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Abstract

A geographically-resolved, multi-level Bayesian model is used to analyze the data
presented in the U.S. Police-Shooting Database (USPSD) in order to investigate the
extent of racial bias in the shooting of American civilians by police officers in recent
years. In contrast to previous work that relied on the FBI’s Supplemental Homicide
Reports that were constructed from self-reported cases of police-involved homicide, this
data set is less likely to be biased by police reporting practices. County-specific relative
risk outcomes of being shot by police are estimated as a function of the interaction of:
1) whether suspects/civilians were armed or unarmed, and 2) the race/ethnicity of the
suspects/civilians. The results provide evidence of a significant bias in the killing of
unarmed black Americans relative to unarmed white Americans, in that the probability
of being {black, unarmed, and shot by police} is about 3.49 times the probability of
being {white, unarmed, and shot by police} on average. Furthermore, the results of
multi-level modeling show that there exists significant heterogeneity across counties in
the extent of racial bias in police shootings, with some counties showing relative risk
ratios of 20 to 1 or more. Finally, analysis of police shooting data as a function of
county-level predictors suggests that racial bias in police shootings is most likely to
emerge in police departments in larger metropolitan counties with low median incomes
and a sizable portion of black residents, especially when there is high financial
inequality in that county. There is no relationship between county-level racial bias in
police shootings and crime rates (even race-specific crime rates), meaning that the racial
bias observed in police shootings in this data set is not explainable as a response to
local-level crime rates.

Introduction 1

In 2014, Kyle Wagner began an open contribution campaign [1] to compile all records of 2

police-involved shootings in the United States between 2011 and 2014 in an attempt to 3

better record the use of lethal force by police [2]. The U.S. Police-Shooting Database 4

(USPSD) collects information on the race/ethnicity of civilians shot by police, their 5

status as armed or unarmed, the identity of the officer(s) involved, relevant geographic 6

information, and citations to detailed descriptions of the events. 7

While other databases on police shootings have been published by the government, 8

for example through the FBI’s Supplementary Homicide Report [3], or the CDC’s 9
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National Vital Statistics System [4], these records are often censored of critical 10

information (such as the names of the officers involved), lack independent evaluation of 11

the justification for the shooting, and are selectively published. The FBI data, for 12

instance, are not only incomplete, but may be structurally biased by the reporting 13

behaviors of police, as the majority of the 17,000+ police departments in the United 14

States do not file fatal police shooting reports, or do so only selectively [5]. According 15

to Gabrielson et al. [5], Florida departments have failed to file reports since 1997. The 16

data collected thus far by the USPSD help to shed light on racial bias in police 17

shootings in Florida, which has some of the most racially-biased police shooting rates in 18

the nation. In Miami-Dade, for example, unarmed black individuals are estimated to be 19

more than 22 times as likely to be shot by police than unarmed white individuals. Such 20

patterns in police violence have been immune to public scrutiny until now. 21

The failure of the nation’s police to critically evaluate their own use of force, has led 22

the United Nations Committee Against Torture [6] to sharply criticize the ever growing 23

militarization of police departments in the United States, especially as evidence of 24

significant race-based and sexuality-based brutality and excessive use of force has been 25

uncovered, including bonafide acts of torture (e.g., those committed by Chicago Police 26

Commander Jon Burge and others under his command, between 1972 and 1991). The 27

UN Committee Against Torture specifically noted that it: “regrets the lack of statistical 28

data available on allegations of police brutality and the lack of information on the result 29

of the investigations undertaken in respect of those allegations” (pp. 13, [6]). This 30

paper provides a response to the first of these two concerns. 31

Moving Forward 32

The work of documenting police violence in the United States, has recently begun 33

through several open-contribution, public-access projects in addition to the USPSD. 34

The Stolen Lives Project started by the Anthony Baez Foundation and the National 35

Lawyers Guild [7], the Fatal Encounters Database started by Brian Burghart [8], and 36

the Killed By Police database [9] are examples, as is the Mapping Police Violence 37

project [10], which emphasizes visualization of the raw data from the above-mentioned 38

databases. Additionally, Wikipedia.org [11], the Washington Post [12], and the 39

Guardian [13] have begun keeping rigorous statistics on police shootings in specific 40

years. Unlike the censored data released by official sources, the data in the USPSD and 41

other grassroots databases allow for fine-scale evaluation of the use of lethal force, 42

including investigation of department-specific and even officer-specific patterns. It is, 43

for instance, possible to identify police departments and officers who kill unarmed black 44

individuals at disproportionate rates. With the previously-used SHR data, lack of 45

reporting and/or selective-biases in reporting of police shootings, could have masked 46

underlying racial biases in police shootings, or masked the rates at which unarmed 47

individuals are shot by police. 48

USPSD data will provide the public and federal agencies within the United States 49

with much needed information describing where external review of police procedures, 50

training, and practices may be needed to protect the civil rights of American citizens. 51

Additionally, the data may be of use to: 1) communities during local elections of 52

mayors, city council members, and police chiefs, 2) organizations, like the United 53

Nations Committee Against Torture, reviewing allegations of racially motivated 54

homicide and torture, and 3) academics seeking to understand the structural drivers of 55

race-based violence and homicide by police. 56
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Towards Understanding the Racial Bias in Shootings by Police 57

Racial bias in police shootings in the United States has been widely noted in the 58

sociological literature for many decades [5,14–16]. Explanations range from implicit bias 59

in the psychology of individual officers [17–19], structural biases established by the 60

existing social order (the conflict theory of law, and the issue of ‘minority 61

threat’ [15, 20–22]), proximate responses by police to areas of high violence and crime 62

(community violence theory [14,15,23]), racial bias in profiling and encountering 63

suspects [24], blatant racism [25–27], social dominance orientation [28], or other factors. 64

With the USPSD and a geo-referenced data set on racial animus [29], an additional 65

hypothesis is tested that police officers embedded in more normatively racist cultural 66

contexts show increased racial bias in killing of unarmed civilians. The motivation for 67

this hypothesis comes from sociological literature on implicit racial bias in rapid 68

responses decisions [18, 19], in the context of frequency-dependent and conformist social 69

learning [30] and inter-ethnic interaction [31], especially when ethnicity is spuriously 70

associated with ‘being a threat’ [32–34] in the mind of an individual with structural 71

power, high social dominance orientation [28], and little accountability for excessive use 72

of force. 73

Much of the theoretical debate on the topic of racial bias in police shootings is 74

sidestepped until the discussion, as much of the quantitative data underlying previous 75

attempts at theorizing may have been fundamentally biased by the behaviors of the very 76

actors researchers hope to understand [2, 3]. Much previous research on police shootings 77

is based on data released by police (see, for example, [15, 35–38]). The FBI [3] clearly 78

notes the baises in the SHR, but many authors have attempted to use the data anyway, 79

lamenting that it is the only data available with which one can answer research 80

questions related to police killing of civilians at a finely-resolved geographic scale [15]. 81

The USPSD aims to reinvigorate critical research on racial bias in police shootings by 82

providing data for analysis that is not biased by the reporting behaviors of the police. 83

Research Objectives 84

In this paper, a multi-level, Bayesian approach is used to estimate the county-level risk 85

ratios of being shot by police as a function of the race/ethnicity of a suspect/civilian 86

and his/her status as armed or unarmed. As the data become more complete in the 87

coming years, this methodology can be extended to estimate the absolute risk of being 88

shot by police. For the purposes of this paper, however, the questions are more basic: 89

1. Shot by Police: Armed Versus Unarmed, by Race/Ethnicity 90

(a) What is ratio of the probability of being {black, armed, and shot by police} 91

to the probability of being {black, unarmed, and shot by police}? 92

(b) What is ratio of the probability of being {hispanic, armed, and shot by 93

police} to the probability of being {hispanic, unarmed, and shot by police}? 94

(c) What is ratio of the probability of being {white, armed, and shot by police} 95

to the probability of being {white, unarmed, and shot by police}? 96

2. Armed and Shot by Police, Across Race/Ethnicity 97

(a) What is ratio of the probability of being {black, armed, and shot by police} 98

to the probability of being {white, armed, and shot by police}? 99

(b) What is ratio of the probability of being {hispanic, armed, and shot by 100

police} to the probability of being {white, armed, and shot by police}? 101

3. Unarmed and Shot by Police: Across Race/Ethnicity 102
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(a) What is ratio of the probability of being {black, unarmed, and shot by 103

police} to the probability of being {white, unarmed, and shot by police}? 104

(b) What is ratio of the probability of being {hispanic, unarmed, and shot by 105

police} to the probability of being {white, unarmed, and shot by police}? 106

4. Shot by Police: Race/Ethnicity Across Armed Status 107

(a) What is ratio of the probability of being {black, unarmed, and shot by 108

police} to the probability of being {white, armed, and shot by police}? 109

(b) What is ratio of the probability of being {hispanic, unarmed, and shot by 110

police} to the probability of being {white, armed, and shot by police}? 111

5. County-Level Racial Bias in Police Shootings as a Function of County-Level 112

Properties 113

Using USPSD data, is county-level racial bias in police shootings associated 114

statistically with: 115

(a) County-level absolute population size? 116

(b) County-level racial/ethnic composition? 117

(c) County-level inequality (Gini)? 118

(d) County-level median income? 119

(e) County-level race-specific crime rates (1. aggravated assault, and 2. weapons 120

possession)? 121

(f) County-level norms about racism (via a proxy variable derived from use of 122

specific racially-based expletives in Google searches [29])? 123

Results 124

1. Shot by Police: Armed Versus Unarmed, by Race/Ethnicity 125

The median probability across counties of being {black, armed, and shot by police} is 126

2.79 (PCI95: 1.72, 4.92) times the probability of being {black, unarmed, and shot by 127

police}—the symbol, PCI95, indicates the lower and upper endpoints of central 95% of 128

the posterior density; it is the Bayesian equivalent of a confidence interval. The median 129

probability across counties of being {hispanic, armed, and shot by police} is 3.08 130

(PCI95: 2.05, 5.10) times the probability of being {hispanic, unarmed, and shot by 131

police}. The median probability across counties of being {white, armed, and shot by 132

police} is 3.33 (PCI95: 2.40, 4.70) times the probability of being {white, unarmed, and 133

shot by police}. 134

There is, of course, variation across counties in the U.S. in these risk ratios. Figs 1, 135

2, and 3 plot the posterior distributions of county-specific risk ratios, as well as the 136

geographic distributions of the median estimates. 137

2. Armed and Shot by Police: Across Race/Ethnicity 138

The median probability across counties of being {black, armed, and shot by police} is 139

2.94 (PCI95: 2.23, 3.86) times the probability of being {white, armed, and shot by 140

police}. The median probability across counties of being {hispanic, armed, and shot by 141

police} is 1.57 (PCI95: 1.14, 2.09) times the probability of being {white, armed, and 142

shot by police}. 143

As before, there is variation across counties in the U.S. in these relative risk ratios. 144

Figs 4 and 5 plot the county-specific results. 145
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(a) County-by-county posterior estimates of the risk ratio of being {black,
armed, and shot by police} to being {black, unarmed, and shot by police}. Grey
bars are county-specific 95% PCI estimates. The blue bar is the nation-wide
pooled 95% PCI estimate. The points on the error bars are posterior medians.
Data are plotted on the log scale, but are labeled on the natural scale.

(b) Map of county-specific posterior median estimates of the risk ratio of being
{black, armed, and shot by police} to being {black, unarmed, and shot by
police}.

Figure 1. Posterior Random Effects Estimates: Risk Ratio Black, Armed-to-Unarmed

(a) County-by-county posterior estimates of the risk ratio of being {hispanic,
armed, and shot by police} to being {hispanic, unarmed, and shot by police}.
Grey bars are county-specific 95% PCI estimates. The blue bar is the
nation-wide pooled 95% PCI estimate. The points on the error bars are posterior
medians. Data are plotted on the log scale, but are labeled on the natural scale.

(b) Map of county-specific posterior median estimates of the risk ratio of being
{hispanic, armed, and shot by police} to being {hispanic, unarmed, and shot by
police}.

Figure 2. Posterior Random Effects Estimates: Risk Ratio Hispanic,
Armed-to-Unarmed

(a) County-by-county posterior estimates of the risk ratio of being {white,
armed, and shot by police} to being {white, unarmed, and shot by police}. Grey
bars are county-specific 95% PCI estimates. The blue bar is the nation-wide
pooled 95% PCI estimate. The points on the error bars are posterior medians.
Data are plotted on the log scale, but are labeled on the natural scale.

(b) Map of county-specific posterior median estimates of the risk ratio of being
{white, armed, and shot by police} to being {white, unarmed, and shot by
police}.

Figure 3. Posterior Random Effects Estimates: Risk Ratio White, Armed-to-Unarmed

(a) County-by-county posterior estimates of the risk ratio of being {black,
armed, and shot by police} to being {white, armed, and shot by police}. Grey
bars are county-specific 95% PCI estimates. The blue bar is the nation-wide
pooled 95% PCI estimate. The points on the error bars are posterior medians.
Data are plotted on the log scale, but are labeled on the natural scale.

(b) Map of county-specific posterior median estimates of the risk ratio of being
{black, armed, and shot by police} to being {white, armed, and shot by police}.

Figure 4. Posterior Random Effects Estimates: Risk Ratio Black-and-Armed to
White-and-Armed

(a) County-by-county posterior estimates of the risk ratio of being {hispanic,
armed, and shot by police} to being {white, armed, and shot by police}. Grey
bars are county-specific estimates. Grey bars are county-specific 95% PCI
estimates. The blue bar is the nation-wide pooled 95% PCI estimate. Data are
plotted on the log scale, but are labeled on the natural scale.

(b) Map of county-specific posterior median estimates of the risk ratio of being
{hispanic, armed, and shot by police} to being {white, armed, and shot by
police}.

Figure 5. Posterior Random Effects Estimates: Risk Ratio Hispanic-and-Armed to
White-and-Armed

PLOS 5/23



(a) County-by-county posterior estimates of the risk ratio of being {black,
unarmed, and shot by police} to being {white, unarmed, and shot by police}.
Grey bars are county-specific 95% PCI estimates. The blue bar is the
nation-wide pooled 95% PCI estimate. The points on the error bars are posterior
medians. Data are plotted on the log scale, but are labeled on the natural scale.

(b) Map of county-specific posterior median estimates of the risk ratio of being
{black, unarmed, and shot by police} to being {white, unarmed, and shot by
police}.

Figure 6. Posterior Random Effects Estimates: Risk Ratio Black-and-Unarmed to
White-and-Unarmed

(a) County-by-county posterior estimates of the risk ratio of being {hispanic,
unarmed, and shot by police} to being {white, unarmed, and shot by police}.
Grey bars are county-specific 95% PCI estimates. The blue bar is the
nation-wide pooled 95% PCI estimate. The points on the error bars are posterior
medians. Data are plotted on the log scale, but are labeled on the natural scale.

(b) Map of county-specific posterior median estimates of the risk ratio of being
{hispanic, unarmed, and shot by police} to being {white, unarmed, and shot by
police}.

Figure 7. Posterior Random Effects Estimates: Risk Ratio Hispanic-and-Unarmed to
White-and-Unarmed

3. Unarmed and Shot by Police: Across Race/Ethnicity 146

The median probability across counties of being {black, unarmed, and shot by police} is 147

3.49 (PCI95: 1.77, 6.04) times the probability of being {white, unarmed, and shot by 148

police}. The median probability across counties of being {hispanic, unarmed, and shot 149

by police} is 1.67 (PCI95: 0.99, 2.68) times the probability of being {white, unarmed, 150

and shot by police}. 151

As before, there is extensive variation across counties in the U.S. in these relative 152

risk ratios. Figs 6 and 7 plot the posterior distributions of county-specific risk ratios, as 153

well as the geographic distributions of the estimates. It is notable that Miami-Dade (FL, 154

contains Miami), Los Angeles (CA, contains Los Angeles), and Orleans Parish (LA, 155

contains New Orleans), stand out as counties where the ratio of {black, unarmed, and 156

shot by police} to {white, unarmed, and shot by police} is elevated to 22.88 (PCI95: 157

6.25, 87.70), 10.25 (PCI95: 2.96, 76.05), and 9.29 (PCI95: 1.88, 105.54) respectively. 158

See Data folder of S1 for additional county-level results; there are several additional 159

counties with highly elevated levels of racial bias in police shootings not listed here. 160

4. Shot by Police: Race/Ethnicity Across Armed Status 161

It is worth noting, that on average across counties in the United States, an individual is 162

as likely to be {black, unarmed, and shot by police} as {white, armed, and shot by 163

police}, with a median relative risk estimate of 1.04 (PCI95: 0.62, 1.61). The 164

corresponding ratio for hispanics is 0.52 (PCI95: 0.32, 0.75). 165

Figs 8 and 9 plot the posterior distributions of county-specific risk ratios, as well as 166

the geographic distributions of the estimates. It is notable that Miami-Dade (FL, 167

contains Miami), Harris (TX, contains Houston), and Cook (IL, contains Chicago), 168

stand out as counties where the ratio of {black, unarmed, and shot by police} to {white, 169

armed, and shot by police} is elevated to 19.08 (PCI95: 4.46, 81.13), 6.71 (PCI95: 1.46, 170

26.77), and 5.60 (PCI95: 1.25, 21.97) respectively. As before, the Data folder of S1 171
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(a) County-by-county posterior estimates of the risk ratio of being {black,
unarmed, and shot by police} to being {white, armed, and shot by police}. Grey
bars are county-specific 95% PCI estimates. The blue bar is the nation-wide
pooled 95% PCI estimate. The points on the error bars are posterior medians.
Data are plotted on the log scale, but are labeled on the natural scale.

(b) Map of county-specific posterior median estimates of the risk ratio of being
{black, unarmed, and shot by police} to being {white, armed, and shot by
police}.

Figure 8. Posterior Random Effects Estimates: Risk Ratio Black-and-Unarmed to
White-and-Armed

(a) County-by-county posterior estimates of the risk ratio of being {hispanic,
unarmed, and shot by police} to being {white, armed, and shot by police}. Grey
bars are county-specific 95% PCI estimates. The blue bar is the nation-wide
pooled 95% PCI estimate. The points on the error bars are posterior medians.
Data are plotted on the log scale, but are labeled on the natural scale.

(b) Map of county-specific posterior median estimates of the risk ratio of being
{hispanic, armed, and shot by police} to being {white, unarmed, and shot by
police}.

Figure 9. Posterior Random Effects Estimates: Risk Ratio Hispanic-and-Unarmed to
White-and-Armed

shows that there are several other counties with highly elevated relative risk ratios in 172

addition to those discussed above. 173

5. County-Level Racial Bias in Police Shootings as a Function 174

of County-Level Properties 175

Understanding the source of racial bias in police shootings is difficult to do from 176

county-level data, as the ecological inference fallacy can potentially obscure any 177

results [39]. County-level data are far too coarse to use to reliably tease apart the 178

conditions that drive racial bias in police shootings; more reliable findings will likely be 179

based on rigorous, yet qualitative, investigations that are resolved to a more local level. 180

Nevertheless, previous quantitative studies have used regression models on county-level 181

data to compare theories about the county-level correlates of racial bias in police 182

homicide [15,35–38]. For comparability, this study uses similar models to analyze the 183

USPSD data, contrasting the predictions from conflict and community violence theories, 184

and testing a hypothesis about the possible association of community-level norms about 185

racism and racial bias in police shooting. 186

Figs 10, 11, 12, 13, and 14 present the geographic distributions of the predictor 187

variables used in the analysis; the outcome variables are: 1) the risk ratio of {black, 188

unarmed, and shot by police} to {white, unarmed, and shot by police}, and 2) the risk 189

ratio of {black, unarmed, and shot by police} to {white, armed, and shot by police}. 190

Table 1 presents the results of modeling the risk ratio of {black, unarmed, and shot 191

by police} to {white, unarmed, and shot by police}. Across models, there are some 192

consistent trends: 1) population size is positively and reliably associated with the 193

outcome, as is 2) the ratio of the black population size to the white population size; 3) 194

median income shows a reliable negative association with the outcome; 4) the Gini 195

index shows a reliable positive relationship with the outcome; 5) there is a consistently 196

positive, though imprecisely estimated, relationship between the Google search data 197

proxy of local-level racist norms and racial bias in police shooting; and, 6) there is no 198
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(a) County-specific Department of Justice data on assault-related arrests
(White), per 10,000 residents (2012)

(b) County-specific Department of Justice data on assault-related arrests
(Black), per 10,000 residents (2012)

Figure 10. Data on Race-Specific Assault-Related Arrest Rates. In these figures, only
counties with greater than one arrest are plotted.

(a) County-specific Department of Justice data on weapons-related arrests
(White), per 10,000 residents (2012)

(b) County-specific Department of Justice data on weapons-related arrests
(Black), per 10,000 residents (2012)

Figure 11. Data on Race-Specific Weapons-Related Arrest Rates. In these figures,
only counties with greater than one arrest are plotted.

(a) County-specific data on median income, in $1,000s.

(b) County-specific data on inequality (Gini).

Figure 12. AIDSVu Data on Income and Inequality

(a) County-specific data on total population size, in 10,000s of residents.

(b) County-specific data on the black-to-white population ratio.

Figure 13. Population Data

(a) Designated Market Area-specific Google Search Racism Scores, 2004-2007

Figure 14. Data on Proxy Measure of Local Norms Concerning Racism.
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consistent relationship between the race-specific crime proxies (neither assault-related 199

nor weapons-related arrest rates) and racial bias in police shootings. 200

Table 2 presents the results of modeling the risk ratio of {black, unarmed, and shot 201

by police} to {white, armed, and shot by police}. In this case, there are much more 202

reliable positive effects for: 1) population size, and 2) the ratio of black population size 203

to the white population size. As before, 3) median income shows a negative association 204

with the outcome, and 4) the Gini index shows a positive relationship with the outcome; 205

5) there is a consistently positive, though imprecisely estimated, relationship between 206

the Google search data proxy of local-level racist norms and racial bias in police 207

shooting; and, 6) there is no consistent relationship between the race-specific crime 208

proxies (neither assault-related nor weapons-related arrest rates) and racial bias in 209

police shootings. 210

In effect, larger county population size, a higher proportion of black residents in the 211

population, lower median income, and greater disparities in income all appear to be 212

reliably associated with an elevated ratio of police shooting rate against unarmed black 213

individuals relative to unarmed—and even armed—whites. 214

In each model that considers them, race-specific crime rates are always entered as 215

simultaneous predictors (see Tables 1 and 2). This model parameterization allows us to 216

examine the effects of race-specific crime rates on racial bias in police shootings. 217

However, there are questions that this model parameterization precludes. Most 218

importantly, having an aggregated measure of crime rate would allow one to test the 219

questions: 1) does racial bias in police shooting increase in areas where crime is 220

generally more prevalent? And, 2) as the difference of black crime rate minus white 221

crime rate increases, does racial bias in police shootings also increase? 222

As a robustness check, the results from two alternative model parameterizations in 223

predicting the relative risk of being {unarmed, black, and shot by police} to being 224

{unarmed, white, and shot by police} are presented. These models are based on 225

including the sum and difference of race-specific crime rates in the regression; see 226

Appendix.pdf in S1. The results of these supplementary models are qualitatively the 227

same as those of the main models; racial bias in police shooting is not reliably 228

associated with crime rate and not related to the difference in race-specific crime rates. 229

Discussion 230

It is important to reiterate that these risk ratios come only from the sample of 231

individuals who were shot by police and census data on race/ethnicity-specific 232

population information. The USPSD does not have information on encounter rates 233

between police and subjects according to ethnicity. As such, the data cannot speak to 234

the relative risk of being shot by a police officer conditional on being encountered by 235

police, and do not give us a direct window into the psychology of the officers who are 236

pulling the triggers. The racial biases and behaviors of officers upon encountering a 237

suspect could clearly be components of the relative risk effects observed in the data, but 238

other social factors could also contribute to the observed patterns in the data. More 239

specifically, heterogeneity in encounter rates between suspects and police as a function 240

of race could play a strong role in the racial biases in shooting rates presented here. 241

Shot by Police: Armed Versus Unarmed 242

At face value, the data suggest that conditional on being of a given race/ethnicity and 243

being shot by police, one was more-likely-than-not to be armed. It is interesting to note 244

that the armed-to-unarmed risk ratio in whites is elevated relative to that of black or 245

hispanic individuals (especially in a handful of outlier counties, see Data folder in S1). 246
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This pattern is consistent with police being more discerning of armed/unarmed status 247

before shooting a white suspect than shooting a black or hispanic suspect. 248

At a broader level, conditional on being shot by police, the probability ratio of being 249

armed rather than unarmed averages around 3 to 1, with variation depending on 250

race/ethnicity and location. While it is true that vast majority of police contacts are 251

presumably with unarmed people, and that police shoot only a small fraction of the 252

unarmed people they encounter, the public, and even some police chiefs, still lament 253

that the use of deadly force is probably avoidable in a non-negligible portion of police 254

shootings, if for no other reason than the fact that the suspects/civilians are unarmed. 255

Chief of Police Chris Magnus of the Richmond Police Department in California, for 256

example, details many ways in which use of force by police officers can be attenuated, 257

while increasing the safety of both the officers and public [40]. Magnus argues that 258

police often do not come from or live in the communities they police, and placement is 259

not necessarily random—police can request the kinds of environments they prefer, even 260

if such placements are not beneficial to the community; for example, underlying racial 261

biases could lead certain kinds of white police officers to request work in predominately 262

black neighborhoods. Magnus suggests that a way around creating conflicts of interest 263

between the community and the police involves thinking: 264

“... about what kind of folks you want to attract to your department, 265

and how you do that. You look at some departments’ recruiting materials, 266

and you see guys jumping out of trucks in SWAT gear and people armed 267

with every imaginable weapon... My goal, at least, is to look for people who 268

want to work in my community, not because it’s a place where they think 269

they’re going to be dealing with a lot of violence and hot chases and armed 270

individuals and excitement and an episode of Cops or something... I want 271

them to be here because they’re interested in building a partnership with 272

the community” [40]. 273

Following Magnus’ line of logic, one might expect that some of the racial bias in police 274

killings, as well as the rate of shooting unarmed civilians, could be attenuated by 275

requiring police departments to adopt hiring and policing practices like those being used 276

successfully in Richmond, where no civilians (armed or unarmed) were killed by police 277

for more than five years in spite of Richmond having a large population size 278

(107,000) [40]. 279

Shot by Police: Across Race/Ethnicity 280

Across almost all counties, individuals who were armed and shot by police had a much 281

higher probability of being black or hispanic than being white. Likewise, across almost 282

all counties, individuals who were unarmed and shot by police had a much higher 283

probability of being black or hispanic than being white. Tragically, across a large 284

proportion of counties, individuals who were shot by police had a higher median 285

probability of being unarmed black individuals than being armed white individuals. 286

While this pattern could be explained by reduced levels of crime being committed by 287

armed white individuals, it still raises a question as to why there exists such a high rate 288

of police shooting of unarmed black individuals. 289

The posterior estimates of the relative risk ratios as a function race and 290

armed/unarmed status are included for all counties in the Data folder of S1. From this 291

data, one can identify the counties and police departments where racial bias in shooting 292

rates is strongest. Counties like Miami-Dade (FL), Cook (IL), Los Angeles (CA), 293

Orleans Parish (LA), Pulaski (AR), Harris (TX), Baltimore (MD), and Allegheny (PA), 294

stand out as departments where police protocols may benefit from review. 295
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County-Level Predictors of Racial Bias in Police Shooting 296

In predicting the risk ratio of {black, unarmed, and shot by police} to {white, unarmed, 297

and shot by police}, there are effects of county-level population size, racial composition, 298

median income, and Gini score. In predicting the risk ratio of {black, unarmed, and 299

shot by police} to {white, armed, and shot by police}, there are more reliable effects for 300

these same variables. These findings suggest that racial bias in police shootings is most 301

common among police working in larger metropolitan counties with low median incomes 302

and a sizable portion of black residents, especially when there is high financial 303

inequality in that county. These results are consistent with much of the previous work 304

outlined in the introduction. 305

It is sometimes suggested that in urban areas with more black residents and higher 306

levels of inequality, individuals may be more likely to commit violent crime, and thus 307

the racial bias in police shooting may be explainable as a proximate response by police 308

to areas of high violence and crime (community violence theory [14, 15, 23, 35]). In other 309

words, if the environment is such that race and crime covary, police shooting ratios may 310

show signs of racial bias, even if it is crime, not race, that is the causal driver of police 311

shootings. In the models fit in this study, however, there is no evidence of an 312

association between black-specific crime rates (neither in assault-related arrests nor in 313

weapons-related arrests) and racial bias in police shootings, irrespective of whether or 314

not other controls were included in the model. As such, the results of this study provide 315

no empirical support for the idea that racial bias in police shootings (in the time period, 316

2011-2014, described in this study) is driven by race-specific crime rates (at least as 317

measured by the proxies of assault- and weapons-related arrest rates in 2012). 318

The methodology used in this paper does not allow one to speak with confidence as 319

to the causal drivers of racial bias in police shooting; the source of racial bias in police 320

shootings, however, can be logically decomposed into two parts: 1) racial bias in 321

encounter rates between police and suspects/civilians, and/or 2) racial bias in use of 322

force upon encountering these suspects/civilians. A racial bias in encounter rates could 323

be unjustifiable (police engage in racist or ethnic targeting of blacks/hispanics 324

irrespective of suspected criminal activity) or a proportional response to local-level, 325

race/ethnicity-specific, crime rates. Under the assumptions that police express no racial 326

bias in use of force upon encountering suspects/civilians, and also engage in interactions 327

with suspects/civilians in direct proportion to race/ethnicity-specific crime rates (where 328

crime rates covary with race/ethnicity), one would expect to see an association between 329

racial bias in police shootings and race-specific crime rates—an association that is not 330

found in these results. As such, the results of this study provide evidence that there is 331

racial bias in police shootings that is not explainable as a response to local-level crime 332

rates, and is related to either: 1) racial bias in police encountering suspects/civilians, or 333

2) racial bias by police in the use of force upon encountering suspects/civilians. 334

The geographically-resolved proxy of racial animus used in this study, however, did 335

not show a reliable association with racial bias in police shootings, although the 336

association was consistently positive across models. This finding does not rule out the 337

possibility that racist norms within police departments themselves may potentially have 338

much stronger associations with racial bias in police shootings than these more coarse 339

ecological-level data. Many police, or former police, report of—or have been 340

documented to engage in promotion of—extensive racist norms (e.g. see [41–49], and 341

note that this list is far from exhaustive). Acquiring more systematic data on the extent 342

of racist norms within police departments (as opposed to the counties in which they are 343

clustered) will require more thorough qualitative and quantitative investigations of 344

police departments themselves. 345
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Conclusions and Future Directions 346

Completing the Police Shootings Database 347

While the USPSD already contains almost 2,000 records of police shootings, as many as 348

55% of the days to be screened for police shootings have yet to be scoured for incidents. 349

While the currently available data are sufficient to investigate risk ratios across 350

racial/ethnic categories, estimation of the absolute risk of being shot by police requires 351

the completed data set. Furthermore, the completed data and absolute risk estimates 352

will help to identify the departments and officers with disproportionately high: 1) 353

absolute shooting rates, 2) rates of shooting unarmed civilians, and 3) rates of 354

racially-biased shootings. Although an increased completeness of the data is unlikely to 355

change the estimated mean effects presented in this analysis, since the sample used 356

herein is a large and random subset of the to-be-completed data set, more data will 357

allow for more precise estimates at the county-level, and may expand the number of 358

counties that can be modeled at the ecological-level. 359

After data collection is complete, all new entries still require verification and archival 360

of the primary sources of information. As with the data collection process until now, 361

this phase of the project will require assistance from the public. 362

As new data are fact-checked and verified, it might be possible to expand the scope 363

of variables included in the database. For instance, a qualitative assessment could be 364

provided, indicating whether the shooting was clearly justified (for example, a lethal 365

police response was immediately necessary and unavoidable to protect the lives of 366

innocents), clearly unjustified (for example, a suspect was shot in the back while 367

restrained, as was the case in the execution of Oscar Grant III [50]), or somewhere in 368

between. To mitigate bias, the coding could be conducted by several individuals, and 369

the suite of all responses could be used to construct confidence in the assessment. 370

Likewise, data could be classified on the basis of more direct empirical evidence. For 371

example: was the suspect shot in the back? Was the suspect restrained when shot? 372

Also, what were the circumstances surrounding the shooting? Were police called on 373

report of a serious crime? Was the situation escalated by police prior to shooting? Does 374

the race/ethnicity of a suspect vary by the circumstance surrounding the shooting? 375

What was the race/ethnicity of the shooter? Are police more likely to escalate a 376

situation when the suspect is black? 377

More Detailed Analysis of the Data 378

More detailed analysis of the data is needed. In the current analysis, county-specific risk 379

ratios are estimated. In the future, these estimates could be extended in a Bayesian 380

framework to include estimates unique to police departments, as clustered into counties, 381

as clustered into states. 382

The analyses presented here are only a very rough first pass through the data. As the 383

data become more complete, more nuance in analysis is needed. The estimated levels of 384

unjustifiable racial bias in police shootings will likely change when reliable estimates of 385

justification are included in the analysis, and when spatial correlations and ecological 386

covariates are formally included in the model being used to estimate risk ratios. 387

In this paper, the relationship between race/ethnicity and status of a 388

civilian/suspect as armed or unarmed on the relative probability of being shot by police 389

is investigated, but there are differences between the categories of armed/unarmed and 390

justified/unjustified, which should be taken into account in future research. 391
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Higher Quality Covariate Data is Needed 392

Ecological regression on county-level characteristics is plagued by difficulties 393

theoretically [39,51]; issues with data quality make it even harder to use county-level 394

data. In the analysis of county-level predictors of racial bias in police shootings 395

conducted in this paper, some of the data were low quality. Notably, the crime data 396

may be biased by the reporting practices of the police, and Florida, Alabama, and 397

Illinois failed to fully release data, which led to the use Bayesian imputation for counties 398

in these states. 399

Towards Attenuation of Racial Bias in Police Violence 400

Hopefully, a more transparent representation of police homicide and shooting data as a 401

function of: 1) the race/ethnicity of suspects/civilians, 2) the status of 402

suspects/civilians as armed/unarmed, and 3) the geographic location of the incidents 403

will help the public, academic researchers, and federal agencies to better evaluate the 404

practices of police in the United States. In addition to assisting in the testing 405

hypotheses related to the structural drivers of racial bias in police homicide across the 406

nation, these data can be used to justify more in-depth qualitative investigations by 407

academics, journalists, and watchdog organizations of the subset of police jurisdictions 408

with the most racially-biased police shooting rates. 409

Such in-depth investigations may help to identify the locally contextualized causes of 410

racial bias in police homicide. Critically important in evaluating attenuation (or lack 411

thereof) of racial bias in police violence are time series data on the extent of racial bias 412

at the local level; hopefully, continued enthusiasm for citizen driven data collection will 413

provide researchers with the data needed to study and publish results documenting 414

temporal trends in racial bias in police shootings. 415

Much traditional academic work on the topic of police violence has focused on 416

comparison of multiple theoretical causes as listed earlier. However, it is likely that all 417

of the above-listed causes contribute to police shootings, but that the relative weight of 418

each potential driver of racialized police violence may be heterogeneous over geography 419

and time [52,53]. As such, it may be valuable to transition from focusing on questions 420

like: “What explains the racial bias in police shootings?” to questions like: “What 421

explains the racial bias of police shootings in Miami-Dade county in 2011-2014?”. 422

Attenuating the racial bias in police shootings in a given location requires a better 423

understanding of the drivers of racial bias operating in that location. Databases like the 424

USPSD cannot directly provide answers to such questions, but they can help identify 425

where more detailed ethnographic investigations should be conducted. Perhaps police 426

departments with disproportionate rates of racially-biased police homicide can provide 427

justification for these patterns based on local context, or perhaps they are headed by 428

individuals like Police Commander Jon Burge—the public needs to know which. 429

Methods 430

Data 431

U.S. Police Shootings Data 432

Data on police shootings were accessed in December 2014, from the U.S. Police 433

Shootings Database [1] compiled by Kyle Wagner. The data can be accessed and 434

improved at http://goo.gl/Su60Cm. 435

From the total set of police shooting data, records were selected only when: 1) a 436

suspect’s status as either armed or unarmed was clearly described (sometimes by 437
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searching for subsequent media reports), 2) a suspect’s race/ethnicity could be clearly 438

assigned, 3) the year of the shooting was no earlier than 2011 and no later than 2014, 439

and 4) a county name could be assigned. The data were then error-checked by removing 440

listings for the same suspect/victim name; duplicates under spelling variations of 441

suspect/victim name were found and eliminated by checking for multiple cases of police 442

shootings with the same victim year, age, race/ethnicity, and county. In total, 721 cases 443

of police shootings were analyzed. About five percent (N=35) of records were randomly 444

spot-checked by using a random number generator to sort the cleaned Excel file 445

containing the data; the urls cited in the USPSD were then checked to ensure validity of 446

the data. In each case the urls were valid (but see below) and the data accurately 447

described. In a small number of cases (N=3) the original url returned an error and 448

www.archive.org was used to retrieve the original web-page, which, in each case, was 449

archived under the url provided in the USPSD and included a full event description. 450

The raw data of the USPSD in its entirety can be found at http://goo.gl/QrylkY. 451

Additionally, the cleaned data modeled in this paper are included in the the Data folder 452

of S1. Finally, county-level raw data, covariates, and modeling results are included in 453

the Data folder of S1 in a geographically resolved format linked to a shapefile that can 454

be used for geographic data visualization in the R software environment. 455

Methodologically, users are asked to adhere to the following protocol in data 456

collection (see [1], direct quotation follows): 457

1. Using Google’s search tools, isolate a single day (e.g. Jan. 1, 2011, to 458

Jan. 1, 2011) and search for the term “police involved shooting” (don’t 459

use quotation marks). Use Chrome’s Incognito mode when searching to 460

ensure you aren’t getting local results. 461

2. Read each link on the first 10 pages of results; for any instances of 462

shootings involving a police officer, log them in the form. 463

3. We’re looking at 2011, 2012, [2013 and 2014], and tracking date, name, 464

age, gender, race/ethnicity, injured/killed, and a number of other fields. 465

Please be as thorough as possible with each incident, and provide links 466

to where you found the information (this will be crucial during 467

verification). Often, the first day of reports will not have personal 468

details, and a second search of subsequent days will fill in more of the 469

story. 470

4. Before starting in, take a look at the submissions here and pick a day 471

that no one has begun (“Not Checked” in the third sheet). Remember, 472

we’re starting off by looking at just the past three years. 473

5. A later death, after a person is hospitalized in a police-involved 474

shooting, is considered a death for our purposes. 475

6. We are looking for any incidence of a police officer shooting and hitting 476

another person. This can be off-duty if the officer was acting in a 477

law-enforcement capacity. 478

7. We are not looking for incidences of police officers discharging their 479

weapons and hitting no one. In a perfect world these would be tracked, 480

since often the only difference is that the shot missed, but these 481

incidents are not as thoroughly reported and would probably bias the 482

data. 483

8. Please keep the data as neat as possible. Work within specific months, 484

make sure you’re in the correct year, keep the columns clean, add 485

peripheral information in the “Summary” portion, etc. 486
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Census and Covariate Data 487

County-level census population data and county-level covariates on income and 488

inequality were accessed from AIDSvu [54], an open access database available through 489

the Rollins School of Public Health at Emory University. 490

Google Racial Animus Data 491

The racial animus data were generously provided by Seth Stephens-Davidowitz [29] at 492

the level of the DMA (designated market area), and were translated to county-level data 493

using FIPS codes and a cross-walk provided by the ICPSR at 494

http://www.icpsr.umich.edu/icpsrweb/DSDR/studies/22720. 495

Crime Rate Data 496

Race-specific assault- and weapons-related arrest data compiled by the United States 497

Department of Justice were accessed from the Inter-University Consortium for Political 498

and Social Research [55]. Arrests were summed within counties. 499

Geographic Data 500

Geographic shapefiles were downloaded from GADM [56], an open access database of 501

Global Administrative Areas. 502

Bayesian Modeling 503

Estimating Risk Ratios for Police Shooting as a Function of Race and 504

Arms Status 505

County-level police shooting rates are estimated using binomial probabilities, and a 506

prior, estimated from the data, under hierarchical partial pooling. Hierarchical pooling 507

allows information collected in other counties within the United States to partially 508

inform the parameter estimates in a focal county, which improves out-of-sample 509

predictive inference globally [57], and regularizes otherwise undefined posterior 510

predictive risk ratios. Prior to the introduction of multi-level modeling methods, 511

relative risk ratios at local levels were very hard to infer. For example, if no unarmed 512

whites but three unarmed black individuals were killed in a county, the estimated 513

relative risk ratio would be: 514
3

NB
[c]

0
NW

[c]

=
constant

0

yielding some undefined relative risk ratio. The multi-level Bayesian methods used here, 515

partially (rather than fully) pool information across counties, allowing for more stable 516

estimates in relative risk ratios (by regularizing the denominator of the above equation 517

away from zero and toward the global mean for that value), while still allowing for, and 518

representing, heterogeneity across counties. 519

To begin the model, the race-specific probabilities of being shot by police at the 520

county-level are estimated under two conditions (armed and unarmed), in all counties 521

with at least a single incidence of a police-involved shooting between the years of 522

2011-2014. These probabilities are then used to estimate the relative risk of being the 523

victim of a police shooting, conditional on being armed or unarmed, and race/ethnicity. 524

For example, the probability, θB,U
[c] , in county c of a black (B) and unarmed (U) 525

individual being shot by police can be estimated from the county-level census data, NB
[c], 526
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and the count of shootings, SB,U
[c] , as: 527

SB,U
[c] ∼ Binomial(NB

[c], θ
B,U
[c] ) (1)

Equation 1 serves as a template for each of the main probability statements in the 528

model, where a probability unique to the interaction of race/ethnicity (B=black, 529

H=hispanic, and W=white) and arms status (A=armed and U=unarmed) is estimated. 530

Note that superscripts are labels, and do not indicate exponentiation. The subsequent 531

main probability statements run as follows: 532

SB,A
[c] ∼ Binomial(NB

[c], θ
B,A
[c] ) (2)

533

SH,U
[c] ∼ Binomial(NH

[c], θ
H,U
[c] ) (3)

534

SH,A
[c] ∼ Binomial(NH

[c], θ
H,A
[c] ) (4)

535

SW,U
[c] ∼ Binomial(NW

[c] , θ
W,U
[c] ) (5)

536

SW,A
[c] ∼ Binomial(NW

[c] , θ
W,A
[c] ) (6)

Thus, in each county, there are D=6 probability parameters to be estimated. These 537

parameters are organized into a vector: 538

θ[c] = (θB,U
[c] , θB,A

[c] , θH,U
[c] , θH,A

[c] , θW,U
[c] , θW,A

[c] )′ (7)

The probability parameter vector θ[c] ∈ (0, 1)D is transformed to a parameter vector on 539

the unconstrained scale Θ[c] ∈ RD using an inverse logit transformation: 540

θ[c] =
eΘ[c]

1 + eΘ[c]
(8)

Then, vectors unique to each county c, are estimated from a higher-level distribution in 541

a multi-level Bayesian framework: 542

Θ[c] ∼ Multivariate Normal Cholesky(µ,L) (9)

The Cholesky factor, L, of the model’s covariance matrix is formed from Cholesky 543

decomposition of the correlation matrix ρ multiplied by a diagonal matrix of scale 544

parameters, σ: 545

L = Diag(σ)× Cholesky Decompose(ρ) (10)

Each element of the mean vector, µ, is given a weakly regularizing normal prior: 546

µ ∼ Normal(−14, 4) (11)

which places weakly regularizing prior support over the plausible range of values on the 547

probability scale. Each element of the scale vector, σ, is given a vague half-Cauchy prior: 548

σ ∼ Cauchy(0, 5)T [0,∞] (12)

The correlation matrix is given an implicit uniform prior over its support. The 549

parameters of the model are estimated using Hamiltonian Markov Chain Monte Carlo 550

simulation, implemented in the Stan version 2.5 C++ library [58]. 551

The raw probability estimates at the county-level are surely underestimates, because 552

the U.S. Police Shootings Database has still only documented a fraction of the police 553

shootings since 2011. However, since the data are collected by users selecting a given 554
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day, and then recording information on police shootings documented on that day, the 555

data are randomly collected with respect to the suspect’s race/ethnicity, location, and 556

status as armed versus unarmed. As such, the relative risk ratios of U.S. citizens to 557

police shooting as a function of race/ethnicity, location, or armed status should not be 558

especially biased. Relative risk ratios are notated as below: 559

R[c]

B,U
W,U =

θB,U
[c]

θW,U
[c]

(13)

The symbol R[c]

B,U
W,U reads as: “The relative risk in county c of being black, unarmed, 560

and shot by police, to being white, unarmed, and shot by police.” 561

Modeling Risk Ratios for Police Shooting as a Function of County-Level 562

Covariates 563

In each county, the relevant risk ratio, R[c], is modeled as a function of county-level 564

covariates. To begin the model, each posterior sample of R[c] from the above described 565

Bayesian model is log-transformed and the distribution is summarized by calculating 566

the mean, µR[c]
= mean(log(R[c])), and standard deviation, σR[c]

= sd(log(R[c])) over 567

the MCMC samples. Uncertainty about these estimates is propagated using a Bayesian 568

measurement error model: 569

Y[c] ∼ Normal(µR[c]
, σR[c]

) (14)

570

Y[c] ∼ Normal(µ[c], σ) (15)

where µ[c] is defined for several candidate models (M1, M2, . . . M25), using a standard
regression equation. The most basic, intercept only, model is defined as:

M1, µ[c] = β1 (16)

and various, increasingly complex, multivariate models are fit, up to the most complex:

M25, µ[c] =β1 + β2log(N[c]) + β3log(P[c]) + β4log(I[c]) + β5log(G[c]) + β6log(H[c])

(17)

+ β7log(AW
[c]) + β8log(AB

[c]) + β9log(WW
[c] ) + β10log(WB

[c])

where: N[c] is the total population in county c, P[c] is the percentage of black 571

individuals in county c, I[c] is the median income of county c, G[c] is the Gini coefficient 572

of county c, H[c] is the Google search data proxy for racist norms in county c, AW
[c] and 573

AB
[c] are the assault-related arrest rates for whites and blacks, respectively, in county c, 574

and WW
[c] and WB

[c] are the weapons-related arrest rates for whites and blacks, 575

respectively, in county c. The covariates included in models M2-M24 are indicated in 576

Tables 1 and 2 in the Results section. 577

Each element of the regression parameter vector is given a vague prior: 578

β ∼ Cauchy(0, 5) (18)

and the scale parameter is given a weakly regularizing prior: 579

σ ∼ Exponetial(1) (19)
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Supporting Information 580

S1.zip - This file (Zip format) contains the raw data used in modeling, model code, and 581

supplementary results tables with MCMC convergence diagnostics. 582

S2.zip - This file (Zip format) contains the LATEXsource code for this paper. 583
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