
police. More comprehensive state-wide data collections are needed to capture the shooting
incidents where officers discharged firearms at or in a direction of a civilian, regardless of the
outcome (death, non-fatal injury, or missed shots).
An examination of factors distinguishing FNFPS requires consideration of police actions
at pre-, during, and post-stages of police civilian encounters (Binder & Scharf, 1980; Reiss,
1980). Zimring (2017) suggested that at least four sequential decision points can proximately
determine the number of civilian deaths by police gunfire: (1) whether police will shoot at all; (2)
when to stop shooting and how many bullets are shot; (3) what medical care is rendered
immediately after shooting; (4) whether a police car will immediately transport to a hospital
persons shot by police rather than waiting for an ambulance to arrive (as cited in Sherman, 2018,
p. 441). The probability of being killed can be reduced at the four successive decision points, by
controlling the opportunities for officers to use deadly force that may causes death and by
increasing the opportunities for eliminating preventable death (Reiss, 1980). Thus, fatal police
shootings can be framed as the consequence of the snowballing effects of police actions in all
stages, of which each may create the opportunities for officers to use deadly force (i.e.,
determinants provoking police to shoot to kill) and the opportunities for eliminating preventable
death.
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The following literature review aims to examine the evidence for the existence of specific
factors influencing police decisions to shoot and, on this basis, to identify the opportunities for
officers to use deadly force that may cause death and the factors that may reduce fatality risk, in
the context of dangerousness-related and life-saving-related literature, respectively. It should be
noted that factors contributing the occurrence of civilian deaths in police shooting incidents can
include but are not limited to a variety of factors identified within the two streams of literature.
3.1 Dangerousness-Related Literature
3.1.1 Situational Determinants
What occurs during an encounter exerts the most influential impact on the likelihood of
force being used (Bolger, 2015). Consistently significant correlates of the police force decision
include: when the encountered civilian is under the influence of alcohol or drugs, possesses a
weapon, and involves serious offenses, disturbance with others, or resistance toward police, and
when the encounter is initiated by police, during the course of arrest, and involves more officers
(Bolger, 2015).
The goal of ending a perceived life-threatening situation, regardless of its authenticity, can
be a legal rationale for police to shoot to stop the threat (Tennessee v. Garner, 1985). It is no
surprise that an encounter with an assaultive suspect wielding a gun has been reported as one of
the likeliest and most common situations resulting in use of deadly force given the immediate
threat (Fyfe, 1978; White, 2002). Officers are more likely to apply more frequent and severe
force to rapidly control situations involving serious offences (e.g., armed robbery, see Garner et
al., 2002). And disturbance (McCluskey et al., 2005; McCluskey & Terrill, 2005; Paoline &
Terrill, 2007; Terrill & Mastrofski, 2002), and intoxicated civilians (Crawford & Burns, 1998)
are perceived to pose greater potential danger and to be more difficult to control for the police.
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Civilians’ resistance or disrespect as a failure to acknowledge officers’ authority during policeinitiated encounters may provoke a lethal response from officers (Rojek et al., 2012). The
presence of other officers may increase the likelihood that officers resort to force, even deadly,
as the “authority maintenance ritual” (Sykes & Clark, 1975) puts officers under peer pressure
from their colleagues (Paoline & Terrill, 2007). These findings lend support for Binder and
Scharf’s assumption that police shooting in a given context is “a contingent sequence of
decisions and resulting behaviors-each increasing or decreasing the probability of an eventual
use of deadly force” (Binder & Scharf, 1980, p. 116) and also indicate the interactive complexity
in deadly force encounters.
American police are trained to shoot at center mass as the most effective way to stop lifethreatening behavior. Incident fatality rates are logically determined by the number of shots
fired, the number of officers shooting, and shooting accuracy (i.e., hit rate for bullets fired).
Factors that affect the number of officers shooting (White & Klinger, 2012), the number of shots
fired (White & Klinger, 2012), and shooting accuracy (Donner & Popovich, 2018; White, 2006)
may also function, independently and dependently, as the opportunities that can cause or reduce
fatal outcomes of police shootings.
The number of shots fired, the number of officers shooting, and shooting accuracy have
been linked to the severity of the threat the civilian imposed to officers and others. Encountering
a gun-assaultive civilian, is one of the likeliest situations resulting in deadly force (White, 2002),
is more likely to involve multiple officers shooting (multi-shooter) and multiple shots fired
(multi-shot), which in turn, increasing the fatality risk (White, 2006; White & Klinger, 2012). In
the study on “contagious fire” by White and Klinger (2012), the number of shots that officers
fired was found to be related to the number of officers shooting, and both of multi-shot and
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multi-shooter situations were positively associated with encounters where officers handled highrisk calls for service and when suspects fired the first shot.
In addition, the positive predictive value of multi-shooter and multi-shot features on police
shooting fatality is conditional upon shooting accuracy. Multi-shooter and multi-shot situations
with higher shooting accuracy can produce multiple wounds and that is one of the major risk
factors in civilian deaths (Zimring, 2017). However, police shooting accuracy that is typically
less than 50% (Copay & Charles, 2001) and can be influenced by a host of situational factors
addressing dynamics of deadly force encounters.
Two descriptive studies (Donahue & Horvath, 1991; White, 2006) compared features
distinguishing fatal from nonfatal shootings (injurious and non-injurious/missed-shot) shootings
have yielded some consistent findings that fatal shootings were more likely to occur in defense
of life when involving assaultive suspects, whereas non-injurious shootings were more likely to
occur when suspects were unarmed, struggling, or fleeing. White (2006) explained that officers’
ability to shoot and hit the target may hinge on immediate threat and may be reduced when
physically struggling with suspects or pursuing fleeing suspects. One conflicting finding is
related to the role of the use of firearm by the civilian. Donahue and Horvath (1991) observed a
higher proportion of fatal shootings involving firearm discharges by suspects compared to nonfatal shootings, whereas White (2006) found that suspects’ firearm discharges more often
occurred in non-injurious shootings. A more recent study by (Donner & Popovich, 2018)
examined factors predicting two outcome measures of shooting accuracy, one was the percentage
of shots struck per officer, and another was whether or not any shots hit the target. Both outcome
measures were found to be negatively associated with the dangerousness level of suspect
weapon, from unarmed as least dangerous to firearm as most dangerous. Donner and Popovich
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(2018) provided a plausible explanation that more dangerous weapon (e.g., a moving vehicle or
firearm) could pose an imminent threat at a greater distance which in turn, results in a decreased
shooting accuracy. The inverse relationship between weapon dangerousness and shooting
accuracy also implies that police shootings may not become more fatal when the encountered
civilians are armed with more dangerous weapons. Instead, police shooting fatality may simply
be a function of distance and targe movement.
In light of these findings as discussed above, I make a “dangerousnessshooter/shot/accuracy-fatality” assertion that the dangerousness of civilian actions, regardless of
its authenticity, should be the principal factor that impacts both opportunity for officers to shoot
to kill and the opportunity that may cause civilian death. The following review illustrates that
police officers’ perception of dangerousness can not only be situationally-based, but also be
individual- and contextual-driven.
3.1.2 Individual Determinants
Unlike most high-profile deaths of unarmed black men at the hands of white officers, the
empirical evidence indicates that police force decisions appear to be the same among officers of
different demographics (Lawton, 2007; McCluskey et al., 2005). In regards to civilian’s
demographics, the trend appears to be that minorities in general, and young men of color in
particular are at higher risk of being subject to deadly force (Burch, 2011; Garner et al., 2002;
Jacobs & O’brien, 1998; McCluskey & Terrill, 2005).
The social psychological perspective of implicit racial bias (Kahn et al., 2016; Kahn &
Davies, 2017; Machado & Lugo, 2021; Payne & Hannay, 2021; Peck et al., 2021) offers one lens
for explaining racial disparities in the opportunity for officers to shoot to kill. When lacking
enough information to determine if the encountered civilian’s action is actually life-threatening,
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officers in rapidly evolving circumstances are subject to make errors in “split-second judgment”
(Fyfe, 1988) under which officers may inappropriately use civilian race as a proxy of
dangerousness (Gau & Jordan, 2015). Officers’ repeated encounters with deviant minorities in
high-crime neighborhoods may enhance the implicit bias linking minorities with dangerousness,
aggressiveness, and blameworthiness. Nix and associates (2017) analyzed the Washington Post’s
fatal police shooting data and found that black civilians shot and killed by police in 2015 are
more than twice as likely as whites to have been unarmed at the time of their deaths. They
concluded that officers were more likely to experience threat perception failures (Fachner &
Carter, 2015) where officers subconsciously perceived minorities as more threatening than what
they actually were (Nix, et al., 2017). However, studies have revealed that the effect of civilian
race/ethnicity no longer retained statistical significance when taking into account situational
factors, such as encounters with resistant (Garner et al., 2002) and gun-assaultive civilians (Fyfe,
1978; White, 2002), which have been identified as the most influential on the likelihood of force
being used (Bolger, 2015). Thus, potential racial differences in the opportunity for police to
shoot to kill can be also attributed to situational factors, such as the tendency to resist/attack/flee.
There is no definitive evidence to explain whether individual factors, such as civilian race,
that influence police decisions to shoot, can also contribute to mortality from police shootings.
Two recent studies (Jennings et al., 2020; Nix & Shjarback, 2021) examined factors
distinguishing fatal versus injurious police shootings, but generating nonsignificant effects of
civilian race. Following the logic of the “dangerousness-shooter/shot/accuracy-fatality”
assertion, opportunities that cause deaths for people of color may be higher than whites as police
officers may be likely to fire more shots against non-whites than whites when they perceive men
of color as dangerous, aggressive, and blameworthy. Evidence on the impact of racial bias on
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shooting decisions can be found in the laboratory study by Correll and associates (2014). While
direct generalizability of empirically supported implicit racial bias in the laboratory based
research is limited (Swencionis & Goff, 2017), social psychological research has emphasized the
importance of fully assessing both civilian race and contextual and organizational characteristics
as risk factors facilitating biased perceptions and force decisions.
3.1.3 Contextual Determinants
A number of scholars have reported that police shootings tend to occur more frequently in
crime-ridden neighborhoods with high concentrations of minorities and with extensive poverty
and unemployment (Arnio, 2019; Jacobs & O’brien, 1998; Lawton, 2007; Terrill & Reisig,
2003). These findings confirm both racial threat theory (Blalock, 1967) and Black’s theory of
law (Black, 2010) which respectively maintain that officers are more likely to use force against
minorities due to the economic or political threats they posed to dominant populations and their
lower social standings. In this model rates of crime, particularly violent crime, drive police
decisions to shoot. This is a dominant narrative around civilian race and police use of deadly
force (Arnio, 2019; Goff et al., 2016; Klinger et al., 2016). Klinger and associates’ study (2016)
on police shootings in St. Louis, MO during 2003-2012 found that neither racial heterogeneity
nor economic disadvantage directly increase the frequency of policing shootings, whereas levels
of violent crime do but in a curvilinear fashion. Instead, the most violent census blocks of St.
Louis, MO experienced fewer shootings than moderately violent areas. The curvilinear
relationship between violent crime and police shootings confirms Klinger’s ecological theory of
policing (Klinger, 1997) which suggests that the degree of police enforcement is determined
heavily by how officers interpret the gravity of the incident. Officers who worked in high-crime
neighborhoods may expend less effort in police contact through stops or arrests which could, in
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turn, account for a lower risk for minorities experiencing deadly encounters. In addition to
neighborhood effects, Arnio (2019) further examined the spatial variations in these neighborhood
effects on officer-involved shootings in the study site of Houston, TX, by performing
geographically weighted poisson regression. Although no curvilinear relationship was observed
between community violence and officer-involved shootings, Arnio (2019) demonstrated that
indicators of community violence, racial and ethnic context, socioeconomic disadvantage
impacted officer-involved shootings differently in different places.
The possibility that police use force in a biased manner discourages researchers from
benchmarking force outcomes by arrest rates (Geller et al., 2020; Goff et al., 2016). The
dominant narrative that crime rates drive police behaviors appears to be an insufficient
explanation of racially disparate use of force rates, as a study by Goff and associates (2016)
found that racial disparities in police use of force persist across geographically and
demographically diverse police departments even after controlling for local arrest rates.
Although evidence that the relationship between civilian race and the police decision to
shoot is mediated by neighborhood characteristics is mixed (Shjarback, 2018), it sheds light on
the possible role that contextual factors play in explaining racial disparities in opportunities that
can cause death by police gunfire. Officers’ biased perceptions against minorities may stem from
their experience in crime-ridden neighborhoods (Klinger et al, 2016) with high concentration of
minorities (Parker et al., 2005; Siegel et al., 2021) and with extensive poverty and unemployment
(Black, 2010).
If these contexts are perceived to be dangerous and experienced by officers, multiple
officers may be involved in the shooting, multiple shots may be fired, and shooting accuracy
may be improved. These factors ultimately increase the risk of being shot and killed for people
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of color. The effect of dangerousness-driven contextual factors on the relationship between
civilian race and opportunities that can cause civilian death merits further investigation with the
consideration of additional situational and organizational factors.
3.1.4 Organizational Determinants
The organizational characteristic that is consistently correlated with the use of force
decision is the restrictiveness of force policies, while police size, racial representation, and
community policing training have no influence on controlling police use of force decisions
(Jennings & Rubado, 2017). Earlier studies demonstrated that restrictive force policies as
effective police discretion control were not only associated with a reduction in the overall
number of police shootings (Fyfe, 1979) and racial disparities (Walker, 1993), but did so without
compromising officer safety (Geller & Scott, 1992). Civilian death frequently bears a strong
correlation to a claim of excessive use of deadly force by a law enforcement officer and litigation
involving systemic deficiencies in police policies and practices. The well documented evidence
that restrictive administrative force policies control police discretion and did so without
compromising officer safety (Geller & Scott, 1992) shed light on the potential effect of the
restrictiveness of administrative force policies and practices on saving more lives. As police
officers respond to what they perceive, regardless of its authenticity (Alpert & Smith, 1994),
restrictive force policies may control officers’ discretion to apply legal rather than extralegal
factors to evaluate a dangerous situation. As a result, officers may avoid threat perception
failures. Thus, officers’ perception of dangerousness can be administratively directed and
controlled.
These earlier assessments were agency-specific and quite simplistically based on whether
force policies are consistent with the “defense of life” principle (Tennessee v. Garner, 1985).
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More recent estimates of force policies across departments provided mixed results that
comprehensive reporting requirements were associated with a lower rate of fatal police shootings
(Jennings & Rubado, 2017; Shjarback et al., 2021), whereas use of force data collection
requirement as a potential reduction in underreporting produced higher use of force rates (Alpert
& MacDonald, 2001). These studies operationalized formalization features as proxies for
administrative controls on police shooting decisions, without the consideration of the incremental
and nuanced variations in department-level force policies in terms of use of force continuum, deescalation, warning before shooting, duty to intervene, and reporting requirement (McKesson et
al., 2016). Whether variations in force policies result in different police shooting behaviors
across agencies remains uncertain.
3.2 Life-Saving-Related Literature
It should be noted that incident fatality rates are not only determined by how officers make
their decisions to shoot civilians, but also result from officers’ responses towards civilians they
just shot. A highly publicized shooting death of Terence Crutcher by a Tulsa officer who was
standing back rather than rendering medical attention to the injured Crutcher has sparked debates
about how officers could or should render first aid to the people they have just shot (Pérez-Peña,
2016). In a qualitative study on the interaction between law enforcement and people with
gunshot wounds who are being treated in a trauma care setting, many victims of gunshot wounds
indicated that police officers were the first responders at the scene of their injuries and that they
were transported to the hospital in police vehicles rather than ambulances (Jacoby et al., 2018).
Ironically, no single study, has been located, can explain whether officers can still adequately
address the emergent medical needs of the people they just shot when officer are no longer the
first responders but “the creators” of civilians’ gunshot wounds.
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3.2.1 Situational Opportunities
During the moments immediately after police shootings, immediate medical care may
function as an opportunity to reduce deaths from gunshot wounds. Studies in the public health
literature have accumulated substantial evidence for the prominent role of timely trauma care
access in reducing mortality from severer traumatic injuries (MacKenzie et al., 2006),
particularly from gunshot wounds (Crandall et al., 2013).
The proxy for timely access to trauma care has been often operationalized as the distance
to the nearest trauma center, which is most directly correlated with transport time and exhibits an
inverse relationship with the mortality rate (Crandall et al., 2013; Hsia & Shen, 2011). Using the
data from the Illinois State Trauma Registry (1999-2009), Crandall and associates (2013)
calculated the Euclidean distance between the geocoded gunshot wound incident location and the
nearest Level I trauma center in Chicago. After controlling potential confounders (e.g., age,
gender, race, injury severity, and suicidal intent), Crandall and associates (2013) found that
people being shot in areas that were more than 5 miles from the nearest trauma center were
subject to a longer transport time and an increased risk of death. Thus, geographical barriers to
trauma center access could lead to the death of civilians shot by police.
Two studies (Nagin, 2020; Nix & Shjarback, 2021) have linked the availability of trauma
care services to police shootings. But neither of trauma care measures used in the two studies
was able to capture the immediate or timely manner of trauma care for those sustaining policeinflicted gunshot wounds. Nagin (2020) examined the relationship between firearm availability
and the rate of fatal police shootings collected by the Washington Post (2015-2018) at the state
level, while controlling for the proximity to trauma center, urbanization, homicide rate, and
region. Proximity to trauma center was directly retrieved from the American College of
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Emergency Physicians 2014 report on America’s Emergency Care Environment (Hirshon et al.,
2014), operationalized as the percentage of the state’s population within one hour of a Level I or
II trauma center. The state-level fatal shooting rate was found to be negatively associated with
proximity to trauma care. Nix and Shjarback (2021) used a binary measure of whether the county
in which the shooting occurred had Level I or II adult trauma center to predict the incident-level
odds of fatal relative to injurious police shootings. No significant effect was detected for this
binary measure of trauma care proximity. The inconsistent findings provide some insights that
the linkages between police shootings and trauma care availability are sensitive to what the
outcome of interest is (i.e., either the occurrence or the fatality) and how proximity to trauma
care is measured.
3.2.2 Individual Opportunities
Although substantial evidence supports racial and ethnic disparities in general health care
(Nelson, 2002), the evidence on racial and ethnic disparities in trauma care is mixed depending
on research settings. No mortality differences based on race for people suffering from gunshot
wounds was found in a nationwide study by Millham and Jain (2009) using data from National
Trauma Databank. In contrast a Chicago-area study by Crandall and associates (2013) found that
when white patients were compared to black patients with gunshot wounds, whites were subject
to higher mortality rates. Crandall and associates (2013) explained that the increased mortality
among white victims could be likely attributed to more severe injuries to whites who had been
shot with suicidal intent. Once police officers decide to shoot civilians whom they perceive as
dangerous, race appears to lose its salience as a factor contributing to mortality.
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3.2.3 Contextual Opportunities
Trauma care centers can reduce the risk of death, but timely access to trauma care centers
is not evenly geographically distributed, especially between rural and urban areas (Branas et al.,
2005). In a cross-sectional analysis using data from the American Hospital Association Annual
Survey from 2005, Hsia and Shen (2011) identified easy, moderate, and difficult access to
trauma services center for communities by calculating each zip code community’s spherical
distance to its nearest trauma center, categorizing them as less than 10 miles away, with in 10 to
30 miles, and greater than 30 miles always, respectively. These distances respectively
corresponded to estimated transport time of less than 20 minutes, 20 to 60 minutes, and greater
than 60 minutes (Phibbs & Luft, 1995). Among them transport times of greater than the “golden
60 minutes” or the “golden hour” of trauma (Lerner & Moscati, 2001), have been associated with
a significant increase in mortality rates. Hsia and Shen (2011) found that 31% of rural
communities as compared to 12% of the urban population had decreased access to trauma centers
as measured by distance to and time to a trauma center. This finding may explain for why
agencies in small communities accounted for the majority of fatal police shootings occurred in
the first seven months of 2015 as recorded by the Washington Post’s “Fatal Force” Database
(Sherman, 2015).
Hsia and Shen (2011) further identified that several vulnerable communities in both urban
and rural areas facing geographical barriers to trauma center access were featured with a higher
proportion of African American and near poor populations. This finding suggests that
socioeconomic disadvantage may contribute to the decreased availability of trauma services,
which in turn, increase the fatality risk for civilians shot by police.
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3.2.4 Organizational Opportunities
In recent years some agencies have recognized the life-saving benefit of immediate trauma
care for civilians shot by police by increasing medical training and equipping officers with
trauma kits in recent years (Pérez-Peña, 2016). However, many police departments’ policies fail
to specify the officer’s responsibilities in the aftermath of police shootings and whether officers
should render medical aid and request emergency medical assistances for the people shot by
police once the pre-shooting situation is under control (Obasogie & Newman, 2017; Sherman,
2018, 2020; Williams, 2020). According the latest BJS’s data report of the Census of State and
Local Law Enforcement Training Academies in 2018 (NCJ 255915), nearly all participated
training academies (96.8%) offered basic first aid/CPR training with an average of 24 hours of
instruction (Buehler, 2018). The number of training hours remains unchanged over the past three
survey waves (2006, 2012, and 2018, see Buehler, 2018; Reaves, 2009, 2016). However, several
high-profile police killings in which the police failed to render medical assistance questions
whether such routine training is sufficient to support officers’ quick decisions to be made and
methods of first aid to be improvised under the rapid evolving situations.
3.3 Relative Influence by Imminent Threat
A reasonable police officer is required to make an objective judgment on what situation is
life-threatening necessitating the use of deadly force use, according to the totality of a given
circumstance (Graham v. Connor, 1989; Tennessee v. Garner, 1985). What is and what is not is
life-threatening is easier to define than to measure. Most previous research measured imminent
threat perceived by the police is based on whether the encountered civilians were armed or
whether a deadly weapon they are armed. Although weaponry is the most obvious threat to an
officer (Shane & Swenson, 2018), using weapon status or type as a proxy for the imminent threat
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failed to consider civilians’ actions that could also determine officers’ perceptions of threat or
dangerousness. It is not always a life-threatening situation when encountering a civilian
possessing a gun, nor a non-dangerous situation when encountering an unarmed civilian. Using
the Washington Post’s fatal police shooting data in 2015-2016, Shane and Swenson (2018)
examined the dangerousness of unarmed fatal police-civilian encounters and found that unarmed
civilians could pose an imminent threat of death of serious injury to the police or others insofar
as they physically attacked or resisted officers’ efforts to subdue them.
Integrating civilians’ weapon status, weapon type and behavior, Fyfe developed a “dangerbased typology” (1981) to categorize police shootings by the following hierarchies of threat
presented in descending order: (1) Gun/assault: shootings at assaultive suspects armed with guns.
(2) Knife/assault: shootings at assaultive suspects armed with knives or other cutting
instruments. (3) Other/assault: shootings at assaultive suspects armed with other weapons (i.e.
cars, clubs, chain, baseball bats, etc. (4) Physical/assault: shootings at suspects who have
assaulted police officers or others by use of unarmed physical force. (5) Non-assaultive:
shootings at suspects who are unarmed and non-assaultive (Fyfe, 1981, as cited in White, 2002).
the Washington Post’s research team developed a measure consisting of seven levels of threat
posed by the encountered civilian in descending order: (1) Firing a gun at a person. (2) Attacking
with non-gun weapon. (3) pointing/brandishing a firearm. (4) Posing other threats (e.g.,
brandishing a knife/sharp object, refusing to stop a non-gun weapon, driving a vehicle at a
person, or moving quickly/lunging toward an officer without a deadly weapon). (5) Making
furtive movement. (6) Fleeing or (7) Being accidentally shot by police (as cited in Nix et al.,
2017, p. 318). Despite the advance that these two ordinal measures better capture the
encountered civilian’s action and weapon type interactively driving officers’ perception of
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dangerousness, researchers still operationalize imminent threat as dichotomous, such as gunassaultive versus not gun-assaultive (White, 2002), armed versus unarmed (Bor et al., 2018; Nix
et al., 2017; Ross et al., 2021), and armed with versus without a deadly weapon (Jennings et al.,
2020; Nix & Shjarback, 2021; Shjarback, 2019), for parsimony in statistical modeling. In
conclusion, from these studies, little is known about whether the probabilities of the occurrence
and fatality of police shootings vary across different life-threatening circumstances.
The relative effects of situational, contextual, and organizational factors on police
shootings vary by the amount of danger facing officers and the public. (Fyfe, 1988; White,
1999). White’s studies on deadly force incidents in Philadelphia found that situational factors
were more influential during encounters with gun-assaultive suspects, whereas organizational
and environmental predictors play a more prominent role in situations where the police and the
public are not threatened with firearms (White, 1999, 2002). In light of these findings, it is
important to differentiate different types of police shootings regarding the threats the
encountered civilian posed to the officer and others when assessing the risk factors that influence
the nature and extent of FNFPS.
3.4 Limitations in Prior Deadly Force Research
Limitations in data and research on police use of deadly force preclude our understanding
of factors discussed above on police shooting behaviors. Agency-specific studies suffer from the
problem of restricted external validity or sample unrepresentativeness (Fyfe, 2002). Most
aggregate studies depend on official data which are afflicted with issues of validity and reliability
(Alpert, 2016; Klinger et al., 2016, Williams, et al., 2019). For example, legal interventions in
the CDC’s National Vital Statistics System and justifiable homicides by police in the FBI’s
Supplemental Homicide Reporting are underreported due to the voluntary nature of the reports.
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Although the BJS’s Arrest-Related Deaths Program captures more details regarding the
circumstances of deaths, the accuracy of the descriptions of events is unaudited, and such factors
as level of force, the number of officers present or firing weapons, and other case attributes are
not addressed (Zimring, 2017). The CDC’s National Violent Death Reporting System is based on
multiple data sources rather than a single source, and offers more accurate counts of deaths at the
hands of the police (Conner et al., 2019; Shields & Ward, 2008). This mortality data, however, is
not nationally representative as it is currently provided by only 27 states and territories1. We still
remain in an information vacuum regarding the reality of police use of deadly force and the
totality of circumstances surrounding it (Alpert, 2016).
The media-driven and crowdsourcing national data collection initiatives since 2014, such
as The Washington Post, The Guardian, killedbypolice.net, and fatalencounters.org, have been
praised for capturing more counts of fatal police shootings or police killings than any such
measures by federal agencies (Campbell et al., 2017; Williams et al., 2019; Zimring, 2017). The
more inclusive counting of fatal police shootings by the media has prompted research to
reexamine the reality of police shootings (Campbell et al., 2017; Jennings & Rubado, 2017; Nix
et al., 2017; Zimring, 2017). These media counts, unfortunately, still fail to capture the nature of
police use of deadly force that “physical force capable of or likely to kill; it does not always kill”
(Fyfe, 1978, p. 32). Little is known about whether the roles of individual, situational,
environmental, and organizational factors play differentially between FNFPS.
The focus of previous studies has been on either single larger cities or the national context
without comparisons between the contexts of larger and smaller agencies/cities (Sherman, 2018).
Consequently, whether risk factors contributing to deadly and racially disparate police shootings

1

27 states include: AK, AZ, CO, CT, GA, HI, KS, KY, MA, MD, ME, MI, MN, NC, NH, NJ, NM, NY, OH, OK, OR, RI, SC,
UT, VA, VT, and WI.
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are contextualized in larger versus smaller settings is limited. There are two opposite
interpretations of the considerable intercity variations in fatal police shootings reported by the
Washington Post (Shane, et al., 2017; Sherman, 2015). Shane and associates (2017) analyzed the
two-year data (2015-2016) and identified that the Top 20 major cities with the highest
frequencies for police shooting fatalities (1.7%) of the cities accounted for 14.3% of the total
fatalities. Shane and associates (2017) suggested that specific policy and practice reforms on
these 20 major cities would be an efficient strategy for reducing police killings nationwide.
Using the data of 2015, in contrast, Sherman (2015) found that agencies serving cities with fewer
than 50,000 were responsible for 50% of fatal police shootings. Sherman (2015) proposed a
research agenda that addresses a system of re-engineering for saving lives in different contexts of
large versus small police agencies. However, any research agenda for addressing the national
problem of police shootings in the United States must start with a clearer understanding of police
shooting behaviors that may lead up to either fatal or non-fatal outcomes and may be
contextualized in different social settings. Given that police shooting is a contingent sequence of
interactions among police, civilians, and place, significant attention should be paid to assess the
impacts of individual, situational, environmental, contextual, and organizational factors on police
shooting outcomes.
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CHAPTER 4: THEORETICAL FRAMEWORK: POLICE SHOOTINGS PROBLEM
ANALYSIS TRIANGLE
Two major theoretical frameworks have been proposed as to how police officers make
decisions to shoot under specific circumstances. The first framework is the “split-second
decision-making point” proposed by Geller & Karales (1981). In this framework, an officer’s
decision to pull the trigger is conceptualized as a decision point made in a split-second moment
when the officer has no other alternatives but to shoot, to adequately stop an imminent lifethreatening situation (Geller & Karales, 1981). The “split-second decision” framework captures
one stage of the encounter that begins when officers have perceived an encountered civilian or
situation as life-threatening, but does not consider pre-decision events or contexts (Fyfe, 1986;
Reiss, 1980). The “split-second” framework fails to recognize there may exist some potential
opportunities to avoid being involved in a split-second decision-making situation to begin with.
Second is the “contingent decision-making process” (Binder & Scharf, 1980, 1982; Reiss,
1980). Binder and Scharf (1980) describes how police use deadly force as “a contingent
sequence of decisions and resulting behaviors—each increasing or decreasing the probability of
an eventual use of deadly force” (p. 116). Compared to the “split-second decision” framework,
the “contingent decision” framework provides a more comprehensive view of police decisions to
shoot by breaking down the encounter into five successive decision-making stages: anticipation,
entry and initial contact, information exchange, final decision to shoot, and aftermath; (Scharf &
Binder, 1983, p. 198). In this model an officers’ decision to shoot can be determined by their risk
assessment regarding the information that has been cumulatively received, the encountered
civilian’s reactions in the earlier stages, and the surrounding circumstances (Scharf & Binder,
1983). The “contingent decision” framework has substantial empirical support for its first four
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stages as situational factors, such as suspect’s resistance and offense, weapon possession, and
police-initiated encounter, have been identified as consistently significant correlates of the police
decision to shoot. However, very little attention was paid to what officers could or should do in
the aftermath stage for reducing the mortality of the people shot by officers. The “contingent
decision” framework focuses almost exclusively on situational factors and ignores the broader
array of contextual and organizational factors that may account for intercity variations in police
shootings.
Theoretical perspectives (e.g., Blalock’s racial threat perspective (1967) and Klinger’s
ecological perspective (1997)) developed for explaining determinants of police shootings in the
existing literature have largely focused on single determinants, failing to adequately take into
account the interactive complexity in police-civilian encounters (Parker et al., 2005).
Since a police shooting is a contingent sequence of interactions among police, civilian, and
place, involving individual, situational, contextual, and organizational determinants (Binder &
Scharf, 1980; Bolger, 2015), the police shooting problem-solving triangle developed in the
present study offers a new theoretical framework that is designed to better capture all stages of
police-civilian encounter involving a combination of risk factors that lead to fatal rather than
non-fatal police shootings.
Environmental criminological approaches, such as Clarke’s (Clarke, 1980) situational
crime prevention, Cohen and Felson’s (Cohen & Felson, 1979) routine activities approach, and
Herman Goldstein’s problem-oriented policing (Goldstein, 1979), have well established that
reducing opportunities for crime can be an effective approach in preventing crime (Wortley &
Townsley, 2016). These approaches emphasize that crime, like any other human choice, results
from a interaction between motivation and situation where opportunities for crime exist (Clarke,
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2016). The “crime problem triangle” devised by John Eck (2003) not only addresses conditions
(i.e., offender, target/victim, place) necessary for a crime problem, but is also identifies factors
(i.e., handler, guardian, manager) that can suppress a potential problem. This “crime problem
triangle” provides us a better understanding of a crime problem and a direction to design
effective preventative strategies.

Figure 1: The police shooting problem analysis triangle.

Police officers’ decisions to use some force is situation-driven, depending on their
perception of the dangerousness under the totality of the circumstance. This is similar to
offenders’ perception of the opportunity structure necessarily involving motived offenders,
suitable targets or victims, and the absence of capable guardians. This assumption is in line with
Binder and Scharf’s “police use of deadly force decision making process”, describing the
temporal dynamic nature of police shooting as “a contingent sequence of decisions and resulting
behaviors-each increasing or decreasing the probability of an eventual use of deadly force”
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(1980, p. 116). In addition, police shooting is a contingent sequence of police decisions
interactively involving situational, organizational, and environmental determinants (White,
2002). In light of these assumptions, this study extends the problem-solving model that has been
used for analyzing crime events to explain police shooting fatality (see Figure 1). The police
shooting problem analysis triangle illustrates how selected features of situations, contexts, and
police departments interact with key parts of police shootings: police, individuals, and places.
Police agencies and communities where civilians live and police serve, as the outer triangle of
“controllers” for police officer(s), civilian(s), and place, construct the spatial dynamic nature of
police encounters in which the relative importance of these three sets of predictors varies by the
amount of danger facing officers.
The problem analysis triangle framework can help us diagnose the nature of police
shooting problems, capture the combinations of risk factors that produce fatal rather non-fatal
outcomes of police shootings, and guide the development of preventative strategies for saving
more lives.
This framework first requires specifying the problem to solve. The problem of interest is
shooting fatality rather than the occurrence of police shootings. The change in the problem
nature requires identifying the appropriate triangle components: police officers, civilians, and
places. The inner component of place where police shootings occur needs to be expanded to
include a broader setting where fatalities might occur. This setting is theorized in this study to
relate to trauma care resources available at or around police shooting sites. In addition, how
officers act during and in the immediate aftermath of shootings may also contribute to fatality
risk for civilians sustaining police-inflicted gunshot wounds. Since the failures of “controllers” to
act can also explain the problem events, this study focuses on examining whether the
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implementation of force-related policy can function as a “handler” of police officers’ decisions
to use deadly force and life-saving measures. The problem specification within this framework
guided this study’s codebook development.
This framework emphasizes that reducing fatalities is different from reducing shootings.
Reducing shootings depends mostly on changing policy, training, and management. Fatalities
can be reduced by reducing shootings and, more importantly, by improving life-saving responses
by police, communities, and other organizations.
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CHAPTER 5: RESEARCH QUESTIONS & HYPOTHESES
5.1 Questions Related to Data Quality
As building the national database on fatal and non-fatal police shootings (FNFPS) involves
a manual data coding process, this study first evaluated the quality of coding incident-level data
in terms of the degree of inter-coder reliability (ICR) and the extent of missing data:
•

Question 1-1: What are the degrees of ICR established for incident-level variables?

•

Question 1-2: What are the percentages and patterns of missing data among incidentlevel variables?

•

Question 1-3: Does the missingness for each incident-level variable vary between
FNFPS?

Results regarding ICR and missing data were used in the selection and processing of variables
for analysis and methods for addressing missing data.
5.2 Descriptive Questions
No single existing database can allow researchers to answer adequately how often and
under what circumstances civilians died from or survived police shootings in the United States
(Alpert, 2016; Klinger, 2012; Williams, et al., 2019). Through building a crowdsourced national
database on FNFPS, the dissertation research addresses the following questions:
•

Question 2-1: How often did police shootings, fatal and non-fatal, occur monthly, and
weekly in 2015?

To identify possible geographical and jurisdictional variations in FNFPS, this research describes:
•

Question 2-2: How frequent were police shootings, fatal and non-fatal, occurring
across various census geographic entities (regions, divisions, counties, states, and
census-defined places) and law enforcement jurisdictions?

This study selected and operationalized incident-level variables with at least substantial
ICR and less than 20% of missing data to ensure suitability for bivariate and multivariate
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analyses. This study first described the incident-level characteristics that may differentiate
FNFPS at the bivariate level:
•

Question 3-1: What were individual characteristics (e.g., demographics and mental
illness) of civilians shot by police between FNFPS?

•

Question 3-2: What were environmental features (e.g., nighttime and premises) of
FNFPS?

•

Question 3-3: What were situational characteristics (e.g., the types of weapons and
threats posed by the encountered civilians, the numbers of civilian encounters and
agencies involved, the use of BWC, officer casualty, the immediate medical assistance
rendered by officers) of FNFPS?

To merge additional situational, contextual, and organizational data from publicly
available databases with the incident-level data allows to describe:
•

Question 3-4: What were timely trauma care accesses of FNFPS?

•

Question 3-5: What were the neighborhood, city, and agency characteristics of
FNFPS?

•

Question 3-6: Whether FNFPS could be characterized as a problem of urban areas or
large cities?

5.3 Inferential Questions and Hypotheses
Unlike previous studies with an exclusive focus on factors contributing to police decisions
to shoot, this dissertation research aims to identify factors that may differentially contribute to
fatal versus non-fatal outcomes and opportunities to save lives of the people shot by police. As
previous studies have generally given scant attention to factors that may distinguish the police
shooting outcomes, this study draws evidence from previous studies (Donner & Popovich, 2018;
White, 2002, 2006; White & Klinger, 2012) to support assumptions that officers’ perception of
dangerousness, regardless of its authenticity, may determine the risk of being shot and killed by
police via the mechanisms of multiple shooters (multiple officers shooting), multiple shots
(multiple shots fired by officers), and shooting accuracy.
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Police officers’ perception of dangerousness can be situational-based, individual- and
contextual-driven, and organizational-directed. More importantly, police shooting fatality should
not only be determined by how officers make their decisions to shoot civilians, but also result
from whether medical attention and treatment is rendered for these civilians sustaining gunshot
wounds. Acute trauma care is associated with a reduced firearm death rate (Crandall et al.,
2013a; Hatten & Wolff, 2020; Hsia & Shen, 2011) and can also function as a life-saving factor
for the people shot by police. The intercity variations in fatal police shootings that have been
documented in previous studies (Shane et al., 2017; Sherman, 2015) hinges on the assumption
that factors likely contributing to FNFPS may be also characterized by different social settings.
Under the problem analysis triangle framework, this study sought to examine:
•

Q4: What incident- (individual, situational, and environmental), context-, and agencylevel factors are associated with the fatality outcome of police shootings?

This study focuses on examining the effects of individual incident-, context-, and agencylevel characteristics, and exploring the mechanisms underlying their potential associations with
police shooting fatality. A better understanding of potential predictors of police shooting fatality
can drive future investigations into potential interaction effects among incident-level factors
(e.g., civilian race interacted with threat level) and some cross-level interactions between
incident attributes and the contexts where shootings are nested (e.g., neighborhoods and agency
jurisdictions). Table 2 summarizes research questions and hypotheses, together with
corresponding data sources and planned analysis.
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Table 2: Research questions, hypotheses, data sources, and analytic strategies.
Data Sources

Analytic Strategies

CND

Intercoder
reliability
assessment

CND

Univariate
description

CND

Univariate
description

CND

Bivariate
description

Questions related to data quality
•

Q1-1: What are the degrees of ICR established for incident-level variables?

•

Q1-2: What are the percentages and patterns of missing data among incidentlevel variables?
• Q1-3: Does the missingness for each incident-level variable vary between
FNFPS?
Descriptive questions
• Q2-1: How often did police shootings, fatal and non-fatal, occur monthly, and
weekly in 2015?
• Q2-2: How frequent were police shootings, fatal and non-fatal, occurring across
various census geographic entities and law enforcement jurisdictions?
• Q3-1: What were individual characteristics of civilians shot by police between
FNFPS?
• Q3-2: What were environmental features of FNFPS?
• Q3-3: What were situational characteristics of FNFPS?

CND,
ATS-TIEP
CND,
• Q3-5: What were the neighborhood, city, and agency characteristics of FNFPS?
AGS’s CrimeRisk,
• Q3-6: Whether FNFPS could be characterized as a problem of urban areas or
ACS, LEMAS,
large cities?
UCR,CZ’s UoF
Inferential Questions and Hypotheses
• Q4: Whether were incident-, context-, and agency-level factors associated with the
fatality outcome of police shootings?
•

Q3-4: What were timely trauma care accesses of FNFPS?

Bivariate
description
Bivariate
description

Dangerousness-Related
H1: The imminent threat posed by the encountered civilian is significantly
associated with the fatality outcome.
Logistic
CND
H2: Compared to whites, non-white civilians are more likely to be involved in a
Regression
fatal rather than non-fatal shooting.
H3: A police shooting incident occurring in a neighborhood with higher rates of
CND,
Logistic
violent crimes is more likely to end up in a fatal outcome.
AGS’s CrimeRisk
Regression
H4: Fatal police shootings will be less likely to occur in agencies implementing
CND, CZ’s UoF,
Random
more restrictive force policies.
LEMAS, UCR
Intercept Model
Life-Saving-Related
H5: A civilian sustaining police-inflicted gunshot wounds will be more likely to die
CND,
Logistic
when the shooting site is farther from the nearest trauma center.
ATS-TIEP
Regression
H6: Controlling for timely access to trauma care, civilians who suffer gunshot
CND, ACS,
Logistic
wounds within more socioeconomically disadvantaged neighborhoods will have
AGS’s CrimeRisk,
Regression
higher mortality rates.
ATS-TIEP
Notes:
ACS: U.S. Census Bureau’s 2013-2017 American Community Survey 5-Year Estimates; AGS’s CrimeRisk: Applied
Geographic Solutions, Inc.’s Crime Risk Indices, 2021; ATS-TIEP: American Trauma Society’s Trauma Information
Exchange Program’s web-based “Find Your Local Trauma Center” resource; CND: Crowdsourced National Database;
CZ’s UoF: Campaign Zero’s web-based database on “Use of Force Policy;” LEMAS: Bureau of Justice Statistics’ Law
Enforcement Management and Administrative Statistics Survey, 2013 & 2016. UCR: Federal Bureau Investigation’s
Uniform Crime Reporting Program, 2013-2017.
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5.3.1 Dangerousness-Related Hypotheses
Life-threatening encounters with gun-assaultive civilians have been associated with multiofficer and multi-shot outcomes (White & Klinger, 2012) and varying shooting accuracy
(Donahue & Horvath, 1991; White, 2006), logically leading to higher fatality. Following the
logic of the “dangerousness-shooter/shot/accuracy-fatality” assertion, the first dangerousnessrelated hypothesis is proposed:
•

Hypothesis 1: The imminent threat posed by the encountered civilian is significantly
associated with fatality outcome.

Officers’ perceptions of dangerousness can be individual driven. As previously discussed,
police officers may learn the implicit bias connecting racial and ethnic minorities as dangerous,
aggressive, and blameworthy since proactive policing always assigns them to patrol the
segregated, poor, crime-ridden neighborhoods of which most residents are people of color
(Jacobs & O’brien, 1998; Lawton, 2007; Terrill & Reisig, 2003). Officers in rapidly evolving
circumstances make errors using civilian race as a proxy of dangerousness (Gau & Jordan, 2015)
or experiencing threat perception failures (Fachner & Carter, 2015) where people of color are
perceived as more threatening than what they actually were (Nix et al., 2017). Officers’
perception of dangerousness of minorities may provoke the situations of multiple shooters and
shots, leading to fatality. Thus, it is hypothesized that:
•

Hypothesis 2: Compared to whites, non-white civilians are more likely to be involved
in a fatal rather than non-fatal shooting.

Officers’ biased perception of dangerousness may also stem from their experience in
crime-ridden neighborhoods (Klinger et al., 2016) with high concentration of minorities (Parker
et al., 2005) and with extensive poverty and unemployment (Black, 2010). These contexts may
influence officers’ perception of dangerousness. As proposed by Skolnick (1966), officers may
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not simply label minority suspects, but they may also label distressed and crime-ridden
neighborhoods as symbolic sources of perceived danger. The following hypothesis is proposed:
•

Hypothesis 3: A police shooting incident occurring in a neighborhood with higher
rates of violent crimes is more likely to end up in a fatal outcome.

Restrictive force policies as effective police discretion controls have been associated with
a reduction in the overall number of police shootings (Fyfe, 1979) and a reduction of racial
disparities (Walker, 1993). In addition, restrictive force policies may control or direct officers to
apply legal rather than extralegal factors to evaluate a dangerous situation. As a result, officers
may avoid threat perception failures to respond people of color and non-life-threatening
situations. Thus, this study proposed the following policy-related hypothesis that:
•

Hypothesis 4: Fatal police shootings will be less likely to occur in agencies
implementing more restrictive force policies

5.3.2 Life-Saving Related Hypotheses
The public health literature has well documented that immediate trauma care can
effectively reduce mortality for civilians who suffered gunshot wounds (Crandall et al., 2013;
Hsia & Shen, 2011; MacKenzie et al., 2006). The timely access to trauma centers has been
geographically operationalized as a distance to the closest trauma center from the gunshot site,
exhibiting an inverse relationship with the mortality rate (Crandall et al., 2013; Hsia & Shen,
2011). Considering this evidence, it is hypothesized that:
•

Hypothesis 5: A civilian sustaining police-inflicted gunshot wound will be more likely
to die when the shooting site is farther from the nearest trauma center.

Trauma care centers are not evenly distributed geographically but vary based on different
socioeconomic settings. Hsia and Shen (2011) found that communities with a higher proportion
of African American and near poor populations in both urban and rural areas had more difficult,
distant and therefore and less timely access to trauma centers. There may be socioeconomic
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disadvantage that contribute to a decreased availability of trauma services on these communities,
reducing life-saving opportunities for the people shot by police. Thus, another life-saving
hypothesis is proposed:
•

Hypothesis 6: Controlling for timely access to trauma care, civilians who suffer
gunshot wounds within more socioeconomically disadvantaged neighborhoods will
have a higher fatality risk.

In addition to these six hypotheses, this research seeks to account for relevant confounding
factors at individual, situational, environmental, contextual, and organizational levels that might
reasonably be expected to differentially contribute to FNFPS. As very little attention was paid to
what factors or opportunities influence fatalities of the people shot by officers, controls included
in this research are theoretically derived from previous research. Factors contributing to police
use of force decisions (Bolger, 2015) and the effect of trauma center care on mortality (Crandall
et al., 2013). More realistically, the quality and availability of the data determines which
variables could be included as controls. Section 6.3.5 justifies the choice and measures of
controls at different levels.
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CHAPTER 6: DATA AND METHODOLOGY
To address research questions described in the previous chapter, this study created a
national database on fatal and non-fatal police shootings (FNFPS) through content analysis of
open-source data. This database was intended to capture more inclusive counts and more detailed
attributes on FNFPS, compared to those currently available from official records and the ongoing
crowdsourcing data collections. Figure 2 outlines the detailed steps on how the open-source data
were collected, evaluated, proceeded, and merged through content analysis approach. After
illustrating each step in Sections 6.1 and Section 6.2, this study elaborates on the measure of
each variable used for analysis in Section 6.3, and outlines analytic strategies in Section 6.4.

[The rest of this page has been left intentionally blank]

Notes:
ACS: American Community Survey; AGS: Applied Geographic Solutions; ATS: American Trauma Society; LEAR: Law Enforcement Agency Roster; LEOKA: Law Enforcement
Officers Killed and Assaulted; LEMAS: Law Enforcement Management and Administrative Statistics; ORI: Originating Agency Identifies; UCR: Uniform Crime Reporting
Program.
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Figure 2: The workflow of creating the crowdsourced national database
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6.1 Content Analysis of Open-Source Data
Building open-source databases is not a new concept in criminal justice research.
Terrorism research has heavily relied on data gathered from media, news articles, and open
government documents, given practical difficulties in capturing terrorist incidents from
traditional data sources: official records, self-reporting from terrorists, and victimization surveys
(Dugan & Distler, 2016; LaFree, 2018; Silke, 2001). Early efforts to use open-source documents
to identify terrorism events can be traced back to the Pinkerton Global Intelligence Services
(PGIS) database on global terrorism incidents and the RAND Database of Worldwide Terrorism
Incidents (RDWIT) since the late 1960s. Since the early 2000s, the growing popularity and
comprehensiveness of online media coverage on terrorisms, and the technological advancements
in digital archiving and automatic selection of media articles (Dugan & Distler, 2016), had
promoted more systematic efforts, such as the Global Terrorism Database (GTD) and the United
States Extremist Crime Database (ECDB), to capture more comprehensive counts and details on
terrorist attacks, relying more extensively on a wider range of open sources.
Recently, more newly open-source data gathering efforts have been centered on building
databases on various forms of gun violence in the US, such as gun violence in general, and in
particular, mass shootings, school shootings, as well as police shootings1.
In the Post-Ferguson era, media coverage of police shootings has increased tremendously
along with waves of “Black Lives Matter” and other national protests against police violence.
More local police agencies have made their investigative reports on police use of deadly force

1

Open-source databases by topic, include: (1) Gun violence: the Gun Violence Archive; (2) Mass shootings: The NIJ-funded
Violence Project Mass Shooter Database, Stanford University’s Mass Shootings in America Database, and Mother Jones’ Mass
Shootings Database, (3) School shooting data compiled by: The Naval Postgraduate School’s Center for Homeland Defense and
Security’s K-12 School Shooting Database, Everytown for Gun Safety’s Gunfire on School Grounds in the US, the Washington
Post, and CNN, (4) Police shootings: the Washington Post’s “Fatal Force” database of fatal police shootings, the Guardian’s
“The Counted” dataset on police killings, FatalEncounters.org, and MappingPoliceViolence.org (all hyperlinks were accessed as
of December 3, 2021)
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publicly available, as part of an on-going effort to improve transparency and accountability. The
increased newsworthiness of police violence and more publicly available government reports on
police shootings can be used to populate databases on FNFPS. Well-established research
practices for building open-source databases on terrorism events help inform this study on
developing the processes of data coding, cleaning, and evaluation, as discussed in this chapter.
6.1.1 Selection Criteria
The foci of this study are police-civilian encounters that (1) occurred in 2015, involved (2)
on-duty officers (3) who discharged their service firearms (4) with the intent to shoot at or in the
direction of civilians (5) posing an imminent threat at officers or others, (6) resulting in either a
fatal or a non-fatal outcome. The focus of fatal and non-fatal outcomes of police shootings
distinguishes this study from an increasing number of studies using the existing crowdsourced
databases that only capture fatal police shootings (e.g., Hemenway et al., 2020; Nagin, 2020; Nix
et al., 2017; Shane et al., 2017).
Although most police shootings occurred shortly after police-civilian encounters, one
civilian could encounter with police twice or more when involving manhunts that could either
end within one day or last weeks-long. Those encounters are treated as one incident when
resulting in either only one police shooting instance or several shooting instances that occurred
on the same day, and incident attributes were measured based on what happened on that day.
Encounters with the same civilian involving two or more shooting instances that occurred on
separate days are counted as separate but related shooting incidents2.

2

It is a rare instance where the same civilian encountered with police twice ore more on separate days. According to the known
civilian names, this study only documented one civilian involved two separate but related shootings. After fatally shooting two
victims, Benjamin Ashley was involved in two police shootings with California sheriff’s deputies during a weeks-long manhunt.
The first shooting (case 08006) result was non-fatal, in which two SWAT deputies returned fire after being shot at by Ashley on a
remote property near Kelso Valley and Jawbone Canyon roads in Weldon, on August 1, 2015. Whether the shots fired by
deputies wounded or missed Ashley was unclear as Ashley fled. The second shooting (case 08132) was fatal, in which Ashley
was located near a mini-mart at 4467 US-395, Inyokern, CA, being shot dead after pointing a gun at two deputies from Kern
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This study defined the outcome of the police shooting as the consequence directly caused
by the shots fired by police, including:
(1) Fatal: At least one civilian died of gunshot wounds inflicted by any on-duty law
enforcement officer involved. The term of at least aims to address incidents involving
multiple civilians. For the incident involving two or more civilians, for example,
incidents were coded as fatal when at least one was shot and killed, regardless of other
civilian(s)’ fatality and injury.
(2) Non-fatal: No civilian death caused by officer’s firearm discharge, including two
instances:
a. Injurious: The encountered civilian(s) suffered gunshot wounds inflicted by police.
Incidents resulting in the encountered civilian’s self-inflicted injuries or injuries
resulting from police use of other non-firearm force or actions of another party
(e.g., companion or bystander) were not considered as a case of non-fatal shooting
in this study.
b. Missed: Shot(s) fired by police did not strike the encountered civilian(s).
The inclusion of both fatal and non-fatal shooting incidents not only allows to capture the nature
of deadly force that “it does not always kill” (Fyfe, 1988; Klinger et al., 2016; Meyer, 1980), but
also to examine the explanatory roles of factors leading to fatal versus non-fatal outcomes that
directly resulted from intentionally firearm discharge by police.
Classifying police shooting outcomes, fatal and non-fatal (injurious and missed-shot)
warrants caution because not every media outlet clearly explicates the source and manner of
civilian death or injury. In fatal police shootings, outcome ambiguity was raised where the
encountered civilian who was armed with a firearm died after exchanging gunfire with police
and shooting self. Some media reports released autopsy results or official statements that the
civilian “died of a self-inflicted gunshot wound”, however, further information on whether the
shot(s) fired by police wounded or missed the civilian was not consistently reported. For few

County Sheriff’s Office on August 15 (see https://www.theguardian.com/us-news/ng-interactive/2015/jun/01/the-counted-policekillings-us-database#benjamin-ashley-728 and https://www.latimes.com/local/lanow/la-me-ln-gunman-deputy-shooting20150804-story.html, accessed May 30, 2021).
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other incidents, the causes of civilian deaths were undetermined due to the pending autopsy or
reporting such as, “it’s unclear whether they were killed by police or died of a self-inflicted
wound.”
Outcome ambiguity also emerged in several non-fatal shooting circumstances. For
example, the encountered civilian sustained a gunshot wound but there was no information on
whether that was a self-inflicted injury or caused by police gunfire. Media reports often stated
that “it was unclear if the civilian was injured during a car crash or by police gunfire” for
encounters that ended in car crashes. When the civilian fled from the scene, whether or not shots
fired by police struck the civilian would remain unknown. Although no civilian death occurred,
limited reporting on the source and manner of civilian injury precluded to further distinguish
whether shots fired by police injured or missed the encountered civilians.
This study applied additional selection criteria to address the ambiguities in fatal and nonfatal outcomes differently. Consistent with the two major crowdsourced data collections by the
Washington Post and the Guardian, this study excluded fatal cases involving self-inflicted deaths
and those with undetermined civilian death causes from the subsequent descriptive and
inferential analyses. Actual civilian suicides confound outcome prediction, as hypothesized, that
fatality is attributed to dangerousness- and life-saving-related factors.
Non-fatal cases with unclear injury sources were included in descriptive analyses and
inferential analyses testing dangerousness-related hypotheses. But these cases were excluded
along with cases involving missed police gunfire from testing life-saving hypotheses. Because
timely access to trauma care is hypothesized for those who at least suffered gunshot wounds
inflicted by police.

49
Police shootings of interest in this study did not include the following shooting
circumstances:
(1) Attempted or threatened to use firearm without actual firing.
(2) Use of only less-lethal weapons (e.g. stun guns) or ammunition (e.g., bean bags) used.
The GVA classified these less-lethal force incidents as OIS.
(3) Animal shootings. This study excluded incidents where officers discharged firearms at
animals posing imminent danger, even resulting in accidental injuries or deaths of
civilians (e.g., bystanders or the animal owners). For example, during a response to a
domestic disturbance call, a Burlington police officer fired two gunshots at a charging
family dog, one of bullets hit and eventually killed Autumn Steele3. These incidents
did not involve the intent to shoot at the encountered civilians.
(4) Accidental or unintentional shootings. These includes any incident in which one
officer’s gun went off without intending to shoot, such as during the act of cleaning,
(un)loading, or (un)holstering a gun, involving self-tripping, physical altercations with
civilians, or similar actions.
a. This exclusion criterion does not apply to very few instances in which officers
intentionally discharged firearms at the encountered civilian or the vehicle
driven by the civilian, but accidentally wounded or killed bystanders, victims,
or passengers in the vehicle. One case involved a barber shop customer
accidentally wounded by one officer when shooting at one of three men fleeing
from a robbery scene. Under this situation, the outcome was coded as non-fatal
(injurious) based on the involved bystander’s condition4.
b. Weapon confusion, more specifically taser confusion (mistake sidearms for
stun guns), has become more controversial since the fatal police shooting of
Daunte Wright in Brooklyn Center, Minnesota, in April 2021. Given the two
conflict conditions of the factual act of discharging firearm at the encountered
civilian and no intention to discharge firearm, shootings due to weapon
confusion could be difficult to classify using the defined criteria. One
accidental 5shooting identified in this study involved weapon confusion and
was excluded also given the involvement of a reserve sheriff officer (see
Exclusion Criterion (6) below).
3

See https://en.wikipedia.org/wiki/Shooting_of_Autumn_Steele (accessed August 16, 2021).
For this shooting circumstance, the outcome should be coded as “non-fatal” regardless of whether the coding was based on the
encountered civilians or the involved bystander, and would not result in a biased testing of dangerousness-related hypotheses.
When the outcome was further specified as “injurious,” the testing of life-saving hypotheses was still applicable for the bystander
sustaining gunshot wounds (see https://wjla.com/news/local/man-accidentally-shot-by-d-c-police-while-getting-haircut-didn-treceive-apology-110935, accessed August 16, 2021).
5
On April 4, 2015, Reserve Deputy Robert Bates from the Tulsa County Sheriff's Office in Tulsa, Oklahoma, mistook his service
firearm for a stun gun and accidentally shot and killed the unarmed black man, Eric Harris. See
https://www.nbcnews.com/news/us-news/robert-bates-imprisoned-tulsa-reserve-deputy-speaks-jail-cell-n587161 (accessed
August 16, 2021).
4
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(5) Off-duty police shootings. Off-duty police officers may act in their law enforcement
roles, in most instances, by intervening in some disputes in which they may be called
upon to be involved or become directly involved. However, these cases were not
included in this study as the nature of actions that off-duty officers carried out may
differ from those actions in traditional settings of police-civilian encounters (i.e.,
displaying uniforms and badges, asserting police authority, and presenting fellow
officers, see Fyfe, 1980; White, 2000).
(6) Shooting involved private security guards or reserve/volunteer police officers.
Although security guards and reserve (or auxiliary) police officers may be authorized
to use deadly force in instances where their lives were threatened, divergent variations
exist among full-time sworn officers, non-sworn security guards, and unpaid reserve
officers/volunteers, in terms of training, supervision, authority, and reasonability
(Fredericksen & Levin, 2004; Maahs & Hemmens, 1998; Pepper & Wolf, 2015; Wolf
et al., 2015) that may lead to different shooting behaviors and outcomes.
In addition, the incident-level database excludes incidents that satisfied all inclusion
criteria but involving any of the following instances:
(7) Shootings occurring in detention and correctional facilities. As hypothesized in this
study, officers’ perceptions of dangerousness may be partly situated within the social
context of the community they are serving (e.g., neighborhood concentrated
disadvantage), and the fatality of police shootings may be associated with the access to
social resources (e.g., timely trauma care). The mechanisms and factors distinguishing
the fatality of police shooting, however, may operate differently or not operate within
the correctional settings where institutional rather than social contexts and resources
may become more influential in determining the outcome of police-detainee
interaction.
(8) Fatal shootings ending with either the encountered civilian committing suicide by
shooting themselves or an undetermined cause of death (whether the encounter
civilian’s death was the result of an officer’s bullet or self-inflicted gunshot). The high
lethality of suicide by firearm could be one of the most influential confounders on the
fatality of police shooting. It should be noted that these excluded incidents were not
“suicide-by-cop” incidents in which police shootings were intentionally precipitated by
the acts of suicidal civilians (see Lindsay & Lester, 2008; Mohandie et al., 2009). By
definition, suicide-by-cop incidents met this study’s inclusion criteria for police
shootings.
In summary, fatal and non-fatal police shootings included for analysis were distinguished
by the time frame, the formal and full law enforcement capabilities of police officers, the
shooting target, the intention of firearm discharge, the certainty of shooting outcomes, and the
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social context of the police-civilian encounter. These various criteria proposed for classifying
police shootings also revealed the complex nature of police shootings, which warrants more
attention in future research.
6.1.2 Incident-Level Data Collection
The database was built with three-stage procedures (see Figure 2). The first stage built the
crowdsourced national database on FNFPS in 2015 at incident-level. The first stage was
characterized by identifying as completely as possible the counts and the attributes of the defined
police shootings via three steps: incident identification, case selection and verification, and data
coding. In the second stage the quality of incident-level data was evaluated. In the third stage the
incident-level data were integrated with additional situational-, context- and agency-related
variables from multiple relevant databases.
6.1.2.1 Police Shooting Universe
The universe of potential police shootings was identified from the web-based, searchable,
and downloadable Gun Violence Archive (GVA) database. GVA is a non-profit organization
established in 2013. It utilizes both daily automated queries and manual research to identify and
verify gun violence incidents in the US through law enforcement, media, government and
commercial sources6. GVA gathers the information on incident date, location (i.e., state, city,
address, and geolocation), involved participants (victims and suspects), incident characteristics,
weapon status, and URL link(s) directed to located open source(s). Incidents can be filtered out
by searching for any combinations of these features.
GVA broadly defines gun violence as firearm-related violence and crime without intent or
consequence as a consideration. Officer-involved shooting is one type of shootings classified by
6

See http://www.gunviolencearchive.org/methodology (accessed December 11, 2021)
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GVA, together with accidental, child involved shootings, suicides, murders, mass shootings,
school shootings, and other shooting classifications. By using the broader definition of gun
violence, GVA’s officer-involved shooting incidents capture any firearm-related violence and
crime involving law enforcement, regardless of whether officers used or threatened to use their
service firearms. Therefore, police shootings defined in this study are a more selective subset of
these data and fall under the category of GVA’s officer-involved shootings. Additional
verification procedures as described in the next step were implemented to determine police
shootings of interest in this study and exclude those that did not meet the inclusion criteria.
6.1.2.2 Case Selection and Verification
By applying three selection filters: (1) date ranging from January 1 to December 31, 2015,
incident characteristic (2) containing “officer-involved incident,” but (3) not containing “officerinvolved incident-weapon involved but no shots fired,” 3,343 officer-involved shootings were
filtered out for further verification. I corroborated each incident with at least two additional
open-source documents which were located through searching the Google search engine by using
the known incident information (e.g., the name of civilian/officer, date, city/county, and state)
combined with the keyword of “police shooting.” Case verification was also implemented
iteratively throughout the data coding, cleaning, and merging processes.
About 57% (n=1,907) cases met this study’s police shooting definition. About 3% (n=96)
were undetermined due to the lack of sufficient incident information on the act and intent of
firearm discharge by the police. About 40% (n=1,342) were excluded for a given exclusion
criteria circumstance as described above (see Table 3). For more than half of excluded cases
(n=868), no information on firearm discharge by police appeared on the identified open sources.
These cases involved officers responding to, investigating, or directly confronting with disputes
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involving illegal possession, discharge, use or threatening to use of firearms by civilians, but
without (reporting on)7 discharging their service firearms, even after being shot at. Among these
“officer involved but without firing shots” incidents, 189 cases resulted in civilian suicides by
firearms. Case verification was conducted along with the coding process as described in Section
6.1.2.3.3.

Table 3: Criteria for selecting FNFPS for analysis.
Number
Number
Cases
Subcategory
(Column %)
(Row %)
Filtered
3,343a (100.0%)
Unverified
96(2.9%)
Included
1,907b (57.0%) • Cases recoded for reliability test
424c (22.2%)
• No information on police shootings (including
868(64.7%)
responses to suicide by firearm incidents)
122(9.1%)
• Off-duty officers involved
102(7.6%)
• Duplicates
92(6.9%)
• Accidental/unintentional shootings
43(3.2%)
• Private security/reserve/volunteer personnel involved
29(2.2%)
• Animal shootings
Excluded
1,342(40.1%)
21(1.6%)
• Only non-lethal weapon/ammunition discharged
11(0.8%)
• Misidentified by the GVA
5(0.4%)
• Occurred in detention and correctional facilities
2(0.1%)
• Fabricated shooting by officer
• Shots fired by police but,
o Civilians died of self-inflicted gunshot wounds
42(3.1%)
o Civilian death cause was unclear
5(0.4%)
Notes:
a
The cases was filtered from the GVA database as of September 2018, by applying three filters: (1) date ranging
from January 1 to December 31, 2015, incident characteristic (2) containing “officer-involved incident,” but (3)
not containing “officer-involved incident-weapon involved but no shots fired.”
b
The study sample included two additional fatal shootings (cases involving Samuel DuBose and Scott Beech shot
and killed by University of Cincinnati Police and Washington County Sheriff, respectively) that were captured by
both the Washington Post and the Guardian, but were not captured by the GVA.
c
The original incident samples from which the reliability subsamples (n=424) was drawn were relatively larger
than the final sample size (n=1,907) for analysis, as additional ineligible cases (e.g., duplicates and fatal cases
where civilians died of self-inflicted gunshot wounds) were identified and excluded while evaluating and cleaning
incident data.

7

No explicit reporting on firearm discharge by police is treated as non-occurrence given the newsworthiness nature. However,
misidentification may occur when lacking information to further verify.
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6.1.2.3 Data Coding
A collaborative research team of 11 undergraduate and master’s students at John Jay
College was formed and trained to complete incident-level data coding and data entry using the
SPSS program.
6.1.2.3.1 Codebook
A codebook was initially designed to capture the information on the date and time,
location, consequences, situational characteristics at the pre-, during-, and post-stage of the
encounter, the encountered civilians (i.e., name, race, gender, age, mental illness, etc.), and the
involved officers (i.e., race, gender, rank, years of service, etc.). The codebook contains detailed
schemes to ensure that the coding was as valid, consistent, and reliable as possible. Prior to the
formal coding process, a pilot coding was conducted where each coder followed the coding
schemes to code the first ten cases in January, to detect problematic measures and data entry
problems.
The codebook was drawn and modified from the following five sources: (1) Recent
recommendations for establishing a national database on police use of deadly force (Alpert,
2016; Klinger et al., 2016; Shane, 2016). (2) The coding protocol of officer-involved shootings
created by the Police Foundation’s research team. (3) The National Use-of-Force Data
Collection Flat File and Bulk Load Technical Specification developed by the FBI. (4) Measures
operationalized in the previous studies using official, media-generated, or crowdsourced data. (5)
Annual reports of officer-involved shootings or firearm discharges released by several municipal
police departments. This effort was expected to capture the measures necessary and appropriate
to produce the more consistent data and adequately answer research questions.
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It should be noted that the codebook reflects theoretical expectations on what ought to be
collected, but these may not be suitable in open-source contexts where these pre-defined
attributes may not appear or inconsistently be described across media sources. During the coding
of the January cases, the team had observed a larger proportion of missing values on most
variables related to officers’ demographics (e.g., age, gender, and race) and work experiences
(e.g., the years of service and force-related complaint records). Given less or no media coverage
on the involved officer(s), most officer-related variables were removed for the subsequent coding
(see the finalized version of Police Shooting Incident Codebook, Appendix A).
Gaps between the theory-driven coding design and the newsworthiness-driven media
reporting can result in inconsistent coding and missing value on certain shooting attributes.
Recognizing the limitations of using open sources to collect data allows researchers to adjust
their research expectations to fit what the data permits, it turned out to not be feasible to utilize
all variables captured in the Codebook. Variables used for analysis would be selected and reprocessed conditioned on the quality of data coding that was evaluated in terms of intercoder
reliability (ICR) and missing values.
6.1.2.3.2 Featured Coding Schemes
The following features in the coding schemes were designed for capturing the dynamic
and complex nature of police-civilian encounters:
(1) Most variables were coded with numeric categorizations, supplemented with string
inputs. The text information was used for justifying coders’ categorizations during the
data coding process, and when necessary, adjusting some categorical measures in the
data cleaning process. For example, the premises variable was generated based on the
location type (indoor and outdoor settings) and its text inputs to further classify the
incident settings, including residential, park/woods, highway/interstate, street/road,
and commercial.
(2) The coding scheme of “select all that apply” (SATA) was used for some variables, of
which two or more categorized features or circumstances were observed together.
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During the data cleaning process, SATA variables coded with two or more categories
could be either collapsed into new categories or converted into dummy variables. For
example, the weapon use variable8 was originally coded under the SATA, capturing
the threatening situation posed by the encountered civilian(s) using two or more
weapon types. Thus, a series of dummy variables could be generated for capturing
whether or not each type of weapon was used. Through this, ICR could be assessed
for each dummy variable. The subsequent modeling could include them
simultaneously, accounting for the potential impact of the combination of various
weapon uses by civilians on officers’ shooting behaviors. Compared to single-choice
classification, the SATA coding requires more coders’ efforts to decide how many
conditions are described and to enter those multiple choices. This also adds
complexity to the data cleaning and interpretation.
(3) A specific coding scheme was developed for capturing incidents involving multiple
civilians and/or multiple officers from the same or different agencies. The coding of
variables related to involved agencies and civilians focused on the “primary” ones,
which defined as the agency whose officers discharged a firearm and the encountered
civilian who was shot at by the police, respectively. The “primary” definition
accommodated the newsworthiness nature of media coverage that the wounded or
killed civilian and the agency responsible for the death or injury of that civilian rather
than the assisting or back-up agency was more likely to draw public or media
attention.

6.1.2.3.3 Coding Process
The coding process started in September 2018 and was completed in April 2020, involving
the following two iterative tasks:
Locating open-source materials. I periodically assigned month-to-month cases (January to
December 2015) to the coders. The number of cases coded by each coder was based on
individual coding progress, without randomization. Each coder worked independently and was
required to locate at least three open-source materials using the keywords for each incident
(civilian/officer name + date + city/county + state + police shooting) in the Google search
engine. The content of open-source materials is displayed on web pages, of which each has its

8

The weapon use variable measures the actions of how the possessed or armed weapon being used by civilian (select all that
apply): 1=holding/ displaying without using; 2= discharging a firearm at an officer or another, 3= pointing a firearm at officer or
another, 4=throwing a stick/blunt object at an officer or another, 5= brandishing/waving a knife/edged weapon against an officer
or another, 6= directing a vehicle at an officer or another, 7= using hands/fists/feet against an officer or another, 99=Unknown.
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own URL address. The URLs were saved and utilized for and updated during the subsequent
processes of data coding, cleaning, and evaluation of the quality of the resulting database.
However, the requirement of locating at least three materials from different sources for
cross-examining each incident was hard to satisfy. As shown Table 4, three and half open-source
materials, on average, were identified and used for coding, cleaning, and evaluating. The number
varied from 1 to 9 for different cases. In addition, for nearly 89% of incidents, the outlets from
local media were the primary open-source materials identified through the Google search
queries, whereas official press releases or investigative reports were located for only about 11%
incidents (see Table 4).
The fatality outcome is not significantly associated with type of source located (! ! (1) =
0.14, p > 0.05), but is significantly associated with the number of open-source materials located
(t(1905) = -14.58, p < 0.001). This may indicate that not all police shootings receive the same
attention in the media, the availability of reporting on fatal shootings is higher than that of nonfatal shooting reporting.
Table 4: Frequency distribution and summary statistics for open-source materials used for coding
incidents.
Variable & Measures
Total(N=1,907)
Nonfatal (N=979)
Fatal (N=928)
Number (Column %)
The number of open-source materials located (Mean=3.53, SD=1.40, Min. =1, Max. = 9)a
1
122(6.4%)
115(11.8%)
7(0.8%)
2
258(13.5%)
214(21.9%)
44(4.7%)
3
660(34.6%)
333(34.0%)
327(35.2%)
4
487(25.5%)
178(18.2%)
309(33.3%)
5 or more
380(20.0%)
139(14.2%)
241(26.0%)
Source types (Mean=0.11, SD=0.32)
Only media reports
1,690(88.6%)
865(88.4%)
825(88.9%)
Any Official report located
217(11.4%)
114(11.6%)
103(11.1%)
Notes:
a
The outcome is significantly associated with the number of open-source materials located (ttest(1905)=-14.18, p<0.001), but is not significantly associated with whether official report was
located (! ! ( (1)=0.14, p > 0.05).
Abbreviation: SD=Standard deviation.
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Besides the newsworthy outcome, the number of open-source materials located is also a
function of coders; whether coders exhaust all efforts to search and document what they had
found could predict the number of sources used for coding. Although the type of open-source
materials located (media vs official reports) doesn’t vary between FNFPS, official reports,
especially investigative reports, offer much more details on key attributes of police shootings
(e.g., what did prompt officers’ firearm discharge) compared to the content of media reporting.
Thus, the variability in the number and the reporting of open-source materials that were culled
from media coverage can potentially produce measurement errors and missing values.
Verifying cases and coding attributes. Coders first re-verified whether incidents satisfied
the inclusion criteria based on the materials they located. Cases flagged by coders in the coding
process were mainly duplicates, and those that involved off-duty officers. After verification,
coders classified and cross-examined the attributes of police shootings described on the located
open-source materials. The coding efforts placed special emphasis on individual and situational
factors contributing to fatal and non-fatal shooting outcomes. Cross-examining multiple
documents generated from different sources sometimes helped minimize inaccuracy and missing
values in coding incident attributes. When reporting on certain attributes was inconsistent or
conflicting across materials, the coding placed greater priority weight on later reports rather than
earlier ones, and police investigative files rather than media outlets, and coverage from national
media rather than local media coverage and social media posts. The sources released later as
updates and by police agencies are expected to capture more accurate and detailed information.
To improve the data quality, the steps of source search and data coding were conducted
interactively throughout the processes of data coding, cleaning, and evaluating. The initial
coding aimed to classify various attributes as comprehensive as possible within individual
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incidents, and the cleaning and evaluating processes placed emphasis on special attributes across
incidents with problematic or ambiguous coding.
6.1.3 Incident-Level Data Preprocessing
Prior to evaluating the data quality in terms of intercoder reliability and missing data, this
study performed data preprocessing to detect and solve data problems that may preclude any
valid analysis. The operations and justifications of data preprocessing detailed in Appendix B
was performed for both subsample cases that were coded twice for intercoder reliability, and all
sample cases used for hypothesis testing. The data preprocessing involved the following
operations:
(1) This study first discarded some “conditional” variables that were only applicable to a
certain subsample of shootings involving specific circumstances, and several
problematic variables subject to potential errors in measurement and data coding.
(2) This study chose to omit variables with excessive missing data (> 20%), to ensure
valid imputation and inference in the presence of relatively moderate proportions
(10%-20%) of missing data (Garson, 2019).
(3) This study applied a coding scheme assumption of “non-reporting as non-existence”
(hereafter referred to as the NRNE) to handle the media’s non-reporting of certain
newsworthy attributes, like officer casualty, mental illness signs and BWC wearing.
Under the NRNE, a binary variable is assigned the value of 0, for treating the nonreporting of an attribute as its non-occurrence or non-existence, and the value of 1
when that attribute is reported. However, the relative newsworthiness of fatal versus
non-fatal police shootings may introduce measurement errors in the NRNE-coded
variables. Certain attributes are less likely to be reported for non-fatal shootings.
Caution is needed when interpretating the association between the NRNE-coded
variable and the fatality outcome.
(4) This study generated a series of dummy variables capturing the circumstances where
one threatening action by the civilian could be in conjunction with other actions
throughout the encounter (e.g., the civilian’s firing a gun, point/holding a gun, vehicle
ramming, use of knife/blunt object, physical attack, fleeing, and furtive movement), by
reconfiguring categories with similar features within one variable or across variables.
Table 31 in Appendix B lists the rules of reconfiguring one or more of the following
variables: weapon use, other weapon, firearm status, civilian resistance, threat level,
and flight pursuit. This approach is often used to accommodate the situation in which
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an acceptable level of reliability may not be achieved for original variables but for
those being reconfigured (Neuendorf, 2017).
6.1.4 Incident-Level Data Evaluation
This study addressed two main issues frequently faced during the open-source collection
data: measurement errors and missing data. First, measurement errors in this study are mainly
determined by intercoder (or interrater) reliability (ICR) that measures whether the coding
instruments are consistently applied to reach the same classification over time and across coders
(Riffe et al., 2019). Second, not only do missing data appear when coders fail to recognize either
explicit or implicit appearance of attributes described on open-source materials, but missing
values also are the byproducts of the discrepancies between the theory-driven coding design and
newsworthiness-driven media reporting; media reporting on police shootings may not be fully
matched with what researchers seek to extract and code for hypothesis testing.
6.1.4.1 Assessing Intercoder Reliability
Intercoder reliability (ICR) in content analysis assesses the degree of agreement among at
least two coders’ classifications for a set of cases. In light of the documented variability in the
newsworthiness of homicides (Duwe, 2000), mass shootings (Schildkraut et al., 2018), and
terrorist events (Chermak & Gruenewald, 2006), this study argues that not all police shooting
incidents and the attributes receive equitable media coverage. Fatal police shootings involving
unarmed black civilians appear to be more noteworthy compared to those involving non-fatal
outcomes, weapon armed, and non-blacks. Disparate media coverages on police shootings lead
to variations in the amount and quality of the open-source content used for categorizing
attributes. A more comprehensive and manifest content ensures a more objective and reliable
coding process, whereas the coders are more likely to yield different interpretations of the
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content with more laten meanings. Thus, it is more difficult to achieve agreement when coding
complex but poorly articulated concepts or interpreting latent content (Riffe et al., 2019). ICR
measures the consistency of coding behavior rather than the validity of constructs reflecting the
true content; a high level of ICR is a necessary but insufficient condition for establishing
confidence in the quality of the data.
6.1.4.1.1 Assessment Strategies
To answer Q1-1 (What are the degrees of ICR established for incident-level variables?),
intercoder reliability assessment was conducted after completing data coding, recoding, and
cleaning. Strategies applied to assessing ICR were characterized by the following aspects:
Identifying subsample size. No standard has been set for the size of subsamples selected
for reliability testing, but a general guideline in content analysis was proposed that reliability
subsample size should account for between 10% and 20% of the total sample (Neuendorf, 2017).
This study randomly selected 20% of the cases by month that had been coded once9 for recoding
(Nshootings=424).
Assessing between two coding teams. Reliability assessment, generally, requires at least
two coders to code the same subsamples independently. This was not feasible in this study
because any two coders rarely participated in both phases of coding and post-hoc recoding, let
alone ensuring them to code the same cases. Accordingly, this study assessed the reliability
between two groups of coders: The first group included all coders participating in the data
coding and the second group consisted of the coders conducting the data recoding. In the case,
some coders could participate in both groups, recoding the same cases as they had coded before.

9

The incident samples from which the reliability subsamples were drawn were relatively larger than the final sample size used
for analysis, as the original samples that had been coded once contained some ineligible cases, such as duplicates and fatal cases
where civilians died of self-inflicted gunshot wounds.
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Therefore, the reliability assessed in this study reflected a combination of the reliability across
different coders from two groups (i.e., intercoder reliability) and the consistency for a given
coders over time (i.e., intracoder reliability). Among 424 cases selected, each case was coded by
either two different coders or the same coders but at different time points10. The case recoding
primarily relied on the open-source materials identified by the coders in the group one. More
searching efforts were required to locate new materials when the previous URL became invalid,
or the valid URLs were less than three. “Page not found” occurs when the source has been
removed or deleted.
Selecting agreement coefficients. There are various agreement coefficients (ACs) suited
for evaluating the reliability of coding categorical variables. The most common AC is percentage
of agreement, representing the proportion of the same classifications obtained between two or
more coders. Given that percent agreement does not take into account agreement reached by
chance, the percent agreement has been extensively used with other chance-corrected
coefficients, such as Scott’s pi, Cohen’s kappa, Krippendorff’s alpha, and Gwet’s AC1, for
interpreting the extent of reliability (Neuendorf, 2017; Riffe et al., 2019). Like other effect size
statistics, these coefficients measure the relative difference between the observed and the
expected percent agreement. These coefficients adjust for chance agreement differently
according to the number of raters, the level of measurement, the number and frequency
distribution of classified categories, and the presence of missing values. This study reported and
interpreted percent agreement and Gwet’s AC1 given the limitations of other chance-corrected
ACs: pi, kappa, and alpha “overcorrect” chance agreement in the case of extreme or unbalanced
distributions (e.g. only one category tends be classified for most cases), leading to the paradox of

10

A random assignment of cases to coders is suggested when all coders cannot code the same cases (Neuendorf, 2017). The case
assignment used in the study was based on individual coders’ time availability and coding efficiency.
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high percent agreement and low reliability score (Feinstein & Cicchetti, 1990). Gwet’s AC1 was
proposed for adjusting the impact of this paradox (Gwet, 2008), and has been widely accepted as
a more robust estimate of reliability.
Choosing statistical analysis program. This study applied a community-contributed
command kappaetc (see Klein, 2018) in the Stata program to compute percent agreement and
Gwet’s AC1. The kappaetc command incorporates an interval scale estimated using a
probabilistic benchmarking method proposed by (Gwet, 2014): Taking in account standard errors
associated with cases, coders, and categories, the probabilistic benchmark method estimates the
probability for each coefficient to fall into a selected benchmark interval with at least 95%
confidence. Standard errors are estimated by default conditionally upon the sample of coders,
allowing the results to be generalized to all cases, given the specific coders. In addition, the
kappaetc command addresses the missing ratings by including cases classified by one or both
coders to increase the accuracy of the estimates for the marginal probabilities (Klein, 2018). This
study utilized one of most commonly used benchmarking scales, proposed by Landis and Koch
(1977), to interpret the levels of reliability corresponding to different ranges of coefficient
values: 0.81 to 1.00 coefficient indicates an almost perfect reliability, 0.61 to 0.80 shows a
substantial reliability, followed by moderate (0.41-0.60), fair (0.21-0.40), slight (0.00-0.20), and
poor reliability (<0.00). This study chose variables with at least substantial reliability as valid
measures for subsequent analysis.
6.1.4.1.2 Assessment Results
Table 5 summarized the statistical inference for percent agreement and Gwet’s AC1 for
categorical variables tended to be used for subsequent analyses. Figure 3 plots Gwet’s AC1
coefficients and their confidence intervals for incident-level variables. One-tailed t tests were
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performed to examine whether ACs were significantly larger than 0.667 which is suggested for
drawing tentative conclusions with substantial agreement (Krippendorff, 2004), and 0.8, the
minimum value for almost perfect agreement. The null hypotheses were set as Ho: Coef. <=
0.667 and Ho: Coef. <= 0.800, respectively. As suggested by Klein (2018), the t-test results were
interpreted along with the cumulative probability in the column “P cum. > 95%” that represents
the degree of certainty (on a percent scale) achieved to claim the extent of reliability specified by
the probabilistic benchmark interval in the last two columns of Table 5.
The extent of reliability for most incident-level variables used for analysis varied from
substantial (0.60-0.80) to almost perfect (0.80-1.00), according to the significant t-test results
and the defined probabilistic benchmark intervals. Measures of plots and outcomes (i.e.,
nighttime, premises, civilian fatality, and officer casualty) achieved almost perfect agreement,
which could be attributed to more manifest content being used for describing these basic
elements in media coverage. The pervasive phrase of “unarmed black man” highlighted in media
coverage may explain the observed extent of almost perfect agreement for variables on weapon
status and types, and demographic features of the encountered civilian.
However, at least substantial agreement is more difficult to achieve when variables
capture more specific information or involve higher extent of latent meaning. A perfect
agreement was achieved for most variables capturing how weapons were used, except for those
distinguishing how the armed firearm was used. The values of Gwet’s AC1 for dummy variables
capturing either pointing or holding gun were not significantly larger than 0.667, failing to reach
a substantial agreement level, whereas an almost perfect agreement was achieved for discharging
firearm. Coders tended to attain a perfect agreement when making distinctions among types of
weapons armed rather than acts of using a weapon, particularly using a firearm.
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Figure 3: Gwet’s AC1 with 95% confident intervals for incident-level variables.

Table 5: Agreement coefficients and associated precision estimates for incident-level variables.
Agreement
Coef.
Probabilistic
t(<0.667)
t(<0.8)
[95% Conf. Interval]
P in.
P cum. >95%
Coefficients (ACs)
(Std.Err.)
[Benchmark Interval]
Plots and Outcomes
Nighttime
na=422, rating categories=daytime, nighttime
Percent Agreement
0.94 (0.01)
21.16***
10.85***
0.91
0.97
1.00
1.00
0.80
1.00
Gwet's AC1
0.88 (0.02)
8.96***
3.38***
0.83
0.93
1.00
1.00
0.80
1.00
Premises
n=424, rating categories=residential, park/woods, highway/interstate, street/road, commercial
Percent Agreement
0.97 (0.01)
37.79***
21.29***
0.96
0.99
1.00
1.00
0.80
1.00
Gwet's AC1
0.97 (0.01)
30.34***
16.82***
0.95
0.98
1.00
1.00
0.80
1.00
Premises_bi
n=424, rating categories=residential, non-residential)
Percent Agreement
0.99 (0.01)
55.52***
32.36***
0.97
1.00
0.99
0.99
0.80
1.00
Gwet's AC1
0.97 (0.01)
28.81***
16.32***
0.95
0.99
0.99
0.99
0.80
1.00
Civilian fatality_bi
n=423, rating categories=fatal, non-fatal
Percent Agreement
0.99 (0.01)
39.06***
22.87***
0.97
1.00
1.00
1.00
0.80b
1.00b
Gwet's AC1
0.98 (0.01)
25.15***
14.33***
0.95
1.00
0.97
0.97
0.80
1.00
Civilian fatality_3types
n=419, rating categories=killed, injurious, missed
Percent Agreement
0.96 (0.02)
19.68***
10.88***
0.93
0.99
0.99
0.99
0.80
1.00
Gwet's AC1
0.95 (0.02)
15.68***
8.27***
0.91
0.98
1.00
1.00
0.80
1.00
Officer casualty
n=424, rating categories=killed, injurious
Percent Agreement
0.97 (0.01)
34.53***
19.22***
0.95
0.98
1.00
1.00
0.80
1.00
Gwet's AC1
0.95 (0.01)
22.96***
12.31***
0.93
0.98
1.00
1.00
0.80
1.00
Pre-Shooting Variables
Proactive initiation
n=422, rating categories=yes, no
Percent Agreement
0.90 (0.02)
13.07***
5.62***
0.87
0.94
1.00
1.00
0.80
1.00
Gwet's AC1
0.81 (0.03)
4.74***
0.36
0.75
0.87
0.36
1.00
0.60
0.80
Prior information
n=422, rating categories=no prior information, non-firearm weapon armed, firearm armed
Percent Agreement
0.86 (0.03)
6.4***
2.04*
0.80
0.92
0.98
0.98
0.80
1.00
Gwet's AC1
0.81 (0.04)
4.02***
0.23
0.74
0.88
0.41
1.00
0.60
0.80
During-Shooting Variables I
Multiple civilians
n=423, rating categories=yes, no
Percent Agreement
0.96 (0.01)
29.49***
16.19***
0.94
0.98
1.00
1.00
0.80
1.00
Gwet's AC1
0.85 (0.02)
7.95***
2.18*
0.81
0.90
0.99
0.99
0.80
1.00
Multiple agencies
n=424, rating categories=yes, no
Percent Agreement
0.85 (0.02)
10.26***
2.67**
0.81
0.88
1.00
1.00
0.80
1.00
Gwet's AC1
0.77 (0.03)
3.38***
-1.10
0.71
0.83
0.86
1.00
0.60
0.80
BWC wearing
n=424, rating categories=yes, no
Percent Agreement
0.99 (0.01)
68.84***
40.54***
0.98
1.00
0.98
0.98
0.80
1.00
Gwet's AC1
0.99 (0.01)
63.10***
37.11***
0.98
1.00
0.98
0.98
0.80
1.00
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Table 5: (continued)
Agreement Coefficients
(ACs)

Coef.
(Std.Err.)

t(<0.667)

t(<0.8)

[95% Conf. Interval]

P in.

P cum. >95%

Probabilistic
[Benchmark Interval]

During-Shooting Variables II
Perceived weapon
Percent Agreement
0.91 (0.02)
Gwet's AC1
0.90 (0.02)
Unarmed
Percent Agreement
0.95 (0.01)
Gwet's AC1
0.94 (0.01)
Firearm status
Percent Agreement
0.96 (0.02)
Gwet's AC1
0.94 (0.02)
Other weapon
Percent Agreement
0.85 (0.05)
Gwet's AC1
0.84 (0.05)
Weapon type
Percent Agreement
0.89 (0.02)
Gwet's AC1
0.86 (0.02)
Firing a gun
Percent Agreement
0.92 (0.01)
Gwet's AC1
0.86 (0.02)
Pointing a gun
Percent Agreement
0.79 (0.02)
Gwet's AC1
0.62 (0.04)
Holding a gun
Percent Agreement
0.71 (0.02)
Gwet's AC1
0.55 (0.04)
Point/holding a gun
Percent Agreement
0.81 (0.02)
Gwet's AC1
0.63 (0.04)
Vehicle ramming
Percent Agreement
0.92 (0.01)
Gwet's AC1
0.89 (0.02)
Attacking w/ a knife/blunt object
Percent Agreement
0.92 (0.01)
Gwet's AC1
0.89 (0.02)

13.45***
10.51***
26.07***
21.30***
17.59***
14.89***
4.02***
3.52***
13.77***
9.67***
18.72***
8.14***
6.22***
-1.27
2.17*
-2.88
7.43***
-1.03
19.15***
10.99***
19.15***
11.69***

n=418, rating categories=yes, no
0.80
1.00
0.80
1.00
n=424, rating categories=yes, no
13.73***
0.93
0.97
1.00
1.00
0.80
1.00
10.96***
0.92
0.97
1.00
1.00
0.80
1.00
n=414, rating categories=yes, no
9.49***
0.92
0.99
1.00
1.00
0.80
1.00
7.71***
0.91
0.98
1.00
1.00
0.80
1.00
n=209, rating categories=knife, blunt, vehicle, physical attack, toy firearm, replica firearm, other, unarmed
1.16
0.76
0.95
0.12
1.00
0.60
0.80
0.77
0.74
0.93
0.22
1.00
0.60
0.80
n=421, rating categories=unarmed (with/without physical attack), knife or blunt object, vehicle, firearm
5.39***
0.85
0.92
1.00
1.00
0.80
1.00
2.94**
0.82
0.90
1.00
1.00
0.80
1.00
n=424, rating categories=yes, no
8.78***
0.89
0.94
1.00
1.00
0.80
1.00
2.53**
0.81
0.91
0.99
0.99
0.80
1.00
n=424, rating categories=yes, no
-0.50
0.75
0.83
0.69
1.00
0.60
0.80
-4.70
0.54
0.69
0.32
1.00
0.40
0.60
n=424, rating categories=yes, no
-3.89
0.67
0.76
1.00
1.00
0.60
0.80
-6.05
0.46
0.63
0.90
1.00
0.40
0.60
n=424, rating categories=yes, no
0.47
0.77
0.85
0.32
1.00
0.60
0.80
-4.53
0.55
0.70
0.23
1.00
0.40
0.60
n=424, rating categories=yes, no
9.07***
0.89
0.95
1.00
1.00
0.80
1.00
4.33***
0.85
0.93
1.00
1.00
0.80
1.00
n=424, rating categories=yes, no
9.07***
0.89
0.95
1.00
1.00
0.80
1.00
4.76***
0.85
0.93
1.00
1.00
0.80
1.00
6.19***
4.40***

0.88
0.85

0.95
0.94

1.00
1.00

1.00
1.00
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Table 5: (continued)
Agreement
Coefficients (ACs)

Coef.
(Std.Err.)

t(<0.667)

t(<0.8)

[95% Conf. Interval]

P in.

P cum. >95%

Probabilistic
[Benchmark Interval]

During-Shooting Variables III
Holding a knife/blunt object
Percent Agreement
0.95 (0.01)
Gwet's AC1
0.94 (0.01)
Use of knife/blunt object
Percent Agreement
0.95 (0.01)
Gwet's AC1
0.92 (0.02)
Physical attack
Percent Agreement
0.97 (0.01)
Gwet's AC1
0.97 (0.01)
Fleeing
Percent Agreement
0.87 (0.02)
Gwet's AC1
0.74 (0.03)
Furtive movement
Percent Agreement
0.93 (0.01)
Gwet's AC1
0.93 (0.01)
Unknown action
Percent Agreement
1.00 (0.00)
Gwet's AC1
1.00 (0.00)
Resistance level (unweighted)
Percent Agreement
0.68 (0.02)
Gwet's AC1
0.64 (0.03)
Resistance level (ordinal weights)
Percent Agreement
0.94 (0.01)
Gwet's AC1
0.90 (0.02)
Threat level (unweighted)
Percent Agreement
0.62 (0.03)
Gwet's AC1
0.55 (0.03)
Threat level (ordinal weights)
Percent Agreement
0.92 (0.01)
Gwet's AC1
0.72 (0.03)
Primary civilian race
Percent Agreement
Gwet's AC1

0.96 (0.03)
0.95 (0.04)

n=424, rating categories=yes, no
0.80
1.00
0.80
1.00
n=424, rating categories=yes, no
25.31***
13.23***
0.92
0.97
1.00
1.00
0.80
1.00
15.67***
7.53***
0.89
0.96
1.00
1.00
0.80
1.00
n=424, rating categories=yes, no
39.73***
22.52***
0.96
0.99
1.00
1.00
0.80
1.00
35.77***
20.18***
0.96
0.99
1.00
1.00
0.80
1.00
n=424, rating categories=yes, no
12.21***
4.13***
0.84
0.90
1.00
1.00
0.80
1.00
2.14*
-1.91
0.67
0.80
0.97
1.00
0.60
0.80
n=424, rating categories=yes, no
22.11***
11.09***
0.91
0.96
1.00
1.00
0.80
1.00
18.20***
8.88***
0.90
0.95
1.00
1.00
0.80
1.00
n=424, rating categories=yes, no
98.54***
58.62***
0.99
1.00
1.00
1.00
0.80b
1.00b
b
96.22***
57.23***
0.99
1.00
1.00
1.00
0.80
1.00b
n=415, rating categories=passive, active, aggressive, aggravated aggressive
0.67
-4.67
0.63
0.73
1.00
1.00
0.60
0.80
-0.84
-5.44
0.59
0.70
0.07
1.00
0.40
0.60
n=415, rating categories=passive, active, aggressive, aggravated aggressive
21.33***
10.99***
0.92
0.97
1.00
1.00
0.80
1.00
13.9***
5.96***
0.87
0.93
1.00
1.00
0.80
1.00
n=417, rating categories=fleeing, furtive movement, other, pointing a gun, attacking with non-gun weapon, firing a gun
-1.93
-7.10
0.57
0.67
0.25
1.00
0.40
0.60
-4.00
-8.41
0.49
0.61
0.96
1.00
0.40
0.60
n=417, rating categories=fleeing, furtive movement, other, pointing a gun, attacking with non-gun weapon, firing a gun
17.42***
8.09***
0.89
0.94
1.00
1.00
0.80
1.00
1.78*
-2.43
0.66
0.79
0.99
1.00
0.60
0.80
Civilian-Related Variables I
n=349, rating categories=white, black, Hispanic, other
8.59***
4.74***
0.90
1.00
1.00
1.00
0.80b
1.00b
b
8.11***
4.36***
0.88
1.00
1.00
1.00
0.80
1.00b
26.07***
22.65***

13.73***
11.78***

0.93
0.92

0.97
0.97

1.00
1.00

1.00
1.00
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Table 5: (continued)
Agreement
Coefficients (ACs)

Coef. (SE)

t(<0.667)

t(<0.8)

[95% Conf. Interval]

P in.

P cum. >95%

Probabilistic
[Benchmark Interval]

Civilian-Related Variables II
Civilian race (aggregate measure)
n=349, rating categories=white, black, Hispanic, other
Percent Agreement
0.96 (0.03)
8.77***
4.85***
0.90
1.00
1.00
1.00
0.80b
1.00b
Gwet's AC1
0.96 (0.03)
8.28***
4.46***
0.89
1.00
1.00
1.00
0.80b
1.00b
Civilian nonwhites (aggregate measure)
n=349, rating categories=yes, no
Percent Agreement
0.97 (0.03)
9.05***
5.11***
0.90
1.00
1.00
1.00
0.80b
1.00b
b
Gwet's AC1
0.94 (0.04)
7.43***
3.87***
0.87
1.00
1.00
1.00
0.80
1.00b
Primary civilian gender
n=421, rating categories=male, female
Percent Agreement
0.99 (0.01)
39.26***
23.23***
0.98
1.00
1.00
1.00
0.80b
1.00b
b
Gwet's AC1
0.99 (0.01)
38.04***
22.47***
0.98
1.00
1.00
1.00
0.80
1.00b
Civilian males (aggregate measure)
n=421, rating categories=yes, no
Percent Agreement
0.95 (0.01)
21.86***
11.47***
0.92
0.97
1.00
1.00
0.80
1.00
Gwet's AC1
0.94 (0.02)
17.40***
8.78***
0.91
0.97
1.00
1.00
0.80
1.00
Primary civilian age
n=394, numeric inputs, min=14, max=82
Percent Agreement
0.93 (0.02)
15.54***
7.62***
0.89
0.96
1.00
1.00
0.80
1.00
Gwet's AC1
0.93 (0.02)
15.29***
7.47***
0.89
0.96
1.00
1.00
0.80
1.00
Primary civilian age group
n=400, rating categories=younger than 20, 20-29, 30-39, 40-49, 50-59, 60 or older
Percent Agreement
0.96 (0.01)
19.91***
10.82***
0.93
0.99
1.00
1.00
0.80
1.00
Gwet's AC1
0.95 (0.02)
17.83***
9.47***
0.92
0.98
1.00
1.00
0.80
1.00
Civilian ave. age (aggregate measure)
n=394, numeric inputs, min=14, max=82
Percent Agreement
0.90 (0.02)
12.71***
5.43***
0.86
0.94
1.00
1.00
0.80
1.00
Gwet's AC1
0.90 (0.02)
12.51***
5.30***
0.86
0.93
1.00
1.00
0.80
1.00
Civilian ave. age group (aggregate measure)
n=400, rating categories=younger than 20, 20-29, 30-39, 40-49, 50-59, 60 or older
Percent Agreement
0.95 (0.02)
18.94***
10.05***
0.92
0.98
1.00
1.00
0.80
1.00
Gwet's AC1
0.94 (0.02)
16.72***
8.62***
0.91
0.97
1.00
1.00
0.80
1.00
Mental illness signs (aggregate measure)
n=424, rating categories=yes, no
Percent Agreement
0.84 (0.02)
9.87***
2.37**
0.81
0.88
0.99
0.99
0.80
1.00
Gwet's AC1
0.73 (0.03)
2.08*
-2.02
0.67
0.80
0.98
1.00
0.60
0.80
Notes:
a
n, the number of cases used for reliability assessment includes cases classified at least once and excludes those rated as missing by both coding groups.
b
This probabilistic benchmark interval is selected based on a rescaled cumulative probability, after correcting a technical flaw in the kappaetc command, see
https://www.statalist.org/forums/forum/general-stata-discussion/general/1368285-kappaetc-available-from-ssc/page3 (accessed Dec 1, 2021).
Benchmark scale: <0.00 Poor; 0.00-0.20 Slight; 0.20-0.40 Fair; 0.40-0.60 Moderate; 0.60-0.80 Substantial; 0.80-1.00 Almost Perfect
t(<0.667) tests Ho: Coef. <= 0.667, Ha: Coef. > 0.667, and t(<0.800) tests Ho: Coef. <= 0.800 Ha: Coef. > 0.800
Abbreviations: w/=with; ave.= average; Coef. =Coefficient; SE=standard errors
* P<0.05, ** P < 0.01, *** P < 0.001
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Furthermore, classifying the levels of resistance and threat posed by the civilian required
more subjective judgment among coders, which only reached moderate agreements (0.40-0.60)
estimated by unweighted Gwet’s AC1. As shown in Table 6, intercoder disagreements more
frequently occurred on classifying resistance level as “aggressive” versus “aggravated
aggressive,” and distinguishing “posing other threats” from “attacking with a non-gun weapon”
and “pointing a gun”. These disagreements revealed that a certain degree of confusion or
misunderstanding in classifying was generated when pre-defined categories failed to
exhaustively capture the instances described by open sources with limited information. For
example, a civilian’s act of attacking with weapons could be rated as either “aggressive” or
“aggravated aggressive” given the availability of additional information on whether the acts
displayed could lead to potential or actual physical harm or deadly/serious bodily harm. Coders
could classify a civilian’s act of ramming a vehicle at officers as either “posing other threats” or
“attacking with a non-gun weapon” given whether coders treated the vehicle as a weapon.
Table 6: Intercoder (dis)agreements on resistance level and threat level.
Resistance level
Team2
Team1
1
2
3
4
99
1=Passive
3(2.0%)
0(0.0%)
6(4.1%)
4(2.7%)
2=Active
3(2.0%)
6(4.1%)
11(7.5%)
5(3.4%)
3=Aggressive
2(1.4%)
6(4.1%)
19(12.9%)
2(1.4%)
4=Aggravated aggressive
3(2.0%)
13(8.8%) 51(34.7%)
8(5.4%)
99=Missing
0(0.0%)
1(0.7%)
0(0.0%)
4(2.7%)
Total
8(5.4%) 23(15.7%) 57(38.8%) 40(27.2%) 19(12.9%)
Threat level
Team2
Team1
1
2
3
4
5
1=Fleeing
0(0.0%)
10(5.7%)
4(2.3%)
1(0.6%)
2=Furtive movement
2(1.1%)
8(4.6%)
3(1.7%)
1(0.6%)
3=Posing other threats
1(0.6%)
7(4.0%)
12(6.9%)
17(9.7%)
4=Pointing a firearm
1(0.6%)
2(1.1%)
11(6.3%)
2(1.1%)
5=Attacking with a non1(0.6%)
0(0.0%)
26(14.9%)
2(1.1%)
gun weapon
6=Firing a gun
4(2.3%)
0(0.0%)
3(1.7%)
12(6.9%)
1(0.6%)
99=Missing
1(0.6%)
2(1.1%)
1(0.6%)
2(1.1%)
0(0.0%)
Total
10(5.7%) 11(6.3%) 59(33.7%) 35(20.0%) 22(12.57)

Total
13(8.8%)
25(17.0%)
29(19.7%)
75(51.0%)
5(3.4%)
147(100.0%)
6
4(2.3%)
1(0.6%)
0(0.0%)
11(6.3%)

99
3(1.7%)
4(2.3%)
7(4.0%)
4(2.3%)

Total
22(12.57)
19(10.86)
44(25.1%)
31(17.7%)

3(1.7%)

0(0.0%)

32(18.3%)

1(0.6%)

21(12.0%)
6(3.4%)
175(100.0%)

0(0.0%)
19(10.9%)

19(10.9%)

71
Given the ordinal nature of these two variables, coders may reach some degree of partial
agreement in which adjacent rather than exact categories were classified. For example, partial
agreement exists when one coder rates civilian resistance as aggravated aggressive and another
coder rates as aggressive. After applying the ordinal weights, the agreement levels were
improved from moderate to substantial for threat levels and to almost perfect for resistance
levels. The acceptable extent of partial agreement revealed that it could be more appropriate to
operationalize resistance-level and threat-level variables as scales rather than categories
classified by coders; a higher value rated indicated a more severe level of resistance or threat.
6.1.4.1.3 Summary
The coding of most key variables reached substantial or perfect levels of ICR, showing a
sufficient degree of coding consistency between two coding teams. The subsequent descriptive
and inferential analyses would incorporate variables at least reaching substantial agreement.
Variable selections would also be conditioned on the extent of their missing data, which was
discussed in Section 6.1.4.2.
Further coding decisions were made for variables with low ICR being attributed to the
lack of explicit information or problematic categories: (1) For dummy variables of pointing a
gun, holding a gun, or point/holding a gun, this study decided to only distinguish whether the
gun was discharged or not. (2) This study omitted the resistance level variable given its low ICR
for its nominal measure, and its similarity to the threat level variable of which both were
measured based on civilian actions with or without weapons. (3) This study remeasured the
threat level variable, by removing the poorly articulated category of “poses other threats,” and
including categories of “fleeing,” “furtive movement,” “physical attack,” “use of knife/blunt
object,” “point/holding a gun,” “vehicle ramming,” and “firing a gun.” Unlike the dummy
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variables reconfigured before captured separate threatening instances during individual
encounters, these categories used for this new measure aimed to capture the nature of the
imminent threat posed by the civilian prompting firearm discharge by police. Accordingly, one
civilian could be involved in the sequential acts of vehicle ramming, point/holding a gun at
officers, and exchanging gunfire with police at multiple locations, but officers only fired shots
when that civilian fired shots at officers (see the fatal police shooting of John Martin Whittaker
in Anchorage, AK11). Given this circumstance, the threat level variable was rated as “firing a
gun.” Based on the text inputs of the original variables and the defined open-source materials, I
rechecked the coding of the variables of firing a gun and point/holding a gun and the newly
defined variable of threat level for all sample cases with another student coder who consistently
participated in the coding process.
Prior to incorporating the reliability subsample into the rest incident-level data, I served
as a “tie-breaker” to resolve disagreements on variables between the two coding groups after
reviewing the URLs identified by both groups.
6.1.4.2 Investigating Missing Data
Missing data frequently occurring in open-source research is another common issue
impacting the validity of statistical inference. The choice of an adequate method for handling
missing data required to first address Q1-2 (What are the percentages and patterns of missing
data among incident-level variables?) and Q1-3 (Does the missingness for each incident-level
variable vary between FNFPS?) by examining the missing percent (i.e., the percentage of
missing data on each variable), missingness mechanism (i.e., how data are missing) and pattern

11

See https://www.adn.com/crime-justice/article/anchorage-police-id-suspect-sunday-car-chase-and-shooting/2015/02/10/
(accessed December 5, 2021).

73
(i.e., whether the observed missingness of one variable determined other variables’ missingness),
and overall missingness (i.e., the percentages of incidents with missing data in any variable).
6.1.4.2.1 Missing Percent
Table 7: The missing percents for incident-level variable across cases and by fatality.
Missing Percent
Missing Percent
Total
Nonfatal
Fatal
Total
Nonfatal
Fatal
Variable
Variable
(N=1,907) (N=979)
(N=928)
(N=1,907) (N=979)
(N=928)
Column %
Column %
Plots and Outcomes
Pre-Shooting Variables
Date reporteda
0.0%
0.0%
0.0%
Proactive initiation
0.1%
0.2%
0.0%
Nighttime
2.1%**
3.0%
1.2%
Prior information
10.3%*
11.8%
8.7%
Premises
0.1%
0.1%
0.0%
During-Shooting Variables
Premises_bi
0.1%
0.1%
0.0%
Multiple civilians
0.0%
0.0%
0.0%
Civilian fatality_bi
0.0%
0.0%
0.0%
Multiple agencies
0.0%
0.0%
0.0%
Civilian fatality_3types
1.3%
2.5%
0.0%
BWC wearingb
0.0%
0.0%
0.0%
Officer casualtyb
0.0%
0.0%
0.0%
Perceived weapon
0.6%*
0.9%
0.2%
Civilian-Related Variables
Weapon type
1.1%**
1.7%
0.3%
Civilian name reporteda
8.7%***
16.8%
0.2%
Unarmed
0.7%*
1.1%
0.2%
Primary civilian race
14.6%***
27.4%
1.2%
Firearm status
0.9%**
1.5%
0.3%
Civilian race
14.0%***
26.2%
1.2%
Firing a gun
0.4%
0.6%
0.2%
Civilian nonwhites
14.0%***
26.2%
1.2%
Point/holding a gun
0.8%
1.2%
0.4%
Primary civilian gender
0.8%***
1.5%
0.0%
Vehicle ramming
0.2%
0.3%
0.1%
Civilian males
0.8%***
1.5%
0.0%
Use of knife/blunt object
0.7%*
1.2%
0.2%
Primary civilian age
7.1%***
13.5%
0.3%
Physical attack
0.2%
0.3%
0.1%
Primary civilian age group
7.1%***
13.5%
0.3%
Fleeing
0.1%
0.1%
0.1%
Civilian ave. age
7.1%***
13.5%
0.3%
Furtive movement
1.1%
1.4%
0.7%
Civilian ave. age group
7.1%***
13.5%
0.3%
Unknown action
1.3%
1.6%
0.9%
Mental illness signsb
0.0%
0.0%
0.0%
Threat level(redefined)c
1.3%
1.6%
0.9%
Notes:
a
The variables of date reported and civilians name reported were not directly included for analysis.
b
The variables of officer casualty, Mental illness signs, and BWC wearing were binary coded under the inference of “non-reporting as
non-existence.”
c
After the intercoder reliability assessment, this study defined a new variable of threat level capturing the immediate threat that
prompted officers to discharge firearm, including categories of fleeing, furtive movement, physical attack, use of knife/blunt object,
point/holding a gun (without discharge), vehicle ramming, firing a gun, unknown action.
Abbreviations: N= number; ave. = average.
* p <0.05 ** p <0.01 *** p < 0.001 for chi-square tests on the associations between the fatalities and the variables’ missingness (1=
missing, 0= non-missing).

Table 7 summarized the percentages of missing data for incident-level variables that could
be incorporated into the analysis. The percentage of missingness on each variable ranged from
none to 14%. The missing percents were highest for variables measuring civilian race (about
14%) and age (7.1%), and prior information on whether the civilian was armed (10.3%). A
small proportion of missingness was observed for each of key variables on incident premises
(2.1%), fatality outcome (1.3%), proactive initiation (0.1%), and different actions by the civilian
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armed with weapons or unarmed (about 1 % or less). Within variables with missing data, nonfatal shootings, in general, had more missingness than fatal shootings. Some variables’
missingness in non-fatal shootings was significantly larger than those in fatal incidents (p <0.05),
particularly for civilian race (26.2% vs 1.2%) and age (13.5% vs 0.3%). This suggested that
missingness on incident attributes were conditioned upon the fatality outcome, supporting the
newsworthiness assertion that fatal incidents were more newsworthy with more detailed
information being reported, compared to non-fatal shootings.
6.1.4.2.2 Missingness Mechanism
The causes for missing data were generally assumed under three main mechanisms: (1)
missing completely at random (MCAR), where the probability of missingness for one variable is
the same for all cases, depending on neither the observed values of other variables nor the
unobserved value of that variable itself. Under MCAR, complete case analysis (i.e., listwise
deletion) can produce unbiased inference, but reducing statistical power if the missingness
proportion is large; (2) missing at random (MAR), where the probability of being missing is
uncorrelated with the unobserved value of that variable, but only depends on the observed
variables. Most common imputation methods are performed under MCAR and MAR, but MAR is
more realistic and prevalent than MCAR. (3) missing not at random (MNAR), where the
missingness on a variable depends on either its missing value or unobserved variables. Under
MNAR, the causes for the missingness must be modeled, in which case the imputation methods
using the observed cases to estimate the unobserved ones become invalid (Graham, 2009; Little
& Rubin, 2020; Van Buuren, 2012). Incident-level missingness in this study could be assumed as
MAR given that most missing data had been associated with the observed fatality outcome.
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6.1.4.2.3 Missingness Pattern
The missingness pattern was commonly classified into two types: (1) a monotone pattern
when the missing data of one variable were a subset of cases missed in another, and the nested
feature was sequentially observed through the rest of the variables with increasing missingness;
and (2) a non-monotone or arbitrary pattern when missingness was widespread, not depending
upon one another (Van Buuren, 2012). The missing data with a monotone pattern required a
monotone imputation procedure, through which the missing data were sequentially imputed
without iteration for variables in order of increasing missingness (Royston & White, 2011).

Figure 4: The missingness percent and pattern for the selected ten incident-level variables with missing
data.

To ensure a clear view of the missing pattern of incident-level variables, this study
selected ten key variables with missing data for visualization with two specifications to reduce
redundancy: (1) only one measure was selected for each of the variables on premises and civilian
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demographics (i.e., race, gender, and age) with different measures displaying the same or similar
missing proportions, and (2) aggregate rather than dummy measures of weapon types and threat
levels were selected. It was evident from Figure 4 that the missingness pattern for the ten
selected key variables were non-monotone, each variable’s missing data were independent of one
another.
6.1.4.2.4 Overall Missingness
As the overall missingness becomes larger when incorporating more variables with
missing data, this study limited the number of variables with missing data to ensure a moderate
proportion (< 20%) of the overall missingness. The choice of this subjective threshold was
informed by the results from several simulation studies (Dong & Peng, 2013; Madley-Dowd et
al., 2019; Mishra & Khare, 2014; Stavseth et al., 2019) that found that the performance and
coverage of imputation methods became less stable in presence of a larger proportion of
missingness (20%-50%). When including the ten key incident-level variables with missing data
displayed in Figure 4, there were about 73% of sample cases with complete data, and the
majority of this overall missingness occurred in variables on civilian race and age, and prior
information on whether the civilian was armed.
Given the greater scholarly attention being consistently paid to the roles of civilians’
demographic characteristics impacting officers’ decisions to shoot (Edwards et al., 2019; Klinger
et al., 2016; Siegel, 2020), this study chose to retain civilian variables and omit the prior
information variable, leading to 19% overall missingness to be imputed (as shown in the lower
portion of Figure 5). Figure 5 visualized the number of the ten selected variables missing within
individual cases by the fatality outcome. Compared to nonfatal shootings, fatal shootings have
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more complete data on the ten selected variables (88.2% vs 59.6%). This further demonstrated
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Figure 5: The number of the selected key variables missing within individual cases, by fatality.

6.1.4.2.5 Summary
Besides excessive amounts of non-reporting on officer characteristics and some more
granular shooting attributes observed in the data coding and preprocessing of the database (e.g.,
the number of civilian/officer shooting and the number of shots they fired), this study also
observed that relatively high missing percents existed on civilian race and age, and prior
information, and missingness significantly differed between FNFPS. Taken together, these
results suggested that media reporting on police shootings tended to focus on factors prompting
officers to shoot and its outcome, but being conditioned to the fatality outcome.
Multiple imputation (MI) has been widely recognized in many research fields as the
standard method to appropriately handle missingness under the MAC assumption. Rather than
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predicting missing values as close as possible to the true ones, MI aims to provide more efficient
and less biased estimates of model parameters (Rubin, 1996; Van Buuren, 2012). This study
chose to perform multiple imputation by chained equation (MICE), a specified MI algorithm that
is known to be flexible for filling in missing data on both continuous and categorical variables.
This study focused on imputing missing data on civilian race and age under a moderate amount
(<20%) of overall missingness that was commonly perceived as reliable for multiple imputation
(Dong & Peng, 2013; Madley-Dowd et al., 2019; Mishra & Khare, 2014; Stavseth et al., 2019).
Section 7.2.3.1 further specified the imputation model in terms of the non-monotone missing
pattern, the numbers of imputations and iterations, and the selection of variables for imputation.
6.1.5 Selecting Incident-Level Variables for Data Merging and Analysis
Table 8 outlines incident-level variables selected for subsequent data merging and
analysis. Most of them had substantial or almost perfect ICR with minimal missing data ranging
from 0% to 2%. A few (i.e., mental illness signs, BWC wearing, and officer casualty) were
measured under the NRNE assumption given their newsworthiness, resulting in their 0%
missingness. Multiple imputation would be performed mainly to fill in the majority of
missingness that occurred in measures on civilian race (14.0%) and age (7.1%). Although no
additional reliability assessment was performed for the redefined threat level variable, it could be
assumed that the coding reliability could be improved to some degree since the rechecking and
recoding became more focused on weapon- and threat-related variables and was completed by
two experienced coders. In cases where the classification was uncertain, we discussed those
cases and reached agreement together. This study chose aggregate measures of race and age
group for all civilians who had encounters with police officers. Two string variables of primary
agency and incident address functioned as identifiers for merging with other datasets.
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Table 8: Variables selected from the incident-level database for subsequent analysis.
Justification
Variables
Intercoder
Missing
Roles in Hypothesis Testing
Reliabilitya
Percent (%)
• The Outcome for dangerousnessCivilian fatality_bi
Almost perfect
0.0%
related hypotheses
• The Outcome for life-saving related
Civilian fatality_3types
Almost perfect
1.3%
hypotheses
Nonwhites
Almost perfect
14.0%
• Individual predictor
Weapon type
Almost perfect
1.1%
• Situational predictors
Threat level(redefined)
Moderateb
1.3%
Males
Almost perfect
0.8%
Civilian age group
Almost perfect
7.1%
• Individual controls
Mental illness signs
Almost perfect
0.0%
Proactive Initiation
Substantial
0.1%
Multiple civilians
Almost perfect
0.0%
Multiple agencies
Substantial
0.0%
• Situational controls
BWC wearing
Almost perfect
0.0%
Officer casualty
Almost perfect
0.0%
Quarter
Perfectc
0.0%
Weekend
Perfectc
0.0%
• Environmental controls
Nighttime
Almost perfect
2.1%
Premises(binary)
Almost perfect
0.1%
Primary agency
-d
0.0%
• Identifiers for data merging
Incident address
-d
0.0%
Notes:
a
The benchmark scales of intercoder reliability were reported for Gwet's AC1 coefficients (<0.00 Poor; 0.000.20 Slight; 0.20-0.40 Fair; 0.40-0.60 Moderate; 0.60-0.80 Substantial; 0.80-1.00 Almost Perfect).
b
The moderate reliability was established for the original measure of threat level.
c
The variables of quarter and month were generated based on the incident date reported. As no disagreement
existed in its coding between two coder teams, all types of reliability coefficients were 1.00 indicating perfect
reliability.
d
Intercoder reliability assessment could not be performed for the two string variables of primary agency and
incident address.

Table 9 summarized incident-level variables that had been coded but eventually excluded
from analysis. These variables largely suffered from measurement and coding errors, and other
issues causing analytical difficulty and complexity. Excessive missingness and hard-to-classify
categories could be attributed to discrepancies between the content of media reporting and the
data collection protocol designed for analytical research purpose, and the coders’ failure to
capture attributes that either manifestly or latently appear in open sources. This also revealed the
limited ability of using local media reports to extract reliable and valid measures of incident
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attributes for inferential analysis. Media reporting primarily focused on when and where police
shootings occurred, factors promoting officers’ firearm discharges, and civilian fatalities. The
reporting varied by the type of open sources and the newsworthy features of police shootings.
Table 9: Incident-level variables were coded but eventually excluded from analysis.
Variable Discarded
Who called
First shot
Crime involved
Crime type
Initiation reason
Number of officers involved
Number of civilians shooting
Number of officers shooting
Number of shots by civilians
Number of shots by officers
Back up call
Medical attention
Intoxication
Criminal history
Resistance level
Threat level (original)
Perceived weapon
Firearm status
Firing a gun
Point/holding a gun
Vehicle ramming
Use of knife/blunt object
Physical attack
Fleeing
Furtive movement
Unarmed
Unknown action
Primary civilian race
Primary civilian gender
Primary civilian age
Primary civilian age group
Civilian race (multinominal)
Civilian age (continuous)
Prior information

Justification
•

Conditional variables not applied for all
incidents

•

Hard-to-classify categories

•
•

Excessive missingness (>20%);
Less newsworthiness does not support to
apply the “non-reporting as non-existenace”
assumption.

•
•

Moderate reliability
Hard-to-classify categories

•
•

Subcategories of weapon type, unarmed, and
the new measure of threat level;
Model parsimony

•

Adopt aggregate measures of civilian variables

•

Reduce overall missingness to be imputed

6.2 Merging with Publicly Available Data Sources
Once the collection and evaluation of incident-level data was complete, this study utilized
incident addresses and the names of involved law enforcement agencies as identifier for merging
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with additional situational (i.e., the distance to the nearest trauma center), contextual (i.e., violent
crime risk and socioeconomic disadvantage) and organizational (i.e., restrictiveness of force
policies) variables from multiple datasets. Data merging distinguished this study from current
studies using media-driven and crowdsourced datasets on police killings largely relied on
incident attributes without further integrating data from other sources. The Stage 3 in Figure 2
summarized key predictors of theoretical interest and relevant data sources for predictors.
Meaningful data merging required two additional efforts:
6.2.1 Identifying Law Enforcement Agencies
6.2.1.1 Preprocessing
Prior to merging organizational data, this study identified one primarily involved law
enforcement agency for each incident to accommodate police shootings where officers from two
or more agencies involved. Multiple agencies responding or assisting often occurred when
serving arrest warrants or conducting investigations as multi-jurisdictional task force group, or
responding back-up calls for standoffs, vehicle and foot chases, and manhunts. But officers from
those responding or assisting agencies may not discharge firearms. Therefore, an involved
agency refers to any agency in which its officer(s) discharged firearms at civilian(s), whereas
agencies responding or assisting but having no shots fired by their officers are not considered as
the involved agencies. Incidents were also considered as multiple-agency involved when
multiple agencies responding or assisting but without further details on whether officer(s) from
one or more agencies shooting. By this definition, most incidents (92.5%, Nshootings=1,764) were
single agency-involved, and about 7.5% (Nshootings=143) involved multiple agencies whose
officers discharged firearms.
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Which agency was primarily involved should be defined for multiple agencies involved in
shootings. When multiple agencies’ officers fired firearms, “primary” agency was generally
defined as the agency with the most officers shooting or most shots fired. When the number of
officers shooting and shots fired was unknown, the “primary” one would be determined if at least
one of the following criteria was met: (1) That agency instigated the encounter and/or led the
investigation/arrest prior to the shooting, (2) the shooting occurred within that agency’s
jurisdiction, or (3) that agency’s officers were injured or killed during the shootout. Since the
autopsy information is usually unavailable on media reports, this study could not determine the
primary involvement based upon which shot(s) fired inflicted the encountered civilian’s fatal and
nonfatal gunshot wounds. Given the inconsistent media reporting about whether, and, if so, how
other agencies responded and assisted, this study did not further distinguish between single
agency and multiple agencies presenting at the scene. This study identified 1056 primary
agencies responsible for 1907 police shootings (mean = 1.8, range = 1-37). Nearly 75% of
primary agencies (nagency= 789) were only responsible for one police shooting (accounting for
41.4% of shootings) occurring in 2015.
The identified primary agencies were used to append their organizational characteristics
from three police agency data sources: the Campaign Zero’s Police Use of Force Policy Database
(hereafter referred to as the CZ’s Policy Database), the LEMAS Survey, and the FBI’s UCR. For
incidents involved multiple agencies but whether the primary ones did not appear in any of these
agency databases, this study used the information of the secondarily involved agencies for data
merging (Nshootings=21). Those incidents’ primary agencies mostly involved the US Marshals
Service which led multi-jurisdictional task forces consisting of local and state law enforcement
authorities. For example, Garland Tyree, a gang member in New York City who was shot and
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killed on August 14, 2015, during the serving of an arrest warrant for Tyree’s parole violation by
a Regional Fugitive Task Force of 4 US Marshals and 4 New York City Police Department
detectives. Despite open sources not specifying the agency of the task-force member who was
shooting, this study defined the US Marshals as the primary agency because of its leading role of
the fugitive task force. However, given that the LEMAS Survey does not include federal law
enforcement agencies, this study then used New York City Police Department for merging with
available agency data. This operationalization defined 1061 agencies for the subsequent data
mering.
This study linked defined agencies to their Law Enforcement Agency Roster (LEAR) ID
numbers and 7-digit Originating Agency Identifier (ORI) codes that were respectively obtained
from the Bureau of Justice Statistics’ 2016 LEAR database and the 2012 Law Enforcement
Agency Identifiers Crosswalk (LEAIC) database to each agency. The LEAR and LEAIC
databases, respectively, serve as the primary universe lists for BJS’s LEMAS surveys12 and
FBI’s UCR. Using these unique identifiers facilitated the merging with various agency data
sources in which agency names were often unstandardized. The agency samples formed for
testing hypotheses related to force policy and other organizational characteristics varied, due to
different law enforcement agencies contained in those data sources and the quality (e.g., missing
inputs and potential outliers) of variables constructed.
6.2.1.2 Merging with the Campaign Zero’s Police Use of Force Policy Database
Since the summer of 2015, the CZ started to request use of force policies maintained by
the 100 largest US cities’ police departments under the state Freedom of Information Laws and

12

Since 2016, the LEAR substitutes the Census of State and Local Law Enforcement Agencies, serving as the law enforcement
agency universe for the LEMAS.
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Acts. In September 2016,the CZ released the first-version Policy Database consisted of 91
largest police departments’13 adoption of 8 specific use of force policy items as shown in Figure
6 (see McKesson et al., 2016). The CZ recently updated its database to reflect whether agencies
have adopted more restrictive policies since June 2020 (see Figure 7). Compared to the LEMAS
Survey’s items measuring the adoptions of policies and procedures on documenting, reporting,
and investigating use of force incidents, the Policy Database captures more nuanced
implementations of force policies restricting how and when different types of force should be
used against civilians.
Appending 8 force policy variables from the 2016 version of the Policy Database to the
sample incidents, this study generated a subsample used for testing the hypothesis that non-fatal
shooting may be more likely to occur when the officer shooting is from departments adopting
more restrictive force polices. The subsample consisted of 526 incidents (only about 27.6% of
the full sample) involving 8414 largest local police departments which provided the CZ their
force policies by July 2016.

13

Six departments (Birmingham, Chesapeake, Hialeah, Jersey City, Long Beach, and Memphis police departments) did not
released their force policies to the Campaign Zero by July 2016, and anther 3 departments (Colorado Springs, El Paso and
Sacramento police departments) were not included because the force policy documents offered were heavily redacted, see
http://useofforceproject.org/#review (accessed December 11, 2021).
14
Among the US 100 largest city police departments, no shootings were identified for 7 departments (Buffalo, Chula Vista,
Irvine, Lexington, Plano, Raleigh, Rochester police departments) offering force policies, another 7 (Birmingham, Chesapeake,
Colorado Springs, El Paso, Long Beach, Memphis, and Sacramento police departments) involved shootings in 2015 but their
force policies were not available due to either no submission as of July 2016 or their heavily redacted forms, and 2 (Hialeah and
Jersey City police departments) neither involved shootings nor released their policies.
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……(omitted)

(Source: McKesson et al., 2016)
Figure 6: A snapshot of the database on force policy items implemented by the US 100 largest city police
departments as of July 2016.
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……(omitted)
(Source: http://useofforceproject.org/#review, retrieved July 9, 2021)
Figure 7: A snapshot of the updated database on force policy items implemented by the US 100 largest city police
departments as of June 2020.

6.2.1.3 Merging with the Law Enforcement Management and Administrative Statistics Surveys
The Law Enforcement Management and Administrative Statistics (LEMAS) survey has
been conducted every 3 or 4 years since 1987, it collects data from a national representative
sample of over 3,000 general-purpose state, county, and local law enforcement agencies. The
LEMAS aims to capture all agencies employing 100 or more full-time equivalent15 sworn
personnel and smaller agencies it separately selected through stratified sampling based on the
number of sworn personnel and agency type. However, agency samples formed across LEMAS

15

The LEMAS survey counts part-time officers as 0.5 full-time equivalents.
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survey waves were different due to sampling processes based on different agency rosters,
changes in number of sworn officers employed within agencies over time, and rates of
responding to the survey. In addition, questionnaire items regarding force policies and
procedures were not operationalized and measured in the same manner across different waves.
In light of inconsistent agency samples and questionnaire items contained in different
survey waves, this study formed two subsamples of shootings by:
(1) Appending agency data from the latest available LEMAS survey conducted in 2016,
the survey year closest to the year 2015 of police shooting incidents occurring. The
first LEMAS subsample (hereafter as the 2016 LEMAS subsample) captured about
65% of incident sample (Nshootings=1,234) involving 501 agencies.
(2) Using the 2013 data to supplement the data of agencies that did not appear in 2016 but
were in the 2013 LEMAS survey. The second LEMAS subsample (hereafter as the
2013-2016 LEMAS subsample) consisted of 640 agencies, 501 captured in the 2016
LEMAS data and additional 137 agencies (additionally responsible for 197 shooting
incidents).
Although using the 2013 data to supplement the data not available in 2016 increased the
sample sizes to about three quarters of incident sample (Nshootings =1,431), a limited number of
force-related variables with the same measures in both survey waves could be used for
examining the relationship between the fatality of police shooting and force policy. In contrast,
the analysis using the 2016 LEMAS subsample included additional items capturing written
policies and procedures on officers’ uses of both lethal and non-lethal force and force incident
reporting and external investigation, as well as other policies and initiatives, such as those
centered on body worn cameras(Lum et al., 2019, 2020; Miller & Chillar, 2021), dealing with
mentally ill persons (Saleh et al., 2018), and community policing strategies (Koslicki et al., 2021;
Shjarback & White, 2016; Smith & Holmes, 2014) that have been frequently correlated with use
of force incidents.
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6.2.1.4 Merging with the FBI’s Uniform Crime Reporting Program Data
Unlike the LEMAS surveys directly capturing organizational characteristics, policies, and
practices, the FBI’s Uniform Crime Reporting Program (UCR) focuses on collecting data on
offenses known to police, arrests made for various crimes, as well as killings and assaults against
sworn personnel. In the subsequent statistical analysis, this study controlled for these crimerelated features since these broader social contexts facing agencies and individual officers impact
their performance (Smith, 2004) and indicate different policing styles (Fridel et al., 2019; Kubrin
et al., 2010).
The following agency-level characteristics were derived from three Jacob Kaplan’s
concatenated UCR data files (Kaplan, 2021a, 2021b, 2021c) archived at the Inter-University
Consortium on Political and Social Research (ICPSR) of the University of Michigan:
(1) The annual number of arrests for violent crime (including murders and non-negligent
manslaughters, rapes, robberies, and aggravated assault) was extracted from the
Offenses Known and Clearances by Arrest file (hereafter referred to as the offense
file);
(2) The monthly number of disorderly conduct and driving under the influence (DUI)
arrests was obtained from the Arrests by Age, Sex, and Race file (hereafter referred to
as the arrest file). This was constructed as a proxy of proactive policing (Fridel et al.,
2019; Kubrin et al., 2010; Sampson & Cohen, 1988);
(3) The number of full-time sworn officers employed, the jurisdiction’s serving
population, and the number of officers killed or assaulted were retrieved from the Law
Enforcement Officers Killed and Assaulted (LEOKA) file. Both the LEMAS surveys
and the LEOKA file documented information on the number of officers employed and
the serving population16, this study chose to utilize the staffing data from the LEOKA

16

The population variable in the LEMAS surveys is measured as the Census Bureau population estimate for the jurisdiction of
one agency. However, it is unclear how the LEMAS calculates the serving populations for multi-jurisdictional agencies,
particularly for county sheriff’s offices and state police. This study observed that the 2016 LEMAS survey reported population
estimates for state agencies which were not available in the LEOKA, and the LEMAS population estimates generally were larger
than the average 5-year population numbers calculated in the LEOKA. The discrepancies become much larger for county
sheriff’s offices than those for local police agencies. This study suspected that in the LEOKA, the population served by sheriff’s
offices is computed by subtracting the municipal population served by all local police with the same county from the census
population estimate of that county, whereas the LEMAS directly used the census estimate of that county that sheriff’s office
primarily served for. Further examination of how the two data sources calculate the population served by different types of law
enforcement agencies is warranted.
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file which captured larger sizes of study agency sample and more data collections
points, compared to the LEMAS surveys.
Unlike the LEMAS sample that was randomly selected, the sample from the FBI’s annual
Uniform Crime Reporting (UCR) Program has been formed and accumulated through agencies’
voluntary participations since 1930, therefore involving a more comprehensive sample of
agencies at the federal, state, county, city, and tribal levels. Most agencies defined in this study—
1,035 agencies responsible for about 98% (Nshootings=1,872) of shooting incidents — appeared in
the UCR. However, not all agencies consistently reported their data throughout the time period
of 2013 to 2017, even though some reported in other years. This study further investigated the
agencies’ non-reporting for their data on offenses, arrests, and officers killed and assaulted, as
detailed in Appendix C. The UCR reporting patterns determined the size and feature of agencies
which would be able to be appended with the study shooting sample.
6.2.1.5 Summary
This study identified 1,061 agencies responsible for 1,907 police shootings. Most (63%)
were local city and town police departments, followed by sheriff’s offices (29%). After merging
with three different agency-related datasets, this study formed four agency samples for testing
the impacts of various organizational factors on shooting fatalities: (1) Implementation of 8 use
of force policies by 84 largest local agencies in the CZ dataset, only accounted for 525 shootings;
(2) Written force-related policies and procedures by 501 agencies (Nshootings=1,234) in the 2016
LEMAS survey and 638 agencies (Nshootings=1,431) using the 2013 and 2016 LEMAS waves. (3)
Data on offenses, arrests, and killings and attacks against officers across 1,035 agencies
participating in the UCR program, were responsible for 1,872 shootings. Merging with the UCR
dataset resulted in the smallest sample attribution (less than 2%), displaying similar proportions
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of agency types to those in study sample; more than 60% involved local agencies and one third
involved sheriff’s offices.
Merging with the available nationwide agency datasets appeared to form nationally
unrepresentative agency samples. Compared to the LEMAS survey focusing on general purpose
state and local law enforcement agencies (over 3,000), the UCR program could be considered the
authoritative source of national representative information on law enforcement agencies of all
types and crime in their jurisdictions. But the proportions of agency types in the study sample
(Nagencies=1,061) and the subsample merged with the UCR were unmatched with those features of
the UCR data (See Table 10). Although the proportion of local agencies was similar to that in
the UCR-LEOKA without accounting for missing agency types, sheriff’s offices accounted for
about 15% more in the UCR merged sample.
As discussed in Appendix C, most agencies serving federal, state, and special jurisdictions
could be excluded from analysis given their zero-population characteristics. The UCR-merged
sample could be under-representative of agencies in smaller cities and rural counties where nonreporting was more frequently observed. When analysis involved arrest data, the agency samples
would not include Illinois and Florida agencies that most rarely reported their arrest data from
2013 to 2017. In addition, as shown in Table 10, the proportions of sheriff’s offices (28%) and
state agencies (> 5%) in the both LEMAS subsamples accounted for more than their shares in the
original LEMAS survey sample (sheriff’s office: 22%, state agencies: < 2%).
Sections 6.3 and 6.4 further discuss the measurement and analytical strategies
accommodating the unmatched samples and variables across these three agency datasets.

Table 10: Comparisons in the sizes of agency sample merged with three different agency-level datasets, by agency type.
The Campaign Zero’s Police The BJS’s Law Enforcement Management and Administrative
Total agency
Statistics (LEMAS) Surveys
Dataset
Use of Force Policy
sample
Database
2016
2013-2016
Sample size
Sample size
Included
Sample size
Included
Sample size
Included
Agency sample
1,061
91
84
2,784
501
4,604
638
Agency types
N(Column %)
Local
668(63.0%)
91(100.0%) 84(100.0%)
2,135(76.7%)
324(64.8%)
3,502(76.1%) 418(65.5%)
Sheriff
307(28.9%)
0(0.0%)
0(0.0%)
600(21.6%)
140 (27.9%) 1,050(22.8%) 183(28.7%)
State
38(3.6%)
0(0.0%)
0(0.0%)
49(1.8%)
37(7.4%)
52(1.1%)
37(5.8%)
Special
38(3.6%)
0(0.0%)
0(0.0%)
0(0.0%)
0(0.0%)
0(0.0%)
0(0.0%)
Constable/Marshal
1(0.1%)
0(0.0%)
0(0.0%)
0(0.0%)
0(0.0%)
0(0.0%)
0(0.0%)
Federal
9(0.9%)
0(0.0%)
0(0.0%)
0(0.0%)
0(0.0%)
0(0.0%)
0(0.0%)
Missing
0(0.0%)
0(0.0%)
0(0.0%)
0(0.0%)
0(0.0%)
0(0.0%)
0(0.0%)

The FBI’s Annual Uniform
Crime Reporting (UCR)
Program-LEOKA
Sample size
Included
24,393
1,035
14,160(58.1%)
3,063(12.6%)
1,759(7.2%)
3,345(13.7%)
61(0.3%)
7(0.0%)
1,998(8.2%)

666(64.4%)
307(29.7%)
36(3.5%)
25(2.4%)
0(0.0%)
1(0.1%)
0(0.0%)
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6.2.2 Identifying Geographic Entities
This study utilized incident addresses in string format described in open-source materials
for geocoding and generating geographic entities of shooting incidents: geo-coordinates and ZIP
codes (see Appendix D). Geographical coordinates were used for calculating the travel distance
to the nearest trauma center, and 5-digit USPS ZIP Codes were linked with caution to the censusdesigned 5-digit ZIP Code tabulation areas (ZCTAs) at which demographic and socioeconomic
data from the American Community Survey (ACS) and the crime risk index constructed by
Applied Geographic Solutions (2021) were merged. Other geographic entities including censusdefined places (incorporated and census designated place), counties, and states were also used
for merging data from the ACS to reveal higher levels of demographic and socioeconomic
characteristics that could distinguish FNFPS.
6.2.2.1 Preprocessing
Police-civilian encounters resulting in firearm discharges by police are not always static.
Where encounters were initiated could be different from where officers fired shots, particularly
involving some dynamic circumstances, such as foot pursuits, motor vehicle pursuits, and
manhunts that involved multiple jurisdictions. To address the dynamic feature of police
shootings, this study defined the incident location as the place where officers fired the first shot
at civilians. Where the encounter was initiated was the alternative when the actual location of
police shooting was not mentioned in identified open sources.
This study geocoded incident locations using the Google Maps Application Programming
Interface (API)’s geocoding service (Google Developers, 2021) within the geocode function of
the “ggmap” package (Kahle & Wickham, 2013) in R Studio program (Version 1.4.1106). The
Google Geocoding API allows the batch processing of addresses, returning results as (1)
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geographic coordinates (longitude and latitude), (2) geocoding types (rooftop, range interpolated,
geometric center, and approximate), (3) place types of the returned addresses (e.g., premise,
street address, intersection, route, locality), (4) formatted addresses, and (5) geocode status
indicating whether errors occur.
The four types of geocoding techniques can be ranked in descending order of geocoding
precision: (1) rooftop returns a precise point of street address, (2) range interpolated returns an
approximation that is interpolated between two precises points like intersections, (3) geometric
center is for a polyline (e.g., street) or polygon (e.g., region), and (4) approximate provides an
approximated point. Place types are often used to reflect a descending degree of geocoding
accuracy (Burns et al., 2014; Davis & Alencar, 2011; Singh, 2017): premises (subpremises,
establishment) > street address > intersection > route > locality (city/town/village). Formatted
addresses are standardized, containing additional components such as street directions (e.g., NW,
SE, NE, SW) and 5-digit ZIP Codes when original addresses are specific enough about locations.
The Google Maps Geocoding API tends to always return a geocode for a certain input with
geocoding status “OK”, regardless of geocoding precision and accuracy (Burns et al., 2014).
This study further examined the quality of these geocodes by controlling for the
consistency between the original address and the returned address. A geocode can be perceived
as accurate and consistent when two features are satisfied: (1) Any available components —the
number, name, and type of street, place, and state — of the original address match those of the
returned address. The appearance of additional street directions and ZIP Codes on a returned
address is not considered as a mismatch. (2) The geocoding type performed, and the returned
address’s place type should be consistent with the specificity of the original address. Generally,

94
more precise geocoding techniques are more likely to be performed for more specified addresses,
returning higher accuracy levels of place types.
Appendix D illustrates the steps taken to evaluate and improve the geocoding quality. In
general, after preliminary geocoding, this study rechecked and edited about 21% (Nshootings=397)
of shootings’ original addresses which were inconsistent with their formatted addresses returned.
These inconsistencies were mainly manifested in the components of street address, place, and
ZIP code. After manually correcting these inconsistencies, the re-geocoding was successfully
performed for all edited addresses without errors, returning geo-coordinates with improved
consistency.
The full sample of 1907 police shootings were nested within 735 counties, 50 states and
the federal district, 9 divisions, and 4 regions. Not every formatted address, however, contained
smaller geographical entities (i.e., ZIP Codes and census-defined places) given the varying
degree of location specificities as discussed above. The study identified 1666 unique ZIP Codes
in which 1900 shootings occurred. Seven shootings with city- or county-only locations were not
able to generate unique ZIP Codes. In addition, about 98% of shootings were specified within the
boundaries of census-defined places, including incorporated places (cities, towns, boroughs, and
villages, Nshootings=1,700) and census designated places (CDP, Nshootings=134), while another 2%
(Nshootings=40) of shootings were located in county subdivisions (towns or townships). Among 33
shootings without any census-defined places retrieved, 29 occurred in unincorporated areas and
another 4 were only able to be located within county boundaries.
6.2.2.2 Merging with the US Census Bureau’s American Community Survey
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Using geographical entities’ Federal Information Processing Standards codes17, this study
merged incident-level data with demographic and socioeconomic data from the ACS 2013-2017
5-year estimates at the county, place and ZCTA levels. All shootings were merged with the ACS
at the county level and 73 shootings were not merged at place level.
More caution is warranted when linking USPS ZIP Codes with census-defined ZCTAs
given their spatiotemporal mismatches (Grubesic & Matisziw, 2006; Krieger et al., 2002). Unlike
counties and places as areal units with relatively stable geographical boundaries, ZIP Codes are a
collection of delivery points, street segments, and address ranges, designated and updated
regularly for efficient mail delivery. In contrast, census ZCTAs are “generalized areal
representations of USPS ZIP Code service areas” which are created by assigning the most
frequently occurring ZIP Code within a census block to that block and aggregating blocks by the
same ZIP Codes to create a larger area of ZCTA18. Therefore, one ZCTA code only represents
the majority of addresses in an area in which different ZIP Codes can exist, and those ZIP Codes
representing delivery points, less frequently occurring addresses, or large unpopulated areas may
not appear in the ZCTA universe (Krieger et al., 2002).
Except for 7 shootings without ZIP Codes identified, only 6 shootings with ZIP Codes
identified were not matched on the first attempt of ACS data merging. They included two
“unique” ZIP Codes that specifically served for facilities with high-volume mailing services but
geographically nested with or encompassed by large areas19, one was disused20, and the rest three
as large unpopulated areas did not appear were not merged21. The first three ZIP Codes were

17

See https://www.census.gov/library/reference/code-lists/ansi.html#par_statelist_1 (accessed December 6, 2021)
See https://www.census.gov/programs-surveys/geography/guidance/geo-areas/zctas.html (accessed December 6, 2021)
19
ZIP Code 27599 for University of North Carolina at Chapel Hill nested in the boundary of 27514 and 99258 for Gonzaga
University encompassed by the boundary of 99202.
20
ZIP Code 97078 was changed to 97007 in July, 2014.
21
ZIP Code 24739 is a large unpopulated rural area, and 63145 and 75261 were PO Boxes serving for large business
establishments: St. Louis Lambert International Airport and DFW International Airport, respectively.
18
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replaced by their current valid ZCTA codes used for remerging. The remaining three shootings
(ZCTAs: 75261, 63145, 24739) and seven without ZIP Codes will be omitted from analysis
when incorporating ZCTA-level covariates.
6.2.2.3 Merging with Applied Geographic Solutions’ Crime Risk Indices
Applied Geographic Solutions (2020, 2021) applies predictive modelling to generate a set
of crime risk indices estimating relative crime rates over a fixed time period for small-scale
geographic entities: zip code areas, census tracts, and block groups. The prediction is based on a
combination of crime data from the FBI’s UCR and local police agencies of New York City,
Chicago, Boston, Philadelphia, Baltimore, Seattle, Austin, and Mesa, and demographic and
socioeconomic data from the Census. Crime risk indices are normalized with index 100 as the
national average. This study utilized the AGS’s ZIP Code-level crime risk indices generated
using the data for 2013-2019 for merging.
Although all shootings with valid ZIP Codes (Nshootings=1,900) were merged, crime indices
for 4 merged incidents were “zeros” as AGS did not compute crime indices for those ZIP Codes
serving unpopulated areas or delivery points (Gary Menger, personal communication, April 13,
2021). In addition, ZIP Codes severing unpopulated areas or delivery points defined by AGS
appeared to be slightly inconsistent with those captured by the Census ZCTAs: Two ZIP Codes
(24739 and 75261) were defined as populated areas by AGS but did not appear in the Census
ZCTAs, whereas 3 ZIP Codes (47853, 55111, 90506) appeared in the Census ZCTAs but with
zero crime indices by AGS. The ZIP Code 63145 that defined for one incident (Case 03246)
occurred in St. Louis Lambert International Airport that is served by a PO Box, it is not included
in either AGS or ACS.
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Thus, the subsequent analysis involving ZCTA-level factors (violent crime risk and
concentrated disadvantage) was performed a sample of 1894 shootings nested within 1660
ZCTAs, excluding 7 cases without ZIP Codes generated and 4 cases with ZIP Codes serving for
nonresidential areas defined by either the Census ZCTAs or the AGS.
6.2.2.4 Summary
According to incident addresses described in media reports, this study identified larger
census geographical entities—4 regions, 9 divisions, 50 states and the federal district, and 735
counties—for all 1,907 police shootings. Given that ZIP Codes and census-defined places were
not able to be generated for a few incidents given the insufficient address information, this study
identified 1,900 shootings nested in 1,666 ZCTAs and 1,874 nested in 985 places. This study
was able to merge most shootings within the Census’ ACS and the AGS crime risk indices.
The lack of location specificity (at least for about 13% shootings with route or locality
addresses) precluded this study from accurately generating more proximal areal units like census
tracts capturing more nuanced neighborhood characteristics. Therefore, this study operationally
defined ZCTA as neighborhood of which its characteristics might differentiate the likelihood of
being shot and killed. Section 6.4.2 further justified whether ZCTA, places, or counties where
police shootings were nested could be an appropriate contextual (level-2) unit of analysis for
detecting a group-level effect, upon the statistical significance of interclass correlation
coefficients (ICC) and median odds ratio (MOR) in unconditional/null models.
6.3 Measurement
6.3.1 Outcome
The unit of analysis is the police shooting incident. The outcome of FNFPS is a
dichotomous measure capturing two mutually exclusive consequences of officer’s firearm
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discharges. Fatal police shooting is coded as a value of 1 (Nshootings=928), indicating at least one
encountered civilian was shot and killed by at least one law enforcement officer, and non-fatal as
a value of 0 (Nshootings=979) including incidents resulting in either the encountered civilian(s)
sustaining non-fatal gunshot wounds inflicted by police (Nshootings=709) or shot at but not hit by
police (Nshootings=246), and few for which civilian injuries were uncertain (Nshootings=24). The
dichotomous measure (fatal vs non-fatal) was used for testing dangerousness-related hypotheses,
whereas the testing of life-saving hypothesis was restricted to the sample including fatal
incidents and non-fatal incidents resulting in civilian injuries (fatal vs injurious).
6.3.2 Incident-Level Predictors
6.3.2.1 Imminent Threat
Officers’ perception of dangerousness is primarily situationally determined, by weapon
status, civilian’s action, and the combinations of the two (Fyfe, 2002; Nix et al., 2017; White,
2002). This study examines two measures of imminent threat perceived by police:
Weapon type. The type of weapon armed is a common measure of the threat posed by the
encounter civilian. This study generates the variable of weapon type by collapsing the
reconfigured dummy variables (see Table 31 in Appendix B) into four categories: “unarmed”
(unarmed, physical attack, fleeing, and furtive movement), “knife/blunt object” (attacking with a
knife/blunt object and holding a knife/blunt object), “vehicle” (vehicle ramming), and “firearm”
(firearm status, firing a gun, pointing a gun, and holding a gun). For incidents involving multiple
weapons used by civilians, this variable will be coded into the category of the more deadly
weapon (from most to least deadly: firearm, vehicle, knife/blunt object, and unarmed). This
common measure only captures in aggregate whether the encountered civilian is armed, and if
so, which type of weapon they are armed with during the whole stages of shooting incidents.

99
Threat level. Another variable is threat level, combining weapon status and civilian’s
action to measure the imminent threat prompting officers’ firearm discharges. It includes the
categories of “fleeing,” “furtive movement,” “physical attack,” “use of knife/blunt object,”
“point/holding a gun,” “vehicle ramming,” and “firing a gun.” When one incident involves
multiple threatening situations (e.g., involving the sequential acts of vehicle ramming,
point/holding a gun at officers, and exchanging gunfire with police at multiple locations), this
measure only captures the situation triggering officers’ firearm discharge. This measure is a
revised measure of threat level developed by the by the Washington Post’s research team.
According to the ICR assessment results in Section 6.1.4.1.2, the coding team failed to reach a
substantial ICR for the original measure of threat level, largely due to the poorly articulated
category of “posing other threats.”
This study treated these two measures of imminent threat variable as multinomial rather
than ordinal or continuous because there is no evidence for justifying which circumstances were
perceived by police as more dangerous than another, particularly for those without a firearm
discharge by civilians. Arguably, physical confrontations with unarmed civilians could be
perceived as dangerous as encounters with civilians using knives or blunt objects. This study
defined the categories of firing a gun and firearm as the reference groups for threat level and
weapon type, respectively. The result indicates the odds of firing a gun or armed with firearm
contributing to a fatal outcome relative to other threatening situations or weapon types.
The crosstab of the two measures (see Table 11) demonstrated that only using the weapon
type variable was subject to measurement error without further distinguishing how the armed
weapon being used. It appeared that different combined instances (e.g., threat level was coded as
vehicle ramming, and weapon type as firearm) were relatively less frequent compared to those
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being coded as the matched instances (e.g., threat level was coded as either point/holding a gun
or firing a gun, and weapon type as firearm). However, this at least illustrated that weapon status
or weapon type might not directly explain why officers discharged their firearm: Officers could
discharge their weapons when they believed one civilian was armed or reaching for a weapon
given some actions or movements (e.g., fleeing and furtive movement) but no weapon was
eventually recovered at the scene. Officers could fear for life and shoot during physical
confrontations with unarmed civilians (e.g., disarm officers’ weapons). Thus, an unarmed
civilian could pose an imminent threat through fleeing, furtive movement, and physical attack.
Table 11: The cross-tabulation of the variables of threat level and weapon type and examples of the selected combinations.
Weapon type (Number/Cell %)
Knife/Blunt
Unarmed
Vehicle
Firearm
Unknown
Margin
Object
Threat level
Fleeing
41(2.2%)
2(0.1%)
0(0.0%)
19(1.0%)
3(0.2%)
65(3.4%)
Furtive movement
40(2.1%)
0(0.0%)
1(0.1%)
27(1.4%)
5(0.3%)
73(3.8%)
Physical attack
66(3.5%)
0(0.0%)
0(0.0%)
8(0.4%)
2(0.1%)
76(4.0%)
Use of knife/blunt object
1(0.1%)
295(15.5%)
0(0.0%)
2(0.1%)
0(0.0%)
298(15.6%)
Point/holding a gun
0(0.0%)
2(0.1%)
0(0.0%)
621(32.6%)
0(0.0%)
623(32.7%)
Ramming a vehicle
0(0.0%)
0(0.0%)
258(13.5%)
19(1.0%)
0(0.0%)
277(14.5%)
Firing a gun
0(0.0%)
0(0.0%)
0(0.0%)
471(24.7%)
0(0.0%)
471(24.7%)
Unknown
9(0.5%)
0(0.0%)
0(0.0%)
5(0.3%)
10(0.5%)
24(1.3%)
Margin
157(8.2%)
299(15.7%) 259(13.6%) 1,172(61.5%) 20(1.1%) 1,907(100.0%)
Weapon type × Threat level
Examples of the selected combinations (cell frequency ³ 5)
•
Officers could shoot at one civilian fleeing by foot or vehicle without facing any risk
Unarmed × Fleeing
of being run over.
•
Officers could shoot at one civilian when believing that civilian was armed given
Unarmed × Furtive movement
some furtive movement (e.g., suddenly reaching for something), but no weapon was
recovered at the scene.
•
Officers could discharge their weapons during a physical confrontation with one
Unarmed × Physical attack
unarmed civilian.
•
Media reports described that one civilian was unarmed and shot by police but without
Unarmed × Unknown
stating why officers discharged their weapons.
•
Officers could shoot at one civilian fleeing by foot or vehicle with information on
Firearm × Fleeing
that civilian possessed a firearm.
•
Officers could shoot at one civilian when believing that civilian was armed given
Firearm × Furtive movement
some furtive movement (e.g., suddenly reaching into a pocket to reach a weapon),
and a firearm was recovered at the scene.
•
Officers could discharge their weapons during a physical confrontation with one
Firearm × Physical attack
civilian possess/armed with a firearm.
•
Officers could shoot at one civilian ramming a vehicle and with information on that
Firearm × Vehicle ramming
civilian possessed a firearm.
•
Media reports described that officers shot at one civilian armed with a firearm
Firearm × Unknown
without stating why officers discharged their weapons.
•
Media reports described that officers shot at one civilian given some furtive
Unknown × Furtive movement
movement (e.g., suddenly reaching for something), without stating if any weapon
was recovered at scene.
Note: The two measures were significantly associated with one another (p < 0.001, Cramér's V = 0.83).
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In addition, officers could shoot at civilians who were armed with or possessed a firearm
but without using it due to other threatening situations (being rammed by vehicle). For a few
incidents, either one or both of weapon type and threat level were unknown in media reports.
Since the two measures of imminent threat primarily relied on media reporting, they did not
directly capture officers’ true perceptions of threat or danger. This study examines the
explanatory roles of the two measures of imminent threat in separate models for predicting the
fatality outcome, given the strong association between the measures (p < 0.001, Cramér's V =
0.83).
6.3.2.2 Civilian Race
In police-civilian encounters, civilian race may function as a proxy of dangerousness (Gau
& Jordan, 2015), as well as may serve as a trigger for threat perception failures.(Fachner &
Carter, 2015) This study measures civilian race (civilian nonwhites) reported in open-source
materials as dichotomous (0 = white, 1 =non-white). For incidents involving multiple civilians
(Nshootings=251), civilian race was coded as non-white when at least one civilian was non-white
regardless of whether they were primarily or secondarily involved (see Section 6.1.2.3.2).
When the primary civilian’s race was not reported, the available race information for the
secondary civilian was used for reducing the missingness. This study also observed that for some
shootings only civilian names or photos were being reported without their races. The coding
team “guessed” a very small number of civilian races by their family names that were typical for
certain races (e.g., Rodriguez is one popular Spanish name). Despite these operationalizations,
civilian race was one of variables with most missing data in this study (14% missingness).
6.3.2.3 Timely Trauma Care Access

102
This study operationalized the drive distance/time from an injurious shooting to its nearest
Level I or Level II trauma center as proxies for timely trauma care access. Level I and II trauma
centers provide 24-hour medical care for all injured patients and the accesses with these trauma
centers had been associated with a reduced risk of mortality from gunshot wounds (Crandall et
al., 2013; Hatten & Wolff, 2020; Hsia & Shen, 2011; Jacoby et al., 2018; MacKenzie et al.,
2003). As discussed in Section 6.2.2.1, this study applied the Google Maps API geocoding
service (Google Developers, 2021) to generate geo-coordinates for all incidents. The geocoding
accuracy varied depending upon the degree of specificity in incident addresses. The same geocoding process was applied to generate geo-coordinates of all Level I and II trauma centers in the
US. The information on trauma centers (e.g., street address, ZIP Code, state-designated level,
and beds) were obtained from the American Trauma Society’s Trauma Information Exchange
Program (ATS-TIEP)’s web-based “Find Your Local Trauma Center” resource (FYLTC)22 as of
2020. Of 2,124 trauma centers, Level I and II trauma centers (N=579) accounted for 27.3%.
Geocoding the complete addresses (street number, name, and type, city, and state) of all trauma
centers had higher accuracy: Rooftop, the most precise geocoding type, was performed for most
trauma center addresses (84.3%), followed by geometric center (12.6%) and few (3.1%) were
range interpolated.
After geocoding the addresses of injurious shootings and trauma centers, this study applied
the Google Maps Distance Matrix API within the “gmapsdistance” package (Melo et al., 2017)
in the R Studio program (Version 1.4.1106) to estimate the driving distance(s) and time(s) from
each shooting to its all-available Level I and II trauma centers within in the same states. Given
the cross-state variations in the number of trauma centers (see Figure 8), the number of driving

22

see http://www.amtrauma.org/?page=FindTraumaCenter
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routes to Level I and II trauma centers within states considerably varied, with a range of 1 to 58
routes to different trauma centers. No driving routes were generated for 5 incidents that occurred
in Hawaii islands without Level I and II trauma centers.

50
40
30
20
10
0
IL
CA
MI
NY
TX
FL
PA
OH
MO
CO
GA
AZ
VA
WI
CT
NJ
IN
MA
MN
NC
WA
IA
SC
AL
MD
OR
TN
UT
ND
AR
KS
LA
MS
NE
WV
ID
NH
DC
KY
ME
MT
NV
OK
SD
WY
AK
NM
DE
HI
RI
VT

Number of trauma centers

60

Level I

Level II

Figure 8: The number of Level I/II trauma centers across 50 states and the federal district

For each incident, the shortest drive time (in minutes) is used for measuring timely access
to trauma care. This measure does not reflect the actual routes to where civilians were
transported to for medical treatment. For few incidents, media reports stated that civilians were
airlifted to hospital. Accesses to trauma centers could also be distinguished by how many centers
were located within the boundaries of certain amounts of drive time. Being aware of this
limitation, this study constructed a series of count variables on the number of Level I and II
trauma centers were located within the boundaries of 20, 40, 60, 80, 100, 120-minute drive time
from shooting locations. Drive time from 20 through 120 minutes with corresponded to an
increased difficulty in accessing trauma care services (Phibbs & Luft, 1995). Among them, time
of greater than the “golden 60 minutes” for trauma care (Lerner & Moscati, 2001) have been
associated with a significant increase in mortality rates.
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The continuous measure of drive time and the counts of trauma centers within different
intervals of drive time (20-120 mins) will be estimated separately for shootings resulting in either
fatal or injurious outcomes (drive time, N trauma centers [20-120]mins). Incidents with missed
shots are excluded from analysis on testing life-saving hypothesis.
6.3.3 ZCTA-Level Predictors
Police decisions to shoot appear to be contextualized within neighborhoods rather than
other broader geographic boundaries such as cities/counties. This study defines neighborhoods as
ZIP Code Tabulation Areas (ZCTAs) to examine whether violent crime risk and concentrated
disadvantage at the ZCTA level explain the odds of being shot and killed. The neighboring
ZCTAs are defined for constructing a spatially lagged version of these two variables to control
for the spatial influence of neighboring ZCTAs on focal ZCTAs.
6.3.3.1 Violent Crime Risk
The current official nationwide crime statistics were only available at large-scale (cities or
counties). This study utilized a commercially available dataset on crime risk indices at smaller
scales, generated by Applied Geographic Solutions (AGS, 2020, 2021)23. The currently available
version is the 2020 release in which AGS predicts the relative risk of seven major crime types
(murder, rape, robbery, assault, burglary, larceny, and motor vehicle theft) at the block group
level and larger geographical areas (e.g., census tracts and ZCTAs, see Applied Geographic
Solutions, 2020a). According to AGS CrimeRisk methodology files (AGS, 2020, 2021), the
prediction model was based on the past seven-year (2013-2019) crime data from the FBI’s UCR
program and few local police agencies consistently making their crime data publicly available
(from New York, Chicago, Boston, Philadelphia, Baltimore, Seattle, Austin and Mesa), along
23

See https://appliedgeographic.com (accessed December 4, 2021)
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with about 100 socioeconomic characteristics24 extracted from the Census’ ACS estimates. Each
index of the seven crime types was predicted separately and then weighted by population and
scaled to the national average with an index of 100: One index above 100 indicates the crime risk
is higher than the national average and otherwise.
Using the 2020 crime index data generously shared by the AGS president Gary Menger,
this study aimed to construct a factor of violent crime risk using four types of personal crime:
murder, robbery, assault, and rape, for three ZCTA samples: (1) All ZCTAs with valid computed
crime indices in AGS (Nzips= 32,721)25, (2) ZCTAs identified for all police shootings (Nzips=
1,896), and (3) ZCTAs identified for all police shootings and their neighboring ZCTAs (Nzips=
8,536).

24

AGS’s predictions on crime indices were not relied on the data related to race, ethnicity, ancestry, and language spoken at
home.
25
Of 40,868 ZIP Codes in AGS, crime risk indices are not computed for most ZIP codes in the types of “PO Box” and “Unique”
which served no residential population.
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Table 12: Oblique rotated factor loadings with principal component method for violent crime risk.
Merged with
Merged with focal and
Computed in AGS
focal ZCTAs
neighboring ZCTAs
(NZCTAs= 32,721)
(NZCTAs= 1,662)
(NZCTAs= 8,536)
Variable
Factor
UniqueFactor
Unique
Factor
Unique
loadings
ness
loadings
-ness
loadings
-ness
F1
F2
F1
F2
F1
F2
Murder
0.91
0.16
0.93
0.13
0.92
0.14
Robbery
0.87
0.24
0.92
0.14
0.91
0.18
Assault
0.87
0.25
0.93
0.16
0.90
0.18
Variance explained
2.35
2.56
2.49
Percentage
0.78
0.85
0.83
KMOa
0.72
0.76
0.75
Cronbach’s alpha
0.86
0.89
0.88
Murder
0.94 -0.05
0.15
0.91
0.18
0.89
0.21
Robbery
0.93 -0.14
0.18
0.88
0.22
0.87
0.24
Assault
0.71
0.42
0.15
0.93
0.13
0.92
0.15
Rape
-0.07 1.00
0.04
0.64
0.60
0.55
0.69
Variance explained
2.37
1.39
2.87
2.71
Percentage
0.59
0.35
0.72
0.68
KMO
0.65
0.78
0.73
Cronbach’s alpha
0.77
0.84
0.83
Notes:
a
Kaiser-Meyer-Olkin Measure of Sampling Adequacy (KMO) is measure of how suited the data is for factor
analysis, with a higher value indicating a better adequacy.
Abbreviations: AGS= Applied Geographic Solutions, Inc.’s CrimeRisk Indices; ZCTA=ZIP Code Tabulation
Area.

Table 12 compared the results from the factor analysis with principal component method
and oblique rotation using these three ZCTA samples. As suggested by the Kaiser-Meyer-Olkin
(KMO) measure of sampling adequacy (below 0.5 is not acceptable for factor analysis, see
Kaiser, 1974), factor analysis is adequate for each of these three ZCTA samples. Homicide,
robbery, and assault were strongly loaded on the same factor for these three ZCTA samples: All
loadings were above a satisfactory level (> 0.70, see Hair et al., 2013) and accounted for the
majority of the total variance of that factor. The primary difference across three ZCTA samples
was that the inclusion of rape, as shown in the lower panel, that generated two factors and rape
loaded exclusively on the second factor using all ZCTAs computed in AGS. This suggested that
rape appeared to represent another dimension of crime differing from the first factor when
estimating a factor of violent crime risk nationwide. This also explained rather low loading
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values of rape in another two samples. Thus, it was more appropriate to construct the factor
without rape, and use ZCTAs in the study sample of police shootings and their neighboring
ZCTAs.
A regression-weighted factor scale was generated across focal and neighboring ZCTAs
using homicide, robbery, and assault crime indices with a sufficient scale reliability (Cronbach’s
alpha 0.88). Compared to the AGS aggregate index values (total, personal, and property crime)
computed by treating each crime type equally, factor scores constructed in this study could
reflect the strength of association between each crime and the factor through its factor loading.
6.3.3.2 Concentrated Disadvantage
Research often uses various items derived from the Census data in terms of poverty,
unemployment, education attainment, household composition, and welfare assistance to define
concentrated disadvantage at different levels. Using the Census’s 2013-2017 ACS 5-Year
estimates, this study constructed a measure of concentrated disadvantage for three different
ZCTA samples by using principal component method based on 4 characteristics of ZCTAs: the
percentages of individuals below the poverty line, individuals in the civilian labor force that were
unemployed, female-headed households with one or more people under 18 years old, and
population with less than high school degree (25 years old or over). The factor analysis excluded
the percentages of African Americans, individuals younger than age 18, and population receiving
public assistance that have been commonly used or recommended for constructing concentrated
disadvantage (Akins, 2009; Massey & Denton, 1993; Sampson et al., 2008), due to the poorlyfitting model with these three additional variables.
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Table 13: Oblique rotated factor loadings with principal component method for concentrated disadvantage.
Merged with focal
Merged with
Computed in AGS
and neighboring
focal ZCTAs
(NZCTAs= 32,989)
ZCTAs
(NZCTAs= 1,695)
(NZCTAs= 8,473)
Variable
Factor
Factor
Factor
UniqueUniqueUniqueloadings
loadings
loadings
ness
ness
ness
F1
F1
F1
% Below poverty line
0.83
0.30
0.91
0.17
0.87
0.22
% Unemployment
0.64
0.59
0.80
0.35
0.70
0.51
% Female-headed Households with < 18 years old
0.71
0.50
0.87
0.25
0.78
0.39
% Less than high school
0.71
0.50
0.77
0.41
0.76
0.40
Variance explained
2.11
2.81
2.47
Percentage
0.53
0.70
0.61
KMOa
0.70
0.79
0.75
Cronbach’s alpha
0.67
0.81
0.75
Note:
a
Kaiser-Meyer-Olkin Measure of Sampling Adequacy (KMO) is measure of how suited the data is for factor analysis,
with a higher value indicating a better adequacy.
Abbreviations: AGS= Applied Geographic Solutions, Inc.’s CrimeRisk Indices; ZCTA=ZIP Code Tabulation Area.

As shown in Table 13, all four indicators loaded on one factor for all ZCTA samples and
had satisfactory loadings (>0.7) and internal reliability (Cronbach’s alpha >0.7) with acceptable
variance explained (70% for focal ZCTAs and 61% for focal and neighboring ZCTAs, see Hair
et al., 2013) in two study samples. This study will use a regression-weighted factor scale of
concentrated disadvantage for focal and neighboring ZCTAs in statistical modeling.
6.3.4 Organizational-Level Predictors
6.3.4.1 Force Policy Items
As described in earlier, items related to policies and procedures on use of force were
obtained from two data sources: The Campaign Zero’s web-based database on use of force
policies (CZ’s UoF)26 and the LEMAS surveys (2013 and 2016).
Since the summer of 2015, the CZ had started building its UoF dataset to track the US
100 largest police departments’ implements of the following eight force policy items:
(1) Requiring officers to de-escalate situations, when possible, before using force.
26

See http://useofforceproject.org/#review (accessed December 1, 2021).

109

(2) Use a force continuum or matrix that define/limit the types of force and/or weapons
that can be used to respond to specific types of resistance.
(3) Restrictions on chokeholds and strangleholds (including carotid restraints) to
situations where deadly force is authorized or prohibiting them together.
(4) Requiring officers to give a verbal warning, when possible, before using deadly force.
(5) Prohibiting officers from shooting at people in moving vehicles unless the person
poses a deadly threat by means other than the vehicle.
(6) Requiring officers to exhaust all other means before shooting.
(7) Requiring officers to intervene to stop another officer from using excessive force.
(8) Requiring comprehensive reporting that includes both use of force and threats of
force.
These force policy items have been identified as meaningful restrictions on police use of force,
especially deadly force-against civilians. Such binary-coded eight force policy items (1=Yes,
0=No) are incorporated into the modeling to examine the effect of individual force policy.
Another measure, restrictiveness of force policies, is constructed as an unweighted scale by
summing the number of force policy items implemented by a given department (0= none of eight
force policy items implemented, through the highest score of 8= all eight policy items
implemented). A higher value indicates more restrictive force policies implemented by a given
department and a low score the opposite.
After merging the incident-level data with the 2016 version of CZ’ UoF, this study formed
a subsample of 553 incidents (only about 29% of the full sample) involving 84 largest local
police departments which provided the CZ their force policies by July 201627.

27

Among the US 100 largest city police departments, no shootings were identified for 7 departments (Buffalo, Chula Vista,
Irvine, Lexington, Plano, Raleigh, Rochester police departments) offering force policies, another 7 (Birmingham, Chesapeake,
Colorado Springs, El Paso, Long Beach, Memphis, and Sacramento police departments) involved shootings in 2015 but their
force policies were not available due to either no submission as of July 2016 or their heavily redacted forms, and 2 (Hialeah and
Jersey City police departments) neither involved shootings nor released their policies.

110
This study formed two subsamples with different sample sizes and force-related items by
strategically merging with the 2013 and 2016 LEMAS surveys (see Section 6.2.1.3): The first
subsample merged with the 2016 LEMAS survey captured 501 agencies defined in this study
accounting for about 65% of shootings (Nshootings=1,234), and the second subsample was formed
by using the data available in 2013 as substitute for the data not in 2016, consisting of 640
agencies responsible for 1431 shooting incidents.
This study utilized 9 items on force-related policies or procedures into analysis:
(1) Whether less lethal weapons—blunt force projectile and CED (items 1-2)—were
authorized for use;
(2) Whether written documentation was required for displaying a CED and a firearm
(items 3-4);
(3) The adoption of a written policy on body-worn cameras (item 5);
(4) Whether an external investigation is required for four types of use of force
incidents (items 6-8: use of force resulting in a subject’s serious bodily injury, or
death, and discharge of a firearm at or in the direction of a person);
(5) Is there a civilian complaint review board or agency for viewing complaints
against officers (item 9).
Except for the first two items (0=not authorized, 1 = some sworn personnel, 2 =all sworn
personnel as the reference group), the rest items are measured dichotomously (0=No, 1= Yes).
Since only the first four items were included in both survey waves, separate analyses were
performed on the first sample using all 9 items, and on the second sample using the first 4 items.
This study did not include few force-related items (e.g., written documentation on discharge of a
CED and a firearm, written policy on use of deadly and less-lethal force) that were in both waves
but had very small variations between categories; most same agencies (>95%) had implemented
those.
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The requirement that officers file a comprehensive report when they only display but not
discharge has not only been associated with significantly lower rates of civilian deaths at the
hands of police officers, but it also has been related to higher rates of killings of police officers
(Jennings & Rubado, 2017). Jennings and Rubado (2017) explained that facing the
comprehensive reporting requirement on use or threats to use of force, officers may draw their
service firearms less frequently to avoid onerous paperwork, leading to reduced opportunities to
discharge firearm. In addition, the adoption of policies and procedures (e.g., use of body-worn
cameras, external investigation, civilian complaint review board, and separate investigation)
regulating police use of force may function as measures to enhance police accountability.
6.3.5 Controls
In order to maximize the likelihood of generating better estimates of the proposed effects
of dangerousness- and life-saving- related predictors on FNFPS, this study controls for additional
factors at the incident, zip code, and agency levels.
6.3.5.1 Incident-level controls
The selection of incident-level controls is not only to reduce the potential source of
spurious results, but also conditioned on the data quality as examined in Section 6.1.4.
Individual controls include civilian age group, gender, and mental illness signs. Like
civilian race, individual controls are aggregate measures for any encountered civilian(s). For
incidents involving multiple civilians, civilian age group reflects the average age for all
encountered civilians (1= Younger than 20, 2= Between 20-29 as the reference group, 3=
Between 30-39, 4= Between 40-49, 5= 50 or older). Gender is binary coded as a value of 1 when
all encountered civilian(s) are males. Mental illness signs is binary coded as a value of 1 when
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media reports described the primary civilian was suicidal, had a history of mental health issues,
and was experiencing mental distress at the time of the shooting.
Situational control includes binary measures of proactive initiation (=1) multiple civilians
(=1), multiple agencies (=1), BWC wearing (=1), and officer casualty (1=either killed or injured).
In addition, the level (Level I =1 vs II =0) of the nearest trauma center (level I nearest trauma
center) and the average number of beds (ave beds [20-120]mins) for trauma centers within the
corresponded drive time intervals would be utilized as controls. The limited information and
inconsistent reporting did not allow this study to examine the number of officers shooting and
the number of shots fired that directly predict the fatality outcome.
This study also controls for some environmental factors generally associated with changes
in routine activities: quarter in year (1=Q1, 2=Q2, 3=Q3 as the reference group, 4=Q4), weekend
(=1), nighttime (=1), and residential premises (=1, non-residential premises include street, road,
highway, and commercial settings =0).
6.3.5.2 Contextual-level controls
Deriving from the 2013-2017 ACS 5-Year estimates, this study included population
density, Gini index, and racial heterogeneity as contextual controls at the ZCTA level.
Population density, as an urban-rural indicator, is natural-log transformed, ln(population
density), to eliminate the possible outliers28. Gini index is a summary measure of income
inequality, ranging from 0 to 1, or from perfect equality to complete inequality.
This study constructed a measure racial heterogeneity using a Herfindahl Index (Gibbs
and Martin, 1962) as the following function of the proportion of each racial/ethnic group (nonHispanic white, non-Hispanic black, non-Hispanic other, and Hispanic):
28

The natural log transformation resulted in the missing values for two shootings with zero ZCTA-level population densities.
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Where G is the proportion of racial/ethnic group out of J groups. As subtracting from 1, a higher
value of this index indicates a more racially and ethnically heterogeneous ZCTA.
To account for the potential influence of neighboring ZCTAs on focal ZCTAs where
police shooting(s) were nested, this study generated a spatially lagged version of violent crime
risk29 and concentrated disadvantage along the following steps: (1) All neighboring ZCTAs
(Nzips=33,144) in the US territories were defined by computing a contiguous weight matrix on
the 2015 5-Digit ZIP Code Tabulation Area shapefile30, in which ZCTAs are considered
contiguous and assigned a value of 1 when they share a common boundary, otherwise a value of
zero is assigned. (2) Except for three ZCTAs (24739, 63145, 75261, 98070 neighboring ZCTAs
were identified for most focal ZCTAs (Nzips =1,663) for police shootings, with a range of 1 to 18
(mean = 6.4). (3) The spatial lagged version of violent crime risk and concentrated disadvantage
for each focal ZCTA was calculated by averaging factor score(s) over its neighboring ZCTA(s).
This process is in the same manner as using a row-standardized weight matrix.
Dummy variables of census region (Northeast, South, Midwest, and West) are included to
serve as catch-all controls for variations in socioeconomic and demographic characteristics at the
broader geographical level. More importantly, inclusion of regional dummy variables controls
for firearm availability varied greatly across regions (Nagin, 2020).

29

Lagged violent crime risk was excluded from the subsequent inferential analysis as it was highly correlated with violent crime
risk (Pearson’s r = 0.88, p<0.01).
30
See http://www2.census.gov/geo/tiger/GENZ2015/shp/cb_2015_us_zcta510_500k.zip (accessed December 9, 2021)
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6.3.5.3 Organizational-level controls
This study controls for additional agency-level characteristics, taken from the UCR data
(the LEOKA, the offense file, and the arrest file) and the LEMAS surveys.
Using the annual measures of employed officers and serving population from the LEOKA
(2013-2017), I calculated a share of police per 1000 population,
(

&'()*+ *-)+*.) /012)+ 34 4055'671) 893+/ 3447:)+8 × %<<<
&'()*+ *-)+*.) /012)+ 34 8)+-7/. =3=05*673/

), and then being transformed into natural log,

ln(police-population ratio), to omit the potential outliers. The numbers of officers killed and
assaulted (from the LEOKA), violent crime (murder, manslaughter, robbery, and aggravated
assault, from the offense file), and arrests for disorderly count & DUI (from the arrest file) were
reported monthly. To adjust for agencies’ inconsistent reporting, especially non-reporting, as
demonstrated previously in Section 6.1.5.1, this study first generated 12-month equivalents of
each monthly measure for the year with valid reporting (3-12 months), and then calculated a
yearly average value by dividing the sum of these equivalents by the number of years with valid
reporting, adjusting for unusual fluctuations in reporting over years. This process takes the
following form:

'># =

∑&
#'(

!"#$
%#$

@$
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, 3 ≤ *A# ≤ 12 and 1 ≤ ,# ≤ 5

where .>A# is the sum of a monthly data I of interest in a year t with valid reporting for agency j,
and *A# is the number of months reported by agency j in a year t with valid reporting (at least 3
months reported) from 2013-2017. The numerator sums up all 12-month equivalents and the
denominator ,# is the total number of years with valid reporting for agency j. These yearly
averages of adjusted monthly measures '># were utilized when creating the following controls:
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the rate of violent crime (violent crime rate) per 1000 population is measured relative to the
average number of serving population, and the rate of officers killed and assaulted (officers
killed/assaulted rate) and the rate of arrests for disorderly conduct and DUI were measured
relative to the average number of full-time sworn officers. The rate of arrests for disorderly
conduct and DUI is a measure of proactive policing (proactive policing) which may not only
deter crime (Kubrin et al., 2010; Sampson & Cohen, 1988; Weisburd et al., 2019), but also may
yield disparate racial impacts when it becomes confrontational (Fridel et al., 2019; Manski &
Nagin, 2017).
Controls constructed using the LEMAS surveys include: the percentages of full-time
sworn females (female officers %) and non-whites (nonwhite officers %) relative to their
counterparts measure minority representation which has been linked to reductions in police
killings and misconducts (Hong, 2017; Nicholson‐Crotty et al., 2017). The inclusion of a
community policing component in mission statement (CP mission statement, 1=yes, 0=no) is
used as a measure of the commitment to community policing (Koslicki et al., 2021).
6.4 Analytic Strategies
The previous Section 6.1.4 has addressed Questions 1-1, 1-2, and 1-3 in terms of the
extent of coding reliability and missing data on incident-variables. This study selects and
operationalizes incident-level variables with at least substantial ICR and less than 20% of
missing data to ensure them fit for bivariate and multivariate analyses. The subsequent
descriptive and inferential analyses are primarily concentrated on the dichotomous outcomes,
fatal and non-fatal, of police shootings, not the frequency or rate of police shootings as a whole.
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6.4.1 Bivariate Descriptions
This study first describes temporal fluctuations (across months and days of the week) of
FNFPS (Question 2-1) and geographical (census regions, divisions, states, census-defined
places, and ZIP Code Tabulation Areas (ZCTAs)) and jurisdictional (law enforcement agencies)
variations in the relative incidence of FNFPS (Question 2-2). Given the rare occurrence of
police shooting within most geographical entities at the lower levels, comparing prevalence rates
of fatal, non-fatal, or total shootings limited to a single year become less meaningful in the
present study. The least populated area with one incident occurrence has the highest prevalence
rate. This study addresses Questions 3-1 to 3-5 by describing the dichotomous outcomes of
FNFPS at the bivariate level across various individual, situational, environmental, contextual,
and organizational characteristics. This study further compares the relative incidences of FNFPS
at the levels of census-defined places and ZCTAs, grouped by different urban-rural
classifications to address Question 3-6 (Whether FNFPS could be characterized as a problem of
urban areas or large cities?).
To examine unadjusted (bivariate) associations with the fatality outcome (fatal versus nonfatal), this study performs independent samples t-tests for the continuous independent variables,
and Chi-square tests for categorical predictors. These bivariate statistical tests inform
multivariate model specification.
6.4.2 Inferential Analyses
Binary logistic regression modeling is appropriate for fitting the data with the binary
outcome. The dichotomous measure (fatal vs non-fatal) is used for testing dangerousness-related
hypotheses (Hypotheses 1-4), whereas the testing of life-saving hypotheses (Hypothesis 5-6) is
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restricted to the sample including fatal incidents and non-fatal incidents resulting in civilian
injuries (fatal vs injurious).
Table 14: The number of incidents per county, place, ZCTA, and agency.
Geographical
County
Place
ZCTA
Nshootings = 1,907
Nshootings = 1,834
Nshootings = 1,900
Ncounties=735
Nplaces=1,051
Nzips=1,666
Cluster Size
N(Row%)

Jurisdictional
Agency
Nshootings= 1,907
Nagencies=1,061

1

439(59.7%)

817(77.7%)

1,472(88.4%)

786(74.1%)

2

131(17.8%)

122(11.6%)

161(9.7%)

151(14.2%)

3

57(7.8%)

33(3.1%)

28(1.7%)

30(2.8%)

4

23(3.1%)

14(1.3%)

3(0.2%)

27(2.5%)

5

13(1.8%)

16(1.5%)

2(0.1%)

13(1.2%)

6 or more

72(9.8%)

49(4.7%)

0(0.0%)

54(5.1%)

Maximum

89

40

5

37

Per entity

2.6

1.7

1.1

1.8

Clustering diagnostic statistics
ICC

0.09329

0.08306

0.02228

0.06565

MOR

1.74187

1.68325

1.29842

1.58185

LR test statistics

23.63***

13.71***

0.10

7.69**

Abbreviations: ZCTA= ZIP Code Tabulation area; ICC=interclass correlation coefficient; MOR=median
odds ratio; LR test=likelihood ratio test.
*** p<.01, ** p<.05, * p<.1

It should be noted that there is a nested data structure which police shootings are nested in
ZCTAs and agencies. In nested data, multilevel analysis is often suggested to address the
potential violation of the independence of errors assumption as required by ordinary least square
regression, and more importantly, to disentangle the with- and between-group variations in the
outcome. Police shootings (level-1 units) occurred in the same ZCTAs or involved the same
agency (level-2 units or clusters) appeared to yield the similar patterns. However, as shown in
Table 14, the majority of ZCTAs and agencies experienced insufficient number of police
shootings (one or two shootings per cluster) in 2015, which may not ensure the reliability of
intercept (i.e., group mean).
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In addition, the unconditional models are conducted to verify the presence of significant
variations in the odds of fatal shootings across ZCTAs or agencies (level-2 units). Police
shootings were not dependent from one another within ZCTAs as confirmed by the low
intraclass correlation coefficient (ICC = 0.02) and the insignificant likelihood-ratio test
(/ ! (1)=0.10, p>0.05) of a two-level unconditional/null model. Only about 2% of variance in the
fatalities of police shootings was accounted for by ZCTAs and the effect of clustering is not
significant across ZCTAs. About 7% of the variation in outcome lies between agencies. The
significant likelihood ratio test indicates that a multilevel logistic regression model significantly
fits better to the data than a regular logistic regression model. Thus, regular logistic regression is
sufficient for modelling with ZCTA covariates. When modeling with organizational covariates, a
random intercept allowing the intercept to vary across agencies was added to control for the
observed significant heterogeneity among agencies. No interaction terms are added to any
modeling. Model performance is assessed by model variance statistics (Adjusted McFadden R2)
and lower information criteria (Akaike’s Information Criteria and Bayesian Information
Criteria).
6.4.3 Imputing Multivariate Missing Data
This study chose to perform multiple imputation via chained equations (MICE, see Van
Buuren et al., 1999) for incident-level variables selected for the analysis. MICE is a particular
multiple imputation method based on a sequence of univariate fully conditional specifications
(see Van Buuren, 2007; Van Buuren et al., 2006) under the Missing at Random assumption. The
fully conditional specification algorithm allows to specify an imputation model appropriate to the
type and distribution of each variable (e.g., ordinary least squares, logit, order logit,
multinominal logit model for continuous, binary, ordinal, and unorder categorical variables).
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This feature distinguishes MICE from the common multiple imputation using a Monte Carlo
Markov Chain (MCMC) procedure to impute the missing data of both continuous and noncontinuous variables under the assumption that the data follow a joint multivariate normal
(MVN) distribution. Compared to the MCMC procedure, the fully conditional specification has
been generally praised for producing more accurate and reliable estimates whenever the data
included categorical variables (Kropko et al., 2014; Li et al., 2017; see an opposite finding from
a simulation study by Karangwa et al., 2016).
The imputation process of MICE mainly involves that the observed values of one variable
are regressed on the observed and currently imputed values of all other variables in each
conditionally specified imputation model and the missing data of that variable is replaced with
the most recent imputed values drawn from the posterior predictive distribution of that variable.
One imputation iteration or “cycle” is completed whenever the missing values of all variables are
replaced with the imputed ones. Generally, somewhere between 5 and 10 iterations are needed
for producing one imputed dataset with reliable results drawn from the converged conditional
distributions (Royston & White, 2011; Van Buuren et al., 1999).
Like all other multiple imputation procedures, MICE creates multiply imputed datasets,
from which the parameter estimates are analyzed separately, and then pooled into one estimate
with its variance to accounts for the uncertainty in the imputed values. A low number of
imputations (m=3 to 5), as suggested in the classic texts on multiple imputation, is sufficient to
produce unbiased estimates for moderate amounts of missing data (Rubin, 2004; Schafer &
Olsen, 1998; Van Buuren, 2012). More recent research suggested that more imputations should
be performed with the increase in the missingness proportions (Graham et al., 2007; White et al.,
2011). White and associates (2011) proposed a rule of thumb that the number of
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imputations should corresponded to the overall missingness; 20 imputations are suggested for
20% of missingness.
This study chose to impute missing data in a post-hoc manner. An Imputation model was
specified (see Section 7.2.3.1) after fitting a complete set of models to the data using complete
data analysis (CCA, i.e., listwise deletion of cases with missing data in any variables). Because
specifying a imputation model is suggested to include all covariates and outcomes used in any
CCA, to avoid bias and gaining precision for imputations (White et al., 2011). Multipleimputation estimates are used to complement the results from the CCA, for a more robust and
reliable interpretation in the presence of missing data.
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CHAPTER 7: RESULTS
7.1 Univariate and Bivariate Descriptive Statistics
Among 1907 sample incidents where firearm discharges by officers with intention to stop
threats posed by civilians, 51.3% were non-fatal (Nshootings=979). Among those non-fatal cases,
about one quarter were missed-shot incidents (Nshootings=246). The following subsections first
describes temporal, geographical, and jurisdictional variations in FNFPS that occurred in 2015,
and then compares descriptive statistics between FNFPS.
7.1.1 Temporal Variations

As shown in Figure 9, the defined police shootings (Nshootings=1,907) occurred
approximately evenly across months (from 1= January to 12 = December) and days of the week
(From 1= Monday to 7 = Sunday). On average, the US experienced about 160 police shootings
per month and at least 5 per day. The occurrence of fatal shootings occurred relatively more
often only in Quarter 3 (July, August, September), and in December, 2015, with little difference
between days of the week.
A: Frequency distribution by month

B: Frequency distribution by day of the week
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Figure 9: Distributions of FNFPS across months and days of the week
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7.1.2 Geographic and Jurisdictional Variations

According to the incident addresses retrieved from open sources, this study identified
various geographical entities where police shootings are nested. Among 4 census regions and 9
divisions (see Figure 10), police shootings occurred more frequently in the southern and western
US, particularly in the South Atlantic and Pacific areas. The southwestern US (Mountain,
Pacific, and West South Central divisions) experienced more fatal than non-fatal police
shootings, whereas the opposite occurred in the rest of US.
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Figure 10: Frequency distribution of FNFPS across census regions and divisions.

There are considerable across-state variations in terms of the frequencies and prevalence
rates (per 100,000 population) of FNFPS. Figure 11-A and B, respectively, ranks the numbers
and rates of police shootings in descending order, showing that California, Texas, Florida,
Georgia, and Illinois were the top five states experiencing the most counts of police shootings,
whereas the population prevalence rates of police shootings in New Mexico, the District of
Columbia, Oklahoma, Wyoming, and Louisiana were among the highest. Notably, although
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police shootings in Wyoming were relatively less frequent (=7), the rate of fatal police shootings
(1.0 per 100,000 population) was the highest.
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Figure 11: Cross-state distributions in frequencies and prevalence rates of FNFPS.

As shown in Figure 11-C, there is not much difference in rates of FNPFS for most states,
the apparent gaps were observed for 5 states (WY, NV, AK, AZ, and NE) of which fatal
shooting rates were 30% higher than non-fatal rates and 2 states (MO and ND) with 30% higher
non-fatal shootings.
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As discussed in Section 6.4.2, the group sizes (i.e., the number of incidents per group) for
lower-level geographical entities (i.e., county, place, and ZCTA) and jurisdictional entities (i.e.,
agency) are highly unbalanced. Most entities experienced only one or two incidents in 2015 (see
Table 14). Police shootings occurred in all types of law enforcement agencies: Local police and
sheriff’s offices were responsible for most shootings, and about 10 % involved state police,
special jurisdiction1, constable, and federal law enforcement agencies. Police use of deadly force
involving local police has become a major focus of scholarly attention, but police shootings
involving state and federal agencies are also notable and warrant more scrutiny. Given the rare
occurrence of police shooting within most geographical entities at the lower levels, comparing
prevalence rates of fatal, non-fatal, or total shootings limited to a single year become less
meaningful. The least populated area with one incident occurrence has the highest prevalence
rate. Whether a single incident, either fatal or non-fatal police shooting, is serious enough to
indicate its prevalence remains questionable.

1

Special jurisdiction police force includes transit authorities, airport police, university police, park police, and fish and wildlife
officers.

Table 15: Univariate and bivariate descriptive statistics of incident-level predictors and controls used in analysis.
Variables
Overall
Nonfatal
Fatal
Variables
Overall
Nonfatal
Mean(SD)/
Mean(SD)/
Mean(SD)/
Mean(SD)/
Mean(SD)/
N(Column%)
N(Row%)
N(Row%)
N(Column %)
N(Row%)
Key Predictors
Imminent threat
Civilian race
Weapon type***
Nonwhites***
Unarmed
157(8.2%)
77(49.0%)
80(51.0%)
No (=0)
803(42.1%)
313(39.0%)
Knife/Blunt object
299(15.7%)
93(31.1%)
206(68.9%)
Yes (=1)
837(43.9%)
410(49.0%)
Vehicle
259(13.6%)
208(80.3%)
51(19.7%)
Unknown
267(14.0%)
256(95.9%)
Firearm
1,172(61.5%)
584(49.8%)
588(50.2%)
Timely trauma center access (Nshootings =1,634)b
Unknowna
20(1.1%)
17(85.0%)
3(15.0%)
Drive time
33.79(41.70)
32.81(41.23)
Threat level***
N trauma centers 20mins**
1.10(1.34)
1.18(1.34)
Fleeing
65(3.4%)
47(72.3%)
18(27.7%)
N trauma centers 40mins**
3.29(4.05)
3.57(4.32)
Furtive movement
73(3.8%)
36(49.3%)
37(50.7%)
N trauma centers 60mins**
5.22(6.46)
5.64(7.01)
Physical attack
76(4.0%)
28(36.8%)
48(63.2%)
N trauma centers 80mins**
6.86(8.01)
7.33(8.64)
Use of knife/blunt object
298(15.6%)
92(30.9%)
206(69.1%) N trauma centers 100mins
8.40(9.00)
8.82(9.43)
Point/holding a gun
623(32.7%)
298(47.8%)
325(52.2%) N trauma centers 120mins
9.97(9.88)
10.40(10.40)
Vehicle ramming
277(14.5%)
222(80.1%)
55(19.9%)
Firing a gun
471(24.7%)
240(51.0%)
231(49.0%)
Unknown
24(1.3%)
16(66.7%)
8(33.3%)
Controls I
Individual
Environmental
Civilian age group***
Weekends
Younger than 20
138(7.2%)
88(63.8%)
50(36.2%)
No (=0)
1387(72.7%)
716(51.6%)
20-29
616(32.3%)
344(55.8%)
272(44.2%)
Yes (=1)
520(27.3%)
263(50.6%)
30-39
495(26.0%)
228(46.1%)
267(53.9%)
Nighttime**
40-49
278(14.6%)
108(38.9%)
170(61.2%)
No (=0)
849(44.5%)
403(47.5%)
50 or older
245(12.9%)
80(32.7%)
165(67.4%)
Yes (=1)
1018(53.4%)
547(53.7%)
Unknown
135(7.9%)
131(97.0%)
4(3.0%)
Unknown
40(2.1%)
29(72.5%)
Civilian males***
Quarter**
No (=0)
123(6.5%)
67(54.5%)
56(45.5%)
1st quarter
494(25.9%)
263(53.2%)
Yes (=1)
1769(92.8%)
897(50.7%)
872(49.3%)
2nd quarter
469(24.6%)
260(55.4%)
Unknown
15(0.8%)
15(100.0%)
0(0.0%)
3rd quarter
487(25.5%)
224(46.0%)
Mental illness signs***
4th quarter
457(24.0%)
232(50.8%)
No (=0)
1515(79.4%)
848(56.0%)
667(44.0%)
Residential premises***
Yes (=1)
392(20.6%)
131(33.4%)
261(66.6%)
No (=0)
1170(61.4%)
657(56.2%)
Yes (=1)
736(38.6%)
321(43.6%)
Unknown
1(0.05%)
1(100.0%)

Fatal
Mean(SD)/
N(Row%)

490(61.0%)
427(51.0%)
11(4.1%)
34.53(42.08)
1.04(1.34)
3.07(3.82)
4.90(6.00)
6.50(7.47)
8.08(8.60)
9.65(9.46)

671(48.4%)
257(49.4%)
446(52.5%)
471(46.3%)
11(27.5%)
231(46.8%)
209(44.6%)
263(54.0%)
225(49.2%)
513(43.9%)
415(56.4%)
0(0.0%)
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Table 15: (continued)
Variables

Overall
Mean(SD)/
N(Column%)

Nonfatal
Mean(SD)/
N(Row%)

Fatal
Variables
Overall
Mean(SD)/
Mean(SD)/
N(Row%)
N(Column%)
Controls II
Situational
BWC wearing***
578(53.0%)
No (=0)
1,776(93.1%)
350(42.9%)
Yes (=1)
131(6.9%)
0(0.0%)
Level I nearest trauma center***
No (=0)
717(43.9%)
847(51.2%)
Yes (=1)
917(56.1%)
81(32.3%)
Ave. beds 20mins**
270.00(515.1)
Ave. beds 40mins
556.06(898.61)
840(47.6%) Ave. beds 60mins**
639.90(799.53)
88(61.5%)
Ave. beds 80mins
461.64(222.36)
Ave. beds 100mins
470.98(192.93)
771(48.7%) Ave. beds 120mins
789.00(690.02)
157(48.5%)

Nonfatal
Mean(SD)/
N(Row%)

Fatal
Mean(SD)/
N(Row%)

Proactive initiation***
No (=0)
1090(57.2%)
512(47.0%)
939(52.9%)
837(47.1%)
Yes (=1)
815(42.7%)
465(57.1%)
40(30.5%)
91(69.5%)
Unknown
2(0.1%)
2(100.0%)
Multiple civilians***
275(38.4%)
442(61.6%)
No (=0)
1656(86.8%)
809(48.9%)
432(47.1%)
485(52.9%)
Yes (=1)
251(13.2%)
170(67.7%)
309.90(572.21) 239.57(464.88)
Multiple agencies***
584.33(962.89) 534.50(846.21)
No (=0)
1764(92.5%)
924(52.4%)
693.65(928.03) 598.90(685.29)
Yes (=1)
143(7.5%)
55(38.5%)
467.49(223.78) 457.18(221.30)
Officer casualty
475.77(190.78) 467.32(194.57)
No (=0)
1583(83.0%)
812(51.3%)
785.60(701.98) 791.58(681.12)
Yes (=1)
324(17.0%)
167(51.5%)
Notes:
a
The category of unknown captures the missing values in categorical variables.
b
Univariate and bivariate statistics for measures related to trauma center were only for fatal and injurious shootings with valid travel distance/time calculated
(=1,634), not including missed-shot incidents and few occurred in Hawaii islands did not have their driving routes to Level I and II trauma centers.
*** p < 0.001 and ** p < 0.05 for a statistically significant bivariate test with and without missing values (chi-square test for categorical predictors and two-tailed
t-test for numeric predictors).
Abbreviations: N=number; SD=standard deviation, ave.= average
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7.1.3 Individual, Situational, and Environmental Characteristics

Table 15 summarizes univariate and bivariate statistics for incident-level predictors and
controls used in analysis. According to the weapon type variable, most civilians during the
encounters with the police were armed or possessed with firearms (61.5%), but with a relatively
small difference between fatal (50.2%) and non-fatal (49.2%) groups. Differences in the
proportion of FNFPS among civilians armed with vehicle and knife/blunt objects are more
salient, but in opposite directions: vehicle ramming resulted in more non-fatal outcomes (80.3%),
whereas using knife or blunt objects more frequently led to fatal outcomes (68.9%).
Capturing the imminent threat prompting firearm discharges by officers, the threat level
variable further classified most incidents that involved “unarmed” civilians into instances of
fleeing, furtive movement, and physical attack, and distinguished firing from point/holding a gun
(see Table 11). Non-fatal outcomes were more likely to have occurred at the time of a civilian
fleeing (72.3%) rather than acting suspiciously (furtive movement, 49.3%) or fighting with
police officers (36.8%). Pointing than firing a gun was more likely to become fatal. In addition,
whites, males, and those in older age groups (30-39, 40-49, and 50 or older) were more likely to
get involved in fatal incidents. A higher proportion of fatal outcomes occurred (66.6%) for those
incidents in which the encountered civilians displayed signs of mental illness.
For fatal and injurious police shootings, the average drive time of the route to the nearest
Level I or II trauma center was about 34 minutes. The 30- to 35-minute drive time corresponded
to the route distances ranging from 16 to 35 miles. Although there is no significant difference in
the drive time between fatal and injurious outcomes, the numbers of trauma centers within 20 to
80 minutes and the average beds of trauma centers within 20 and 60 minutes from injurious
shootings were significantly larger than those calculated from fatal shootings. More Level I
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(52.9%) rather than Level II trauma centers (47.1%) were identified as the nearest ones for
injurious shootings.
For other situational and environmental attributes, fatal outcomes were also more likely to
occur when those encounters occurred in the third quarter of 2015, during the daytime (7:00 am
to 6:59 pm), and at residential settings. More fatal shootings were reactively initiated (e.g.,
responding to call for service), involved a single civilian but multiple agencies, and involved
officers who were reported wearing BWCs.
7.1.4 Contextual Characteristics

The study appended the contextual data to the ZCTAs where most police shootings (98%)
were located. As shown in Table 16, factor scores constructed for violent crime risk and
concentrated disadvantage at the ZCTA level were significantly associated with the fatality
outcomes, in contrast to conventional theoretical expectations. On average, fatal shootings
occurred in ZCTAs with less violent crime risk and concentrated disadvantage. This pattern
holds true for the measures of neighboring ZCTAs. There was no substantial difference in Gini
index, although it was statistically associated with the fatality outcome. Racial heterogeneity did
not significantly differ between FNFPS. Non-fatal police shootings were more likely to occur in
ZCTAs with higher population densities.

Table 16: Univariate and bivariate descriptive statistics of contextual predictors and controls used in analysis.
Summaries at the incident level
Data source

Variables

Merged
Nshootings

AGS CrimeRisk Indices

Violent crime riska***

1,896

ACS 5-Year estimates

Concentrated disadvantageb***

1,893

Lagged violent crime risk***c
Lagged concentrated disadvantage***
Ln(population density)**
Gini index***
Racial heterogeneityd
Region***
Northeast
Midwest
South
West

1,896
1,896
1,895
1,893
1,895

ACS 5-Year estimates

1,907

Overall
Nonfatal
Mean(SD)/
Mean(SD)/
N(Column%) N(Column%)
Key Predictors
Violent crime risk
0.47(1.42)
0.65(1.54)
Concentrated Disadvantage
0.39(1.05)
0.48(1.10)
Controls
0.27(1.02)
0.41(1.15)
0.16(0.76)
0.22(0.79)
6.98(2.04)
7.11(2.04)
0.45(0.05)
0.46(0.05)
0.42(0.19)
0.42(0.19)
181(9.5%)
358(18.8%)
803(42.1%)
565(29.6%)

115(63.5%)
211(58.9%)
420(52.3%)
233(41.2%)

Fatal
Mean(SD)/
N(Column%)

Summaries at the ZCTA
level
Overall
Merged
Mean(SD)/
Nzips
N(Column%)

0.28(1.25)

1,662

0.36(1.32)

0.31(0.98)

1,659

0.33(1.03)

0.13(0.85)
0.10(0.73)
6.85(2.04)
0.45(0.05)
0.43(0.18)

1,659
1,658
1,661
1,659
1,661

0.19(0.94)
0.12(0.75)
6.86(2.08)
0.45(0.05)
0.42(0.19)

66(36.5%)
147(41.1%)
383(47.7%)
332(58.8%)

-e

Notes:
a
Violent crime risk was a regression-weighted score of one factor loaded with three crime risk indices of murder, robbery, and assault.
b
Concentrated disadvantage was a regression-weighted score of one factor loaded with four items capturing poverty, unemployment, household
composition, and education attainment.
c
Racial heterogeneity was constructed using a Herfindahl Index (Gibbs and Martin, 1962) as a function of the proportions of each racial/ethnic group (nonHispanic white, non-Hispanic black, non-Hispanic other, and Hispanic).
d
Lagged violent crime risk was excluded from the subsequent inferential analysis as it was highly correlated with violent crime risk (Pearson’s r = 0.88,
p<0.01).
e
The region results are not listed because census regions and ZCTAs are not strictly nested or fitted within one another.
*** p < 0.001 and ** p < 0.05 for a statistically significant bivariate test (chi-square test for categorical predictors and two-tailed t-test for numeric
predictors).
Abbreviations: N=number; SD=Standard Deviation; AGS=Applied Geographic Solutions, Inc.’s CrimeRisk Indices, 2021; ACS=U.S. Census Bureau’s
2013-2017 American Community Survey 5-Year Estimates; ZCTA=ZIP Code Tabulation Area.
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Figure 12: The number of police shootings, fatal and non-fatal, for census-defined places, by population group.

Further descriptive analysis on the proportion of incidents that occurred in census-defined
places with different population groups, explores whether police shooting is more of an issue of
larger versus smaller cities (Sherman, 2018), or rural versus urban areas. Among 1834 police
shootings nested within the census-defined places, as shown in Figure 12 about one third
occurred in places with over 250,000 population, and about 40% occurred in places with fewer
than 50,000 population. Figure 13 shows how the use of different rural-urban classifications for
ZCTAs is related to the interpretation of police shootings as rural or urban issues. Following the
Department of Defense’s classification2 based on population density, this study defined about
40% ZCTA with 3,000 and more population per square mile as urban, about 20% with
population between 1,000 and 3,000 per square mile as suburban, and 40% with less than 1,000
population per square mile as rural. This simplistic classification at the ZCTA level found that
similar proportions of shootings occurred in urban and rural areas as observed at the place level.

2

See https://greatdata.com/product/urban-vs-rural (accessed Dec 1, 2021).
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Figure 13:The number/proportion of police shootings, fatal and non-fatal, for ZCTAs, by different urban-rural
classifications

This study also linked ZIP codes to two rural-urban classifications developed by the
Economic Research Service (ERS) from the US Department of Agriculture to delineate different
levels of rurality for ZIP Code areas: (1) The 2010 rural-urban commuting area (RUCA) codes3
3

See https://www.ers.usda.gov/data-products/rural-urban-commuting-area-codes/ (accessed December 9, 2021)
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define census tracts and ZIP code areas as metropolitan, micropolitan, small town, or rural
communing areas based on population density, urbanization, and daily commuting. (2) The 2010
frontier and remote area (FAR) codes4 classifies ZIP code areas into four levels of remoteness
that affect access to “high order” (Level 1, e.g., advanced medical procedures, stores selling
major household appliances, regional airport hubs, or professional sports franchises) to “low
order” (Level 4, e.g., grocery stores, gas stations, and basic health-care services) goods and
services. Using these two ERS classifications, most shootings (84%) occurred in metropolitan
areas and only a small proportion of shootings (1%-6%) occurred in sparsely-settled, remote
areas with difficult accesses to goods and services. Regardless of how areas are classified, these
results revealed a common pattern that police shootings were less likely to be fatal in more
densely populated areas.
7.1.5 Organizational Characteristics

Different types and sizes of agencies were merged with available agency-level datasets. As
shown in Table 17, shootings that merged and unmerged with agency data did not differ
significantly for fatality outcomes, but significantly varied by the types of involved agencies.
Data merged with the CZ’s UoF policy database were restricted to those involving the largest
local police departments. Merging with the LEMAS surveys resulted in two subsamples of
shootings (the 2016 LEMAS subsample and the 2013-2016 LEMAS subsample) involving more
local police departments and excluded those involving agencies at the federal level and special
jurisdictions. Shootings merged with the UCR data capture comprehensively most local, county,
and state agencies and some of federal and special jurisdiction law enforcement agencies. Thus,
descriptive and inferential statistics for organizational characteristics could not be applied to all

4

See https://www.ers.usda.gov/data-products/frontier-and-remote-area-codes/ (accessed December 9, 2021)
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identified shootings and agencies, but were restricted for those included in the models examining
variables from different agency data sources.
Table 17: Merged and unmerged shootings with agency data, by fatality and agency type.
Fatality outcome
Agency type***
Non-Fatal

Fatal

Local

Sheriff

State

Special
Jurisdictiona

Federal

N(Row%)
Total shootings
979(51.3%) 928(48.7%) 1294(67.9%) 429(22.5%) 119(6.2%)
39(2.0%)
26(1.4%)
Agency-level data
CZ’s UoF policy data
Merged
281(53.4%) 245(46.6%) 526(100.0%)
0(0.0%)
0(0.0%)
0(0.0%)
0(0.0%)
Unmerged
698(50.5%) 683(49.5%) 768(55.6%)
429(31.1%) 119(8.6%)
39(2.8%)
26(1.9%)
LEMAS (2016)
Merged
625(50.7%) 609(49.4%) 883(71.6%)
233(18.9%) 118(9.6%)
0(0.0%)
0(0.0%)
Unmerged
354(52.6%) 319(47.4%) 411(61.1%)
196(29.1%)
1(0.2%)
39(5.8%)
26(3.9%)
LEMAS (2013, 2016)
Merged
730(51.0%) 701(49.0%) 1022(71.4%) 291(20.3%) 118(8.3%)
0(0.0%)
0(0.0%)
Unmerged
249(52.3%) 227(47.7%) 272(57.1%)
138(29.0%)
1(0.2%)
39(8.2%)
26(5.5%)
UCR
Merged
958(51.2%) 914(48.8%) 1292(69.0%) 429(22.9%) 117(6.3%)
25(1.3%)
9(0.5%)
Unmerged
21(60.0%)
14(40.0%)
2(5.7%)
0(0.0%)
2(5.7%)
14(40.0%)
17(48.6%)
Notes：
a
One constable/marshal agency was grouped into the special jurisdiction category.
*** p < 0.001 for statistically significant chi-square tests on the associations between agency type and agency data
merging.
Abbreviations: N=number; CZ’s UoF=Campaign Zero’s web-based database on “Use of Force Policy;” LEMAS=Bureau
of Justice Statistics’ Law Enforcement Management and Administrative Statistics Survey, 2013 & 2016. UCR=Federal
Bureau Investigation’s Uniform Crime Reporting Program, 2013-2017.

Table 18 summarizes the univariate and bivariate statistics of agency-level predictors and
controls that were appended from different data sources. As measured in the restrictiveness score
variable, the average number of force policy items implemented by 84 largest local police
departments was 3.1 with a range of 0 to 7. The most implemented force policy was that of force
continuum (84.5%), followed by the requirement of a verbal warning prior to shooting (60.7%).
Shootings tended to be more non-fatal for agencies implementing more restrictive policies, as
measured by the total number of these eight policies implemented, and particularly for those
implementing the three policies: de-escalation, restriction on shooting at moving vehicles, and a
requirement for exhausting all other means prior to shooting.
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Of all agencies identified for merging (Nagencies=1,061), only 47% (responsible for 65%
shootings) could be merged with the 2016 LEMAS surveys to form the first subsample. The
second subsample includes an additional 137 local police agencies and sheriff’s offices
participating in the 2013 but not 2016 survey.
The two LEMAS subsamples shared similar personnel features: on average, 30% of
employed officers were nonwhites and 12% were females. Agencies with a significantly higher
proportion of female officers tended to be involved in more non-fatal than fatal shootings. For
the implementation of force-related policies contained in both surveys, both subsamples
displayed unexpected patterns between FNFPS: Shootings were more likely to be non-fatal only
for those requiring documentation when officers displaying tasers. However, more fatal
shootings occurred for agencies authorizing all sworn personnel to use less-lethal weapons
(Taser and blunt projectile), and those requiring documentation when officers displayed firearms.
Statistically significant differences in police implementation only existed for the two policies on
less-lethal weapon authorizations in the 2016 LEMAS subsample. Shootings tended to be less
fatal when involving agencies that required an external investigation on use of force causing a
serious bodily injury, and those with civilian complaint review boards.
Even after shootings were appended with the UCR data, the sample sizes are still subject
to a certain amount of attrition given agencies’ non-reporting on different monthly and annual
measures as discussed in Appendix C. The number of full-time sworn officers was estimated by
averaging the available data reported from 2013 to 2017. No available information on sworn
officers was retrieved for 25 agencies, of which most were federal and special jurisdictions. The
estimated number of sworn officers was produced for 1,036 agencies responsible for 1,873
shootings. Among these 1,036 agencies, 54% were smaller agencies with fewer than 100
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estimated sworn officers. However, larger agencies (100 or more sworn officers) were
responsible for nearly two thirds of shootings (67.1%). The proportions of fatal and non-fatal
police shootings did not significantly differ between larger and smaller agencies. Similarly, more
non-fatal shootings occurred in the jurisdictions with higher violent crime rates (=5.36)
compared to fatal shootings (=4.54). The fatality outcome was significantly associated with both
measures of violent crime using the data at the ZCTA and agency levels. The rate of officers
killed and assaulted and the measure of proactive policing did not vary significantly between
FNFPS.

Table 18:Univariate and bivariate descriptive statistics of agency-level predictors and controls used in analysis
Summaries
at the incident level
Data source
Variables
Overall
Nonfatal
Merged
Mean (SD)
Mean (SD)
Nshootings
/N(Column%)
/N(Column%)
Key Predictors I
Force policy items
De-escalation**
No (=0)
309(58.8%)
153(49.5%)
Yes (=1)
217(41.3%)
128(59.0%)
Force continuum
No (=0)
63(12.0%)
32(50.8%)
Yes (=1)
463(88.0%)
249(53.8%)
Ban choke/strangleholds
No (=0)
372(70.7%)
193(51.9%)
Yes (=1)
154(29.3%)
88(57.1%)
Verbal warning
No (=0)
235(44.7%)
127(54.0%)
CZ’s UoF
Yes (=1)
291(55.3%)
154(52.9%)
Policy
Restrict shooting moving cars**
526
Database
No (=0)
389(74.1%)
195(50.0%)
Yes (=1)
136(25.9%)
86(63.2%)
Exhaust all other means**
No (=0)
397(75.5%)
202(50.9%)
Yes (=1)
129(24.5%)
79(61.2%)
Duty to intervene
No (=0)
299(56.8%)
161(53.9%)
Yes (=1)
227(43.2%)
120(52.9%)
Comprehensive reporting
No (=0)
460(87.5%)
248(53.9%)
Yes (=1)
66(12.6%)
33(50.0%)
Restrictiveness score**
3.20(1.58)
3.33(1.66)

Fatal
Mean (SD)
/N(Column%)

Summaries
at the agency level
Overall
Merged
Mean (SD)
Nagencies
/N(Column%)

156(50.5%)
89(41.0%)

50(59.5%)
34(40.5%)

31(49.2%)
214(46.2%)

13(15.5%)
71(84.5%)

179(48.1%)
66(42.9%)

64(76.2%)
20(23.8%)

108(46.0%)
137(47.1%)

33(39.3%)
51(60.7%)
84

195(50.0%)
50(36.8%)

66(78.6%)
18(21.4%)

195(49.1%)
50(38.8%)

57(67.9%)
27(32.1%)

138(46.2%)
107(47.1%)

56(66.7%)
28(33.3%)

212(46.1%)
33(50.0%)
3.04(1.48)

72(85.7%)
12(14.3%)
3.11(1.64)
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Table 18 (continued):
Data source

LEMAS
surveys
(2013 & 2016)a

LEMAS
surveys
(2016)a

Variables

Authorize blunt projectile
Not authorized
Some sworn personnel
All sworn personnel
Missing
Authorize CED
Not authorized
Some sworn personnel
All sworn personnel
Missing
Document display CED
No (=0)
Yes (=1)
Missing
Document display firearm
No (=0)
Yes (=1)
Missing
Authorize blunt projectile***
Not authorized
Some sworn personnel
All sworn personnel
Missing
Authorize CED***
Not authorized
Some sworn personnel
All sworn personnel
Missing
Document display CED
No (=0)
Yes (=1)
Missing

Merged
Nshootings

1,431

1,234

Summaries
at the incident level
Overall
Nonfatal
Mean (SD)
Mean (SD)
/N(Column%)
/N(Column%)
Key Predictors II
Force policy items

Fatal
Mean (SD)
/N(Column%)

Summaries
at the agency level
Overall
Merged
Mean (SD)
Nagencies
/N(Column%)

143(10.0%)
709(50.0%)
575(40.2%)
4(0.3%)

83(58.0%)
371(52.3%)
271(47.5%)
3(75.0%)

60(42.0%)
338(47.7%)
302(52.5%)
1(25.0%)

78(12.2%)
310(48.6%)
246(38.6%)
4(0.6%)

65(4.5%)
305(21.3%)
1057(73.9%)
4(0.3%)

36(55.4%)
174(57.1%)
517(48.8%)
3(75.0%)

29(44.6%)
131(43.0%)
540(51.1%)
1(25.0%)

36(5.6%)
115(18.0%)
483(75.7%)
4(0.6%)

625(43.7%)
727(50.8%)
79(5.5%)

304(48.6%)
379(52.1%)
47(59.5%)

321(51.4%)
348(47.9%)
32(40.5%)

249(39.0%)
344(53.9%)
45(7.1%)

854(59.7%)
545(38.1%)
32(2.2%)

445(52.1%)
268(49.2%)
17(53.1%)

409(47.9%)
277(50.8%)
15(46.9%)

318(49.8%)
296(46.4%)
24(3.8%)

97(7.9%)
677(54.9%)
445(36.1%)
15(1.2%)

57(58.8%)
352(52.0%)
206(46.3%)
10(66.7%)

40(41.2%)
325(48.0%)
239(53.7%)
5(33.3%)

43(8.6%)
285(56.9%)
166(33.1%)
7(1.4%)

53(4.3%)
283(22.9%)
882(71.5%)
16(1.3%)

28(52.8%)
164(58.0%)
422(47.9%)
11(68.8%)

25(47.2%)
119(42.1%)
460(52.2%)
5(31.3%)

513(41.6%)
654(53.0%)
67(5.4%)

250(48.7%)
339(51.8%)
36(53.7%)

263(51.3%)
315(48.2%)
31(46.3%)

638

501

24(4.8%)
98(19.6%)
371(74.1%)
8(1.6%)
174(34.7%)
297(59.3%)
30(6.0%)
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Table 18: (continued)
Data source

LEMAS
surveys
(2016)a

Variables

Document display firearm
No (=0)
Yes (=1)
Missing
BWC policy
No (=0)
Yes (=1)
Missing
Injury investigation
No (=0)
Yes (=1)
Missing
Death investigation
No (=0)
Yes (=1)
Missing
Firearm discharge investigation
No (=0)
Yes (=1)
Missing
Complaint review board**
No (=0)
Yes (=1)
Missing

Merged
Nshootings

1,234

Summaries
at the incident level
Overall
Nonfatal
Mean (SD)
Mean (SD)
/N(Column%)
/N(Column%)
Key Predictors III
Force policy items

Fatal
Mean (SD)
/N(Column%)

Summaries
at the agency level
Overall
Merged
Mean (SD)
Nagencies
/N(Column%)

668(54.1%)
460(37.3%)
106(8.6%)

349(52.3%)
220(47.8%)
56(52.8%)

319(47.8%)
240(52.2%)
50(47.2%)

226(45.1%)
232(46.3%)
43(8.6%)

432(35.0%)
790(64.0%)
12(1.0%)

231(53.5%)
387(49.0%)
7(58.3%)

201(46.5%)
403(51.0%)
5(41.7%)

222(44.3%)
274(54.7%)
5(1.0%)

915(74.2%)
304(24.6%)
15(1.2%)

452(49.4%)
165(54.3%)
8(53.3%)

463(50.6%)
139(45.7%)
7(46.7%)

335(66.9%)
161(32.1%)
5(1.0%)

568(46.0%)
644(52.2%)
22(1.8%)

294(51.8%)
319(49.5%)
12(54.6%)

274(48.2%)
325(50.5%)
10(45.5%)

176(35.1%)
319(63.7%)
6(1.2%)

921(74.6%)
298(24.2%)
15(1.2%)

471(51.1%)
146(49.0%)
8(53.3%)

450(48.9%)
152(51.0%)
7(46.7%)

331(66.1%)
165(32.9%)
5(1.0%)

764(61.9%)
455(36.9%)
15(1.2%)

365(47.8%)
252(55.4%)
8(53.3%)

399(52.2%)
203(44.6%)
7(46.7%)

394(78.6%)
102(20.4%)
5(1.0%)

501
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Table 18 (continued):
Data source

Monthly &
annual UCR
Data
(LEOKA, the
offense file,
and the arrest
file)
LEMAS
surveys
(2013 & 2016)

LEMAS
surveys
(2016)

Variables

Department size
Small agency (=0)
Large agency (=1)
Ln(police-population ratio)***
Violent crime rate***
Officer killed/assaulted rate
Proactive policing
Nonwhite officers %
Female officers %**
CP mission statement
No (=0)
Yes (=1)
Missing
Nonwhite officers %
Female officers %**
CP mission statement
No (=0)
Yes (=1)
Missing

Merged
Nshootings

1,873
1,710
1,702
1,710
1,560
1,363
1,382
1,431
1,173
1,189
1,234

Summaries
at the incident level
Overall
Nonfatal
Mean (SD)
Mean (SD)
/N(Column%)
/N(Column%)
Controls

Fatal
Mean (SD)
/N(Column%)

616(32.9%)
1,257(67.1%)
0.71(0.54)
4.95(3.94)
0.13(0.16)
2.13(1.91)
29.60(21.63)
12.49(5.84)

313(50.8%)
646(51.4%)
0.76(0.53)
5.36(4.21)
0.12(0.12)
2.15(2.05)
30.63(21.93)
12.89(6.11)

303(49.2%)
611(48.6%)
0.65(0.55)
4.54(3.88)
0.14(0.19)
2.11(1.77)
28.52(21.28)
12.07(5.52)

186(13.0%)
1227(85.7%)
18(1.3%)
31.43(21.13)
12.67(5.65)

100(53.8%)
620(50.5%)
10(55.6%)
31.43(21.25)
13.01(5.94)

86(46.2%)
607(49.5%)
8(44.4%)
29.72(20.99)
12.32(5.32)

146(11.8%)
1,058(84.7%)
30(2.4%)

75(51.4%)
536(50.7%)
14(46.7%)

71(48.6%)
522(49.3%)
16(53.3%)

Summaries
at the agency level
Overall
Merged
Mean (SD)
Nagencies
/N(Column%)

1,036
961
954
969
894
607
617
638
475
483
501

563(54.3%)
473(45.7%)
0.61(0.52)
3.70(3.56)
0.12(0.18)
2.43(2.06)
22.23(20.44)
10.97(6.13)
116(18.2%)
509(79.8%)
13(2.0%)
22.92(19.57)
11.27(5.88)
79(15.8%)
402(80.2%)
20(4.0%)

Notes:
a
The LEMAS sample (2013& 2016) was formed by using the data available in 2013 as substitute for the data not in 2016, whereas the LEMAS sample (2016)
only appeared in the 2016 LEMAS survey.
*** p < 0.001 and ** p < 0.05 for a statistically significant bivariate test (chi-square test for categorical predictors and two-tailed t-test for numeric predictors).
Abbreviations: N=number; SD=standard deviation; CP= community policing; CZ’s UoF=Campaign Zero’s web-based database on “Use of Force
Policy;” LEMAS=Bureau of Justice Statistics’ Law Enforcement Management and Administrative Statistics Survey, 2013 & 2016. UCR=Federal Bureau
Investigation’s Uniform Crime Reporting Program, 2013-2017. LEOKA=Law Enforcement Officers Killed and Assaulted Program.
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7.2 Multivariate Inferential Statistics
7.2.1 Modeling Incident-Level Variables

7.2.1.1 Modeling the Effect of Imminent Threat
This study first examined two measures of imminent threat, weapon type and threat level,
in separate logistic regression models predicting the odds of fatal versus non-fatal shootings,
with and without incident-level controls. Models did not include timely trauma care measures
that were hypothesized for only distinguishing fatal and injurious shootings. Incidents where the
encountered civilians were armed with or possessed firearms and those involving civilians firing
guns were treated respectively as the reference categories for weapon type and threat level.
Table 19 compares parameter statistics and diagnostic statistics for separate models
examining weapon type and threat level. Generally, models examining threat level performed
better than models examining weapon type, as evident by more explained model variances
(Adjusted McFadden R2) and lower information criteria (Akaike’s Information Criteria and
Bayesian Information Criteria).
Two measures of imminent threat exhibited similar patterns in association with fatal
outcomes: In the bivariate models (Model 1-1 and Model 2-1, including only imminent threat
and its intercept term), fatal outcomes were significantly more likely to occur for incidents
involving knife or blunt objects used as weapons (Model 1-1: OR= 2.20, p <0.01; Model 1-2:
OR=2.33, p<0.01), and significantly less likely to occur for incidents where the encountered
civilians rammed vehicles against officers or others (Model 2-1: OR= 0.24, p <0.01; Model 1-2:
OR=0.26, p<0.01) in relation to the reference groups. Although the odds of being shot and killed
did not significantly differ between unarmed civilians and those armed with firearms, the Model
2-1 incorporating the threat level measure, further comparing the odds for different
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circumstances where civilians were not armed with any weapons in relation to incidents
involving civilian firing guns. The odds of a fatal outcome occurring was significantly higher
when officers discharged firearms during physical confrontations with civilians (OR=1.78,
p<0.05) and lower for shooting at civilians fleeing on foot or in vehicles with the attempt to
elude officers (OR=0.40, p<0.01). No significant difference in the odds of the fatal outcome
occurring was observed for incidents involving civilians point/holding and firing guns.
Table 19: Modes on two measures of imminent threat, predicting the odds of fatal vs non-fatal
outcome
Weapon type
Threat level
Model
Model
Model
Model
Model
Model
Variables
1-1
1-2
1-3
2-1
2-2
2-3
OR(SE) OR(SE) OR(SE) OR(SE) OR(SE) OR(SE)
Weapon typea
Unarmed
1.03
1.11
1.30
(0.18)
(0.20)
(0.26)
Knife/Blunt object
2.20*** 2.08*** 1.92***
(0.30)
(0.30)
(0.32)
Vehicle
0.24*** 0.27*** 0.29***
(0.04)
(0.05)
(0.05)
Threat levelb
Fleeing
0.40***
0.47**
0.63
(0.12)
(0.14)
(0.21)
Furtive movement
1.07
1.02
1.17
(0.27)
(0.27)
(0.34)
Physical attack
1.78**
2.08*** 2.74***
(0.45)
(0.55)
(0.83)
Use of knife/blunt object
2.33*** 2.28*** 2.30***
(0.36)
(0.38)
(0.43)
Point/holding a gun
1.13
1.17
1.40**
(0.14)
(0.16)
(0.21)
Vehicle ramming
0.26*** 0.29*** 0.33***
(0.05)
(0.05)
(0.07)
Environmental controls
Weekends
1.02
1.03
1.02
1.03
(0.11)
(0.13)
(0.12)
(0.13)
Nighttime
0.77**
0.82*
0.76***
0.82*
(0.08)
(0.09)
(0.08)
(0.09)
1st quarterc
0.82
0.77*
0.82
0.78
(0.11)
(0.12)
(0.11)
(0.12)
2nd quarterc
0.73**
0.69**
0.73**
0.69**
(0.10)
(0.11)
(0.10)
(0.11)
4th quarterc
0.90
0.80
0.87
0.77*
(0.13)
(0.12)
(0.12)
(0.12)
Residential premises
1.20*
1.02
1.18
0.99
(0.13)
(0.12)
(0.13)
(0.12)
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Table 19: (continued)
Variables
Model
1-1
OR(SE)
Situational controls
Proactive initiation
Multiple civilians
Multiple agencies
Officer casualty
BWC wearing

Weapon type
Model
Model
1-2
1-3
OR(SE) OR(SE)
0.91
(0.10)
0.57***
(0.09)
1.87***
(0.36)
1.21
(0.16)
2.09***
(0.43)

1.07
(0.13)
0.71*
(0.13)
1.44*
(0.30)
0.98
(0.14)
1.71**
(0.38)

1.24
(0.18)
1846

1.02
(0.24)
1.77***
(0.27)
1.04
(0.23)
1.38**
(0.19)
1.78***
(0.31)
2.13***
(0.41)
0.88
(0.10)
1.27
(0.37)
1571

Individual controls
Civilian males
Mental illness signs
Younger than 20d
30-39d
40-49d
50 or olderd
Civilian nonwhites
Intercept

1.01
(0.06)
1887

Model
2-2
OR(SE)

0.96
(0.09)
1883

Threat level
Model
Model
2-2
2-3
OR(SE) OR(SE)
0.92
(0.10)
0.58***
(0.09)
1.93***
(0.37)
1.19
(0.17)
2.12***
(0.44)

1.07
(0.13)
0.72*
(0.13)
1.52**
(0.32)
1.02
(0.16)
1.75**
(0.39)

1.17
(0.20)
1842

1.02
(0.25)
1.72***
(0.26)
0.94
(0.21)
1.39**
(0.19)
1.75***
(0.31)
2.16***
(0.42)
0.89
(0.10)
1.08
(0.33)
1567

Observations
Model diagnostics
Adjusted McFadden R2
0.052
0.069
0.075
0.060
0.076
0.082
AIC
2478.01 2383.16 1982.45 2451.67 2359.38 1964.03
BIC
2500.18 2465.97 2100.35 2490.45 2458.71 2097.95
Notes:
Abbreviations: OR=odds ratio, SE=standard error; AIC=Akaike’s Information Criteria;
BIC=Bayesian Information Criteria.
Reference categories: a Firearm; b Firing a gun; c 3rd quarter; d Age 20-29
*** p<.01, ** p<.05, * p<.1

The significance and directions of the influence of imminent threat measures on fatality
remained largely unchanged after controlling for environmental, situational, and individual
controls. Since those control variables functioned in similar manners for models examining
weapon type and threat level, the following interpretation focuses on models examining threat
level with better model fit. In Model 2-2, fatal shootings were significantly less likely to occur
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during nighttime (OR=0.76, p<0.01), in the second rather than the third quarter of 2015
(OR=0.73, p<0.05), and when officers encountered two or more civilians (OR=0.58, p<0.01).
Shootings were significantly more likely to become fatal when involving multiple agencies (OR=
1.93, p <0.01) and officers wearing BWC (OR= 2.12, p<0.01). After controlling for additional
individual features in Model 2-3, the odds of being shot and killed became statistically
insignificant for incidents involving civilians fleeing, but yielded significance for incidents
involving civilians point/holding guns (OR= 1.40, p<0.05). In addition, effects of nighttime and
multiple civilians disappeared. The odds of being shot and killed were significantly higher when
officers encountered civilians displaying some mental illness signs (OR= 1.72, p<0.01). The
most affected age groups were those in the 50 years or older age group (OR= 2.16, p<0.01),
followed by 40-49 years (OR= 1.75, p<0.01) and 30-39 years age groups (OR= 1.39, p<0.01),
facing increased odds of death compared to those who were between the ages of 20 and 26.
The coding of officer casualty (whether officers were injured or killed) and BWC wearing,
and civilians’ mental illness signs was based on the coding scheme assumption of “non-reporting
as non-existence” (NRNE), under which a value of 0 was often assigned when no information on
those attributes were retrieved from media reports. Such coding would inherently introduce
measurement error to the data in that attributes for non-fatal shootings would be more likely to
be coded as zeros given their less newsworthy nature compared to fatal shootings. Thus, the
newsworthiness-driven reporting on those attributes could be one possible explanation for why
BWC wearing and mental illness signs significantly predicted the increased odds of fatal
outcomes.
Since results were interpreted only in relation to the chosen reference categories, this study
further compared Model 2-3’s the adjusted predicted probabilities of fatal outcomes occurring
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across levels of threats while holding other covariates at their means (see Figure 14). On average
the predicted probability of being shot and killed was the highest for incidents involving physical
confrontations (Adjusted Predicted Prob.=0.77, 95% CI: 0.67-0.87), followed by incidents where
knives or blunt objects were being used as weapons (Adjusted Predicted Prob.=0.73, 95% CI:
0.68-0.79). These were about 50% higher than it was for incidents involving vehicle ramming
(Adjusted Predicted Prob.=0.28, 95% CI: 0.22-0.35). The probability of being shot and killed
was similar for incidents in which civilians were moving furtively (Adjusted Predicted
Prob.=0.59, 95% CI: 0.46-0.71) and firing guns (Adjusted Predicted Prob.=0.55, 95% CI: 0.490.60).

Figure 14: Adjusted predicted probabilities of the fatal outcome by threat level estimated in Model 2-3, with 95%
confidence intervals.

145
Imminent threat has been, theoretically and practically, identified as the most influential
factor in determining officers’ decision to shoot. At the time of shots fired by the police, different
threatening circumstances posed by civilians would predict different probabilities of being shot
and killed.
7.2.1.2 Modeling the Effect of Timely Trauma Care Access
Examining the life-saving role of timely trauma care access was limited to fatal and
injurious shootings (Nfatal shootings= 928, Ninjurious shootings=709). This study first performed the
modeling with the drive time measure combined with each measure of number of trauma centers
available within 20 to 120 minutes of drive time intervals.
Table 20: Bivariate modeling with measures of timely trauma care access.
M1
M2
M3
M4
M5
M6
Variables
X=20
X=40
X=60
X=80
X=100
X=120
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
Drive time
1.00
1.00
1.00
1.00
1.00
1.00
(0.00)
(0.00)
(0.00)
(0.00)
(0.00)
(0.00)
N trauma centers [X]mins
0.92*
0.97**
0.98**
0.99**
0.99
0.99
(0.04)
(0.01)
(0.01)
(0.01)
(0.01)
(0.00)
Intercept
1.44***
1.46***
1.43***
1.42***
1.39***
1.39***
(0.13)
(0.13)
(0.13)
(0.13)
(0.13)
(0.13)
Observations
1634
1634
1634
1634
1634
1634
Model diagnostics
Adjusted McFadden R2
-0.001
0.000
-0.000
-0.001
-0.001
-0.001
AIC
2237.157
2235.292
2236.438
2237.165
2238.731
2239.103
BIC
2253.353
2251.489
2252.635
2253.361
2254.927
2255.300
Notes:
Abbreviations: OR=odds ratio, SE=standard error; AIC=Akaike’s Information Criteria; BIC=Bayesian
Information Criteria.
*** p<.01, ** p<.05, * p<.1

Models in Table 20 suggested that the estimated drive time (in minutes) of a route from a
shooting site to its nearest trauma center (Level I/II) did not significantly differentiate the odds of
being killed or wounded (p>0.05). In contrast, the number of Level I/II trauma centers within
specific drive time intervals (40, 60, and 80 minutes) were significantly associated with a slightly
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decreased odds of being killed by officer-inflicted gunshot wounds. The life-saving effects
appeared to become attenuated as the drive time intervals increased from 40 to 80 minutes and
become insignificant when considering trauma centers beyond the 80-munite drive time interval.
Table 21 shows the modeling results from examining each of the three significant
predictors (N trauma centers 40/60/80mins) combined with the drive time measure, while
controlling for the designated level of the nearest trauma center, the average beds provided by
trauma centers available within the corresponded drive time intervals (Ave. beds 40-80mins),
and other incident-level covariates. After controlling for situational and environmental
covariates, significant associations were observed with decreased odds of being killed in the
number of trauma center available within 40-minute (OR= 0.97, p<0.05 in Model 1-1) and 80minute drive time (OR= 0.98, p<0.05 in Model 3-1). No significant effects on the fatality
outcome were found for the drive time measure and the average number of beds across available
trauma centers. This study observed that the odds of civilian death would be significantly
reduced by 26-29% across models when the identified nearest trauma center was designated as
Level I, those capable of providing the most comprehensive care for trauma patients. This result
leaves open the possibility that the life-saving effect of trauma care may be determined by both
the quantity and the quality of trauma care resources.
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Table 21: Multivariate modeling with the number of trauma centers available within 40/60/80-minute drive
time and other covariates.
X=40mins
X=60mins
X=80mins
Model
Model
Model
Model
Model
Model
Variables
1-1
1-2
2-1
2-2
3-1
3-2
OR(SE)
OR(SE)
OR(SE)
OR(SE) OR(SE)
OR(SE)
Drive time(minutes)
1.00
1.00
1.00
1.00
1.00
1.00
(0.00)
(0.00)
(0.00)
(0.00)
(0.00)
(0.00)
N trauma centers [X]mins
0.97**
1.01
0.98*
1.01
0.98**
1.00
(0.01)
(0.02)
(0.01)
(0.01)
(0.01)
(0.01)
Ave. beds [X]mins
1.00
1.00
1.00*
1.00**
1.00
1.00
(0.00)
(0.00)
(0.00)
(0.00)
(0.00)
(0.00)
Level I nearest trauma center
0.72***
0.73***
0.72***
0.73**
0.71***
0.74**
(0.08)
(0.09)
(0.08)
(0.09)
(0.08)
(0.09)
Situational controls
Fleeinga
0.52*
0.67
0.53*
0.66
0.53*
0.67
(0.17)
(0.25)
(0.18)
(0.24)
(0.17)
(0.25)
Furtive movementa
1.00
1.00
0.99
0.98
0.98
1.00
(0.29)
(0.31)
(0.28)
(0.30)
(0.28)
(0.31)
Physical attacka
1.56
2.06**
1.56
2.08**
1.55
2.07**
(0.44)
(0.66)
(0.44)
(0.67)
(0.44)
(0.67)
Use of knife/blunt objecta
1.74***
1.65**
1.76***
1.66**
1.74***
1.66**
(0.31)
(0.33)
(0.31)
(0.33)
(0.31)
(0.33)
Point/holding a guna
1.00
1.20
1.00
1.20
0.99
1.20
(0.15)
(0.20)
(0.15)
(0.20)
(0.15)
(0.20)
Vehicle ramminga
0.33***
0.37***
0.32***
0.37*** 0.33***
0.37***
(0.07)
(0.08)
(0.07)
(0.08)
(0.07)
(0.08)
Proactive initiation
1.04
1.13
1.06
1.15
1.04
1.12
(0.12)
(0.15)
(0.13)
(0.16)
(0.12)
(0.15)
Multiple civilians
0.67**
0.74
0.68**
0.76
0.67**
0.74
(0.11)
(0.15)
(0.12)
(0.15)
(0.12)
(0.15)
Multiple agencies
1.75***
1.40
1.78***
1.42
1.77***
1.40
(0.38)
(0.32)
(0.38)
(0.33)
(0.38)
(0.32)
Officer casualty
1.14
0.97
1.14
0.97
1.13
0.97
(0.18)
(0.16)
(0.18)
(0.16)
(0.18)
(0.16)
BWC wearing
1.94***
1.66**
1.93***
1.63**
1.93***
1.63**
(0.43)
(0.40)
(0.43)
(0.39)
(0.43)
(0.39)
Environmental controls
Weekends
1.04
0.99
1.03
0.98
1.04
1.00
(0.13)
(0.14)
(0.13)
(0.13)
(0.13)
(0.14)
Nighttime
0.75***
0.79**
0.75***
0.78**
0.75***
0.79**
(0.08)
(0.10)
(0.08)
(0.10)
(0.08)
(0.10)
1st quarterb
0.80
0.72*
0.79
0.72*
0.80
0.72*
(0.12)
(0.12)
(0.12)
(0.12)
(0.12)
(0.12)
2nd quarterb
0.68***
0.62***
0.68***
0.62*** 0.68***
0.62***
(0.10)
(0.11)
(0.10)
(0.11)
(0.10)
(0.11)
4th quarterb
0.86
0.79
0.87
0.80
0.86
0.79
(0.13)
(0.14)
(0.13)
(0.14)
(0.13)
(0.14)
Residential premises
1.16
1.00
1.17
1.01
1.17
1.01
(0.14)
(0.13)
(0.14)
(0.13)
(0.14)
(0.13)
Individual controls
Civilian males
0.73
0.75
0.73
(0.21)
(0.21)
(0.21)
Mental illness signs
1.59***
1.61***
1.59***
(0.26)
(0.26)
(0.26)
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Table 21: (continued)
Variables

X=40mins
Model
Model
1-1
1-2
OR(SE)
OR(SE)

X=60mins
Model
Model
2-1
2-2
OR(SE)
OR(SE)

X=80mins
Model
Model
3-1
3-2
OR(SE)
OR(SE)

0.91
(0.22)
1.32*
(0.20)
1.73***
(0.33)
2.06***
(0.43)
0.89
(0.12)
2.76***
(1.02)
1381

0.90
(0.22)
1.29*
(0.19)
1.68***
(0.32)
2.05***
(0.43)
0.92
(0.12)
3.08***
(1.14)
1381

0.92
(0.22)
1.32*
(0.20)
1.73***
(0.33)
2.07***
(0.43)
0.91
(0.12)
3.36***
(1.40)
1381

Individual controls
Younger than 20c
30-39c
40-49 c
50 or olderc
Civilian nonwhites
Intercept

2.31***
(0.49)
1579

2.48***
(0.53)
1579

2.56***
(0.69)
1579

Observations
Model diagnostics
Adjusted McFadden R2
0.047
0.048
0.048
0.052
0.047
0.049
AIC
2052.690 1704.833 2048.953 1698.544 2052.289 1704.176
BIC
2170.710 1856.519 2166.973 1850.230 2170.309 1855.862
Notes:
Abbreviations: OR=odds ratio, SE=standard error; AIC=Akaike’s Information Criteria; BIC=Bayesian
Information Criteria.
Reference categories: a Firing a gun; b 3rd quarter; c Age 20-29.
*** p<.01, ** p<.05, * p<.1

Figure 15: Adjusted predicted probabilities of the fatal outcome for the observed range number of trauma centers
within specific drive time intervals
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Figure 15 compares the marginal effects of models 1-1, 2-1, and 3-1, for the observed
range (0-10) number of trauma centers available within 40-, 60-, and 80- minute drive time,
while holding other situational and environmental covariates at their means. The adjusted
predicted probability of being killed was about 60% when there was no Level I/II trauma center
within the three drive time intervals. A larger effect was observed for increasing the number of
trauma centers within 40-mintue drive time to ten, reducing the probability of being killed by
8%.

Figure 16: Log odds and 95% confidence intervals for modeling the number of trauma centers within 40-minute
drive time.
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Figure 16 compares log odds and 95% confident intervals between models examining the
life-saving effects of trauma centers within 40-minute drive time, with and without civilian
covariates. For the models with and without controlling for civilian covariates, significant
associations existed for the variables/categories of use of knife/blunt object, vehicle ramming,
BWC wearing, nighttime, the 2nd quarter of 2015. Older civilians at the age groups of 40-49
years and 50 years or older, and those displaying mental illness signs still had increased odds of
death, after controlling for timely access to trauma center.
Subsequent modeling incorporated the level of the nearest trauma center due to its
significant effect consistently observed across models, and the number of the available trauma
centers within 40-minute drive time producing its effect most strongly among measures within
different drive time intervals. It should be reiterated that modeling with timely trauma care
access measures would be restricted to the samples of fatal and injurious shootings.
7.2.1.3 Modeling the Effect of Civilian Race
Models 1-1 and 2-1 of Table 22 examined the bivariate relationship between civilian race
and fatality outcome for the sample with and without missed-shot shootings, respectively. Nonwhite civilians were significantly less likely to be shot and killed than whites, in relation to the
odds of getting involved in either fatal or injurious shootings (Model 1-1: OR=0.67, p<0.01;
Model 2-1: 0.65, p<0.01). The significant negative race effect was retained after controlling for
either or both measures of threat level and timely trauma care access, along with other situational
and environmental covariates (as shown in Models 1-2 and 2-2 of Table 22). In Models 1-3 and
2-3, the additional inclusion of civilian age group and mental illness signs appeared to eliminate
the negative race effect completely. But it did not change the statistical significance and direction
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of the observed associations with fatality outcome for measures of imminent threat and timely
trauma care access.
Table 22: Bivariate and multivariate modeling with civilian race and other covariates for the samples
including and excluding missed-shot shootings.
Variables
Fatal vs Non-Fatal
Fatal vs Injurious
Model
Model
Model
Model
Model
Model
1-1
1-2
1-3
2-1
2-2
2-3
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
Civilian nonwhites
0.67***
0.71***
0.89
0.65***
0.72***
0.89
(0.07)
(0.08)
(0.10)
(0.07)
(0.09)
(0.12)
Fleeinga
0.58*
0.63
0.61
0.67
(0.19)
(0.21)
(0.22)
(0.25)
Furtive movementa
1.11
1.17
0.98
0.99
(0.31)
(0.34)
(0.30)
(0.31)
Physical attacka
2.63***
2.74***
1.96**
2.07**
(0.79)
(0.83)
(0.62)
(0.67)
Use of knife/blunt objecta
2.46***
2.30***
1.78***
1.65**
(0.44)
(0.43)
(0.34)
(0.33)
Point/holding a guna
1.37**
1.40**
1.19
1.20
(0.20)
(0.21)
(0.19)
(0.20)
Vehicle ramminga
0.32***
0.33***
0.36***
0.37***
(0.06)
(0.07)
(0.08)
(0.08)
N trauma centers 40mins
1.00
1.00
(0.02)
(0.02)
Level I nearest trauma center
0.75**
0.73***
(0.09)
(0.09)
Proactive initiation
0.95
1.07
1.02
1.12
(0.11)
(0.13)
(0.13)
(0.15)
Multiple civilians
0.60***
0.72*
0.66**
0.74
(0.10)
(0.13)
(0.12)
(0.15)
Multiple agencies
1.68**
1.52**
1.55*
1.42
(0.35)
(0.32)
(0.35)
(0.33)
Officer casualty
1.01
1.02
0.98
0.97
(0.15)
(0.16)
(0.16)
(0.16)
BWC wearing
1.83***
1.75**
1.77**
1.65**
(0.40)
(0.39)
(0.42)
(0.39)
Weekends
1.02
1.03
1.01
1.00
(0.13)
(0.13)
(0.13)
(0.14)
Nighttime
0.80**
0.82*
0.78**
0.79**
(0.09)
(0.09)
(0.09)
(0.10)
1st quarterb
0.79
0.78
0.73*
0.72*
(0.12)
(0.12)
(0.12)
(0.12)
2nd quarterb
0.72**
0.69**
0.65**
0.62***
(0.11)
(0.11)
(0.11)
(0.11)
4th quarterb
0.78*
0.77*
0.79
0.79
(0.12)
(0.12)
(0.13)
(0.14)
Residential premises
1.11
0.99
1.11
1.00
(0.13)
(0.12)
(0.14)
(0.13)
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Table 22: (continued)
Variables
Civilian males
Mental illness signs
Younger than 20c
30-39c
40-49c
50 or olderc
Intercept

Fatal vs Non-Fatal
Model
Model
Model
1-1
1-2
1-3
OR(SE)
OR(SE)
OR(SE)
1.02
(0.25)
1.72***
(0.26)
0.94
(0.21)
1.39**
(0.19)
1.75***
(0.31)
2.16***
(0.42)
1.57***
1.80***
1.08
(0.11)
(0.34)
(0.33)
1640
1595
1567

Fatal vs Injurious
Model
Model
2-2
2-3
OR(SE)
OR(SE)
0.73
(0.21)
1.58***
(0.26)
0.91
(0.22)
1.31*
(0.20)
1.73***
(0.33)
2.06***
(0.43)
2.18***
3.24***
2.88***
(0.18)
(0.72)
(1.04)
1442
1399
1381
Model
2-1
OR(SE)

Observations
Model diagnostics
Adjusted McFadden R2
0.006
0.073
0.082
0.006
0.044
0.050
AIC
2237.840
2025.218 1964.027 1880.138 1746.546 1701.382
BIC
2248.645
2127.336 2097.950 1890.685 1856.660 1842.607
Notes:
Abbreviations: OR=odds ratio, SE=standard error; AIC=Akaike’s Information Criteria; BIC=Bayesian
Information Criteria.
Reference categories: a Firing a gun; b 3rd quarter; c Age 20-29.
*** p<.01, ** p<.05, * p<.1

7.2.2 Modeling ZCTA-Level Variables

Models in Table 23 assessed whether police shootings occurred in ZCTAs characterized
by higher violent crime risk and more concentrated disadvantage were more likely to be fatal
rather than non-fatal. Bivariate models (Model 1 and Model 2) revealed unexpected associations
that higher factor scores constructed for violent crime risk (OR= 0.83, p<0.01) and concentrated
disadvantage (OR= 0.86, p<0.01) were significantly associated with decreased odds of fatal
outcomes. This study generated the spatially weighted versions of violent crime risk and
concentrated disadvantage to control for potential neighboring effects. Given that the violent
crime risk score was highly correlated with its spatially weighted measure (Pearson’s r = 0.88,
p<0.01), only the spatially weighted concentrated disadvantage was added to models 3 to 7 along
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with other contextual controls, thus eliminating multicollinearity. With only contextual controls
in Model 3, the magnitude of the negative effect risk of crime violent was reduced, but still
retained its statistical significance (OR=0.90, p<0.05), and measures of focal and neighboring
concentrated disadvantage became insignificant (p>0.05). Increased odds of fatal police
shootings occurred in the South, (OR=2.36, p<0.01) and West (OR=1.56, p<0.05) census
regions. This suggested that certain broader contextual characteristics other than violent crime
risk and concentrated disadvantage could be more influential in distinguishing FNPFS.
Table 23: Bivariate and multivariate modeling with violent crime risk, concentrated disadvantage, and other covariates.
Fatal vs Nonfatal
Fatal vs Injurious
Variables
Model 1
Model 2
Model 3
Model 4
Model 5
Model 6
Model 7
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
Violent crime risk
0.83***
0.90**
0.89*
0.94
0.91
0.95
(0.03)
(0.05)
(0.05)
(0.06)
(0.05)
(0.06)
Concentrated disadvantage
0.86***
1.05
1.06
1.14
1.05
1.15
(0.04)
(0.08)
(0.09)
(0.10)
(0.09)
(0.11)
Lagged concentrated disadvantage
0.88
0.90
0.97
0.90
0.93
(0.08)
(0.09)
(0.11)
(0.10)
(0.12)
Ln(population density)
0.96
0.96
1.01
0.97
0.98
(0.03)
(0.03)
(0.04)
(0.04)
(0.04)
Gini index
0.20
0.11**
0.14*
0.11*
0.10*
(0.19)
(0.12)
(0.16)
(0.13)
(0.13)
Racial heterogeneity
1.55
1.51
1.85*
1.40
1.62
(0.45)
(0.48)
(0.66)
(0.47)
(0.62)
Middle Westa
1.31
1.40
1.47
1.41
1.66**
(0.26)
(0.30)
(0.35)
(0.32)
(0.42)
Southa
1.56**
1.67***
1.75***
1.48*
1.65**
(0.28)
(0.32)
(0.38)
(0.31)
(0.38)
Westa
2.36***
2.19***
2.63***
1.98***
2.58***
(0.43)
(0.43)
(0.59)
(0.42)
(0.61)
Fleeingb
0.45**
0.65
0.52**
0.73
(0.14)
(0.22)
(0.17)
(0.27)
Furtive movementb
0.93
1.04
0.90
0.88
(0.25)
(0.30)
(0.26)
(0.27)
Physical attackb
1.91**
2.65***
1.50
2.01**
(0.52)
(0.82)
(0.43)
(0.66)
Use of knife/blunt objectb
2.19***
2.11***
1.61***
1.54**
(0.36)
(0.40)
(0.28)
(0.30)
Point/holding a gunb
1.09
1.32*
0.92
1.14
(0.14)
(0.19)
(0.13)
(0.18)
Vehicle rammingb
0.25***
0.32***
0.30***
0.37***
(0.05)
(0.06)
(0.06)
(0.08)
Multiple civilians
0.58***
0.70**
0.68**
0.79
(0.09)
(0.13)
(0.12)
(0.15)
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Table 23: (continued)
Variables

Model 1
OR(SE)

Multiple agencies
BWC wearing
Nighttime
1st quarterc
2nd quarterc
4th quarterc

Fatal vs Nonfatal
Model 2
Model 3
Model 4
OR(SE)
OR(SE)
OR(SE)
1.73***
(0.34)
1.97***
(0.42)
0.77**
(0.08)
0.83
(0.12)
0.74**
(0.11)
0.86
(0.12)

Civilian nonwhites
Mental illness signs
Younger than 20d
30-39d
40-49d
50 or olderd

Model 5
OR(SE)
1.58**
(0.34)
1.58**
(0.36)
0.83*
(0.09)
0.79
(0.12)
0.72**
(0.12)
0.76*
(0.12)
0.82
(0.11)
1.76***
(0.27)
1.06
(0.25)
1.37**
(0.19)
1.68***
(0.30)
2.11***
(0.41)

N trauma centers 40mins
Level I nearest trauma center
Intercept

1.04
(0.05)
1896

1.02
(0.05)
1893

1.43
(0.73)
1890

2.49
(1.44)
1826

1.20
(0.77)
1557

Fatal vs Injurious
Model 6
Model 7
OR(SE)
OR(SE)
1.65**
1.44
(0.36)
(0.33)
1.87***
1.53*
(0.42)
(0.38)
0.74***
0.78**
(0.08)
(0.10)
0.80
0.71*
(0.12)
(0.12)
0.69**
0.66**
(0.10)
(0.11)
0.84
0.78
(0.13)
(0.14)
0.85
(0.12)
1.60***
(0.26)
1.01
(0.25)
1.33*
(0.20)
1.68***
(0.32)
2.01***
(0.42)
0.98
1.01
(0.02)
(0.02)
0.86
0.84
(0.10)
(0.11)
4.44**
3.11
(2.77)
(2.17)
1570
1373

Observations
Model diagnostics
Adjusted McFadden R2
0.011
0.003
0.021
0.091
0.096
0.057
0.060
AIC
2599.674 2616.084 2564.921 2300.933 1919.730 2016.885 1670.018
BIC
2610.769 2627.176 2620.364 2427.660 2074.895 2150.855 1831.986
Notes:
Abbreviations: OR=odds ratio, SE=standard error; AIC=Akaike’s Information Criteria; BIC=Bayesian Information
Criteria.
Reference categories: a South; b Firing a gun; c 3rd quarter; d Age 20-29.
*** p<.01, ** p<.05, * p<.1

Since measures of trauma care access were hypothesized to only differentiate fatal and
injurious police shootings, this study tested two sets of multivariate models with and without
trauma care measures, respectively predicting the odds of fatal versus injurious (Model 6-7) and
the odds of fatal versus non-fatal shootings (Model 4-5). Each Model set included significant
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situational, environmental, and individual predictors that appeared in previous modeling, except
for civilian covariates that would be added into models (Model 4 and Model 7) after controlling
for other incident-level covariates. This modeling approach aimed to detect whether parameter
estimations would vary across different analytical samples that were introduced by incorporating
civilian covariates containing missing values and predicting different fatality outcomes.
Regardless of the predicted outcomes, inclusion of incident-level covariates shows a negative,
though not significant contextual effect of violent crime risk (p>0.05). In the full models
additionally adjusted for civilian covariates (Model 5 and Model 7), statistical significance
persists in predicting both outcomes for variables of regional dummies (West and South), threat
level (physical attack, use of knife/blunt object, and vehicle ramming), 2nd quarter of 2015,
mental, and older age groups (30-39, 40-49, and 50 and older). No significant associations were
found for measures of timely trauma care access in models 6 and 7 predicting the odds of fatal
and injurious shootings.
7.2.3 Remodeling Incident- and ZCTA-Level Variables Using Multiply Imputed Data

Parameter estimates in multivariate models were subject to bias introduced by a moderate
amount of missing values (17%) in civilian age group and race variables. More non-fatal
shootings were excluded from analysis through listwise deletion across models with controls,
especially when controlling for civilian age group and race. Thus, any substantive conclusions
should be drawn by comparing the results from complete case analysis and analysis on multiply
imputed data as a sensitivity check. After modeling the effects of incident- and ZCTA-level
predictors through complete case analysis, this study performed multiple imputation by chained
equations (MICE) for multivariate missing data at the incident level.
7.2.3.1 Imputation Specification
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Table 24: The specified multiple imputation model
Imputation approach: multivariate multiple imputation via chained equations.
Number of imputations: 20

Iterations per imputation: 20

Variables used for predicting the missingness:
• Outcome: civilian fatality.
• Situational: multiple civilians, multiple agencies, officer casualty, BWC wearing, drive time,
Level I nearest trauma center, N trauma centers 40mins, Ave. beds 40mins.
• Environmental: Quarter.
• Individual: Mental illness signs.
• Contextual: Violent crime risk, concentrated disadvantage, lagged concentrated disadvantage,
ln(population density), Gini index, and racial heterogeneity.
Chained equations for imputed variables:
• Logistic regression: civilian nonwhites, nighttime, proactive initiation, residential premises.
• Ordinal logistic regression: civilian age group.
• Augmented multinomial logistic regression: threat level.
• Augmented logistic regression: civilian males.
Observations per imputation
Imputed variables
Complete Incomplete
Imputed
Total
Residential premises
1,906
1
1
1,907
Proactive initiation

1,905

2

2

1,907

Civilian males

1,892

15

15

1,907

Threat level

1,883

24

24

1,907

Nighttime

1,867

40

40

1,907

Civilian age group

1,772
1,640

135
267

131
261

1,907
1,907

Civilian nonwhites

Table 24 specified the imputation models for incomplete variables at the incident level.
The imputation model contained the covariates and outcomes that were included in previous
multivariate analyses, to avoid bias and gain precision for imputations (White et al., 2011). Less
than 5% missing data existed in measures of trauma care access and ZCTA-level characteristics.
Since their missingness’ largely resulted from data merging rather than the newsworthinessdriven media reporting that supports the assertation of the missing at random mechanism5, this

5

Measures of trauma care access were not generated for five shootings occurred in Hawaii islands without the driving routes to
any Level I/II trauma centers. No or incomplete ZCTA-level data appended to shootings were attributed to (1) no ZIP codes were
generated (n=7) due to insufficient information on incident addresses, (2) the identified ZIP codes were not appeared in AGS or
ACS (=6), and (3) one or more ZCTA-level characteristics were not available in ACS (=4).
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study did not impute but incorporated these near-complete variables into the imputation model
along with fatality outcome (fatal vs non-fatal) and other incident-level covariates with complete
data, as predictors to add stability to the imputation models. Previous models had assessed
multiple measures for the same or similar constructs (i.e., threat level and weapon type, the
number of trauma centers and the average beds within different drive time intervals). Instead, the
imputation model only included one measure of each construct to avoid the problem of nonconvergence in presence of highly correlated variables. Prediction equations were specified as
logistic regression for binary variables (civilian nonwhites, males, nighttime, proactive initiation,
residential premises), ordered logistic regression for civilian age group, and multinomial logistic
regression for threat level that was treated as an unordered categorical variable. Augmentation
was performed for imputing variables of civilian males and threat level for which perfect
prediction occurred (the male category is all one for the observed, see White et al., 2010).
Following a rule of thumb suggested by White et al. (2011) that the number of imputations
should at least be equal to the percentage of overall missingness, this study performed 20
imputations to address 19% overall missingness, of which most were attributed to the variables
of civilian race and age group. Twenty iterations or cycles (Van Buuren et al., 1999) were carried
out within each of 20 imputations. In each imputed dataset, no imputed data were generated for
either or both of civilian nonwhites and age group for 7 shootings, because the ZCTA-level
information for those shootings was unmerged or missing.
This study re-estimated several multivariate logistic models using the multiply imputed
data. Parameter estimates and standard errors from each of the twenty imputed dataset were
pooled into a single set of statistics using Rubin’s rules (1987), accounting for the uncertainty
associated with the imputed values. Prior to comparing the results of analysis using complete
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data and multiply imputed data, this study performed imputation diagnostics to ensure a valid
imputation without producing problematic imputed data.
7.2.3.2 Imputation Diagnostics
Figure 17 displays the trace plots of the predicted mean values for imputed variables over
20 iterations per imputation. Each chain represents one of the 20 imputed datasets. All chains
seem to oscillate around the observed mean values for each variable without apparent anomalies,
providing some evidence of convergence of the MICE algorithm. Graphical diagnostics were
performed by using the “midiagplots” Stata command (Eddings & Marchenko, 2012). These
showed that within each imputation for each variable, the imputed categories reasonably
reflected the observed ones, and the distributions of the observed and the completed data
(combining the observed and the imputed data) were very similar. Since similar patterns
occurred for all 20 imputations, Figure 18 only compares the distributions of the observed,
imputed, and completed data for the first imputation.

Notes: Each colored line represents one chain of 20 iterations performed for the imputed data.
Figure 17: Trace plots of predictive means of incomplete incident-level variables
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Figure 18: Distributions of the observed, imputed, and completed data for the first imputation
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This study also looked at two additional diagnostic statistics—average relative variance
increase (RVI) and the largest fraction of missing information (FMI)—for each logistic Model
that was rerun using the multiply imputed data. Average RVI reports the average relative
increase in variance of the estimates due to missing data, thus the number closer to zero indicates
a less effect of having missing data on the variance of the estimates (StataCorp, 2021). Largest
FMI reports the largest effects all FMIs about coefficient estimates due to missing data. The
number of imputations can be evaluated as sufficient for the analysis when it is 100 times larger
than the largest FMI times (M ≥ 100×FMI).
Table 25: Model diagnostic statistics for the re-estimated multivariate models using multiply imputed data
Model specification
Model diagnostics
Number of
Re-estimated models
With civilian
Average
Largest
observations
Predicted outcome
covariates
RVI
FMI
Modeling threat level
Model 2_2
Fatal vs Nonfatal
No
1,907
0.0080
0.0306
Model 2_3
Fatal vs Nonfatal
Yes
1,900
0.0244
0.1423
Modeling trauma care access measures
Model 1_1
Fatal vs Injurious
No
1,634
0.0066
0.0325
Model 1_2
Fatal vs Injurious
Yes
1,632
0.0216
0.1771
Modeling civilian race
Model 1_3
Fatal vs Nonfatal
Yes
1,900
0.0244
0.1423
Model 2_3
Fatal vs Injurious
Yes
1,632
0.0231
0.1756
Modeling ZCTA-level characteristics
Model 4
No
1,890
0.0063
0.0303
Fatal vs Nonfatal
Model 5
Yes
1,890
0.0229
0.1884
Model 6
No
1,624
0.0058
0.0330
Fatal vs Injurious
Model 7
Yes
1,624
0.0219
0.2154
Notes:
The model numbers corresponded to the numbering used in tables of estimates from previous modeling.
Model 2_3 for modeling threat level and Model 1_3 for modeling civilian race are the same models.

Table 25 lists the re-estimated multivariate models for these two diagnostic statistics for
each model, rerun using multiply imputed data. The average RVIs for models without civilian
covariates (0.006-0.008) were smaller than those for the models incorporating civilian covariates
(around 0.02), indicating that estimates in the models without civilian covariates were less
impacted by missing data in variables of: threat level, residential premises, proactive initiation,
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and nighttime (accounted for less than 5% overall missingness). The largest FMI is 0.22 in the
Model 7, predicting the odds of fatal versus injurious shootings with all incident- and ZCTAlevel covariates, suggesting that 2 additional imputations are needed (= 100 × 0.22) for this
model. However, 20 imputations were sufficient for the rest models.
7.2.3.3 Comparing Results from Complete Cases Analysis and Multiply Imputed Analysis
As shown from Figure 19 to Figure 22, this study restricted attention to compare the odds
ratio and 95% confidence intervals obtained from complete cases analysis (denoted by the blue
color) and multiply imputed data analysis (the red color) for the selected multivariate models.
Those models differed in whether civilian covariates were included and/or whether the outcome
of fatal versus injurious was predicted with trauma care access measures.
In general, standard errors became smaller and confidence intervals became narrower after
imputation. For models predicting the odds of either fatal versus nonfatal or fatal versus injurious
shootings, multiple imputation estimates were very similar to those obtained from the complete
case analysis among the models without civilian covariates. These patterns were consistent with
the very small average RVIs, demonstrating the negligible bias on estimations when modeling
variables containing small amount of missing data (<5%).
Among models predicting the odds of fatal versus nonfatal outcomes with civilian
covariates, multiple imputation estimates of the log odds for most variables differed relatively
little from those estimated using the observed data. Changes in statistical significances only
occurred for a few variables. For example, estimates from the complete case analysis were
significant for incidents involving civilians point/holding guns, and insignificant for incidents
involving civilians fleeing and those occurred during nighttime. However, the multiple imputed
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data analysis reversed these significance patterns back to what had been observed in the models
without civilian covariates. These reversions could be interpreted as gains in the precision of
multiple imputation estimates for variables that are almost complete (White & Carlin, 2010). For
civilian covariates, the significance patterns did not differ between the two analyses. The
significantly increased odds of being shot and killed were consistently observed for civilians in
older age groups (30-39, 40-49, and 50 or older) and those that displayed mental illness signs.
The race effect was only significant for the sample of fatal and non-fatal shootings when
modeling incident-level covariates within the multiply imputed data. After incorporating with
ZCTA-level covariates, the multiple imputation estimate on civilian nonwhites becomes
insignificant (p >0.05).
The life-saving effect of trauma care access measures (N trauma center 40mins and Level I
nearest trauma center) on differentiating fatal and injurious outcomes was examined in presence
of either and both of civilian covariates and ZCTA-level characteristics. In both analyses of the
observed and the multiply imputed data, the significant association between the state-designated
level of the nearest trauma center and the outcome only appeared when modeling with incidentlevel covariates. The significance, however, was eliminated by the presence of the ZCTA-level
covariates. Multiple imputation estimates for most predictors are similar between the models
predicting different outcome measures, but a few displayed the opposite effects. For the sample
of fatal and non-fatal shootings, for example, the odds of being shot and killed significantly
decreased when shooting at fleeing civilians and increased when physically confronting with
civilians. However, these relationships disappeared for the sample of fatal and injurious
shootings. The most likely explanation is a systematic difference in threat level between samples
including and excluding missed-shot incidents. Indeed, excluding about 26% (n=17) of shootings
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at fleeing civilians and 14% (n=67) of shootings at civilians due to their missed-shot outcomes
changed the calculation of the odds ratio.
Considering the impact of including and excluding missed-shot incidents on the features of
study samples, this study chose to only interpret the life-saving effects of trauma care access
measures based on the models predicting the fatal and injurious outcomes. Results of all other
covariates at incident and ZCTA levels relied on the models predicting the fatal and non-fatal
outcomes.

Figure 19: Log odds and 95% confidence intervals from the complete case analysis and the multiply
imputed data analysis, for modeling threat level as the key predictor, with (right) and without (left)
civilian covariates.
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Figure 20: Log odds and 95% confidence intervals from the complete case analysis and the multiply imputed data
analysis, for modeling timely trauma care access as the key predictors, with (right) and without (left) civilian
covariates.
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Figure 21: Log odds and 95% confidence intervals from the complete case analysis and the multiply imputed data
analysis, for modeling civilian nonwhites as the key predictor, with (right) and without (left) civilian covariates.
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Figure 22: Log odds and 95% confidence intervals from the complete case analysis and the multiply imputed data analysis, for predicting fatal vs non-fatal and
fatal vs injurious outcomes with ZCTA-level variables as the key predictors, with and without civilian covariates.
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7.2.4 Modeling Agency-Level Variables

This study examined whether the implementation of certain policies and procedures
regulating use of force by police would further distinguish the odds of fatal and nonfatal
shootings occurring, while controlling for other organizational features. The modeling focused
on detecting the significant agency-level predictors without incorporating predictors at the
incident and ZCTA levels. In Section 7.2.5, a final model incorporating incident-, ZCTA-, and
agency-level variables were proposed to predict the odds of fatal versus non-fatal shootings.
Unlike previous molding with incident- and ZCTA-level covariates capturing the majority
of shooting samples, the modeling of the use-of-force policy effect of was restricted for a limited
number of shootings that were merged with valid agency data. Even for those merged shootings,
some could be excluded from complete data analysis when the incorporated variables contained
missing values (see Section 6.2.1). Thus, inclusion of more organizational covariates from
different agency datasets could result in analytical samples of varying sizes and features.
To examine the policy effect within more comparable models, this study performed two
separate modeling efforts. One focused on examining the effects of the implementation of 8 use
of force policy items derived from the CZ’s UoF policy database, a sample included only the 84
largest local police departments (Nshootings=526). Another model was examined for two samples
of shootings appended with organizational features from the 2013 and 2016 LEMAS survey
waves. Even though the LEMAS agency samples included over 3,000 general purpose state and
local law enforcement agencies, shootings that could not be merged with the LEMAS surveys
but involved local police and county sheriffs accounted for 20% and 30%6 respectively.

6

As shown in Table 17, there were 411 shootings involved local police agencies and 196 shootings involved sheriff’s offices not
merging with the 2016 LEMAS survey. The use of the available 2013 LEMAS data as substitutes for those unmerged with the
2016 LEMAS data, still left about 20% shootings involved local police and sheriffs unmerged.
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Excluding those unmerged shootings reduced the proportion of singletons (one agency
with only one shootings), potentially making the analytical sample of shootings sufficiently
clustered within agencies. Thus, prior to each modeling, it is necessary to check whether there is
a random effect of agency-level variation on the fatality outcome at the incident level. The need
for multilevel modeling could be confirmed by a significant likelihood ratio test (p <0.05) of a
two-level unconditional model for rejecting the null hypothesis that the residual between-group
variance is zero (Rabe-Hesketh & Skrondal, 2008). The Interclass correlation coefficient (ICC)
and median odds ratio (MOR) were used for determined the magnitude of the group-level
variance estimate.
After confirming the modeling structure, this study added agency-level control variables
extracted from the UCR data and the LEMAS surveys into the multivariate modeling, to detect
any substantial changes in sample size, model fit, and parameter estimation.
7.2.4.1 Modeling for Largest Local Police Departments
For the sample of 526 shootings nested within 84 largest local police departments, the
average cluster size was 6.3, with a range of 1 to 37. Model 0 in Table 26 is the null model
(without any covariates) predicting the odds of fatal vs non-fatal shootings. Its likelihood ratio
statistic is 11.63 (p <0.001), which suggests that a multilevel model is preferred to regular
logistic regression. The average between groups-level standard deviation for the null model was
0.66 (ICC=0.12, MOR=1.87), suggesting that the odds of fatal shooting occurring do vary to
some degree among those largest local agencies.
This study performed a series of random intercept models with agency-level characteristics
only, adjusting for clustering and allowing the examination of whether variation in the odds of
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fatal shootings was explained by force policies and other organizational characteristics. The
bivariate models, as shown in Model 1 to 9 in Table 26, demonstrate that after controlling for the
agency effect, each implementation of the eight use-of-force policy items and the restrictiveness
score did not significantly differentiate the odds of fatal shootings occurring. Compared to the
null model, the values of ICC and MOC remained relatively unchanged for all bivariate models.
This implies that such group-level variation could be explained by other organizational features
rather than these use-of-force policy measures. No statistical significance appeared when
modeling binary measures of the implementation of eight force polices (in Model 10 of Table
26).

Table 26: Random intercept models with force policy variables for the samples of shootings involved largest local police departments.
Model 0
Model 1
Model 2
Model 3
Model 4 Model 5
Model 6
Model 7
Variables
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
De-escalation
0.71
(0.18)
Force continuum
0.85
(0.32)
Ban choke/strangleholds
0.74
(0.21)
Verbal warning
1.02
(0.26)
Restrict shooting at moving cars
0.67
(0.19)
Exhaust all other means
0.69
(0.19)
Duty to intervene
1.08
(0.28)
Comprehensive reporting

Model 8
OR(SE)

1.17
(0.41)

Restrictiveness score
Intercept
Random-effects
Between-group SD

Model 9
OR(SE)

0.92
(0.12)

1.05
(0.17)

1.05
(0.36)

0.99
(0.14)

0.91
(0.18)

1.00
(0.14)

1.01
(0.15)

0.89
(0.14)

0.90
(0.12)

0.90
(0.07)
1.26
(0.34)

0.66
(0.16)
526

0.62
(0.16)
526

0.66
(0.16)
526

0.64
(0.16)
526

0.66
(0.16)
526

0.59
(0.17)
526

0.61
(0.16)
526

0.66
(0.16)
526

0.65
(0.16)
526

0.61
(0.16)
526

Model10
OR(SE)
0.68
(0.19)
1.04
(0.37)
0.71
(0.19)
0.94
(0.23)
0.82
(0.26)
0.78
(0.22)
1.17
(0.30)
1.52
(0.54)
1.15
(0.41)
0.51
(0.17)
526

Observations
Model diagnostics
ICC
0.1158
0.10572
0.11599
0.11059
0.11576
0.09588
0.10113
0.11624
0.11468
0.10260
0.07368
MOR
1.87032
1.81279
1.87141
1.84056
1.87009
1.75667
1.78661
1.87288
1.86394
1.79497
1.62896
AIC
719.0943 719.2914 720.9096 719.9748
721.09
719.3306 719.3377 721.0009 720.8973 719.4239 728.6455
BIC
727.6249 732.0873 733.7055 732.7707 733.8859 732.1265 732.1336 733.7968 733.6933 732.2198 771.2985
LR test statistic
11.63*** 8.82*** 11.62*** 11.54*** 11.57*** 6.22***
9.15*** 11.67*** 11.47*** 8.89***
3.95**
Notes:
Abbreviations: OR=odds ratio, SE=standard error; ICC=interclass correlation coefficients; MOR=median odds ratio; AIC=Akaike’s Information Criteria; BIC=Bayesian
Information Criteria; LR test=likelihood ratio test.
*** p<.01, ** p<.05, * p<.1
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Table 27: Random intercept models with restrictiveness score and organizational controls for the samples of shootings involved
largest local police departments.
Model 1
Model 2
Model 3
Model 4
Model 5
Model 6
Model 7
Model 8
Variables
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
Restrictiveness score
1.04
0.94
0.93
0.91
0.91
0.98
0.88
1.02
(0.07)
(0.07)
(0.07)
(0.08)
(0.07)
(0.08)
(0.07)
(0.07)
Ln(police-population ratio)
0.22***
0.22***
(0.06)
(0.07)
Violent crime rate
0.88***
0.95*
(0.03)
(0.03)
Officer killed/assaulted rate
3.02
(3.01)
Proactive policing
1.16
(0.13)
Nonwhite officers %
1.00
(0.01)
Female officers %
0.93**
1.03
(0.03)
(0.03)
CP mission statement
2.25
(1.23)
Intercept
2.62***
2.79***
1.00
0.99
1.18
2.93**
0.63
2.53***
(0.63)
(0.89)
(0.36)
(0.39)
(0.40)
(1.23)
(0.34)
(0.99)
Random-effects
Between-group SD
0.10
0.44
0.59
0.63
0.63
0.50
0.59
0.00
(0.41)
(0.17)
(0.17)
(0.18)
(0.17)
(0.17)
(0.16)
(0.34)
Observations
526
526
501
446
505
513
526
513
Model diagnostics
ICC
0.00331
0.05656
0.09628
0.10903
0.10722
0.07084
0.09520
0.000
MOR
1.10477
1.52750
1.75895
1.83166
1.82134
1.61238
1.75280
1.000
AIC
687.8225 706.0706 688.0171 612.3142 691.8648 696.7472
719.177
669.7103
BIC
704.8837 723.1318 704.8836 628.7155
708.763
713.7083 736.2382 695.1519
LR test statistic
0.02
3.41**
7.13***
7.50***
9.09**
4.43**
8.00***
0.00
Notes:
Abbreviations: OR=odds ratio, SE=standard error; ICC=interclass correlation coefficients; MOR=median odds ratio; AIC=Akaike’s
Information Criteria; BIC=Bayesian Information Criteria; LR test=likelihood ratio test.
*** p<.01, ** p<.05, * p<.1

The next step added each organizational control variable into the models with the
restiveness score as the key predictor. This effort aimed to identify any known agency-level
characteristics attributed to any agency-level variation in the outcome. As shown in Table 27,
the odds of fatal shooting occurring were significantly reduced for agencies with higher shares of
sworn officers per 1000 population in natural log form (OR=0.22, p<0.01), high violent crime
rates (OR=0.88, p<0.01), and a higher proportion of female officers (OR=0.93, p<0.05). Notably,
a very small between-group standard deviation (SDbetween-group = 0.10, ICC=0.00, MOR=1.10) in
Model 1 indicated that inclusion of the natural-logged police-population ratio accounted for all
agency-level variation in predicting the fatality outcome. When controlling for these three
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organizational characteristics simultaneously (in Model 8), the significant effect on the fatality
outcome only persisted for police-population ratio with the same magnitude (OR=0.22 p<0.01)
and the agency-level variation in the outcome was near-zero (SDbetween-group = 0.00, ICC=0.00,
MOR=1.00). Thus, police-population ratio could mainly contribute to the differences in the
fatality outcomes across those largest local police agencies.
7.2.4.2 Modeling for General Purpose State and Local Law Enforcement Agencies
For both LEMAS subsamples, the likelihood ratio tests of the 2-level null models were
statistically significant (the 2013-2016 subsample: LR test=7.77, p<0.01; the 2016 subsample:
LR test=9.42, p<0.01), suggesting multilevel modeling was necessary for adjusting for the
agency effect. Similar random intercept modeling procedures were performed for both LEMAS
subsamples, adjusting for the agency effects (the 2013-2016 subsample: SDbetween-group = 0.48,
ICC=0.07, MOR=1.59; the 2013-2016 subsample: SDbetween-group = 0.52, ICC=0.08, MOR=1.65).
7.2.4.2.1 Fitting to the 2013-2016 LEMAS subsample
Model 1 to 4 in Table 28 provides bivariate examinations on each of the four force-related
variables used in both survey waves, showing no statistical significance (p>0.05). No significant
associations appeared when modeling these force variables simultaneously in Model 5. This
study also examined the bivariate associations of organizational controls with the outcome and
found significant associations for police-population ratio, violent crime rate, and female officer
percentage which also significantly predicted the fatality outcome for the largest municipal
police departments. These effects for police-population ratio and violent crime rate remained
when examining these three organizational controls in multivariate models with and without
force variables (Models 10 & 9). Police-population ratio was negatively associated with the odds
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of fatal vs nonfatal outcome occurring across agencies (OR=0.68, p<0.01). The finding of a
negative association of violent crime rate (OR=0.95, p<0.01) measured at the agency level is
consistent with the result from the previous modeling with violent crime risk at the ZCTA level.
The reduced agency-level variation (SDbetween-group = 0.31, ICC=0.03, MOR=1.34) in Mode 9
implies that inclusion of police-population ratio and violent crime rate largely eliminate
differences in the odds of fatal shootings occurring across agencies.
7.2.4.2.2 Fitting to the 2016 LEMAS subsample
Similar to the results found for the 2013-2016 LEMAS subsample, significant bivariate
associations with the fatality outcome were not found for policy variables (Model 1-9 Table 29)
but were found for police-population ratio and violent crime rate (Models 1 and 2 in Table 30)
in the 2016 LEMAS subsample. Two significant findings at the 0.05 level emerged after
incorporating all policy variables together in Model 10 in Table 29 and Model 5 in Table 30:
The odds of fatal shootings occurring were significantly increased when shootings involved
agencies having written policy or procedural directives on BWC (OR=1.34, p<0.01), and
significantly reduced for agencies having a written policy requiring a separate investigation on
civilian complaints about officers’ use of force (OR=0.74, p<0.01). Among the three policies
requiring an external investigation on specific use of force situations, only requiring an external
investigation on use of force resulting in serious bodily injury was negatively associated with the
fatality outcome at the significant level of 0.1 (OR=0.70, p<0.1).

Table 28: Random intercept models with force policy variables and organizational controls for the 2013-2016 LEMAS subsamples.
Variables
Model 0
Model 1
Model 2
Model 3
Model 4
Model 5
Model 6
Model 7
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
Authorize blunt projectile
Some sworn personnel
1.26
1.36
(0.27)
(0.31)
All sworn personnel
1.48*
1.41
(0.32)
(0.33)
Authorize CED
Some sworn personnel
1.01
0.74
(0.31)
(0.55)
All sworn personnel
1.34
0.97
(0.38)
(0.71)
Document display CED
0.86
0.79*
(0.11)
(0.11)
Document display firearm
1.06
1.16
(0.13)
(0.16)
Ln(police-population ratio)
0.62***
(0.07)
Violent crime rate
0.94***
(0.02)
Female officers %
Intercept
Random-effects
Between-group SD

Model 8
OR(SE)

Model 9
OR(SE)

Model10
OR(SE)
1.42
(0.32)
1.49*
(0.34)

0.98
(0.06)

0.75
(0.14)

0.79
(0.22)

1.09
(0.10)

0.96
(0.08)

0.86
(0.65)

1.38***
(0.15)

1.38***
(0.14)

0.98**
(0.01)
1.27*
(0.18)

0.48
(0.12)
1431

0.45
(0.13)
1427

0.44
(0.13)
1427

0.42
(0.12)
1352

0.48
(0.12)
1399

0.31
(0.16)
1330

0.39
(0.14)
1316

0.39
(0.14)
1313

0.45
(0.13)
1382

0.68***
(0.09)
0.95***
(0.02)
1.00
(0.01)
1.66***
(0.26)

0.91
(0.66)
1.08
(0.77)
0.82
(0.11)
1.15
(0.16)
0.69***
(0.09)
0.96***
(0.02)
1.01
(0.01)
1.09
(0.81)

0.31
(0.17)
1272

0.00
(0.42)
1188

Observations
Model diagnostics
ICC
0.06656
0.05795
0.05620
0.05109
0.06439
0.02796
0.04364
0.04429
0.05891
0.00000
，
MOR
1.58725
1.53591
1.52527
1.49398
1.57443
1.34100
1.44712
1.45127
1.54169
1.33775
1.00004
AIC
1979.426
1974.179
1973.702
1873.243
1936.85
1844.756
1805.099
1799.832
1908.916
1633.554
1633.554
BIC
1989.959
1995.233
1994.756
1888.871
1952.58
1886.299
1820.646
1815.372
1924.61
1689.434
1689.434
LR test statistic (vs. logistic
7.77***
5.35**
5.20**
5.24**
6.91***
1.27
2.98**
3.23**
5.58***
1.19
0.00
model)
Notes:
Abbreviations: OR=odds ratio, SE=standard error; ICC=interclass correlation coefficients; MOR=median odds ratio; AIC=Akaike’s Information Criteria; BIC=Bayesian Information
Criteria; LR test=likelihood ratio test.
*** p<.01, ** p<.05, * p<.1
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Table 29: Random intercept models with force policy variables for the 2016 LEMAS subsamples.
Variables
Model 0
Model 1
Model 2
Model 3
Model 4
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
Authorize blunt projectile
Some sworn personnel
1.30
(0.34)
All sworn personnel
1.57*
(0.43)
Authorize CED
Some sworn personnel
0.86
(0.30)
All sworn personnel
1.26
(0.40)
Document display CED
0.87
(0.12)
Document display firearm
1.12
(0.16)
BWC policy

Model 5
OR(SE)

Model 6
OR(SE)

Model 7
OR(SE)

Model 8
OR(SE)

1.27*
(0.18)
0.79
(0.12)

Death investigation

1.05
(0.15)

Firearm discharge investigation

1.05
(0.16)

Complaint review board

Random-effects
Between-group SD

Model10
OR(SE)

Model11
OR(SE)

1.37
(0.38)
1.33
(0.38)

Injury investigation

Intercept

Model 9
OR(SE)

1.00
(0.07)

0.74
(0.18)

0.89
(0.28)

1.09
(0.12)

0.96
(0.09)

0.87
(0.10)

1.07
(0.09)

0.98
(0.10)

0.99
(0.08)

0.76*
(0.11)
1.10
(0.09)

0.52
(0.12)
1234

0.50
(0.13)
1219

0.48
(0.13)
1218

0.47
(0.12)
1167

0.51
(0.13)
1128

0.54
(0.12)
1222

0.54
(0.12)
1219

0.55
(0.13)
1212

0.54
(0.13)
1219

0.50
(0.13)
1219

2.04
(2.41)
2.96
(3.48)
0.79
(0.12)
1.27
(0.20)
1.34**
(0.19)
0.70*
(0.13)
1.13
(0.19)
1.26
(0.24)
0.74**
(0.10)
0.26
(0.31)

1.36**
(0.20)
0.77*
(0.12)

0.24
(0.22)
1067

0.49
(0.13)
1218

0.70**
(0.10)
1.00
(0.12)

Observations
Model diagnostics
ICC
0.07693
0.06965
0.06600
0.06354
0.07444
0.08216
0.08184
0.08347
0.08115
0.07021
0.01667
0.06677
MOR
1.64787
1.60544
1.58396
1.56937
1.63342
1.67806
1.67621
1.68559
1.67222
1.60872
1.25264
1.58848
AIC
1705.06
1684.567 1681.099 1615.582 1559.491 1687.056 1683.127 1675.328 1685.455 1682.155 1476.202 1677.387
BIC
1715.296
1704.99
1701.519 1615.582 1574.575 1702.38 1698.445 1690.628 1700.772 1697.473 1540.846 1702.912
LR test statistic (vs. logistic
9.42***
6.80***
6.41***
7.01***
8.03*** 10.59*** 10.41*** 10.10*** 9.84***
6.94***
0.35
6.80***
model)
Notes:
Abbreviations: OR=odds ratio, SE=standard error; ICC=interclass correlation coefficients; MOR=median odds ratio; AIC=Akaike’s Information Criteria; BIC=Bayesian Information
Criteria; LR test=likelihood ratio test.
*** p<.01, ** p<.05, * p<.1
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This study further examined the effects of these three force policies with organizational
controls (Model 5 in Table 30). BWC policy implementation was still positively associated with
the odds of fatal shootings occurring (OR=1.44, p<0.01). A significantly decreased odds of
involving fatal shootings was found for agencies requiring an external investigation on civilian
injuries sustained from police use of force (OR=1.44, p<0.01), but not for those having civilian
complaint review boards. Significant negative associations remained for police-population ratio
(OR=0.67, p<0.01) and violent crime rate (OR=0.93, p<0.01). Model 5 also resulted in a
substantial reduction in differences in the fatality across agencies (SDbetween-group = 0.33,
ICC=0.05, MOR=1.47).
Table 30: Random intercept models with the selected force policy variables and organizational controls for the 2016
LEMAS subsamples.
Model 1
Model 2
Model 3
Model 4
Model 5
Variables
OR(SE)
OR(SE)
OR(SE)
OR(SE)
OR(SE)
Ln(police-population ratio)
0.63***
0.68**
0.67**
(0.09)
(0.11)
(0.11)
Violent crime rate
0.93***
0.93***
0.93***
(0.02)
(0.02)
(0.02)
Female officers %
0.98
1.01
1.00
(0.01)
(0.01)
(0.01)
BWC policy
1.44**
(0.22)
Injury investigation
0.72**
(0.11)
Complaint review board
0.98
(0.16)
Intercept
1.40***
1.50***
1.21
1.67***
1.65**
(0.17)
(0.18)
(0.20)
(0.31)
(0.34)
Random-effects
Between-group SD
0.44
0.41
0.51
0.35
0.33
(0.14)
(0.14)
(0.13)
(0.17)
(0.16)
Observations
1120
1119
1189
1082
1077
Model diagnostics
ICC
0.09196
0.04901
0.07422
0.05517
0.04780
MOR
1.73426
1.48109
1.63214
1.51906
1.47349
AIC
1547.158
1530.057
1642.057
1480.843
1469.819
BIC
1562.221
1545.117
1657.3
1505.776
1509.674
LR test statistic
4.13**
3.52**
7.66***
1.65
1.57
Notes:
Abbreviations: OR=odds ratio, SE=standard error; ICC=interclass correlation coefficients; MOR=median odds ratio;
AIC=Akaike’s Information Criteria; BIC=Bayesian Information Criteria; LR test=likelihood ratio test.
*** p<.01, ** p<.05, * p<.1
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This study noted that the significance and nonsignificance observed for the same variables
across different models (e.g., the injury investigation variable) could be partly attributed to the
varying sample sizes used for modeling different combinations of policy variables and/or
organizational controls. This is a potential source of confounding that could introduce systematic
differences in the attributes of shootings, ZCTAs and agencies across all agency-level models.
This would also explain why the association between violent crime rate and the fatality outcome
reached statistical significance for the two LEMAS subsamples, but not for the sample of
shootings involved largest local police departments.

Figure 23: Comparisons of the total number of agencies identified with those only included in the final models
fitted with different combinations of agency variables.

Figure 23 graphically compared the total number of agencies identified with those only
included in the final models fitted with different combinations of agency variables, by types and
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serving population groups. It shows that agency-level analyses excluded all shootings involved
special jurisdiction and federal law enforcement agencies, and more shootings involved agencies
serving for fewer than 100,000 population in cities and those serving for counties in nonmetropolitan statistical areas.
7.2.5 Modelling Outcome as a Function of Incident, ZCTA, and Agency Characteristics.

The limited number of shootings merged with the LEMAS data precluded the ability to
incorporate the variables of BWC policy and injury investigation that were found as significant
predictors, into the model fitted to the (near) full study sample. Instead, police-population ratio
and violent crime rate were consistent and significant predictors of the fatality outcome for the
data merged either with the LEMAS surveys or with the UCR data. Thus, this study chose to
incorporate police-population ratio and violent crime rate as organizational controls into the
model predicting the odds of fatal relative to non-fatal police shootings, along with incident- and
ZCTA-level covariates. This study fitted the data within regular logistic regression models rather
than random intercept models. Police-population ratio and violent crime rate, as shown in
previous modeling, had largely accounted for the agency-level variation in the outcome, and
inclusion of the two variables for a sample with larger proportion of singletons (i.e., one shooting
per agency) could also reduce the agency-level clustering7. Additional logistic regression models
estimated with clustered standard errors generated analogous results as those obtained from the
regular models.
Figure 24 compared the parameter estimates and 95% confidence intervals obtained from
regular logistic regression models fitted to the observed data and the multiply imputed data, with
and without organizational controls. After additionally controlling for police-population ratios

7

I fitted the multiply imputed data into a random intercept model using the Stata command “mi estimate: xtmelogit.” But no
iteration could be initiated.
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and violent crime rates across jurisdictions, estimates remained largely unaltered except for
ZCTA-level Gini Index becoming significant for both analyses of the observed and multiply
imputed data. For both analyses, the effect of police-population ratio and violent crime rate
became nonsignificant. The fatality outcome tends to be significantly associated with more
incident attributes (e.g., threat level, civilian age) rather than those at the ZCTA (e.g., violent
crime risk) and agency (e.g., violent crime rate) levels.

Figure 24: Comparisons of log odds and 95% confidence intervals from the complete case analysis and the multiply
imputed data analysis, for modeling with (right) and without (left) organizational controls.
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7.3 Result Summary
Results from univariate and bivariate analysis:
•

Temporal variations: (1) In 2015, no apparent differences were observed in the relative
incidence of FNFPS across days of the week. (2) Fatal shootings relatively more often
occurred in summer months (July and August).

•

Geographic and jurisdictional variations: (1) There were considerable across-state
variations in terms of the frequencies and prevalence rates of FNFPS. (2) Most lowerlevel geographic entities (i.e., counties, places, ZCTAs) and law enforcement agencies
experienced five or fewer shootings.

•

Situational features: (1) More than half of shootings involved firearms, with similar
proportions of fatal and non-fatal outcomes. (2) More fatal than non-fatal shootings
occurred when encountering civilians who were using knife/blunt objects, physically
attacking, or point/holding guns. Shooting at civilians who were fleeing, or ramming
vehicles tended to be less fatal. (3) Fatal shootings more often occurred for encounters
with reactive initiation, single civilian, officers from multiple agencies, or officers
wearing BWCs.

•

Individual features: (1) Most civilians shot at by the police were young males. But fatal
outcomes were more frequently observed for older adults. (2) Whites and those
displaying any mental illness signs were more likely to experience fatal outcomes.

•

Environmental features: Shootings were more likely to result in fatal outcomes when
they occurred during the daytime, in the 3rd quarter, and in residential settings.

•

Trauma care accesses: (1) The average drive time to the nearest Level I/II trauma
center was about a half hour, but did not differ between fatal and injurious shootings.
(2) Injurious shootings occurred with relatively higher numbers of trauma centers
available within shorter time intervals, more average beds of those trauma centers, and
higher-level designation of the nearest trauma center.

•

Contextual features: (1) Fatal shootings were more likely to occurred in the ZCTAs
with less violent crime risk, concentrated disadvantage, and population densities. (2)
Most shootings occurred in the South and West US. Shootings occurred in Northeast
and Midwest regions more frequently resulted in non-fatal than fatal outcomes.

•

Organizational features: (1) Local police departments and sheriff’s offices were
responsible for most police shootings. (2) The sample sizes and features of law
enforcement agencies that were appended from different agency databases varied
considerably. (3) Shootings involved the largest police departments were more likely
to be non-fatal among those implementing relatively more restrictive policies,
particularly on de-escalation, restriction on shooting at moving vehicles, exhaustion of
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all alternative means. (4) Fatal shootings tended to occur in the jurisdictions with lower
police-population ratios, violent crime rates, and female officer compositions.
•

Answers to whether police shootings are urban or rural problems vary upon the urbanrural classifications. Defined by population or population density, rural ZTCAs could
have the same prevalence of police shootings as urban ZTCAs. Regardless of the
urban-rural classification, more non-fatal than fatal police shootings occurred in more
densely populated areas.

Results from multivariate analyses:
•

Imminent threat: (1) The threatening circumstances of vehicle-ramming attack, use of
knife/blunt object, and physical attack differed significantly from the gun-firing
situation in terms of odds of fatal versus nonfatal police shooting. (2) The relative
odds of fatal shootings occurring was increased for physical attack and use of
knife/blunt, but decreased for vehicle-ramming attack. (3) The significances and
directions of these associations remained largely unchanged across the models for
fatal versus non-fatal outcomes, after controlling for all other incident-, ZCTA-, and
agency-level covariates, and after addressing missing data. (4) The conditional
predicted probabilities of fatal shooting occurring appeared to display a non-linear
relationship with different threat levels.

•

Timely trauma care access: (1) Life-saving hypothesis was tested across models
predicting the relative odds of fatal and injurious police shootings. Drive time to the
nearest trauma center and the average number of beds in available trauma centers did
not significantly predict the outcome. (2) The numbers of trauma centers available
within 40 and 80-minute drive time significantly predicted the outcome in the models
with other situational and environmental controls. But these effects failed to remain
statistical significance after adjusting for civilian and ZCTA-level covariates. (3) The
odds of fatal police shootings were significantly reduced when the nearest trauma
center was designated at Level I rather than II. The designation of the nearest trauma
center became nonsignificant when the ZCTA-level covariates were controlled.

•

Civilian race: (1) The odds of being shot and killed were significantly lower among
nonwhites than whites, but the race effect became nonsignificant when controlling for
civilian age. (2) After imputing the missing data, civilian race regained its
significance only in the models predicting fatal versus non-fatal outcomes with
incident-level covariates.

•

Violent crime risk and concentrated disadvantage: (1) The two ZCTA-level measures
showed significant bivariate associations with the decreased odds of fatal versus nonfatal outcome. (2) But these associations became nonsignificant, when adjusting for
other ZCTA- and incident-level covariates.

•

Force-related policy and practices: (1) Random intercept models were preformed with
only agency-level variables for three different subsamples, respectively. Most force
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policy variables were not significant, except for BWC policy and injury investigation
in the 2016 LEMAS subsample. (2) In models with only agency-level variables, both
police-population ratio and violent crime rate were significantly associated with the
decreased odds of fatal police shootings. Their significant effects disappeared when
modeling together with incident- and ZCTA-level covariates.
•

Significant controls include civilian age group, mental illness signs, BWC wearing,
nighttime, multiple agencies, and region.
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CHAPTER 8: DISCUSSION
8.1 Summary of Major Findings
Despite its rare occurrence, police use of deadly force has come under increased public
scrutiny and debate since the Ferguson shooting followed by a string of highly publicized police
killings. However, the current state of knowledge on deadly force incidents nationwide derives
mainly from few on-going crowdsourced data collection efforts since 2015, only capturing those
resulting in civilian deaths. Little is known about the relative incidence of FNFPS and what
distinguishes FNFPS. To fill these gaps, this study explored the feasibility of using open sources
to create a crowdsourced national database on FNPFS that occurred in 2015 in the US.
As the first national database of FNFPS to date, the database captures the information on
the circumstances of how police-civilian encounters initiated and escalated into shooting
incidents, the civilians involved, the agencies involved, and social-demographic local contexts.
This database provides researchers some insights into the suitability of open-source research
applied for studying police shootings and offers practitioners a guideline in developing a use of
deadly force data collection system. More importantly, the findings from the analyses of the
effects of incident-, context-, and agency-level factors on police shooting fatality can help us
distinguish the mechanisms underlying the factors leading to police shootings and their
outcomes. Findings that emerged from data collection and data analysis are discussed below.
8.1.1 Open-Source Research on Police Shootings is Promising but Challenging
This study represents the first scholarly attempt to use open sources to collect the data on
both fatal and non-fatal police shootings nationwide. A faculty-student collaborative team was
formed to perform the labor-intensive and time-consuming tasks of iteratively coding and
verifying various incident attributes that were mainly described in local media coverage.
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8.1.1.1 Fundamental Selection Processes in Open-Source Research
The observations and results through this open-source data collection support the promise
of using open sources to capture more complete counts of police shootings nationwide than any
of the other official data sources (Baćak et al., 2021; Finch et al., 2019; GBD 2019 Police
Violence US Subnational Collaborators, 2021; Holmes, 2022; Klinger & Slocum, 2017; Ozkan
et al., 2018; Williams et al., 2019). Generally, local media outlets primarily focused on covering
the basic police shooting circumstances pertaining to when and where police shootings occurred,
factors promoting officers’ firearm discharges, and civilian fatalities. Despite the newsworthiness
of police shooting in general, local media coverage is still selective in terms of which known
police shootings attributes are considered worthy of being reported. Their focus tends to be on
attributes that will be eye grabbing or “newsworthy.” Some shootings may cover less detail if
they are less sensational or have less fatal outcomes. In addition, the data universe used for
selecting incidents of interest, the inclusion and exclusion criteria for what consists of police
shootings, the open-source materials located for attribute coding, and the process of data coding
and evaluation are essential for interactively determining the count and content of police
shootings.
8.1.1.2 Challenges in Open-Source Research on Police Shootings
While preparing the data for statistical analysis, this study encountered two major
methodological challenges: missing data and coding reliability. These problems have been rarely
addressed in previous studies examining the media-based data on either fatal police shootings or
police killings.

186
Missing data. The selective media reporting results in varying degree of missing data for
variables of theoretical interest. First, consistent with all the crowdsourced data collections on
police shootings/killings, this study observed excessive amounts (>20%) of non-reporting on the
information of the officers who were shooting (e.g., officer name, race, and serving year), and
some more granular shooting attributes (e.g., the number of civilian/officer shooting and the
number of shots they fired). Such detailed information is more often available from official
investigative reports or journalists’ follow-up reporting. Those attributes with excessive
missingness had to be excluded from analysis. Excessive missingness could be attributed to
discrepancies between the content of media reporting and the data collection protocol designed
for analytical research purpose.
Second, missing data was common on civilian race and age, and prior information. The
missing percent of civilian race is 14%, falling between the missingness existed in the
Washington Post’s “Fatal Force” database (8%) and the Fatal Encounters database (34%, see
Holmes, 2022). These missingness disproportionately occurred in non-fatal shootings, suggesting
a mechanism of missing at random (MRA) through which the missingness for other variables
were conditional on the police shooting fatality. In addition, the significantly higher number of
open-source materials located for fatal shootings suggests that not all police shootings receive
the same amount of media coverage. Stark disparities in the amount of missing data in opensource materials between FNFPS reveal the relative newsworthiness of police shootings: fatal
police shootings appear to be considered more newsworthy than non-fatal police shootings.
Most importantly, the relative newsworthiness between FNFPS would introduce selection
bias (Hernán et al., 2004) and measurement error into any open-source research on FNFPS.
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Selection bias due to missing data occurs when more non-fatal shootings containing missing
values on certain variables were removed via listwise deletion in complete case analysis.
Measurement error is related to how police shooting attributes are being reported and
classified. In the data coding stage, this study observed a pattern that journalists often report
what had happened, but rarely confirm circumstances that did not happen. For example,
journalists rarely described that “officers at the scene DID NOT wear BWC,” and “civilians shot
by police DID NOT display any mental illness signs.” Thus, simply classifying the non-reporting
or non-appearance of one attribute as its non-occurrence or non-existence (referred to as the
“non-reporting as non-existence” (NRNE) coding scheme in this study) produces a “falsenegative” measurement error that incorrectly classifies the absence of an attribute when it may
actually appear. Being measured under the NRNE coding scheme (appearance =1, nonappearance=0), civilian mental illness signs and officer’s BWC wearing were found to be
significantly and positively associated with the fatality outcomes across all models. The relative
newsworthiness between FNFPS provides a compelling explanation for those associations:
attributes for fatal shootings would be more likely to be reported due to their more newsworthy
nature compared to non-fatal shootings, which in turn resulting a higher proportion of value one
being classified. Therefore, the relative newsworthiness between FNFPS is a potential
confounding factor in any estimation of the occurrence and characteristics of FNFPS.
Coding reliability. The results from intercoder reliability (ICR) assessment demonstrate
that coding the content in media reports is subject to bias varied along a continuum of manifest
and latent content meaning (Riffe et al., 2019). Higher ICR is easier to achieve when content is
more manifest in media coverage, such as the outcome of police shooting, the type of weapon
used by the encountered civilian, and demographic features of the encountered civilian. In
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contrast, lower ICR occurs for coding certain variables requiring more specific information or
involving a higher extent of latent meaning. For example, for civilians armed with a gun, it was
hard to further distinguish whether a civilian was holding or pointing the gun. Coding civilian
resistance as “passive” or “aggressive” requires more subjective judgement and inference from
the limited information described in media coverage, and therefore results in low ICR.
Further revisions and verifications are required for some variables of research interest that
failed to achieve satisfactory ICR. For example, this study revised the measure of threat level by
removing the poorly articulated category of “poses other threats” and rechecked the coding to
assure that it fit with the new measure. Such coding experience casts some doubts upon the
validity and reliability of the on-going crowdsourced data collections, such as the Washington
Post’s “Fatal Force” database, and FatalEncounter.org, in which evidence of data reliability is
absent from their methodologies. Two validation studies (Klinger & Slocum, 2017; Ozkan et al.,
2018) have proved that misclassifications exist in those crowdsourced databases. Klinger and
Slocum (2017) located a few “unarmed” cases classified in the Washington Post that involved
suspects who were attacking officers with deadly weapons besides guns. Despite the fact that
some misclassifications on attributes of police shootings are inevitable due to limited information
provided by media, conducting and reporting reliability assessments is necessary not only for
permitting valid inference, but also for supporting replication with improved measurement (Riffe
et al., 2019).
Taken together, open sources, particularly local media outlets, can serve to contribute to a
more complete universe of police shootings nationwide. The content and amount of information
used in constructing reliable and valid measures of incident attributes, varied by the types of
open sources and the newsworthy features of police shootings. Methodological adaptations

189
should be taken to address the coding reliability and missing data that inherently exist in opensource research.
8.1.2 Police Shooting Does Not Always Kill
A relatively higher incidence of non-fatal police shootings identified in this study
characterize the nature of deadly force being applied in that “it does not always kill” (Fyfe,
1988b; Klinger et al., 2016; Meyer, 1980). However, how many times non-fatal shootings occur
relative to fatal shootings is inconclusive. The current estimates of the relative incidence of
FNFPS vary depending on the scope and definition of police shootings. This remains a
fundamental example of how media selection preferences affect the accuracy of counts.
According to the “Shot by Cops” database collected by the VICE News, among more than 4,000
people shot at by officers from the 50 largest local police departments from 2010 through 2016,
near two-thirds survived. In contrast, a more recent scholarly effort of Nix and Shjarback (2021)
compiled civilian-level data on fatal and injurious police shootings from four states (CA, CL, FL,
and TX) and revealed that about 45% of civilians shot by police were not fatally injured across
these four states. The number of fatal shootings (Nshootings=979) identified in this study can most
accurately reflect the actual number, because fatality is more newsworthy in nature and the
validation through other crowdsourced databases make fatal shootings less likely to be
underreported and undercounted. The definitions of what constitutes fatal police shootings
explains why the fatalities of police shootings identified in this study differ from other
crowdsourced databases. For example, this study did not include shootings that involved off-duty
officers, whereas the Washington Post’s “Fatal Force” database contains some fatal shootings in
which some officers were off-duty as well as those occurring while acting in line of duty.
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The number of non-fatal police shootings identified in this study should be viewed as a
conservative estimate. Unlike the few states’ mandated data reporting on police shootings
resulting in serious bodily injuries and deaths, this study provides a national estimate of “hit rate”
shooting accuracy by additionally including 246 missed-shot shootings into the non-fatal group.
Compared to the common hit rates in the range of 30% to 50% available for municipal police
departments (Donner & Popovich, 2018; Klinger et al., 2016; White, 2006), this study
documented a much higher hit rate (87%) which is calculated using the proportion of fatal and
injurious shootings. Discrepancies in the hit rate estimates can be attributed to the theory that
non-fatal shootings, especially those involving missed shots, occurred in rural areas might
potentially receive less attention in the local media.
The relative incidence of FNFPS varies across time and geographic space. First, the
descriptive results document that the occurrence of FNFPS does not differ significantly by days
of the week, but fatal shootings occurred relatively more often than non-fatal shootings in the 3rd
quarter and in December of 2015. Seasonality stands out in differentiating the frequency of
FNFPS, opening new venues for understanding and preventing police shootings through routine
activities perspectives (Cohen & Felson, 1979). Second, higher incidences of fatal than non-fatal
shootings also occurred at various geographic and jurisdictional entities. Using the data gathered
from a limited number of states, cities, or agencies cannot fully account for those geographic and
jurisdictional variations, leading to either overestimation or underestimation on the factors
differentiating FNFPS. Such geographic variations preclude asserting that non-fatal shootings
could be more common than fatal shootings on a national scale. This is because any national
estimates are aggregations of state- and local-level estimates that vary considerably. Thus, this
study helps provide information about fatal and non-fatal shootings and identifies factors
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distinguishing FNFPS, rather than provide national estimates on some effects (e.g. racial
disparities) by including both fatal and non-fatal police shootings.
8.1.3 Police Shooting is not Simply an Urban-Rural Problem
This study added evidence to the ongoing debates on whether police shootings are more
common in urban versus rural areas (Edwards et al., 2018; Hemenway et al., 2020), larger or
smaller cities (Sherman, 2018) or larger or smaller agencies (Shane et al., 2017). Consistent with
Sherman’s observation on fatal police shootings (2018), this study observed a pattern of FNFPS
across the census-defined places that about 33% FNFPS occurred in major cities (with 250,000
population or more) and nearly 44% occurred in smaller places with fewer than 50,000
population. Using the Washington Post’s “Fatal Force” database (2015-2017), Hemenway and
associates (2020) further compared the population-based rate of fatal shootings across five
different urban-rural classifications and found that areas defined as rural experienced roughly a
rate of 0.3 fatal shootings per 100,000 population, just as likely as the rate for urban areas. For
this study, it is meaningless to compare the population-based rates of FNFPS at the place and
!

ZCTA levels since the rates were the reciprocal of population (!"#$ = "#"$%&'(#)) for most
places and ZCTAs experiencing one shooting.
Accordingly, this study compared the incidences of FNFPS at the ZCTA level by three
urban-rural classifications. Opposite patterns were observed that the incidence of both FNFPS
occurred in urban and rural ZCTAs classified by population density, whereas the ZCTAs
classified as metropolitan using the RUCA codes accounted for 84% of FNFPS. Thus, answers to
whether police shootings are urban or rural problems can vary upon the urban-rural
classifications. However, applying the three urban-rural classifications revealed the same pattern
that ZCTAs defined as urban and metropolitan experienced more non-fatal than fatal police
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shootings and more fatal shootings occurred in more remote ZCTAs lacking access to essential
goods and services.
8.1.4 Factors Distinguishing Fatal and Non-Fatal Police Shootings
8.1.4.1 Imminent Threat
Imminent threat has been, theoretically and practically, identified as the most influential
factor in determining officers’ decision to shoot. This study applied two multinominal measures
of imminent threat (weapon type and threat level) to further assess whether specific threatening
circumstances posed by civilians would either increase or decrease the probabilities of being shot
and killed, in comparison with the most dangerous circumstances involving a firearm. Threat
level further classified the “unarmed” circumstance in weapon type into three more nuanced
threatening situations: fleeing, furtive movement, and physical attack, and distinguished the
situations of point/holding and firing a gun. Models that included threat level yielded additional
associations that fatal shootings appeared to be more likely to occur during physical attacks, and
less likely to occur for fleeing civilians. No differences were found between point/holding and
firing guns. Vehicle-ramming attack, use of knife/blunt object, and physical attack were
significant predictors, their consistency of predicting fatal vs nonfatal outcomes persisted across
all models even after controlling for other covariates and addressing the missing data.
This finding also demonstrated that the conventional binary measures of whether civilian
were unarmed or armed (Bor et al., 2018; Nix et al., 2017; Ross et al., 2021), or armed with a
weapon or not (Jennings et al., 2020; Nix & Shjarback, 2021; Shjarback, 2019) fail to fully
capture the dynamics of civilians’ actions and weapons use that may differentially impact the
occurrence and outcome of police shootings. Using the data on legal intervention homicides
derived from the National Violent Death Reporting System (NVDRS), Wertz and associates
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(2020) developed a typology of legal intervention homicides with seven categories1 capturing the
different combinations of how the police-civilian encounters were initiated, and the type of
weapon used by the victim to threaten. As suggested by Wertz and associates (2020), further
development of their typology can be extended to police encounters that include FNFPS.
The adjusted predictive predictions on different threat levels demonstrate the relative
magnitude of these effects. Among these threatening situations, physical attack yielded the
highest predicted probability of being shot and killed, followed by use of knife/blunt object. The
predicted probability was the lowest and the second lowest, respectively for vehicle-ramming
attack and fleeing. The most life-threatening situation of firing a gun has a moderate probability
of civilian death, and lies between the probabilities of fleeing and making furtive movement.
The differences in associations and predicted probabilities can be explained by factors
related to distance between officers and civilians and civilians’ actions or movements that had
been attributed to shooting accuracy (Donner & Popovich, 2018; White, 2006). Shooting
accuracy could be lowest for vehicle-ramming attack since it can create a more dynamic and
confrontational situation at a greater distance, but also a vehicle can be used as a cover for shots
fired by police. The shooting accuracy appears to decrease when shooting at fleeing suspects at a
greater distance, whereas it is increased in the situations where civilians physically attacked
officers or used knife/blunt objects at a relatively close distance. Physical attack often involved
attempts at disarming police officers that increases the chances of discharging firearms at close
range shooting distances. Thus, the effects of different threat levels can be viewed as a function

1

The typology of legal intervention homicide by Wertz et al. (2020): (1) violent, in- progress events involving victims armed
with firearms; (2) violent, in-progress (usually domestic) events involving victims armed with knives; (3) non-violent, inprogress events involving (suicidal) victims armed with a firearm; (4) non-violent, in-progress events involving (impaired and/or
suicidal) victims armed with a knife; (5) events involving warrants and wanted people armed with firearms; (6) events without
apparent objective threat to law enforcement involving unarmed victims; and (7) motor vehicle assaults on law enforcement.
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of distance that predicts shooting accuracy, which in turn determine the probability of shooting
fatality.
Overall, the results generally support the first dangerousness-related hypothesis that the
imminent threat posed by the encountered civilian is significantly associated with the fatality
outcome. Although encounters involving gun-assaultive civilians are often classified as the
likeliest and most dangerous situations prompting the use of deadly force (Fyfe, 1981; Wertz et
al., 2020; White, 2002), these situations, as found in this study, appear to be less fatal compared
to shootings at civilians who are physically assaultive and using with knife/blunt objects. The
threat level measures from fleeing to firing a gun may exhibit increasing degree of
dangerousness perceived by officers that impact decisions to shoot, but do not demonstrate an
ordinal relationship with the odds of civilian death.
8.1.4.2 Timely Trauma Care Access
Following Zimring’s suggestion on four life-saving approaches2 (2017), this study is one
of a few scholarly efforts (Nagin, 2020, Nix and Shjarback, 2021) to explore the life-saving
effect of trauma care access in the setting of police shootings. However, findings were
inconsistent across studies due to different measures of the proximity to trauma care and police
shooting outcome. Nagin (2020) measured the timely access to trauma center as the percentage
of the state’s population residing within one hour of a Level I or II trauma center, and found that
timely access to trauma center reduced the state-level rate of fatal police shootings. Nix and
Shjarback (2021) used a binary measure of whether the county in which the shooting occurred
had Level I or II adult trauma center to predict the incident-level odds of fatal relative to

2

Include: reduce the number of shooting incidents, reduce the number of bullets fired, render immediate medical attention,
provide immediate transportation to a trauma center.
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injurious police shootings, but no significant effect was found for this trauma care measure.
Measures of timely access to a trauma center in these two studies only reflected the trauma
center availability in border contexts, not gradient differences in trauma care access for
individual shootings.
This study addressed this problem by estimating the drive time on the route from a
shooting site to its nearest trauma center. This measure has been consistently associated with the
reduced fatality risks for gunshot wound victims (Hatten & Wolff, 2020). In addition to drive
time, this study also proposed three additional measures to capture the trauma center availability
(i.e., the number of trauma centers available within 40-minute drive time intervals), trauma care
quality (i.e., average beds in trauma centers available within 40-minute drive time intervals and
the Level I designation of the nearest trauma center). Consistent with the results from Nix and
Shjarback (2020), this study did not observe a significant effect of the drive time measure across
all models. The number of available trauma centers was negatively associated with the outcome
(fatal vs injurious) in models that did not include civilian covariates. The odds of civilian death
could be significantly reduced only when the identified nearest trauma center was designated as
Level I rather than Level II. The inconclusive findings fail to support this study’s life-saving
hypothesis, but leaves open the possibility that the life-saving effect of trauma care may be
determined by both the quantity and the quality of trauma care resources.
Alternative explanations for the non-significant effect of drive time could be that the drive
time measure did not reflect the actual transporting route to hospital, and more importantly,
incidents involving civilians who were shot and died at the scene confounds the life-saving effect
of drive time for those sustaining police-inflicted gunshots. However, media reporting on police
shootings inconsistently described whether civilians were rendered medical attention from
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police, died at the scene, were pronounced dead on arrival, or died after arrival at hospital. The
limited ability to capture life-saving measures relying on media reports reinforce on the
suggestion by Richardson and associates (2016) that “trauma units can serve as an alternative in
reliable collection of police shooting data.”
8.1.4.3 Race and Age Effects
This study did not provide substantive evidence that a civilian’s race was associated with
the likelihood of a police shooting fatality. In complete cases analysis, significant associations
between civilian race and the fatality outcome only appeared in the bivariate model and few
multivariate models without other civilian covariates. Nonsignificant race effects were found in
all other multivariate models. After handling the missing data via MICE, the multiple imputation
estimates on civilian race were only significant in models predicting fatal versus non-fatal
outcomes with incident-level covariates, becoming nonsignificant after incorporating with
ZCTA-level covariates.
Regardless of whether the missing data were addressed, the race effect, if it exists, could
be explained by other individual features. For example, civilian age is a consistent predictor of
civilian death in police shooting; civilians over 30 years old faced higher fatality risk than those
aged 20-29 years, and the fatality risk increased with the older age groups. The results regarding
the effects of civilian race and age are consistent with findings for few studies examining factors
distinguishing fatal and injurious police shootings (Jennings et al., 2020; Nix & Shjarback, 2021)
and criminal fatal and non-fatal shootings (Hipple et al., 2020). In the public health literature,
there is also strong evidence for the age-fatality linkage for patients sustaining gunshot wounds
(Cook et al., 2017; Lustenberger et al., 2011). These findings underline another feature of police

197
shootings that like gun violence, appeared to be more prevalent in young adults (Edwards et al.,
2018), but its fatality risk is the least for young adults, and increases with advancing age.
8.1.4.4 Violent Crime and Concentrated Disadvantage
In addition to incident-level factors, this study also examined how neighborhood contexts
measured at the ZCTA levels affected the odds of fatal outcome occurring. The significance of
the violent crime risk factor score that appeared in the bivariate model and the multivariate
model only with other ZCTA-level covariates, were not retained when controlling for incidentlevel covariates. This finding did not support Hypothesis 3 that police shootings tended to be
more fatal in ZCTAs with a higher rate of violent crimes. A similar pattern was found on
concentrated disadvantage that was only significant in its bivariate model. It remains unknown
whether the police shooting fatalities are associated with concentrated disadvantage that may
experience decreased availability of essential medical services.
More inquiries are required to understand the negative bivariate relationships with the odds
of fatal shootings occurring for places with higher violent crime risk and concentrated
disadvantage. The interpretation that police shootings appeared to be less fatal in ZCTAs with
lower violent crime risk and concentrated disadvantage does not align with the recently
developed insights on socially and economically contextualizing the occurrence of police killings
and racial disparities in the odds of being killed at the hands of police. In the study of Helms and
Costanza (2020), violent crime, along with indicators of economic inequality (e.g., median
income, Gini index, and percent of unemployment) were found to significantly predict the
increase in the number of police killings across US counties. Economic disadvantage and racial
segregation, in both Johnson et al. (2019) and Siegel et al. (2021), further explained the increased
police-caused death risk for blacks. Those contextual characteristics that have been frequently
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used to explain police behaviors within the theoretical framework of racial threat, social
disorganization, and inequality to predict police behaviors, but do not appear to be predictive in
police shooting outcomes in this study. There may exist divergent mechanisms explaining police
decisions to shoot and shooting outcomes.
8.1.4.5 Force-Related Policies and Procedures
Performing a series of random intercepts models, this study investigated various measures
of force-related policies and procedures together with other organizational features obtained
from three agency-level databases consisting of different agency samples. Given that only a
limited number of shootings could be appended with agency data, this study chose to examine
the given policy’s effect without incorporating incident- and ZCTA-level covariates. Contrary to
this study’s expectation, no significant policy effect on reducing the odds of fatal shootings
occurring was detected for individual and aggregate measures of the eight use-of-force policy
items tracked by the CZ for the 84 largest local police departments. The results from the
modeling for the 2016 LEMAS subsamples show that after controlling for other organizational
features, the odds of fatal shootings occurring was negatively associated with the requirement on
external investigation for police-inflicted injuries, but surprisingly, positively associated with
BWC policy implementation. The formation of a civilian complaint review board only
significantly reduced the odds of fatal shootings occurring in the absence of organizational
controls. Non-significant effects for most force policy items may offer a possible explanation
that use of force policies regulating officers on when to discharge firearm may be associated with
fewer shootings, but not be predictive of fatality.
More caution should be taken when interpreting those observed policy effects, particularly
for the positive association between BWC policy implementation and police shooting fatality.
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First, the results suffered omitted variable bias; the agency-level modeling did not control for
incident-level covariates of which some (e.g., threat level and civilian age) may differentiate the
shooting outcome. Second, the analyses of this study were cross-sectional, failing to account for
the dynamic nature of policy adaptations in the post-Ferguson era. The policy data collected
from the CZ and the 2016 LEMAS survey reflected agencies’ policy implementations as of July
15 and June 30, 2016. Thus some policy adaptations that occurred since 2016 should not have
any predictive value for the outcomes of police shootings that occurred in 2015. Miller and
Chillar (2021) conducted a quasi-experimental analysis to detect differences in the rates of police
killings, before and after the BWC acquisition. They cautiously concluded that BWC acquisition
serves as a marker for other policy changes occurring post-Ferguson, and collectively reduce
rates of fatal encounters (Miller & Chillar, 2021). Thus, research designs addressing the temporal
dimension of police policy adaptations are recommended for future policy analysis on police
shootings.
Although the observed significance and non-significance of force-related variables are
insufficient to conclude the effectiveness or ineffectiveness of any force policy on reducing
police shooting fatality, this study’s attempt to explore the policy effect provides additional
insights into how police agencies can reduce unnecessary police-caused deaths and injuries
through changes in their organizational systems (Sherman, 2018). Drawing on Charles Perrow’s
normal incident theory (1984) that mainly argued that catastrophic accidents, like airplane
crashes and nuclear power plant meltdowns, are organizational rather than individual failures,
Sherman (2018) proposed a system-crash prevention approach that rather than blaming
individual officers, identifying and learning from errors in police systems can prevent civilian
death of police shootings in the future. Unlike those written policies and procedures designed for
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guiding and regulating how different types of force should be used (e.g., de-escalation,
restriction on shooting at moving vehicles), external investigation and the presence of civilian
review boards primarily involve ex post oversight and evaluation into force incidents and
relevant policies and procedures with an eye of preventing future misconduct and policy
noncompliance. In the post-Ferguson era, the widespread diffusion of BWC in policing practices
(Lum et al., 2019, 2020; Smith, 2019) and the incorporation of “sanctity of life” into use of force
policy (Obasogie & Newman, 2017; President’s Task Force on 21st Century Policing, 2015)
suggests that many police reforms and policy adaptations happen with a rear-view mirror. Thus,
the introduction of external oversight mechanisms can be an important opportunity for police
agencies and communities to collaboratively identify and learn from any administrative,
supervisory, training, tactical, and policy errors that contribute to use of excessive or unnecessary
deadly force, and design solutions that reduce fatal police shootings thus saving more lives.
8.1.4.6 Significant Controls
Significant associations with the fatality outcome were consistently observed for several
controls in most, if not all models with incident-, ZCTA-, and agency-level covariates.
The finding that nighttime shootings were less likely to be fatal is consistent with studies
on shooting accuracy (Donner & Popovich, 2018; White, 2006), highlighting the importance of
visual acuity at nighttime. Fatal shootings were more likely to occur when officers from multiple
agencies discharged their firearms, and less likely to occur when encountering multiple civilians.
The reason for this difference is most probability a function of shooting accuracy that might be
varied depending (White, 2006) upon the involvement of multiple civilians and multiple
agencies (officers).

201
This study observed a significant seasonal difference between FNFPS. Comparted to
shootings occurred in the third quarter of 2015, shootings occurred in the second quarter were
less likely to result in fatal outcomes. Although no significance was found for the first and fourth
quarter, their negative odds ratio imply that fatal shootings might be most likely to occur in the
third quarter that can be referred to as summer seasons in the US. The well-tested proposition
that changes in routine activities largely contribute to the summer peaks of violent crime (Hipp et
al., 2004; McDowall et al., 2012) cannot explain for the seasonal patterns of FNFPS, because it
is so contrary to the observed negative associations with the fatality outcome for violent crime
measured at the ZCTA and agency levels. The unexpected association between violent crime and
police shooting fatality suggests that seasonal patterns of FNFPS might not be simply
contextualized in violent crime, but also in other changes in routine activities during the summer
months, such as summer peaks in firearm violence (Szkola et al., 2021), street crime (CarboneLopez & Lauritsen, 2013), calls for police service for assaults and domestic violence (Cohn,
1993; Cohn & Rotton, 1997), and trauma admissions in trauma centers (Rising et al., 2006).
There were significant regional differences between FNFPS. Fatal shootings were more
likely to occur in the South and West US, in comparison to shootings occurred in the Northeast
US. These regional differences in police shooting fatality risk are consistent with the observed
cross-state variations in the prevalence rates of which fatal rather than non-fatal police shootings
were more prevalent in the southern (e.g., OK, TX, WV) and western (e.g., AK, AZ, CA, CO,
MT, NV, OR, UT, WY) states. These findings imply that certain factors that distinguish regions
and states can further explain the observed geographic differences between FNFPS.
One potential factor can be firearm availability/ownership that varies apparently across
regions and states (Schell et al., 2020). Firearm availability has been consistently associated with
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gun violence and gun-related mortality, and more recently, been linked with fatal police
shootings. Hemenway and associates (2019) and Nagin (2020) have identified that the state-level
firearm availability is significantly associated with the increased rate of fatal police shootings
across states, and has also reached the same conclusion that a high gun prevalence would expose
officers to a higher risk of encountering civilians armed or suspected to be armed with firearm,
which in turn creates more “fear for life” situations promoting officers’ firearm discharges.
However, life-threatening situations prompting officers to shoot not only happen in interactions
with civilians armed with a firearm. As demonstrated in this study, other adversarial policecivilian interactions involving physical attacks and use of knife/blunt object can escalate into
police shootings which appear to be more fatal. Thus, future investigation on the linkage between
firearm availability and police shooting fatality should be situationally conditioned on the
salience of threats perceived by the police.
The regional differences in police shooting fatality risk may also be attributed to the
uneven geographic distributions of trauma centers across states (Branas et al., 2005; Hsia &
Shen, 2011). Branas and associates (2005) had found that access to Level I or II trauma centers
within one hour drive time was consistently greatest near urban areas in the Northeast, in terms
of population percentage, the amount of land area, and the average number of helipads. Applying
a similar measure of trauma center proximity in terms of population percentage, Nagin (2020)
found a significant effect of on trauma center proximity reducing the rates of police killings at
the state level. However, no significant effects on police shooting fatality were detected for this
study’s measures of timely trauma care access that were generated based on whether police
shootings occurred rather than whether people lived. Such life-saving testing is in its infancy, the
inconsistent findings encourage replication with better measures of timely trauma center access.

203
8.1.4.7 Relative Influences of Incident-, ZCTA-, and Agency-Level Factors
The significance of several factors at the ZCTA (violent crime risk and concentrated
disadvantage) and agency level (police-population ratio and violent crime rate) disappeared
after being incorporated with incident-level covariates. Threat level and civilian age remained
their significant associations with the fatality outcome. These results suggest that the incidentlevel factors, especially situational (threat level) and individual (civilian age) characteristics are
most predictive in police shooting fatality. This finding extends previous research on the relative
influences of situational, individual, contextual, and organizational factors on officers’ decisions
to use force (Bolger, 2015; White, 2002), by demonstrating that not only decision to shoot, but
also police shooting fatality were most affected by situational factors, but through different
mechanisms.
8.2 Implications for Research and Theory
The underdeveloped theories of police actions and police organizational behaviors have
plagued research on police use of force (Klinger, 2005; Sherman, 2018). The literature from
environmental criminology provides the foundation of the police shooting problem-solving
framework, and lends itself to understanding the temporal-spatial complexity of police-civilian
encounters. This framework emphasizes that a police shooting problem results from a dynamic
interaction among police, individuals, and places (the three key components of the “inner
triangle”), any individual component alone is inadequate to explain the occurrence and outcome
of police shooting. Certain characteristics of police agencies, trauma care providers, and
communities function as the major “controllers” or “problem solvers” in the outer triangle, their
“failures to act” directly influence the outcome of any police shooting. This framework partly
aligns with Sherman’s (2018) system-crash prevention approach, which argues fatal police
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shootings are the failures of police systems rather than individual officers. UnThis framework
expands the scope of the “problem solvers” to include trauma care resources in communities
where civilians live. To validate this proposed framework, this study collected data covering
possible components of the inner and outer triangles. Examining all possible components with
available data gives us a starting point in search of an explanation.
Within the problem-solving framework, this study incorporated individual, situational,
environmental, contextual, and organizational factors into the test of dangerousness- and lifesaving-related hypotheses. The findings reveal that many factors conventionally associated with
the occurrences of police shootings or officers’ decisions to shoot may not further predict the
fatality of police shootings. There may exist divergent mechanisms explaining police decisions
to shoot and shooting outcomes. For example, if imminent threat is most important in prompting
officers to discharge their firearms, more life-threatening situations may be more likely to
provoke officers to use fatal force, but do not appear to become more deadly. The predictive
values of different threats on the fatality outcomes varied as a function of shooting accuracy. The
common theoretical perspectives on the determinants of police decision to shoot cannot be
applied indiscriminately to explain the mechanisms underlying whether or not a shooting
becomes fatal. Although no definitive findings emerged about the life-saving roles of timely
trauma care access, exploring life-saving measures that should and could be taken immediately
after police shootings should be a central part of the research agenda in the immediate future.
From developing the codebook and stages of data coding to hypothesis testing, this study
reflects a problem-solving process involving identifying a problem, collecting relevant data, and
developing insights leading to a solution, which is the core of problem-oriented policing (Eck,
2003; Goldstein, 1979). The process of problem-solving also facilitates our understanding of
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what data sources can or cannot be used for understanding the police shooting problems. The
frequency of FNFPS and basic pre- and during-shooting circumstances can be best described in
media, but there has scant information on officers and post-shooting circumstances. The
characteristics of officers involved, the number of officers shooting, and the number of shots
fired are still best captured in official reports.
The post-shooting circumstances regarding the number and severity of police-inflicted
gunshot wounds, and the mode and time of emergency medical services transport are best
documented by coroners, and medical examiners. Thus, we should not expect that media
coverage can provide valid and reliable measures for the three components of police shooting
problems. This framework of police shooting problem-solving supports a research agenda
focused on systematic data integration from law enforcement, public health, academia, and the
media.
The incident-level data collection initially aimed to capture near 100 data elements
capturing information about the incident (dates, times, locations, outcomes, pre-, during-, and
post-shooting situations), the encountered civilians, and the involved individual officers and their
agencies. However, after addressing the problems of coding reliability and missing data, less
than 20 incident-level variables were able to be incorporated into final analysis. This variable
“attrition” phenomenon implies that there are gaps between the theory-driven coding design and
the newsworthiness-driven media reporting. The data elements consistently included in media
reports are when and where police shootings occurred, what factors promoting officers’ firearm
discharges, and civilian fatalities. These can be used to serve a descriptive purpose: how often
and under what circumstances civilians died from or survived police shootings in the United
States. Information on involved officers and post-shooting stations is largely absent from media
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reporting. The absence of important determinants of death from police-inflicted gunshot wounds
threatens valid inferences about why fatal rather than non-fatal police shootings occurred. In
addition, the level of detail described in media coverage varies partly depending on the relative
newsworthiness of FNFPS. The relative newsworthiness of FNFPS is also a potential confounder
in measuring the appearance or non-appearance of attributes in media content. The nonappearance of one attribute by media does not represent its non-occurrence. Any open-source
finding should be interpreted with more caution that the observed relationship may not reflect the
actual effect but just media reporting pattern. The relative newsworthiness of FNFPS also
suggests that future research should strive for greater reliability, accuracy, and completeness in
terms of attribute measures for FNFPS. Recognizing these inherent limitations in open-source
research allows adjusting our future research expectations and analytic strategies to fit what the
open-source data permits.
Finally, collecting the data on FNFPS helps to enhance and facilitate the understanding of
police shootings that have previously been generated only for fatal police shootings. Using statemandated reporting data on fatal and injurious police shootings, Nix and Shjarback (2021) have
demonstrated that racial disparities were more apparent in injurious shootings occurred in the
study states. Without including non-fatal police shootings that have a relatively higher incidence
than fatal shootings, findings regarding the occurrence of police shootings are subject to bias.
However, more caution must be exercised when making claims (e.g., racial disparities) based on
the total frequencies of FNFPS that are derived from media reporting. Missed-shot police
shootings, seen as less newsworthy than fatal and injurious shootings, are more likely to be
underreported given its least newsworthiness non-fatal police shootings.
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8.3 Implications for Policy and Practice
This dissertation research offers several policy and practice implications for local, state,
and federal law enforcement agencies, particularly in the realms of life-saving policies and
procedures and police shooting data collection systems.
A primary purpose of this study was to shift the focus from reducing the occurrence of
police shooting to reducing the fatality of police shootings, and to encourage police
administrators to incorporate the “life-saving” perspective into the current force policy paradigm.
The findings of this study generally provide novel insights that factors and mechanisms reducing
the incidence of police shootings tend to differ from those of reducing police shooting fatalities.
Reducing police shootings depends mostly on changing police policy and practices, training and
equipment, and management and oversight. Fatalities can be prevented by reducing shootings,
and more importantly, more lives can be saved by improving acute life-saving responses by
police, emergency medical services, trauma centers, and other organizations in the immediate
aftermath of the shootings (i.e., preserving the critical “golden hour” after shootings). Lifesaving
is a relatively new perspective that has been brought into police reform conversations under the
“sanctity of life” philosophy reemphasized by the President’s Task Force on 21st Century
Policing (2015, p. 19) and the Police Executive Research Forum (2016, p. 1) in the wake of
police legitimacy crisis in the post-Ferguson era. Unlike the commonly recommended policies on
regulating when and how different types of force should be used proportionately and
incrementally during the encounters, life-saving policies focus on what life-saving interventions
should and could be immediately performed for subjects have been injured as results of police
actions. The focus on life-saving measures expands the dimensions of solving police shooting
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problems from police system to health care system, and avoids difficulties in changing police
policies and police actions.
Life-saving measures that could be potentially provided by police may include, but not
restricted to, (1) rendering first aid (e.g., cardiopulmonary resuscitation(CPR) and bleeding
control), (2) promptly summoning medical assistance, and (3) transporting gunshot wounded
civilians to the hospital by a police car (Police Executive Research Forum, 2016; Williams,
2020; Zimring, 2017)). In addition, the public health literature has consistently documented that
emergency medical services prehospital trauma care and trauma center care greatly influence
mortality after gunshot wounds (Crandall et al., 2013a, p. 201; Melmer et al., 2019; Zafar et al.,
2014). Thus, reducing police shooting fatalities becomes a public health issue, not belongs solely
to problems of the police system, but requiring actions from both police and public health.
Aligns with the life-saving perspective, Obasogie and Newman (2017, p. 294) emphasize the
importance of embedding harm minimization and life preservation strategies into force policy
reforms, because:
“By looking at police violence as a public health issue, we can think of police use of
force policies as the rules that enable or restrict officers from being able to choose a
course of action that affects the likelihood someone could survive a given
encounter.”
Despite the benefits of life-saving interventions in post-shooting may be obvious, the path
to translating one in practice is less informed. Significant knowledge gaps still exist in terms of
their feasibility, effectiveness, cost, and cost-effectiveness. For instance, are officers well trained
and equipped to render first aid? How should first aid be rendered without comprising their
safety, and whether regional resource allocation of pre-hospital trauma care (e.g., helicopter
emergency medical services operation) and trauma center care (e.g., developing a new trauma
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center) impose additional financial and practical hurdles in the health care system? Public
policymakers, police administrators, researchers, and community members should work together
to generate and disseminate collective evidence for what life-saving interventions work best in
reducing police shooting fatalities. Although police shootings are national problems (Zimring,
2017, 2020), strategies on reducing police shooting fatalities must be localized due to the
complexity of police-civilian encounters and the extremely decentralization of U.S. law
enforcement agencies. The “best” practices for eliminating preventable death at the local level
should be jurisdiction and community specific. It should be noted that there are other “best
practices” recommended for reducing fatal police shootings, including BWCs, de-escalation,
implicit bias training, early intervention, and civilian oversight (Engel et al., 2020). These
practices and training are of the same importance as the proposed life-saving interventions.
Policymakers should select and tailor implementation strategies of these policies and
practices based on their local needs and priorities.
Even though the incident-level codebook developed in this study fails to capture the
dynamic nature of police force decisions using open sources, this codebook is instrumental in
assisting local police departments to optimize police use of force data reporting and collection
systems, in part by adding data elements pertinent to life-saving measures performed postshooting. Despite most local police departments have required reports for use of force and
written documentations for firearm discharges (Brooks et al., 2020), the forms being used for
officers to fill out varied across agencies in terms of what and how data elements are collected.
Use of force data elements are conventionally constructed within three sections: incidents,
officers, and suspects, with primary focus on capturing the types of force being used and the
justifications for using force (e.g., civilian’s weapon type and resistance). The data on whether
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and how medical attention is rendered often appears in separate reports of injuries to suspects
and officers (McEwen, 1996). No every force incident involves civilian injuries. Nonetheless,
the requirement on collecting the data on medical assistance for any use of force incident,
necessarily reinforces the outcomes of use of force, and is helpful to normalize expectations
about a menu of actions signifying the sanctity of life that officers should consider and promptly
perform after using any force. Local police departments should be aware of difficulties in
transitioning from using force to providing first aid not only for individual officers, but also for
organizational norms (Eldridge, 2020).
This study demonstrates that no existing agency-level database supports adequate
investigation of the issues of FNFPS in organizational settings. Although the LEMAS survey is
the most systematic and comprehensive national data collection on a national representative
sample of general-purpose state and local law enforcement agencies, about 35% of the study
shootings could not be appended with the 2016 LEMAS data. Besides a relatively small number
of shootings (Nshootings=64) involving agencies at federal and special jurisdictions, most
unmerged shootings involved smaller local police departments and sheriff’s offices with less
than 100 sworn officers. The lack of administrative data on these agencies precludes tracking any
potential changes in their policies and practices, and therefore making them less transparent and
accountable to the communities they serve.
8.4 Limitations and Future Directions
Although this dissertation research makes a significant contribution to the literature on
police shootings, it is necessary to acknowledge some limitations in data collection,
measurement, and data analysis.

211
Identifying police shootings from the GVA may undercount a certain number of police
shootings, particularly for non-fatal police shootings. The hit rate (87%) defined in this study is
much higher than those (30-50%) documented in previous studies, suggesting that missed-shot
police shootings receiving less media attention are more likely to be undercounted by the GVA.
Given its broader focus on gun violence, the GVA is the only available open-source data
universe, to my knowledge, that encompasses the collectible data on FNFPS in the US. A
supplemental approach to locate and verify eligible police shootings is to query LexisNexis
Academic or other US newspapers archiving databases. However, this approach involves more
cumbersome work on manually verifying each search result, and the search results are sensitive
to the keywords used. We probably have to accept the fact that it is impossible to fully quantify
the extent of police shootings through one or more data collections. Alternatively, the “dark
figure” of police shootings can be minimized through collaborative data collection efforts from a
broad range of fields including law enforcement, public health, academia, and the media.
The validity and reliability of coding incident attributes can be questionable since it largely
relied on local media reports. One or two media reports were only able to be located for coding
about 20% of police shootings, among which most were non-fatal shootings. The lack of other
available sources documenting FNFPS nationwide precluded this study being able to assess and
reduce the extent of such bias in media coverage of police shootings through triangulating
different types of data sources. To reduce the bias introduced by using the limited number of
media reports, this study assessed ICR and the extent of missing data. Analysis of this study
excluded variables with excessive missing data, and only incorporated variables with at least
substantial ICR. Comparison of estimates obtained from complete case analysis and multiply
imputed data analysis helps this study reach more robust conclusions. Future open-source
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research on police shootings are therefore encouraged to conduct and report reliability
assessment and missing data imputation.
Some measurement limitations are inherent in coding shooting attributes from media
reports. The construct validity of the threat level measure can be challenged because media
coverage often relies on the information disclosed from police sources, but not what police
officers actually perceived or faced. This flaw is evident in several shootings in which officers
fabricated their claims about being attacked or shot by the encountered civilians3. This construct
validity threat can be reduced to some extent by cross-examining investigative reports and court
rulings. However, only a limited number of the largest municipal police departments or county
district attorney’s offices make their investigative reports publicly available, and investigations
are restricted exclusively to those resulting in death or serious bodily injury. This raises a
question about which additional sources can be used for cross-examining media reporting of
non-fatal, particularly missed-shot police shootings involving small police departments. This
study demonstrates that categorical rather than continuous operationalization of “threat level”
captures more nuanced dynamics of threats posed by civilians with or without weapons,
predicting police shooting fatality in a non-ordinal manner. However, this measure alone still
fails to capture the totality of the circumstances on which police decision-making to shoot should
be based. Future open-source research should not only avoid using binary measures of weapon
status (e.g., unarmed vs armed, deadly weapon or not), but also continue to explore what other
factors can capture the totality of the circumstances can be extracted from open sources (Wertz et
al., 2020).

3

See https://www.cbsnews.com/news/massachusetts-cop-accused-of-lying-about-shooting-faces-charges/ (accessed December
12, 2021).
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Given the rare occurrence of police shootings, collecting single-year data is insufficient for
adequately identifying factors distinguishing police shooting fatality at the national scale.
Continuing data collection efforts are needed to construct a multiple-year database on FNFPS to
address dynamic cycles of socioeconomic and demographic characteristics influencing the
observed associations. The use of multiple-year data potentially increases the clustering size—
more shootings would be nested within ZCTAs, places, and agencies—which in turn, may
warrant multilevel modeling. Despite using multiple-year data increases sample sizes at each
level (incident, ZCTA, place, agency), there would remain a data merging problem that a certain
amount of police shootings still cannot be appended with their agency data derived from the
LEMAS surveys or the UCR program. This data merging limitation reveals new insights into
contextualizing police shootings: whether the law enforcement agencies and communities that
involved police shootings might be different from those that had never experienced police
shootings warrant future investigation.
The problem of missing data or media non-reporting precludes assessing two fundamental
assertions informing this study’s research design. First, whether my “dangerousnessshooter/shot/accuracy-fatality” assertion hold remains uncertain, due to a lack of relevant data
not captured by the media: the number of officers shooting and the number of shots fired by
police. Second, the assumption that a contingent sequence of interactions among police, civilian,
and place at all stages may contribute to police shooting fatality remains inconclusive. Because
media reports rarely and inconsistently described the post-shooting circumstances where lifesaving factors took the precedence over other factors predicting civilian death, such as the source
of emergency medical assistance, the method of being transported to the hospital, the number,
severity, and placement of gunshot wounds inflicted by police, and the type of ammunition.
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Through a lens of omitted variable bias, the reliance on media reporting automatically omits
these key predictors of police shooting fatality, therefore biasing the estimation process.
Summary reports of police shooting investigations often released from police oversight
agencies, such as civilian review boards, county district attorney’s offices (DAOs), or state
attorney general offices (AGOs), contain more specific and comprehensive details of police
shootings at pre-, during-, and post-stages. Various investigative materials—such as investigative
reports, medical, forensic, photographic, audio and video evidence, statement of the involved
civilians, officers, and witnesses —are cross-examined for evaluating the legality of police
shootings. Future research can explore the utility of publicly available investigative reports, by
performing qualitative content analysis to delineate the multi-stage process of how policecivilian encounters were initiated, escalated into shootings by police, and more importantly, what
life-saving measures (e.g., perform first aid, summon paramedics, or transfer to the hospital) had
been taken for those whom officers had shot.
Since data coding was primarily performed using web content of media reports, the
replication of data coding was threatened by the transient nature of the web. During the data
verification process, I found some webpage URLs previously stored were no longer valid with a
404 error: “Page not found”. This happens when the web page was moved or deleted from the
server. In addition, open sources do not mean free sources, some websites require subscriptions
after accessing a few free articles through the same web browser. The paid subscriptions
restricted the reusability of those URLs that were being revisited. Thus, archiving the original
content of web pages permanently using some automatic archiving tools4 (Veronin, 2003) is
recommended as a routine method for open-source research.

4

See https://www.labnol.org/internet/archive-web-pages/20192/ (accessed August 16, 2021).
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8.5 Conclusions
The principal focus of this dissertation research is to help fill the knowledge gap regarding
how often and under what circumstances Americans have died from or survived being shot by
the police (Alpert, 2016; Klinger, 2012; Williams et al., 2019). To a considerable extent, this
research has been successful in that regard.
The observations and results through this open-source data coding and collection confirm
that open sources, particularly local media outlets, can constitute a more complete data pool of
police shootings nationwide, possibly serving as a reference database for non-fatal police
shootings which have not been well explored. Open-source data collections retain the value on
increasing police accountability by revealing how often police shootings have taken place and
whether police disproportionately use deadly force against marginalized populations. But the
issues and challenges of missing data and coding reliability undermine the use of open-source
information that can be used for theory testing.
The descriptive statistics, based on the data complied, support the notion that police
shooting does not always result in a gunshot wound death (Fyfe, 1988; Klinger et al., 2016;
Meyer, 1980), and add evidence to the ongoing debates on whether or not police shootings are
just urban problems (Sherman, 2018). More importantly, the inferential results from a series of
logistic regression models provide a novel insight that those conventional dangerousness-related
factors contributing to officer’s decisions to shoot may not further impact or may operate
differently with respect to the fatality of police shootings. The life-saving effect of timely trauma
care access is necessarily tentative because the content and quality of open-source data is
deficient in reliably capturing things that influence fatality, such as, the number of shots fired by
the police and the severity of gunshot wounds.
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If police shooting fatality can be regarded as a public health problem (Alang et al., 2017;
Obasogie & Newman, 2017), there is no reason why well-established public health knowledge
and evidence on reducing gunshot mortality cannot be incorporated into reducing police shooting
fatality. Recognition of the life-saving component in reducing police shooting fatality is the first
step towards encouraging collaborations among law enforcement, public health, academia, and
the media to generate knowledge regarding proactive life-saving and harm-reduction strategies
for people who shot by police.
It remains unclear whether the FBI’s ongoing data collections will succeed in bringing
Americans the first national database on police use of force. The FBI’s data release conditions
upon agency participation or data representation, which is defined as the percentage of the total
officer population represented by the data reported5. The data representation only reached 54
percent (7,559 of 18,514 agencies participated) for 2021, which falls well short of the
participation threshold of 80 percent established by Office of Management and Budget for
unconditionally publishing the data collected. When this threshold is met, only aggregate data
will be published by state, failing to support any inferential analysis at the agency and incident
levels. According to a report by the US Government Accountability Office (2021), the FBI has to
end this collection if the representation cannot increase to 60% by the end of 2022, and explore
alternative data collection strategies.
On the basis of those consistent failures to collect national use of force data at the federal
level (Alpert, 2016; White, 2016), this study concludes by advocating the replication of such
open-source data collection efforts within academia. The sustainability of open-source research
on collecting higher quality data is evident in terrorism research (Dugan & Distler, 2016; LaFree,

5

See https://crime-data-explorer.fr.cloud.gov/pages/le/uof (accessed January 14, 2022).
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2018; Silke, 2001). The Global Terrorism Database (GTD) managed by the National Consortium
for the Study of Terrorism and Responses to Terrorism (START) at the University of Maryland,
stands out as the most comprehensive unclassified database on terrorist attacks in the world.
Over the past 20 years, the methods used to compile the GTD have evolved from manual
searching and coding to natural language processing and machine learning approaches which
facilitate identifying and coding open sources about terrorist attacks6. Recently, more newly
open-source data gathering efforts in academia have been expanded to school shootings and
mass shootings. The completion of this dissertation research proves the feasibility of using open
sources to collect data on FNFPS, and more importantly, opening a new avenue towards the
development of the first open-source database on police shootings through faculty-student
research collaboration7. Project management skills acquired through my collaborative
dissertating experience with undergraduates have value inside and outside of the academy.
Undergraduates and graduates, through this early research involvement, can learn and apply the
scientifically important open-source research methods to address socially acute problems.
Building the national database on police shootings through collaborative dissertation research is
too slow, and the scopes examined are too limited. The inter-university and interdisciplinary
collaboration can function as a research infrastructure that will enable data collections to be
carried out by multiple doctoral programs in humanities and social sciences and prompt repaid
research responses.

6

See https://www.start.umd.edu/gtd/about/ (accessed January 14, 2022).
I wrote a blog post on my collaborative dissertating experience, see https://publicslab.gc.cuny.edu/collaborativedissertating/ (accessed January 14, 2022).
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APPENDICES
Appendix A: Police Shooting Incident Codebook
Inclusion Criteria:
Each police shooting must:
• Involve on-duty police officer discharging his or her service firearm, irrespective of injuries to civilians
Exclusion Criteria:
Shootings should be excluded from coding if this case meets at least one of the following criteria:
• Involving officer(s) who were not acting in a law enforcement capacity, who threatened to use but did
not discharge a firearm, who unintentionally discharged a firearm, or who shot animals.
• Civilian death or injury was self-inflicted or was caused by others rather than on-duty police officers.
Note: Variables related civilian gunshot death or injury should directly have related to firearm discharges by
officers.
1. ID
Incident ID number as tracking information, beginning with the coder ID and
the month. For example, 201001 indicates that the case is coded by coder 2 and
occurred in January. 001 indicates that it is the first case the coder reviews in
that month.
Dates/Times, Plots, and Consequences
The variables in this section capture information about dates and times, locations, and consequences of police
shooting incidents.
Note: Some incidents involve multiple locations, as for instance a civilian may flee from an area after an incident
has begun and be pursued by police officers. Data should be entered in this section for each location where shots
were fired by police officers.
Dates/Times
2. Date
The date the incident occurred
Must be in MM/DD/YYYY format
3. Hour_T
Indicate the time when the interaction between law enforcement and the civilian
occurred as indicated by open source materials. E.g., “earlier morning” or the
reported hour of time.
Plot
4. State
The State where the incident occurred.(Use the one provided by
gunviolencearchive.org).
Text string.
5. City
The city where the incident occurred (Use the one provided by
gunviolencearchive.org).
Text string.
6. Location_N_1
The type of location/premises where police shot at the encountered civilians.
1=Indoor settings (e.g., residence buildings, club/bar, restaurant, retail store,
etc.)
2=Outdoor setting (e.g., street, parking lot, yard, etc.)
7. Location_T
Describe the location where the police shooting incident occurred in a text
string.
You may use the following categories:
The encountered civilian’s residence; Club/Bar; Restaurant; Retail/Convenience
store; Highway, road, alley, street, or sidewalk; Parking lot; The encountered
civilian’s yard; Public/amusement park; Air/bus/train terminal; Bank/Saving
and loan; Church/synagogue/temple/mosque; Construction site; Commercial
building; Drug Store/ Doctor’s office/ Hospital; Government/Public Building;
Grocery/Supermarket
Hotel/motel; Liquor store; Service/gas station; College; Elementary/high school
8. Address_T
Specify the street address or intersection where the police shooting incident
occurred in a text string. (final encounter)
Consequences
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9.

Civilian_gunshot_killed
(killed)

10. Civilian_gunshot_injured
(injurious)

11. Civilian_no_gunshot_inju
ry
(missed)

12. Civilian_injuries_T

13. Officer_killed

14. Officer_injured

15. Officer_injuries_T

Indicate if the incident resulted in a civilian death due to a firearm discharge by
a law enforcement officer.
Note: The source of injury must be gunshot wound inflicted by police officers.
Exclude injuries by a third party.
1=Yes
0=No
99=Unknown
Indicate if the incident resulted in a serious bodily or minor gunshot injury to
the encountered civilian due to a firearm discharge by a law enforcement
officer.
Note: The source of injury must be gunshot wound inflicted by police officers.
Exclude injuries by a third party.
1=Yes
0=No
99=Unknown
Indicate if there was ONLY a discharge of a firearm by a law enforcement
officer at or in the direction of a person that did not result in death or gunshot
injuries.
E.g., when a civilian fired gunshot at officers, then officers returned fires. But
the civilian was not shot. Eventually, the civilian was arrested.
1= Yes
0= No
99=Unknown
Briefly describe how the encountered civilian was injured or killed. If the
encountered civilian was injured due to other reasons than gunshot fired by
police, you should also indicate the source and cause of injuries. (e.g., civilian
was killed due to self-inflicted gunshot wounds).
Indicate if involved officers was killed during the incident.
Exclude fatality by colleagues.
1=Yes
0=No
99=Unknown
Indicate if involved officers was injured during the incident.
1=Yes
0=No
99=Unknown
Briefly describe how the involved officer was injured or killed, including the
source and cause of injuries.

Situation
The variables in this section capture pre-, during-, and post- shooting situations.
Pre-shooting situations
16. Initiation_type_N
Indicate the type of initial contact between the Law Enforcement Officer and
the civilian.
1=Citizen-/ reactive initiated (including call for dispatch and call for service)
2=Police-/ proactive initiated (including on-sight calls that a police officer
began, traffic stops)
99=Unknown
17. Who_called
If the initial contact was initiated by citizen, who called for service.
1= Crime victim
2= Involved civilian’s family/intimate
3=Involved civilian’s acquaintance/friend
4= Employer or co-worker
5= Bystander or stranger
6= Others
99=Unknown
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18. Initiation_reason_N

19. Initiation_reason_T
20. Prior_information_N

21. Prior_information_T
22. Crime_involved

23. Crime_type_N

Indicate the reason behind the initial contact between the Law Enforcement
Officer and the civilian.
1=Disorderly conduct or physically disorderly person (without weapon)
2=Disturbance with non-firearm weapon (including person armed with nonfirearm)
3=Disturbance with firearm (including shots fired, person armed with firearm)
4=Domestic disturbance
5=Follow up investigation
6=Medical, mental health, or welfare assistance (exclude suicide)
7=Suspicious person/vehicle
8=Suicide (attempt or actual)
9=Traffic stop
10=Routine patrol other than traffic stop
11=Response to unlawful activity
12=Warrant/court order service
13=Other
99=Unknown
Specify the reason of initial contact between the Law Enforcement Officer and
the civilian in a text string.
Indicate if there was information that suggested that the encountered civilian(s)
were armed with weapon, (or had made prior threats) prior to the encounter.
0=No prior information indicated civilian was or might be armed
1= Dispatch information or complaint indicated civilian was or may be armed
with non-firearm
2= Dispatch information or complaint indicated civilian was or may be armed
with firearm
99=Unknown
Specify prior information on the encountered civilian(s) in a text string.
Indicate if there were offense(s) committed or being committed by the
civilian(s) prior to or at the time of the incident.
0= No
1= Yes, violent crime
2= Yes, property crime
3= Yes, other offense
99=Unknown
If there were offense(s) committed or being committed by the civilian(s),
indicate the most serious observed offense(s) committed by the civilian(s) prior
to or at the time of the incident. (select all that apply)
1=Homicide Offense
2=Kidnapping/Abduction
3=Sex Offenses
4=Robbery
5=Armed Robbery
6=Aggravated assault
7=Simple assault/intimidation
8=Arson
9=Extortion/Blackmail
10=Burglary-residential
11=Larceny/theft (including pocket-picking, shoplifting, theft from building,
theft from motor vehicle)
12=Motor Vehicle Theft (including stolen vehicle)
13=Destruction/damage/vandalism of property
14=Drug/narcotics violation
15=Weapon law violation (e.g., Illegal possession of weapons(gun)
16=Liquor law violation
17=Traffic violation (e.g., driving under the influence)
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24. Crime_type_T
During-shooting situations
25. Number_civilians
26. Number_officers
27. Agencies_involved

28. Agency_1
29. Agency_2
30. Other_Agency
31. Civilian_resistance_N

32. Civilian_resistance_T
33. Level_Resistance

18=Disorderly conduct
19=Trespassing
20=All other offenses
99=Unknown
Specify observed offense(s) committed by the civilian(s) prior to or at the time
of the incident in a text string.
Indicate the total number of encountered civilians, including civilians who the
police shot a firearm at.
Data value is a text string.
Indicate the total number of officers from all responding agencies who
presented on the scene.
Data value is a text string.
Indicate if there were multiple responding agencies whose officer(s) were on
the scene.
0=No
1=Yes
99=Unknown
Indicate the name of the primary agency responding to this incident (i.e., the
agency whose officers discharged a firearm during the incident).
Indicate the name of the secondary agency responding to this incident.
Indicate the name of other agencies involved.
indicate the resistance used by the civilian during the incident (Select all that
apply, e.g., 2, 3, 5).
1=No resistance
2=Made verbal threats
3=Resisted being handcuffed or arrested
4=Attempted to escape or flee from custody
5=Attempt to physically assault officer (s)
6=Barricaded self or initiated standoff
7=Attempt to gain possession of officer(s)'s weapon
8=Gained possession of officer(s)'s weapon
9=Escaped or fled from scene
10=Failing to comply to verbal commands
11=Other (Specify)
99=Unknown
Specify civilian’s resistance, particularly for the case you identify other types
(=11) of resistance (e.g., civilian shot officers during the encounter). Input more
detailed information on how civilian resisted.
1= Passive Resistance -The subject is not complying with an officer’s
commands and is uncooperative, but is taking only minimal physical action to
prevent an officer from placing the subject in custody and taking control (e.g.,
Standing stationary and not moving upon lawful direction, falling limply and
refusing to use their own power to move)
2= Active Resistance - The subject’s verbal or physical actions are intended to
prevent an officer from placing the subject into custody and taking control, but
are not directed at harming the officer (e.g., Walking or running away, Breaking
the officer’s grip)
3=Aggressive Resistance - The subject displays the intent to harm the officer,
themselves or another person and prevent an officer from placing the subject in
custody and taking control (e.g., Taking a fighting stance, Punching, kicking,
striking, attacking with a weapon)
4=Aggravated Aggressive Resistance - The subject’s actions are likely to result
in death or serious bodily harm to the officer, themselves or another (Raising or
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34. Perceived_weapon_status

35. Firearm_status

36. Firearm_type

37. Other_weapon_type

38. Weapon_use_N

39. Weapon_use_T
40. Threat_directed_at

41. Threat_level

shooting a firearm, Raising or using a blunt instrument, Raising or using a
bladed weapon)
99=Unknown
Indicate if the law enforcement official believed the civilian was armed during
the incident with a weapon (other than hands, fists, and feet).
1= Yes
0= No
99=Unknown
Indicate if the civilian perceived to possess a firearm.
1= Yes
0= No
99=Unknown
If the civilian armed with firearm, indicate the type of firearm did the civilian
possess.
1=Handgun
2= Shotgun
3= Rifle
99=Unknown
If the civilian is armed with non-firearm, indicate the type of weapon the
civilian use or threaten to use.
1= Knife or cutting instrument
2= Stick/blunt object
3= Motor vehicle
4= Personal weapons (as in hands, feet, or teeth)
5= Toy firearm
6= Replica firearm
7= Other item intended or used as a weapon
8= Civilian had no weapon
99=Unknown
Weapon use by civilian (Select all that apply):
1=Holding/ displaying without using
2= Discharging a firearm an officer or another
3= Pointing a firearm an officer or another
4=Throwing a stick/blunt object at an officer or another
5= Brandishing/waving a knife/edged weapon against an officer or another
6= Directing a vehicle at an officer or another
7= Using hands/fists/feet against an officer or another
99=Unknown
Specify how the civilian use or threaten to use the weapon in a text string.
Indicate who the threat by the civilian(s) was perceived by the officer(s) to be
directed to, the officer or to another party.
1= Officer
2= Another party (victim, bystander)
3= Both the officer and others
4= Other
99=Unknown
Indicate the level of threat the civilian posed at the time of police shooting.
1= Fleeing
2= Making furtive movement
3= Posing other threats (e.g., brandishing a knife/sharp object, refusing to stop a
nongun weapon, driving a vehicle at a person, or moving quickly/lunging
toward an officer without a deadly weapon)
4= pointing/brandishing a firearm.
5= Attacking with nongun weapon.
6= Firing a gun at a person.
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99=Unknown
42. Threat_level_T
43. Backup_call

44. Flight_Pursuit

45. Shoot_in_foot_pursuit

46. Shoot_in_vehicle_pursuit

47. Less_lethal_force_N

48. Less_lethal_force_T
49. First_shot

Specify detailed information on the threatening situation posed by the civilian.
Information should be evident for explaining why officer discharge their
firearms.
Indicate if officer(s) who initially contacted with the civilian called for back up?
1= Yes
2= No
99=Unknown
Indicate if this incident involved police pursuit of at least one civilian(s)? (i.e.,
officer’s pursuit of the encountered civilian right after the civilian’s flight)
0=No flight/pursuit
1=Yes, Foot pursuit
2=Yes, Vehicle pursuit
3=Other
99=Unknown
If foot pursuit involved, indicate if police officer discharged firearms at or in the
direction of the civilian when he or she was fleeing.
1=Yes, civilian attempted to flee when police shot
2=Yes, civilian was fleeing when police shot
0=No (i.e., civilian flee after the first encounter, and found by police again)
99=Unknown
If vehicle pursuit involved, indicate if police officer shot at vehicle during car
chasing.
1= Yes, shoot at moving car occurred during car chasing (which means police
shot at the moving vehicle)
2= Yes, police did not shoot at car during car chasing, but shot at car occurred
right after car chasing (which means police shot at the stopped vehicle).
3= Yes, police did not shoot at car during car chasing, but shoot at civilian
occurred after civilian run away from car (after civilian flee).
0= No, police did not shoot at car nor civilian.
99=Unknown
Indicate if less lethal force was used prior to any firearm being discharged
before gunfire by police. (Select all that apply):
1= Gave verbal commands
2= Searched civilian
3=Handcuffed civilian
4=Used arm or wrist lock
5= Struck civilian
6= Used a take down technique
7= Wrestled with civilian
8=Canine (with bites)
9=Used pepper/ OC spray
10=Used baton
11=Used Taser or CED
12= Other tactics
0= No non-lethal force used
99=Unknown
Specify if less lethal force was used prior to any firearm being discharged
before gunfire by police in a text string.
Indicate who fired the first shot during this incident
1= Encountered civilian shot first, but officer did not return fire
2= Encountered civilian shot first, and officer did return fire
3= Officer shot first (because civilian’s resistance or other factors), civilian did
not return fire nor attack back.
4= Officer shot first, and civilian returned fire if civilian armed with firearm.
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5= other situations.
99=Unknown
50. Number_civilians_shootin
g
51. Number_officers_shootin
g
52. Number_shots_by_civilia
n
53. Number_shots_by_officer

54. BWC

Post-shooting situations
55. Final_call_disposition

56. Bystander_information
57. Weapon_recovered

58. Medical_attention_N

59. Medical_attention_T
Individual

Indicate the number of civilians who shot at officers.
Data value is a text string.
If the number of civilians was not reported, you should input what the open
source materials described (e.g., multiple offedners)
Indicate the number of officers who discharged a weapon during the incident.
Data value is a text string.
If the number of officers was not reported, you should input what the open
source materials described (e.g., multiple officers, officers, or deputies)
The number of shots fired by civilian(s).
Data value is a text string.
If the number of shots fired was not reported, you should input what the open
source materials described (e.g., multiple shots or shots).
Indicate the number of shots fired by officer(s).
Data value is a text string.
If the number of shots fired was not reported, you should input what the open
source materials described (e.g., multiple shots or shots).
Indicate if officers employed body worn camera.
1=Yes, and activated
2=Yes, but not activated
0= No
99=Unknown
Indicate the final call disposition for this civilian (Select all that apply)
1= No arrest made
2= Arrest made
3=Individual referred to another agency (such as hospital or mental health
services)
4= Civilian charged with a crime
5= Civilian fled or absconded
6= Shot and killed at the scene
7=Other
99=Unknown
Briefly describe whether the bystander was involved (injured or killed by
whom)
Indicate if the perceived weapon used or held by the encountered civilian was
recovered.
1=Yes
0=No
99=Unknown
Indicate the medical attention police officers rendered to the civilian they shot.
(select all that apply)
1= Offered first aid at scene
2= Requested for emergency medical services
3= Transported to Hospital by police
4= Transported to Hospital by emergency medical services
5= Offered and Refused
6= Other
99=Unknown
Specify the medical attention police officers rendered to the civilian they shot in
a text string.
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The variables in this section capture information related the encountered civilian and individual police officers
involved.
Civilian-related
60. Civilian_name_1
61. Civilian_age_1
62. Civilian_estimated_age_1

63. Civilian_gender_1

64. Civilian_Ethnicity_1

65. Civilian_Race_1

66. Civilian_mental_sign_1

67. Civilian_intoxication_1

68. Civilian_criminal_histroy
_1

Indicate the full name of the primary encountered civilian in a text string.
Indicate the reported age of the primary encountered civilian at the time of
incident.
Must be an integer between 0 and 99.
indicate an estimate age of the primary encountered civilian in the following
boundaries.
1= Younger than 20
2= Between 20-29
3= Between 30-39
4= Between 40-49
5= Between 50-59
6= 60 or older
99=Unknown
Gender of the primary encountered civilian
1= Male
2= Female
99=Unknown
Indicate the ethnicity of the primary encountered civilian.
0= Not Hispanic or Latino
1= Hispanic or Latino
99=Unknown
Indicate the race of the primary encountered civilian.
1= White
2= Black or African American
3= Asian
4= American Indian or Alaskan Native
5= Native Hawaiian or Other Pacific Islander
6= Other
99=Unknown
Indicate if the primary encountered civilian displayed signs of mental illness.
E.g., the civilian appeared to have a mental disability, neurological disability, or
appear to be under emotional distress that led to an inability to act rationally,
exercise self-control, or take reasonable care of his or her welfare?
0= No
1=Yes
99=Unknown
Indication if the primary encountered civilian appeared to be under the
influence of drugs or alcohol.
0= No
1= Yes, alcohol intoxication
2= Yes, drug intoxication
99=Unknown
Indicate criminal history of the primary encountered civilian.
0= No known criminal history
1=Previously arrested
2= Previously charged with a crime or other offense
3= Previously convicted of a crime
4= Currently under judicial supervision (i.e.,probation or parole)
99=Unknown
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69. Civilian_criminal_histroy
_T_1
70. Civilian_name_2
71. Civilian_age_2
72. Civilian_estimated_age_2

73. Civilian_gender_2

74. Civilian_Ethnicity_2

75. Civilian_Race_2

76. Civilian_mental_sign_2

77. Civilian_intoxication_2

78. Civilian_criminal_histroy
_2

79. Civilian_criminal_histroy
_T_2

Specify the nature of previous criminal history of the primary encountered
civilian in a text string.
E.g., “Property offenses”
If a second civilian involved, indicate his or her full name in a text string.
Indicate the reported age of the secondary encountered civilian at the time of
incident.
Must be an integer between 0 and 99
Indicate an estimate age of the secondary encountered civilian in the following
boundaries.
1= Younger than 20
2= Between 20-29
3= Between 30-39
4= Between 40-49
5= Between 50-59
6= 60 or older
99=Unknown
Gender of the secondary encountered civilian
1= Male
2= Female
99=Unknown
Indicate the ethnicity of the secondary encountered civilian.
0= Not Hispanic or Latino
1= Hispanic or Latino
99=Unknown
Indicate the race of the secondary encountered civilian.
1= White
2= Black or African American
3= Asian
4= American Indian or Alaskan Native
5= Native Hawaiian or Other Pacific Islander
6= Other
99=Unknown
Indicate if the secondary encountered civilian displayed signs of mental illness.
E.g., the civilian appeared to have a mental disability, neurological disability, or
appear to be under emotional distress that led to an inability to act rationally,
exercise self-control, or take reasonable care of his or her welfare?
1=Yes
0=No
99=Unknown
Indication if the secondary encountered civilian appeared to be under the
influence of drugs or alcohol.
1= Yes, alcohol intoxication
2= Yes, drug intoxication
0= No
99=Unknown
Indicate criminal history of the secondary encountered civilian.
1= No known criminal history
2= Previously arrested
3= Previously charged with a crime or other offense
4= Previously convicted of a crime
5= Currently under judicial supervision (i.e., probation or parole)
99=Unknown
Specify the nature of previous criminal history of the secondary encountered
civilian in a text string.
E.g., “Property offenses”
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Officer-related
80. Officer_name_1
81. Officer_rank_1

Indicate the full name of the primary involved officer in a text string.
Indicate the rank of the primary involved officer at time of the incident.
1= Patrol officer/ police officer
2= Deputy sheriff
3=Corporal
4= Detective
5= Sergeant
6= Lieutenant
7= Captain
8= Major
9= Other
99=Unknown
82. Officer_SWAT_1
Indicate if the primary involved officer was part of a dedicated SWAT team at
the time of the incident.
0=No
1=Yes
99=Unknown
83. Officer_name_2
Indicate the full name of the secondary involved officer in a text string.
84. Officer_rank_2
Indicate the rank of the secondary involved officer at time of the incident.
1= Patrol officer/ police officer
2= Deputy sheriff
3= Corporal
4= Detective
5= Sergeant
6= Lieutenant
7= Captain
8= Major
9= Other
99=Unknown
85. Officer_SWAT_2
Indicate if the secondary involved officer was part of a dedicated SWAT team
at the time of the incident.
0=No
1=Yes
99=Unknown
Notes
You can input information which is important but is not captured by our
variables.
Note: all variables include 98= IAP (inapplicable) and 99= UN (Unknown).
The URL links and/or files in other formats for each case should be saved.
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Appendix B: Preprocessing Incident-Level Data

The data preprocessing involved the following operations:
1. Discarding problematic variables.
Several problematic variables were discarded given that they either functioned as
supplements to key variables or reflected errors in measurement and data coding.
a. “Conditional” variables that were only applicable to a certain subsample cases involving
specific circumstances. Conditional variables, in this study, were used in data cleaning
process to confirm other relevant variables’ classifications. For example, the who called
variable only applies for incidents that were initiated reactively. This variable was used to
check if the coding of the proactive initiation variable was logically correct: a case
should be flagged for further correction when its proactive initiation was coded as
proactive, but who called coded as victims, family members, or bystanders. The first shot
variable measuring whether the civilian or the officer first fired shots only applied to the
circumstance where that civilian was armed with firearms.
b. A few “hard to classify” variables that were detected in the formal coding process.
Coding involves some subjective judgment when coding difficult variables. As the
experience of the cases and the coding schemes was accumulated, coders reported that
the crime involved and crime type variables were hard to classify given the insufficient
information provided by most media reports. For example, the act of discharging firearm
at officers could be classified as either “homicide offense” or “aggravated assault” with
firearm. But the motive and consequence of the act which could further distinguish the
type of crime were rarely reported in media reports. In the initation reason variable, a
few of the categories were not mutually exclusive: a suspicious person could be the
pretext of patrol stop or traffic stop, and a disturbance with firearm or non-firearm
weapon could occur in domestic settings. Even when the SATA coding scheme was
applied to these variables, coders may only classify one that they preferred rather all that
really applied, producing incomplete coding and missing data.
c. Variables with excessive missing data. There is no established “rule of thumb” from the
literature regarding what percent of missing data is tolerable and what cannot be ignored
but instead imputed for valid statistical inferences. In general, imputation methods can be
useful and reliable for 5% to 20% missing data (Garson, 2020), and special caution
should be exercised in imputing in situations where there is 30% to 50% missing data
(Hardt et al., 2013; White et al., 2011) as the deviation between the estimates from
imputed data and the true values increases with the proportion of missingness (Dong &
Peng, 2013). Despite those findings, some simulation studies have demonstrated that
multiple imputation is capable of handling larger proportions of missingness (40%-60%,
see Madley-Dowd et al., 2019; Mishra & Khare, 2014; Stavseth et al., 2019), these
simulation results depended on the specific combinations of imputation methods, missing
data mechanisms, research designs, sample sizes, missingness proportions, and variable
measures, failing to be generalized to all other situations. To ensure a valid imputation
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and inference in the presence of relatively moderate proportions (10%-20%) of missing
data, this study chose to omit several variables of secondary importance with the
proportion of missing values in each variable larger than 20%: numbers of civilian and
officer shooting, numbers of shots fired by civilian and officer, back-up call, and medical
attention. If missingness occurred on different cases in each of these variables,
incorporating these variables in the same model would have a very large proportion of
missingness. In addition, a large proportion of cases with non-reporting and those with
reporting using ambiguous words, such as “several” or “multiple,” in media reports on
numbers of civilian and officer shooting, numbers of shots fired by civilian and officer,
created difficulties in precisely measuring them as either categorical or numeric. Large
missingness proportions also existed in police use of body worn camera (BWC) and the
encountered civilian’s mental illness, intoxication, and criminal history. But this study
took a different approach to handling these variables’ non-reporting that was elaborated
in the next section.
2. Handling the Media’s Non-Reporting.
Missing data in this study is partly a result of the media’s non-reporting. More caution
should be exercised in interpreting the reporting and non-reporting mechanisms of certain police
shooting attributes.
Throughout the data coding process, this study observed that local media’s reporting on
police shootings tended to focus on the shooting outcomes and the encountered civilian actions
prompting officers’ firearm discharges. When information on these features was unknown, the
media would state explicitly in language like that “It's not clear whether the civilian was killed
by the police or died of a self-inflicted wound,” and “what exactly caused the officers to shoot is
still under investigation.” For variables of secondary importance, however, confirming language
like that “the civilian is not mentally ill,” and “officers did not wear body cameras,” was less
likely to be used in the absence of those attributes. Thus, the media’s reporting could depend not
only on the availability of information received from official sources and witness accounts, but
also on the attributes themselves.
Many recent studies (Nix et al., 2017; Pinchevsky & Nix, 2018; Saleh et al., 2018; Thomas
et al., 2021) using The Washington Post’s database on fatal police shootings have directly
implied non-reporting of certain incident attributes as its non-occurrence or non-existence. This
study called this coding scheme as the “non-reporting as non-existence” assumption (hereafter
referred to as the NRNE assumption). The Washington Post’s FPS database measures the
variables of mental illness signs, flee, and BWC as binary, assigning 1 if “news reports have
indicated” certain incident attribute, and 0 otherwise. For example, the frequently tested variable,
mental illness signs, is coded 1 if “news reports have indicated the victim had a history of mental
health issues, expressed suicidal intentions or was experiencing mental distress at the time of the
shooting.” 1 The NRNE assumption held true for certain attributes only if (1) the media’s
(non)reporting of those attributes heavily depended on their features themselves, and (2) this
(non)reporting pattern was practiced consistently across incidents.

1

See https://github.com/washingtonpost/data-police-shootings (accessed Dec 1, 2021).
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The first explanation could be inferred with much certainty and confidence from the social
contexts of police shootings in which several specific attributes had been highly publicized in the
media, such as “police killings,” “unarmed black man,”2 “people with mental illness”3, and
“suicide by cop.”4 The newsworthiness of these specific attributes could be explained under the
media framing perspective that journalists often “select some aspects of a perceived reality to
make them more salient in a communicating text…” (Entman, 1993, p. 52). Within the framing
practices, this study could apply the NRNE assumption to apply a binary code to the involved
officer casualty and the encountered civilian mental illness signs given their newsworthinesses in
the local and national contexts of police shootings and other forms of gun violence in the US.
The NRNE coding scheme was also applied for BWC wearing as widespread adoption of
body worn cameras came amid public outcry for better police oversight after the police shooting
of Michael Brown in Ferguson in 2014. However, without locating sufficient scholarly and
journalistic discussions on the newsworthiness of intoxication, criminal history, back-up call,
and medical attention in the context of police use of deadly force, this study chose to omit them
from analysis.
Testing the second explanation for the consistency in reporting specific attributes remained
almost impossible without knowing the facts of individual shootings that were used for
confirming the media’s (non)reporting. The fact that there are more media reports located for
fatal rather than nonfatal police shootings could indicate that more available information could
be used for coding fatal incidents, resulting in less missingness for fatal incidents. When
applying the NRNE assumption to binary code one newsworthy attribute, a significant
relationship, if existed, between the shooting outcome and that attribute could be just indicate
whether the outcome was associated with the (non)reporting of that attribute rather than that
attribute itself.
The subsequent analyses would include the variables of officer casualty, mental illness
signs, and BWC wearing which were binary coded under the NRNE assumption, to explore their
explanatory roles on shooting fatalities. But it should be borne in mind when interpreting their
results that the variation in reporting between FNFPS confounds their associations with the
outcome. It should be noted that the common missing data handling methods relying on the
observed data cannot be applied for imputing the missingness of these newsworthy variables due
to the mechanism of missing not at random (MNAR): the missingness (non-reporting) was
directly relied upon the missing value itself (Graham, 2009; Schafer & Graham, 2002).
3. Reconfiguring Variables

2

See https://www.npr.org/2021/01/25/956177021/fatal-police-shootings-of-unarmed-black-people-reveal-troubling-patterns
(accessed Dec 1, 2021).
3
See https://www.treatmentadvocacycenter.org/key-issues/criminalization-of-mental-illness/2976-people-with-untreated-mentalillness-16-times-more-likely-to-be-killed-by-law-enforcement-; https://www.nbcnews.com/news/us-news/policing-mental-healthrecent-deaths-highlight-concerns-over-officer-response-n1266935; https://www.washingtonpost.com/national/police-mentally-illdeaths/2020/10/17/8dd5bcf6-0245-11eb-b7ed-141dd88560ea_story.html (accessed Dec 1, 2021).
4
See https://www.washingtonpost.com/crime-law/2019/10/31/police-chiefs-propose-ways-reduce-suicide-by-cop/ (accessed Dec
1, 2021).
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This study generated a series of dummy variables capturing the circumstances where one
threatening action by the civilian could be in conjunction with other actions throughout the
encounter (e.g., the civilian’s firing a gun, point/holding a gun, vehicle ramming, use of
knife/blunt object, physical attack, fleeing, and furtive movement), by reconfiguring categories
with similar features within one variable or across variables. Table 31 listed the rules of
reconfiguring one or more of the following variables: weapon use, other weapon, firearm status,
civilian resistance, threat level, and flight pursuit. This approach is often used to accommodate
the situation in which an acceptable level of reliability may not be achieved for original variables
but for those being reconfigured (Neuendorf, 2017).
Reconfiguring these dummy variables was also relied on the NRNE assumption, through
which a 1 was assigned for presence, and a 0 for absence of certain attributes rated by coders
according to the open-source content. Based on these dummy variables, this study generated a
weapon type variable measuring the type of most dangerous weapon armed by the civilian. This
study ranked firearm, vehicle, knife/blunt object, and unarmed in descending order from most to
least dangerous weapon causing deadly or serious bodily harm. A civilian could possess a gun
but get shot by police due to that civilian’s physical attack, furtive movement, or vehicle
ramming. Under this circumstance, the weapon type variable would be coded as “firearm” even
that civilian did not use it.

Table 31: Reconfiguration of weapon- and threat-related variables.
Variables reconfigured
Rules of reconfiguring original variables’ categories
Firing a gun
•
If threat level=6 OR weapon use contains 2 Yes (=1)
Pointing a gun
•
If threat level=4 OR weapon use contains 3 Yes (=1)
Holding a gun
•
If firearm status=1 AND weapon use contains 1 → Yes (=1)
Point/holding a gun
•
If pointing a gun =1 OR holding a gun =1→ Yes (=1)
Vehicle ramming
•
If other weapon= 3 OR weapon use contains 6 → Yes (=1)
Attacking w/ a knife/blunt object
•
If weapon use contains 4 OR 5 → Yes (=1)
Else if weapon use does not contain 1 AND other weapon=1, 2, OR 7 → Yes (=1)
Holding a knife/blunt object
•
If weapon use contains 1 AND other weapon=1, 2, OR 7 → Yes (=1)
•
Else → No
Use of knife/blunt object
•
If attacking with a knife/blunt object =1 OR holding a knife/blunt object =1 → Yes (=1)
(=0)
Physical attack
•
If weapon use contains 7 OR other weapon=4 → Yes (=1)
Fleeing
•
If threat level=1 OR flight pursuit=1 OR 2 → Yes (=1)
•
Else if civilian resistance=4 OR 9 → Yes (=1)
Furtive movement
•
If threat level=2 → Yes (=1)
Unarmed
•
If other weapon=8→ Yes (=1)
Unknown action
•
If firing a gun ≠1 AND pointing a gun ≠1 AND holding a gun ≠1 AND vehicle ramming ≠1 AND attacking w/
a knife/blunt object ≠1 AND holding a knife/blunt object AND physical attack ≠1 AND fleeing ≠1 AND furtive
movement ≠1 AND unarmed ≠1 → Yes (=1)
Weapon type
•
If unarmed=1 OR physical attack=1 OR fleeing=1 OR furtive movement=1 → Unarmed (=1)
•
Else →
Else if attacking w/ a knife/blunt object=1 OR holding a knife/blunt object =1 → Knife/Blunt object (=2)
Unknown
Else if vehicle ramming=1 → Vehicle (=3)
(=99)
Else if firearm status=1 OR firing a gun =1 OR pointing a gun=1 OR holding a gun=1 → Firearm (=4)
Classifications of original variables (Detailed classifications can be found in Appendix A)
5=Attempt to physically assault
•
Firearm status:
•
Weapon use:
•
Threat level:
officer (s)
0=No
1=Holding/displaying without attacking
1=Fleeing
6=Barricaded self or initiated
1=Yes
2=Discharging a firearm an officer or another
2=Making furtive movement
standoff
3=Pointing/brandishing a firearm an officer or
3=Posing other threats
•
Other weapon:
7=Attempt to gain possession of
another
4=Pointing/brandishing a gun
1=Knife or cutting instrument
officer(s)'s weapon
4=Throwing a stick/blunt object at an officer or
5=Attacking with non-gun weapon
2=Stick/blunt object
8=Gained possession of
another
6=Firing a gun at a person
3=Motor vehicle
officer(s)'s weapon
5=Brandishing/waving a knife/edged weapon
4=Personal weapons (e.g., fists, feet)
•
Civilian resistance:
9= Escaped or fled from scene
against an officer or another
5=Toy firearm
1=No resistance
10=Failing to comply to verbal
6=Directing a vehicle at an officer or another
6=Replica firearm
2=Made verbal threats
commands
7=Using hands/fists/feet against an officer or
7=Other item intended or used as a weapon
3=Resisted being handcuffed or
11=Other (Specify)
another
8=Civilian had no weapon
arrested
4=Attempted to escape or flee from
custody
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Appendix C: Investigating the Uniform Crime Reporting Program’s Non-Reporting

Agencies’ non-reporting for their data on offenses, arrests, and officers killed and
assaulted was determined by the variables of number of months reported or number of months
missing in each Kaplan’s concatenated UCR data file: The number of months missing variable in
the offense file is the sum of the number of times that one agency did not report5 for any offense
in a year; both the arrest file and the LEOKA file use the number of months reported variables,
respectively indicating the number of months that any crime arrest was reported and the number
of times that a value of "normal update" or "reported, not data" was listed for the month indicator
for a given month (Kaplan, 2021a, 2021b, 2021c). Thus, the number of months reported/missing
variables were aggregate measures, indicating the total number of months reported or not
reported for arrests for any offenses, arrests, and killings or assaulting against officers. For
example, there are 9 months of offense data reported in 2015, for one agency reporting murder
from January to June and aggregated assault from October to December 2015, assuming no other
offenses reported for the year. In contracts, officers employed and the population served are
measured annually, thus the presence of a “zero” input simply represents one agency’s nonreporting in a given year.
Table 32: Reporting patterns for monthly and annual measures of interest.
Months reported during the time period of 2013-2017
Monthly measures
0
1-11
12-23
24-35
36-47
48-59
60
Officers killed & assaulted
65(6.3%) 3(0.3%)
8(0.8%) 36(3.5%) 29(2.8%)
154(14.9%)
739(71.5%)
Violent crime
30(2.9%) 5(0.5%) 10(1.0%) 6(0.6%) 27(2.6%)
101(9.8%)
856(82.7%)
Disorderly conduct & DUI arrests 69(6.7%) 81(7.8%) 9(0.9%) 22(2.1%) 59(5.7%)
174(16.8%)
621(60.0%)
All monthly measures
29(2.8%)
549(53.0%)
Years reported during the time period of 2013-2017
Annual measures
0
1
2
3
4
5
Officers employed
5(0.5%)
4(0.4%)
4(0.4%)
1(0.1%)
8(0.8%)
1013(97.9%)
Population served
74(7.2%) 2(0.2%)
1(0.1%)
0
0
956(92.6%)
All annual measures
4(0.4%)
950(91.8%)
Non-reporting
Fully-reporting
All monthly and annual measures
3(0.3%)
533(50.6%)
Notes:
Abbreviation: DUI= Driving under the influence

Table 32 summarizes agencies’ reporting patterns for monthly and annual measures of
interest. First, of the agency sample (Nagencies=1,035) appeared in the UCR, most agencies
reported their monthly measures for more than 48 months over 5 years, at least 9.6 months per
year, whereas there were only about 50% consistently reporting all monthly and annual
measures. Second, the extent of reporting varied across different measures; reporting on police
employees, populations served, and offenses known is much more complete than reporting on
arrest data: Most agencies reported their full-year data on the number of officers employed
(97.9%), serving population (92.6%), arrests for violent crime (82.7%), and officers killed and
assaulted (71.5%), whereas only 60% agencies submitted their arrests for disorderly conduct and
DUI for 60 months6. Agencies’ non-reporting in the UCR program has been well-documented,
5

The UCR’s offense file counts a month as missing or not reported if the missing or “NA” input for the card actual pt variable,
see https://www.openicpsr.org/openicpsr/project/100707/version/V16/view (accessed December 6, 2021).
6
The arrest file includes additional variables, labeled as “num months [offense]” where [offense] is the offense name, indicating
the number of times one or more arrests were reported per month for each offense. However, the zero values of these variables,
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and studies have cautioned that although agencies that rarely have crime to report tend not to
report, but non-reporting does not always represent zero arrests occurring (Maltz & Targonski,
2002).
Table 33: The imputation methods adopted from the FBI and the NACJD.
Number of months reported in each year
0-2
Population=0
The FBI and NACJD imputation methods*

0

The adopted methods used in this study

0

Population > 0
Aij=

∑ "!"
∑ #"

× #$

0

3-12
"

Aij= %!# × 12
"

#

Aij= %!# × 12
#

Notes: Aij is an adjusted 12-month data for crime i reported by agency j, &&$ is the sum of the monthly data over the year, '$ is
the number of months reported by agency j, #$ is the population served by agency j, ∑ #' is the sum of populations served by
K similar agencies, and ∑ &&' is the sum of counts for crime i reported by K similar agencies. Similar agencies are defined as
those reporting full-year data and sharing the same population group in the same state. The population groups are classified as:
1) Cities 250,000 and over; 2) Cities 100,000 - 249,999; 3) Cities 50,000 - 99,999; 4) Cities 25,000 - 49,999; 5) Cities 10,000 24,999; 6) Cities 2,500 - 9,999; 7) Cities under 2,500; 8) Non-MSA counties and non-MSA State Police; 9) MSA counties and
MSA State Police.
* The imputation methods used by the FBI and the NACJD were different prior to 2014.

To adjust offense and arrest data by considering agencies’ non-reporting or reporting fewer
than all 12 months of the year, this study adopted the following imputation procedure that had
been used by the FBI and the National Archive of Criminal Justice Data (NACJD) since 1994 to
aggregate jurisdiction-level offense and arrest data to the county level (see Table 33). The
imputation process generates 12-month equivalents by weighing the data upon the number of
months reported:
!

Aij= "!" × 12 , %# ∈ ℤ and 3 ≤ %# ≤ 12
"

where Aij is an adjusted 12-month data for crime i reported by agency j, *$# is the sum of the
monthly data over the year, and %# is the number of months reported by agency j. This
imputation is only applied for the data from agencies reporting 3-12 months of information in
each year. For agencies reporting 0-2 months of data, the FBI and NACJD estimated one
agency’s data by using crime rates aggregately experienced by its similar agencies reporting 12
months of data. Similar agencies are defined as those served for the same state and the same
population group7 as that agency reporting 0-2 months. No estimation was generated for agencies
reporting zero population. Although this imputation method could be adequate for producing
aggregated estimates at state and county levels, this estimation may not only, but also be
as noted by Kaplan, cannot be used to differentiate non-reporting and true zero arrests. Thus, this study used the number of
months reported variable to examine the reporting and non-reporting for disorderly conduct and DUI. For example, arrests for
disorderly conduct and DUI can be true zeros if the variables of disorderly conduct and DUI arrests have zero values and the
number of months reported is greater than zero, regardless of the values of “num months disorderly conduct” and “num months
DUI.” Non-reporting occurs when the number of months reported is zero, under this circumstance, the variables of arrests and
months reported for disorderly conduct and DUI are zeros, see
https://www.openicpsr.org/openicpsr/project/102263/version/V13/view (accessed December 6, 2021).
7
The UCR population groups used for imputation are defined as follows:1) Cities 250,000 and over; 2) Cities 100,000 - 249,999;
3) Cities 50,000 - 99,999; 4) Cities 25,000 - 49,999; 5) Cities 10,000 - 24,999; 6) Cities 2,500 - 9,999; 7) Cities under 2,500; 8)
Non-MSA counties and non-MSA State Police; 9) MSA counties and MSA State Police.
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inaccurate for individual agencies reporting 0-2 months as failing to account for seasonality and
factors other than population which crime data could condition on (Maltz & Targonski, 2002).
For those agencies defined as similar in terms of the state and the population group, their varying
jurisdictions and law enforcement functions could make their outcomes of law enforcement
incomparable. In addition, using data from agencies in the same population group could result in
overestimated or underestimated values for agencies serving of populations just close to the
upper or lower limit of one population group. Being aware of these limitations, this study chose
to treat offense and arrest data from agencies reporting 0-2 months as missing.
To further adjust for variations in agencies’ reporting and unusual fluctuations of the data
reported over years, this study averaged the annual measures and the 12-month equivalents of
each monthly measure over the number of reporting years (at least 3 months reported in each
year) from 2013-2017. For example, Pine Lake police department, GA, reported 11, 2, 0, 12, and
12 months of offense data from 2013-2017, respectively. The average number of violent offenses
known for Bisbee police over 5 years is generated by first summing up the full-year data reported
in 2016 and 2017, and the 12-month equivalents imputed for 2013, and then dividing by 3 years
reporting. The data reported in 2014 was treated as missing due to only 2 months reported.
The 5-year averaging was also applied to accommodate the non-reporting of employed
officers and serving populations. The 5-year averages for few agencies (Nagencies=8) not reporting
any year on their officers employed from 2013-2017 was substituted from the average yearly
LEOKA data collected in other years (2018-2019 or 2010-2012), when available, or the latest
data published in their websites. In addition, agencies consistently reported severing population
groups, even for those reporting zero populations. This study edited some agencies’ population
groups (Nagencies=47) to reflect the accurate groups which the newly calculated average annual
serving populations fall in. The population groups reported for 2015, if not available, for the
latest year were used as substitutes of those for agencies (Nagencies=74) reporting zero serving
population.
This study further explored factors associated with the UCR reporting patterns of agencies
identified in this study. In accordance with previous studies (Loftin & McDowall, 2003; Lynch
& Jarvis, 2008; Maltz & Targonski, 2002; Pridemore, 2005), this study found that agencies’
reporting patterns (fully reporting vs non-reporting) varied by their agency types, serving
population groups, states.
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Table 34: Comparisons between non-reporting and fully-reporting for monthly measures derived from the UCR, by agency type and
population group.
Monthly measures
Officers killed & assaulted
Violent crime
Disorderly conduct & DUI
Agency features
Sub(LEOKA)
(The offense file)
(The arrest file)
total
NR(n=66)
FR(n=740)
NR(n=31)
FR(n=856)
NF(n=141)
FR(n=621)
Agency type
N(Row%)
Local police
666
28(4.2%)
489(73.4%)
1(0.2%)
571(85.7%)
72(10.8%)
431(64.7%)
Sheriff’s office
307
14(4.6%)
228(74.3%)
11(3.6%)
254(82.7%)
44(14.3%)
172(56.0%)
State police
36
21(58.3%)
7(19.4%)
18(50.0%)
10(27.8%)
22(61.1%)
7(19.4%)
Special jurisdiction
25
2(8.0%)
16(64.0%)
0(0.0%)
21(84.0%)
2(8.0%)
11(44.0%)
Federal
1
1(100.0%)
0(0.0%)
1(100.0%)
0(0.0%)
1(100.0%)
0(0.0%)
Population groupa
N(Row%)
Cities 250,000+
75
1(1.3%)
56(74.7%)
0(0.0%)
71(94.7%)
8(10. 7%)
54(72.0%)
Cities 100,000-249,999
113
2(1.8%)
91(80.5%)
0(0.0%)
107(94.7%)
11(9.7%)
83(73.5%)
Cities 50,000-99,999
114
1(0.9%)
101(88.6%)
0(0.0%)
107(93.9%)
12(10.5%)
89(78.1%)
Cities 25,000-49,999
115
7(6.1%)
82(71.3%)
0(0.0%)
102(88.7%)
13(11.3%)
83(72.2%)
Cities 10,000-24,999
112
7(6.3%)
79(70.5%)
0(0.0%)
91(81.3%)
13(11.6%)
67(59.8%)
Cities under 10,000
140
13(9.3%)
79(56.4%)
2(1.4%)
95(68.6%)
16(11.4%)
53(37.9%)
Non-MSA counties & state
136
25(18.4%)
77(56.6%)
22(16.2%)
84(61.8%)
33(24.3%)
51(37.5%)
MSA counties & state
230
10(4.3%)
175(76.1%)
7(3.0%)
198(86.1%)
35(15.2%)
141(61.3%)
Notes:
a
Population group was regrouped into fewer categories according to the following original categories: city 1,000,000+, city 500,000
thru 999,999, city 250,000 thru 499,999, city 100,000 thru 249,999, city 50,000 thru 99,999, city 25,000 thru 49,999, city 10,000 thru
24,999, city 2,500 thru 9,999, city under 2,500, msa-county 100,000+, msa-county 25,000 thru 99,999, msa-county 10,000 thru
24,999, , msa-county under 10,000, non-msa county 100,000+, non-msa county 25,000 thru 99,999, non-msa county 10,000 thru
24,999, non-msa county under 10,000, non-msa state police.
NR and FR (non-reporting and fully-reporting) respectively indicates a given agency reported its data for 0-2 months and 12 months
in each year of 2013-2015.
The binary measure of fully-reporting were significantly associated (p<0.001) with agency type and population group.

First, as shown in Table 34, the row percentages for state law enforcement agencies’ nonreporting (the number of months reported in each year were 2 months or less) for the numbers of
officers killed and assaulted, violent offenses known and arrests for disorderly conduct and DUI
were above 50%, whereas those of local agencies and sheriff’s offices ranged from 0.2% to
14.3%. The majority (ranged from 56.0% to 85.7%) of local agencies and sheriff’s offices fully
reported their monthly measures (the number of months reported were 60 months). These
differences demonstrated that state law enforcement agencies were least likely to engage in
consistently and completely reporting these monthly measures.
In addition, as shown in Table 35, most state agencies (94.4%) and all agencies serving for
special jurisdictions (e.g., transit authorities, airport police, university police, park police, and
fish and wildlife officers) did not report serving populations for any year from 2013 to 2017. The
“zero-population” reporting has been linked to their overlapping jurisdictions with other agencies
at lower levels, so that the “zero population” was assigned to avoid double-counting (Maltz &
Targonski, 2002). The overlapping jurisdictions could also explain for the “zero-population”
reporting observed in this study for 5 sheriff’s offices and 9 tribal police departments8. Analysis
involving agencies’ serving populations would exclude incidents/agencies with zero populations
(Nshootings=197, Nagencies=74) being treated as missing in this study. State agencies’ over-lapping

8

The agency types defined by the UCR classify tribal police into local police.
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jurisdictions and more specialized law enforcement capabilities that being carried on might
explain their non-reporting.
Table 35: Comparisons between non-reporting and fully-reporting for annual measures derived from the
UCR, by agency type and population group.
Annual measures
Agency features
Employed officers
Serving population
Sub(LEOKA)
(LEOKA)
total
NR(N=5)
FR(N=1,013)
NR(N=74)
FR(N=958)
Agency type
N(Row%)
Local police
666
1(0.2%)
652(97.9%)
5(0.8%)
660(99.1%)
Sheriff’s office
307
2(0.7%)
305(99.4%)
9(2.9%)
297(96.7%)
State police
36
0(0.0%)
33(91.7%)
34(94.4%)
1(2.8%)
Special jurisdiction
25
1(4.0%)
23(92.0%)
25(100.0%)
0(0.0%)
Federal
1
1(100.0%)
0(0.0%)
1(100.0%)
0(0.0%)
Population groupa
N(Row%)
Cities 250,000+
75
0(0.0%)
75(100.0%)
0(0.0%)
75(100.0%)
Cities 100,000-249,999
113
0(0.0%)
111(98.2%)
0(0.0%)
113(100.0%)
Cities 50,000-99,999
114
0(0.0%)
113(99.1%)
0(0.0%)
114(100.0%)
Cities 25,000-49,999
115
0(0.0%)
115(100.0%)
0(0.0%)
115(100.0%)
Cities 10,000-24,999
112
0(0.0%)
112(100.0%)
0(0.0%)
112(100.0%)
Cities under 10,000
140
2(1.4%)
127(90.7%)
29(20.7%)
110(78.6%)
Non-MSA counties & state
136
1(0.7%)
132(97.1%)
33(24.3%)
102(75.0%)
MSA counties & state
230
2(0.9%)
228(99.1%)
12(5.2%)
217(94.4%)
Notes:
a
Population group was regrouped into fewer categories according to the following original categories: city
1,000,000+, city 500,000 thru 999,999, city 250,000 thru 499,999, city 100,000 thru 249,999, city 50,000
thru 99,999, city 25,000 thru 49,999, city 10,000 thru 24,999, city 2,500 thru 9,999, city under 2,500, msacounty 100,000+, msa-county 25,000 thru 99,999, msa-county 10,000 thru 24,999, , msa-county under
10,000, non-msa county 100,000+, non-msa county 25,000 thru 99,999, non-msa county 10,000 thru 24,999,
non-msa county under 10,000, non-msa state police.
NR and FR (non-reporting and fully-reporting) respectively indicates a given agency reported its data for 0-2
months and 12 months in each year of 2013-2015.
The binary measure of fully-reporting were significantly associated (p<0.001) with agency type and
population group.

Second, the row percentages of agencies fully reporting their annual and monthly
measures were smallest for agencies serving cities with populations under 10,000 and counties in
non-metropolitan statistical areas. Non-reporting was more likely to occurred on agencies
serving smaller cities and rural counties. This reporting pattern could be attributed to that those
agencies’ UCR program participations were less prone to be consistent (Lynch & Jarvis, 2008)
and offenses and arrests were rare events in their jurisdictions (Loftin & McDowall, 2003).
Third, the proportions of non-reporting and fully-reporting agencies, as shown in Figure
25 and Figure 26, varied across states. All agencies from three states (Rhode Island, New
Hampshire, and North Dakota) fully reported their arrest data from 2013-2017, whereas the
consistently fully-reporting for other UCR measures was observed for agencies from more states.
Although agencies from some states, such as agencies from Nebraska, reported incomplete data,
these agencies did not involve non-reporting in any year. A distinctive reporting pattern was
observed for agencies within Illinois: most agencies in Illinois (27 of 28, 24 were local agencies)
did not submit any monthly data on officers killed and assaulted and arrests. All agencies from
Florida (n=69, 38 were local agencies and 29 were sheriff’s offices) did not report their arrest
data, even though most Florida agencies fully reported data on offenses known and officers
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killed and assaulted9. Factors contributing to state-level variations in UCR reporting, like the
lack of mandate reporting and collection of crime data at state level, warrant future investigation.
A: Officers Killed and Assaulted
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Figure 25: Percent of agencies with non-reporting vs full reporting for officers killed and assaulted,
violent crime, and arrests, 2013-2017 by state

9

A further investigation on the original arrest files revealed that the maximum number of months reported is 1 in 2017, and
months reported from 2013-2016 were zeros for all Florida agencies.
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Figure 26: Percent of agencies with non-reporting vs full reporting for officers employed and serving
populations during 2013-2017 by state
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Appendix D: Evaluating the Quality of Geocoding Police Shooting Addresses

A wide array of police shooting locations extracted from open sources were classified into
four main types (see Table 36), with a descending order degree of specificity about where a
shooting occurred:
(1) Complete address:
a. with the name of a premises/facility/establishment (e.g., airport, bar,
campground, convenience store, and park), place (e.g., neighborhood, city,
town), and state.
b. with the number, name, and type (e.g., street, road, drive, boulevards, avenues,
lane) of street, place, and state.
c. with the number, name, and type of block, place, and state.
(2) Intersection of two streets, place, and state.
(3) Route only with its street name, place, and state.
(4) Locality with only place or county and state.
This study geocoded incident locations using the Google Maps Application Programming
Interface (API)’s geocoding service, within the geocode function of the “ggmap” package
(Kahle & Wickham, 2013) in R Studio program (Version 1.4.1106). The geocoding quality in
this study was checked by controlling for the consistency between the original address and the
returned address. One geocode can be perceived as accurate and consistent when two features are
satisfied: (1) Any available components —the number, name, and type of street, place, and state
— of the original address match those of the returned address. The appearance of additional
street directions and ZIP Codes on a returned address is not considered as a mismatch. (2) The
geocoding type performed and the returned address’s place type should be consistent with the
specificity of the original address. Generally, more precise geocoding techniques are more likely
to be performed for more specified addresses, returning higher accuracy levels of place types.
After performing a preliminary geocoding, this study edited about 21% of (Nshootings=397)
shootings’ original addresses (see Table 37). Near 7% (Nshootings=134) were edited because of the
inconsistent street addresses returned. These inconsistencies in street addresses mainly occurred
on intersection addresses (Nshootings=86) of which most were mis-geocoded to either completed
street addresses of the locations “guessed” by the Google Geocoding API or route addresses
containing information on only one street. Few patterns that may contribute to intersection misgeocoding were detected:
(1) Two streets actually did not intersect, especially for a highway if it “intersected” with a
road or two parallel streets;
(2) Ambiguous intersections (e.g., missing, incomplete, or incorrect street types) could not
be matched in the geocoding base file;
(3) The Google Maps Geocoding API cannot be performed accurately for intersections
when the ampersand (“&”) character linking two streets; and the street listed first was a
numbered street.
Some completed street addresses were mis-geocoded as routes (Nshootings=17) or locality
(Nshootings=2), largely due to wrong street/block numbers or typos and misspellings on street
names. These observed patterns in street addresses had been documented as sources of mis-
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geocoding in previous studies evaluating Google Maps Geocoding API (Burns et al., 2014; Cui,
2013; Singh, 2017).
About another 6% (Nshootings=118) of shootings’ original addresses were edited because
that the returned places were inconsistent with the original ones, despite that the returned street
addresses and accuracy levels were consistent. These “place-only” inconsistencies could include
few instances:
(1) For larger cities where incidents occurred, a place returned was its neighborhood or
smaller political boundary, such as Arleta Neighborhood, Los Angeles and Brooklyn
Borough, New York City;
(2) A place could be returned for an original address not containing a place but with a
completed street address. For example, “910 Cypress Station Dr, Houston, TX 77090,
USA” was returned for “910 Cypress Station Drive, Harris County, TX;”
(3) The returned place was the actual place corresponding to the original address, whereas
the original one was not. Some actual place returned were part of larger metropolitan
areas (e.g., Rio Linda, Sacramento and South Valley, Albuquerque), and others were
geographically close to the original ones (e.g., Aloha and Beaverton are adjoining
places in Oregon). These coding errors often occurred for incidents involving multiple
agencies across multiple jurisdictions, in which identifying the actual locations of
incidents were challenging. Also, the coding errors could be attributed to the tendency
of local media outlets tended to mention the names of neighborhoods and communities
rather than explicitly report the city or town where shootings occurred, such as the
suspect “was shot in a confrontation with San Diego Police in City Heights” rather
using “in San Diego.”
(4) No place could be returned for addresses without information linking to a place. For
example, “Spring Dr, Robertsville, Franklin County, USA” was geocoded to “Spring
Dr, Prairie Township, MO 63072, USA.”
Geo-coordinates assigned for the first two instances could be viewed as accurate, whereas
manual corrections and verifications were needed for the latter two situations.
Manual correcting mis-geocoded original addresses generally involved the subsequent
steps of (1) correcting typos and misspellings, (2) removing redundant information, (3) if
necessary reverifying shooting locations described on open-source materials and searching for
more specific address information, and (4) standardizing address formats. Each edited address
was further searched on the web-based Google Maps interface for visual inspection of whether
consistent addresses could be returned. Additionally, for few edited addresses still returning
inconsistent street addresses, manually pin-pointing adjoining premises or approximate locations
to get geocodes or using route addresses with only one street information for further geocoding
were the alternative options. For those edited addresses returning consistent street addresses but
with either different places or no place sections, reverse geocoding was performed to identify the
actual place boundaries which the assigned geo-coordinates fell inside or at the outskirts of.
The above-mentioned manual correction process was also performed for about 8%
(Nshootings=145) of shootings’ original addresses returning no ZIP Codes, of which most geocodes
with no ZIP Codes were largely occurred on route addresses (Nshootings=95) involving traffic stops
or vehicle pursuits on routes, highways, or interstates. Special emphasis was placed on searching
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for more specific address information which might be not captured during the previous coding
process. There were 77 edited addresses still returning no ZIP Codes after manual correction,
most were route addresses (e.g., Bald Knob Rd, Frankfort, KY, USA) which were not detailed
enough for specifying ZIP Codes. This study applied reverse geocoding for additional 70
shootings to manually locate ZIP Codes10 serving for specific areas which both returned geocoordinates and the known places could exclusively fell into. This manual checking via reverse
geocoding most applies the circumstance where a place is served by a single zip code. For
example, only locality information, “Clute, TX, USA,” was available for one shooting, the geocoordinates were returned through approximate geocoding, but Clute city only covers the 77531
zip code. Rather than excluding cases without ZIP Codes, this approach ensured that as many
incidents as possible could receive valid ZIP Codes used for data merging.

Figure 27: Comparing accuracy levels and geocoding types for the re-geocoding results

After correcting these inconsistent addresses, the re-geocoding was successfully performed
for all edited addresses without errors, returning geo-coordinates with improved consistency.
Figure 27 shows the re-geocoding results: geocoding types were largely matched with the edited
address types, and accuracy levels returned mostly reflected the edited addresses’ location
specificity. Most premises and completed addresses with street/block numbers were geocoded by
10

The ZIP Codes manually searched could be a “standard” type which designates delivery points and address ranges in a specific
area or a “PO Box” type that is located at the post office itself serving for areas without mail delivery. Other types of USPS ZIP
Code types include “unique” serves for a single high-volume address and “military” is specifically used for the US Military.
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rooftop (61.0%) and range interpolated techniques (35.9%), with the returned accuracy level of
premises/street addresses. Geometric centers were performed for most intersection (97.4%) and
route (95.3%) addresses, returning consistent accuracy levels. Locality accuracy levels were
returned for most place-only addresses (92.9%) that were geocoded by approximate techniques.
This suggested that address editing improved the geocoding quality, ensuring an adequate degree
of consistency.

Table 36: Examples of editing some incident addresses, by address type
PrePostAddress Type
Editing
Editing
N(%)
N(%)
Original Address
The Gates of Ballston
Premises/
Apartment Complex, 4200
Facility/
Block of 2nd Street N,
Establishment
17
28
Arlington, VA
+
(0.9%)
(1.5%)
Place
North East Plaza Shopping
+
Center, Rt. 272 At Rt. 40,
State
North East, MD
Street
number,
name, & type
+
Place
+
State

Block
number,
name, & type
+
Place
+
State

505 North Kings Highway,
Cape Girardeau, MO
568
(29.8%)

656
(34.4%)

1237 Dixie Drive,
Auburndale, FL
1100 E Gateway Dr SE,
Huntsville, AL
955 S. Havana Street,
Aurora, CO
5101 U.S. Route 133,
Moultrie, GA
Beck Avenue in the 1200
Block, Panama City, FL
4000 Block of County
Highway 4, Mahtowa, MN

559
(29.3%)

546
(28.6%)

300 Block of South St.
Augustine Road, Dallas, TX
9000 Block of North Shadow
Mountain Drive, Tucson, AZ
600 Block of First Lane, San
Francisco, CA

Examples
Returned Address

Editing Reason

Edited Address

4108 4th St N, Arlington,
VA 22203, USA

Inconsistent street address due to
two inputs of different locations

4200 Block of 2nd Street N., Arlington,
Virginia

106 Ontario Ct, North East,
MD 21901, USA

Inconsistent street address due to
redundant information: "rt. 272 at rt.
40"

North East Plaza Shopping Center,
North East, Maryland

Inconsistent street address due to
typo: "Kings Highway"

505 North Kingshighway, Cape
Girardeau, Missouri

N Kingshighway, Cape
Girardeau, MO 63701,
USA
1237 Loop Rd, Auburndale,
FL 33823, USA
E Gateway Dr SE,
Huntsville, AL 35803, USA
955 S Havana St, Denver,
CO 80247, USA
GA-133, Moultrie, GA,
USA
1136 Beck Ave, Panama
City, FL 32401, USA
Co Hwy 4, Mahtowa
Township, MN 55707,
USA
S St Augustine Rd, Dallas,
TX 75217, USA
9000 N Shadow Mountain
Dr, Oro Valley, AZ 85704,
USA
San Antonio, TX, USA

Inconsistent street address due to
unrecognized street type: "Drive"
Inconsistent street address due to
unrecognized street number: "1100"

1237 Dixie Hwy, Auburndale, Florida
11000 E Gateway Dr SE, Huntsville,
Alabama

Inconsistent place: "Denver"

900 S. Havana Street, Aurora, Colorado

No zip code generated;
unrecognized street address
Inconsistent street address due to
unstandardized address format
Inconsistent street address due to
unrecognized block number: "4000
block"
Inconsistent street address due to
unrecognized block number: "300"

5101 Georgia Rte 133, Moultrie,
Georgia
1200 Block of Beck Avenue, Panama
City, Florida
County Highway 61, Mahtowa,
Minnesota
3000 Block of South St. Augustine
Road, Dallas, Texas

Inconsistent place: "Oro Valley"

9000 Block of North Shadow Mountain
Drive, Oro Valley, Arizona

No zip code generated;
unrecognized street address

600 1st Lane, San Francisco, California
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Table 36: (continued)
PreAddress Type
Editing
N(%)

Intersection
of two streets

440
(23.1%)

PostEditing
N(%)

428
(22.4%)

Examples
Original Address

Returned Address

12Th Street and Jefferson
Ave, Fairfield, IA

E Jefferson Ave, Fairfield,
IA 52556, USA

Baymeadows Road and Dix
Ellis Trail, Jacksonville, FL
Davis Road and Wilbur
Street, Fairbanks, AL
Interstate 40 and Rio
Grande, Albuquerque, New
Mexico
Highway 84 West and Leon
Wiggins Road, Andalusia,
AL
Hectorville Road & Bixby
Road, Okmulgee, OK
Katie Avenue and Maryland
Parkway, Las Vegas, NV
Interstate 70 and Colorado 6,
New Castle, CO
Mauna Lani Track Road,
Mountain View, HI

Route (no
street
number)

Locality
(place + state)

305
(16.0%)

18
(0.9%)

235
(12.3%)

14
(0.7%)

Editing Reason
Inconsistent street address due to
unrecognized intersection: started
with a numbered street

Edited Address

8255 Dix Ellis Trail,
Jacksonville, FL 32256,
USA

Inconsistent street address due to
unintersected streets

Dix Ellis Trail, Jacksonville, Florida
(one street chose for re-geocoding)

2899 Davis Rd, Fairbanks,
AK 99709, USA

Inconsistent street address due to
unintersected streets

I-40, United States

Inconsistent street address due to
ambiguous intersection

US-84, United States
Hectorville Rd, Oklahoma,
USA
E Katie Ave & S Maryland
Pkwy, Paradise, NV 89119,
USA

Inconsistent street address due to
unintersected streets; inconsistent
place: no city generated
Inconsistent street address due to
unrecognized intersection: &
Inconsistent place: "Paradise"

W Jefferson Ave and S 12th St,
Fairfield, Iowa

Davis Rd and Wilbur St, Fairbanks,
Alaska 99709 (manually pin-pointed an
approximate location)
Rio Grande Blvd and Indian School Rd,
Albuquerque, New Mexico (a more
detailed address was reidentified)
20599 Co Rd 65, Sanford, Alabama
(manually pin-pointed an adjoining
premises)
Hectorville Road and Bixby Road,
Okmulgee, Oklahoma
Katie Avenue and Maryland Parkway,
Paradise, Nevada

Bouldercrest Road,
Suwanee, GA

2605 Bouldercrest Rd SE,
Atlanta, GA 30316, USA

Inconsistent street address due to
unrecognized route

Marginal Road, West
Ashley, SC
South Hazel Street, Los
Lunas, NM

Marginal Rd, West Ashley,
SC 29414
S Hazel St, Los Chavez,
NM 87031, USA

Inaccurate place input: West Ashley
is a residential area of Charleston

I-70 and US-6, Glenwood Springs,
Colorado
Maunalani Track Road, Mountain View,
Hawaii
2633 Bouldercrest Rd, Atlanta, Georgia
(a more detailed address was
reidentified)
Marginal Road, Charleston, South
Carolina

Inconsistent place: "Los Chavez"

S Hazel St, Los Chavez, New Mexico

SE 4th Street, Des Moines,
IA

SE 4th St, Des Moines, IA,
USA

No zip code generated

SE 4th St and Scott Ave, Des Moines,
Iowa (a more detailed address was
reidentified)

Burkesville, KY

Burkesville, KY 42717,
USA

No street address input

6800 KY-61, Burkesville, Kentucky (a
more detailed address was reidentified)

Lafayette, IN

Lafayette, IN, USA

No street address input; No zip code
generated

1000 Block of South Third Street,
Lafayette, Indiana (a more detailed
address was reidentified)
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Mauna Kea, Hawaii 96720,
USA

No zip code generated; inconsistent
place: No city generated
Inconsistent street address due to
typo: "Mauna Lani"

I-70, United States

Table 37: Reasons for editing some incident addresses.
Editing Reasons

Original Address Type

Inconsistent Street Address

Inconsistent Place

No Zip Code

(N=134)

(N=118)

(N=145)

Accuracy Level

Sub-

Accuracy Level

Sub-

Total

Accuracy level

Sub-

I

II

III

IV

total

I

II

III

IV

total

I

II

III

IV

total

Locality

1

0

0

3

4

0

0

0

0

0

3

0

0

0

3

7

Route

0

2

1

10

13

0

21

0

3

24

3

90

0

2

95

132

Intersection

1

12

3

70

86

0

0

39

0

39

5

28

0

0

33

158

Complete Address

2

17

0

12

31

0

1

0

54

55

7

7

0

0

14

100

Notes:
Accuracy Level I= locality, Level II = route, Level III = intersection, Level IV = premises/street address.
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Appendix E: Federal Standards for Police Use of Deadly Force

What defines “the core of the police role” (Bittner, 1970) is that the police possess a
legitimate mandate to use force, even deadly force against civilians. At the same time, any use of
force by individual law enforcement officers is governed by the principles from the Constitution,
and: (1) federal statutes; (2) Supreme Court cases; and (3) state court cases, state laws and local
policies.
The federal statues, both Title 42 U.S. Code Section 1983-Civil Action for Deprivation of
Rights and Title 18 U.S.C. Section 242-Deprivation of Rights Under Color of Law, enforce the
Fourth Amendment’s prohibition against “unreasonable seizures,” primarily through two major
U.S. Supreme Court cases (i.e., Tennessee v. Garner, 471 U.S. 1, 11, 1985) and Graham v.
Connor, 490 U.S. 386, 396-97, 1989)that set relevant precedents for police liability for using
deadly force (Lee & Vaughn, 2010).
The Supreme Court ruling in Tennessee v. Garner (1985) abolished the “fleeing felon”
rule which allowed police officers to use deadly force against all fleeing felons, and established a
more restrictive “defense-of-life” standard. That is, the use of deadly force is legally justified
when the officer “has probable cause to believe that the suspect poses a significant threat of
death or serious physical injury to the officer or others” (Tennessee v. Garner, 1985, p. 1). The
“defense-of-life” standard indicates that police officers can use deadly force necessary to end an
imminent life-threatening situation the officer or others are facing, but must reduce the level of
force when the threat has been removed. Use of deadly force beyond that necessary for police to
exert control should be viewed as excessive. For example, in Carr v. Castle (2003), the officer
killed a fleeing suspect by shooting the suspect eleven times in the back while the suspect was
lying on the ground. As the suspect had been controlled, additional shots became excessive,
ultimately contributing to the suspect’s death.
Officers are also required to use “objectively reasonable” force under Graham v Connor
(1989). The Graham decision recognized that a reasonable level of force must be judged from
the perceptive of a reasonable officer given the context of the facts of the incident, in which
officers “are often forced to make split-second judgments.” The Supreme Court’s vague
guidelines that use of deadly force should be “objectively reasonable” within a “defense of life”
situation offer police discretion in deciding which circumstances officers are facing at that
moment necessitate the use of deadly force. There is no doubt that police discretion under the
“objective reasonableness” standard adds complexity to deadly force encounters as officers’
perception of imminent threat can be distorted by extralegal factors, such as race (Nowacki,
2015) and adrenalin overload (Montgomery, 2005).
In order to control the discretion of law enforcement officers, individual police agencies
devised their policies and practices, but with significant variations (Police Executive Research
Forum, 2016). By adopting more restrictive policies and practices, such as de-escalation and useof-force continuum that go beyond the minimum requirements of the court precedents, agencies
can ameliorate unconstitutional use of force by police officers (Fyfe, 1988; Police Executive
Research Forum, 2016; White, 2001), as well as limit the departments’ exposure to liability for
their managerial disorganization and administrative breakdown (Lee & Vaughn, 2010). The
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municipalities are liable for unconstitutional policies, customs, and practices, such as inadequate
force continuum, under Monell v. New York City Department of Social Services (1978) or for the
failure to train police officers resulting in deliberate indifference, such as an underdeveloped
approach to mentally ill persons, under City of Canton v. Harris (1989) (Lee & Vaughn, 2010).
Systemic deficiencies may also contribute to the excessive use of force by law enforcement,
resulting unnecessary deaths of civilians
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