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Abstract
I use data linking counts of homicides by police to police department (PD) and jurisdiction characteristics to estimate benchmarked (i.e. 
risk-adjusted) police homicide rates in 2008–2017 among the 711 local PDs serving 50,000 or more residents, a sample with demographics 
resembling all mid-to-large Census places. The benchmarked rate estimates capture PD deadliness by comparing PDs to peers whose 
officers face similar risks while adjusting for access to trauma care centers to account for differential mortality from deadly force. 
Compared to existing estimates, differences in benchmarked estimates are more plausibly attributable to policing differences, 
speaking to whether the force currently used is necessary to maintain safety and public order. I find that the deadliest PDs kill at 6.91 
times the benchmarked rate of the least deadly PDs. If the PDs with above-average deadliness instead killed at average rates for a PD 
facing similar risks, police homicides would decrease by 34.44%. Reducing deadliness to the lowest observed levels would decrease 
them by 70.04%. These estimates also indicate the percentage of excess police homicides—those unnecessary for maintaining safety 
—if the baseline agency is assumed to be optimally deadly. Moreover, PD deadliness has a strong, robust association with White/Black 
segregation and Western regions. Additionally, Black, Hispanic, foreign-born, lower income, and less educated people are 
disproportionately exposed to deadlier PDs due to the jurisdictions they reside in. Police violence is an important public health 
concern that is distributed unevenly across US places, contributing to social disparities that disproportionately harm already 
marginalized communities.
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Significance Statement

Many contend that US police officers use appropriate force, attributing community differences in the rates of police killing people to 
officers accurately tailoring their use of force to differently risky communities. Suppose we accept this premise for the average US 
police department (PD): the average PD kills at the frequency necessary to ensure officer and public safety. Given this assumption, 
I find that roughly one in three police homicides could have been avoided without endangering officers and the public. This is because 
there is a wide range of police homicide rates among PDs that face similar risks. The differences are also associated with jurisdiction 
demographics with already marginalized groups tending to reside in jurisdictions with more deadly policing.

Competing Interest: The author declares no competing interest.
Received: May 11, 2023. Accepted: January 10, 2024 
© The Author(s) 2024. Published by Oxford University Press on behalf of National Academy of Sciences. This is an Open Access article 
distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs licence (https://creativecommons.org/ 
licenses/by-nc-nd/4.0/), which permits non-commercial reproduction and distribution of the work, in any medium, provided the original 
work is not altered or transformed in any way, and that the work is properly cited. For commercial re-use, please contact 
journals.permissions@oup.com

Introduction
US police kill far more frequently than police in peer countries, ac-
counting for 8% of all homicides of US adult males (1–3). The fre-
quency is particularly high for Black men, who are over 3 times 
more likely than White men to be killed by police, such that police 
homicides are a leading cause of death for young Black men (1, 4). 
In addition to the deceased, police homicides harm the health of 
decedents’ families and communities, as well as the health of 
the involved officers, and are increasingly recognized as a critical 
public health concern (5–9). It is critically important to avoid ex-
cess police homicides, which might be thought of as those that 

do not prevent bystanders and officers from incurring severe 
injuries.

This study grapples with the possibility of excess police homi-
cides in the United States by focusing on police department (PD) 
tendencies. Excess police homicides are more likely when officers 
have low thresholds for using deadly force, overestimate threats, 
are overconfident in their perceptions of threat, or are undercon-
fident in their perceptions of safety. They may also be more likely 
if the approach to policing fosters more hostile interactions (10). 
These factors are all likely to be shaped by the place and PD in 
which an officer works. Police officers across the United States 
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are subject to different state laws and PD policies, strategies, 
trainings, norms, and oversight arrangements (11–21). Even PDs 
with similar organizational conditions may nonetheless have dif-
ferent behavioral tendencies due to contextual differences in pol-
itical economy and demographics that elicit more or less officer 
suspicion, fear, respect, or care (15, 22–27).

Recent advancements in the collection of police homicides data 
have enabled researchers to demonstrate that police kill far more 
frequently in some parts of the country compared to others (1, 28, 
29). Though it is common to frame these findings as differences in 
police violence, it remains unclear whether the differences are due 
to excess police homicides or variation in policing contexts (30).

A common explanation for community variation in police hom-
icides is that contextual differences, particularly in the risks faced 
by officers, necessitate different amounts of force. Early articula-
tions of the Community Violence Hypothesis in the criminology 
literature attribute community variation in police use of force to 
officers accurately tailoring their approach to the communities 
they police in order to be safe and effective (31–33). This perspec-
tive also appears in public perceptions: in 2016, 75% of Whites 
agreed that police use “the right amount of force in each situation” 
(34). Shedding light on police violence requires a focus on discre-
tionary uses of force.

Another possible explanation for the observed differences is 
variation in mortality risk from a given use of force, whether 
due to officer aim or medical care (30). One important factor is 
trauma care access, which has been identified as an important 
variable determining the likelihood of surviving gunshot wounds 
(35–37). Adequate benchmarks that account for policing context 
are essential to understanding variation in police violence.

The recently released National Officer-Involved Homicide 
Database (NOIHD) has made such benchmarking feasible by link-
ing high-quality police homicide data from the Fatal Encounters 
database (FE) to several datasets with information on PDs, injuries 
to officers, crimes and arrests, and contextual characteristics like 
trauma care access (3, 38, 39). This facilitates comparisons of PDs 
that face similar risks to better identify pockets of policing vio-
lence with respect to deadly force.

This paper uses the NOIHD to describe variation in PD deadli-
ness—defined as the extent to which a PD kills more often than 
peers that face similar risks—in 2008–2017 among the 711 local 
PDs with jurisdictions of 50,000 or more residents. This sample 
has a close demographic resemblance to the full set of US 
Census places with populations of 50,000 or more, but is not gen-
eralizable to the whole United States (SI Appendix, Table S1).

By estimating differences more plausibly attributable to differ-
ences in policing and less plausibly attributable to variation in 
nondiscretionary police homicides, the analysis speaks to 
whether current levels of violence used by police are in excess 
of what is necessary to maintain officer and public safety. I oper-
ationalize PD deadliness as the PD’s counterfactual police homi-
cide rate per capita under average conditions of (i) trauma care 
access (per capita and per square mile), (ii) violence against offi-
cers (differentiating deadly and nonfatal injurious assaults), and 
(iii) officer encounters that imply risks of violence against officers 
and bystanders (noninjurious assaults against officers and arrest 
counts for nonviolent crime and three types of violent crime). The 
estimates focus on nonvehicular intentional use of force (IUF) 
homicides as coded by the FE team; in order of frequency, this in-
cludes deaths from officers shooting, tasering, asphyxiating, 
bludgeoning, stabbing, using chemical agents, or burning people.

I use multilevel negative binomial models and report Bayesian 
PD estimates and maximum likelihood (ML) between-PD variance 

estimates that account for uncertainty-induced variance inflation 
in estimates of rare events. The model assumes that policing vio-
lence occurs strictly under the measured conditions, which may 
not hold due to two continuing challenges in the national data in-
frastructure (i) the reliance on police homicide data, rather than 
all uses of deadly force and (ii) weaknesses in the national policing 
data I use to capture policing context. However, a battery of sen-
sitivity analyses indicate that my findings are robust to the add-
ition of omitted confounders, alternative functional forms, using 
ambient rather than residential population, focusing on police 
homicides by gunshots, expanding or narrowing the time period, 
using listwise deletion to purge potential “data dumping” PDs ra-
ther than using multiple imputation, and alternative data clean-
ing approaches. Additional detail on the data, sample, methods, 
assumptions, limitations, and sensitivity analyses can be found 
in Materials and methods below and SI Appendix.

My results show that PDs facing similar risks kill at substantial-
ly different rates, with the deadliest PDs killing 6.91 times more 
frequently than the least deadly PDs. If PD deadliness was reduced 
such that no PDs had benchmarked (i.e. risk-adjusted) homicide 
rates higher than the average, the number of police homicides 
in the sample would decrease by 34.44%. If the average 
mid-to-large local PD kills as frequently or more frequently than 
necessary to maintain officer and public safety, this indicates 
that at least one in three police homicides by mid-to-large local 
PDs are excess police homicides.

I also consider whether variation in PD deadliness contributes 
to demographic disparities in police homicides. Nationwide, un-
adjusted rates of police homicide vary substantially by the race/ 
ethnicity of the decedent and the racial/ethnic and economic 
composition of the neighborhood (1, 40). Compared to Whites, 
Black decedents are more likely than Whites to be unarmed and 
Black people have tended to die at lower rates when shot by police, 
suggesting that unadjusted rates could understate racial dispro-
portionality in police use of deadly force (41, 42). Though a rich 
body of research details the intersection of geographic, race/ 
ethnicity, and class inequalities in experiences with the US crim-
inal justice system (1, 22, 28, 29, 42–46), it remains unclear 
whether disparate treatment by PDs is exacerbated by differential 
exposure to more violent PDs. I find that Black, Hispanic, foreign- 
born, low income, and less educated people are segregated into 
jurisdictions with more deadly PDs.

Additionally, I describe the variation in PD deadliness in a cor-
relational analysis using a battery of variables describing state 
and agency policies, staff composition, agency location, jurisdic-
tion composition, and jurisdiction inequality in accordance with 
the literature’s identification of policy variation, organizational 
features, and local social context as determinants of police behav-
ior (10–17, 19, 22–27, 44, 47). I identify White/Black segregation 
and Western location as strong correlates of PD deadliness robust 
to the inclusion of other features.

The findings are inconsistent with widely held beliefs that vari-
ation in policing violence is an adequate response given differen-
tial police exposure to commonly cited risk factors like crime and 
violence against officers. Instead, they suggest that there are op-
portunities for intervening in PD practices, policing writ large, 
and social policy to reduce police homicides without reducing of-
ficer safety and effectiveness.

Results
Figure 1 displays the range of PD-specific deadliness estimates, 
measured as the counterfactual rate (per 1 million jurisdiction 
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residents per year) of police homicides under sample average con-
ditions of risk to officers and access to trauma care. PD deadliness 
estimates are benchmarked rates based on PDs’ estimated devia-
tions from model predictions; the ratio of PD deadliness to the 
sample average is equivalent to the ratio of the PD police homicide 
rate to rates at which PDs facing similar risks tend to kill. The 
deadliness estimates in the highlighted PD jurisdictions are sig-
nificantly different (P < 0.05) from the sample average of 3.39 
(3.31, 3.47; 95% uncertainly level) per million residents per year.

The estimated 95% plausible interval for PD deadliness ranges 
from 1.29 in the least deadly PDs (estimated at the 2.5 percentile) 
to 8.91 in the deadliest PDs (estimated at the 97.5 percentile), indi-
cating that the deadliest PDs kill at 6.91 times the benchmarked 
rate of the least deadly PDs (see SI Appendix, Table S6 for full re-
gression estimates). This is substantially greater than what would 
occur randomly; across 100 simulations of random police homi-
cide rates across PD-year observations, all estimated ratios of 
most to least deadly PDs were <1.02.

Previous spatial comparisons of police homicides used no ad-
justment, potentially overstating differences in discretionary po-
lice violence (1, 28–30). Following that approach, one would 
estimate that the PDs that kill most often kill at 9.39 times the 
rate of those that kill least often, as compared to my risk-adjusted 
estimate of 6.91. The rank-ordered distribution of unadjusted es-
timates is included in Fig. 1 for reference. The benchmarked com-
parisons do find less inequality across PDs, primarily due to lower 
estimates among the deadliest PDs, but the overall variation in po-
licing deadliness remains stark. Moreover, benchmarking the 
comparison modestly alters how PDs rank in comparison to one 
another (SI Appendix, Fig. S3).

Figure 2 lists the 20 most and least deadly PDs in the sample 
with their PD deadliness estimates. Benchmarked rates in the 
three deadliest PDs are roughly 3 times the sample average; I esti-
mate that under average conditions, St. Louis Metro PD (MO), 
Kansas City PD (MO), and Columbus Division of Police (OH) would, 
respectively, kill 10.64 (9.36, 12.00), 10.04 (8.89, 11.34), and 9.74 
(8.66, 10.95) people per million annually. In comparison, I estimate 
that the least deadly PDs—Raleigh PD (NC), Metro Nashville PD 
(TN), and Worcester PD (MA)—would, respectively, kill 1.37 
(1.06, 1.77), 1.56 (1.31, 1.87), and 1.65 (1.23, 2.21) people per million 
per year under average conditions. That the least deadly PD esti-
mates are all above the lower bound of the 95% plausible interval 
reflects the greater degree of uncertainty—and therefore greater 
Bayesian adjustment—in PD-specific estimates of infrequent 
events compared to estimates of variance between PDs (see 
Materials and methods below and SI Appendix for more discus-
sion of uncertainty adjustments).

Figure 3 demonstrates that the deadliest PDs killed far more 
frequently in 2008–2017 than the least deadly PDs despite com-
parable estimated levels of risk. The figure compares PD residuals 
to fitted values. Substantively, this means the horizontal axis— 
the fitted values—is the rate at which PDs policing similarly risky 
jurisdictions tended to kill in the study period, while the vertical 
axis—the residual ratio—is a ratio comparing this to my estimates 
of what the PD’s actual police homicide rate was during that time. 
Note that the vertical axis is an alternative presentation of the PD 
deadliness estimates above. A PD can be compared to peer PDs 
with comparably risky jurisdictions by scanning vertically at a giv-
en fitted value. There is substantial variation in police homicide 
rates among PDs facing similar risks. Moreover, the fitted values 
of the 20 most and least deadly PDs are unexceptional, indicating 
that their exceptional estimated deadliness is not driven by the 
model extrapolating to account for outliers. These findings 

replicate when comparing PD deadliness using unimputed rates 
of officer injuries from assaults rather than model-fitted values 
(SI Appendix, Fig. S10).

Given that PD deadliness varies substantially among compar-
ably risky jurisdictions, it stands to reason that some PDs kill 
more frequently than necessary to maintain officer and public 
safety. Perhaps, then, PD deadliness could be reduced to the aver-
age level observed among peers. How many lives would this save? 
If every PD with above-average deadliness—those above the 1:1 
ratio line in Fig. 3—instead had average deadliness—falling along 
the 1:1 line—34.44% of the people killed by police in this sample 
would have survived their encounter with police.

This can also be thought of as a possible estimate of the propor-
tion of police homicides that are excess police homicides. Suppose 
we restate the claim that US police appropriately tailor use of 
force to account for risk as “the average US PD kills at the fre-
quency necessary to maintain officer and public safety.” Under 
this conservative assumption, excess police homicides are 
34.44% of all police homicides. Less conservative assumptions 
yield far greater estimates. For example, if Raleigh PD is a good 
benchmark for how deadly PDs need to be, 70.04% of police hom-
icides were excess polices homicides (see SI Appendix, Table S9 for 
estimates using alternative benchmarks).

Figure 4 considers how the differences in PD deadliness relate 
to demographic disparities in the likelihood of being killed by po-
lice. Municipalities and counties are important sites of residential 
segregation by race and class such that these groups potentially 
experience policing differently partly as a result of living in differ-
ent jurisdictions (48, 49). Using the PD deadliness estimates and 
2015–2019 American Community Survey (ACS) data, I estimate 
the average PD deadliness in the jurisdictions in which demo-
graphic groups reside. Note that these are differences between ju-
risdictions that do not account for within-jurisdiction disparities.

I find that Black people reside in jurisdictions with 15.31% 
(12.27, 17.39) more deadly policing than those of White people 
after accounting for jurisdiction differences in risk to police and 
trauma care access. Hispanic people are 7.59% (4.92, 9.26) more 
exposed to deadly policing than White people, and foreign-born 
people are 3.39% (0.78, 6.01) more exposed than those born in 
the United States. Households making $10,000 or less are in juris-
dictions with 11.37% (9.10, 13.03) more deadly policing than 
households making $200,000 or more, while people without high 
school degrees are 6.61% (5.11, 7.58) more exposed than college 
graduates.

One implication of Fig. 4 is that reducing PD deadliness to 
Raleigh PD levels would not only reduce police homicides in the 
sample by 70.04% but also reduce the racial disparity between 
Black and White people, among other demographic disparities. 
In SI Appendix, I simulate a counterfactual where the sample 
PDs all had Raleigh-level deadliness in 2017, while within-PD 
racial disproportionality remained unchanged, and all out- 
of-sample PDs are unaffected. The national Black:White ratio of 
per capita police homicide rates reduced from 2.78 to 1.62 and 
the Black–White gap in rates (per million) reduced from 3.47 to 
0.96 (see SI Appendix, Table S10 for all estimates).

Figure 5 describes the pattern of PD deadliness by correlating it 
with a battery of agency and jurisdiction characteristics, which I 
have categorized to provide insights into the types of characteris-
tics that characterize variation in policing violence. An extensive 
literature attributes variation in police behavior to patterns of 
officer discretion, policy variation, and organizational features, 
as well as policing’s role in the social structure (10–17, 19, 
22–27, 47, 50). I group 57 variables drawn from the NOIHD, the 
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2015–2019 ACS, and qualitative descriptions of state policies 
(20, 21) into 11 categories: staff composition; training, restrictions, 
oversight, and gun regulation policy; location; jurisdiction com-
position by race/ethnicity, socioeconomic status (SES), and other; 
and jurisdiction inequality by race/ethnicity, SES, and SES by race.

Group-specific and bivariate analyses assess which types 
of factors characterize more deadly PDs, while the full model 
analysis using all the variables asses which types of factors 
explain the variance independent of the others. All models 

use precision-weighted Ordinary Least Squares (OLS) to account 
for differential error in deadliness estimates across PDs. 
Variables are coded a priori to predict greater PD deadliness based 
on past research findings (see SI Appendix for details). I consider an 
association strong when a 1 SD increase in a continuous variable 
(or 0 to 1 change in a binary variable) is associated with a statistic-
ally significant (P < 0.05) 0.20 SD change in PD deadliness.

Altogether, the correlates explain 35% of the observed variation 
in PD deadliness (in the full model, R2 = 0.35). I find that PD 

 p < .05
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Fig. 1. Rank-ordered distribution of PD deadliness, measured as the counterfactual rate (per 1 million jurisdiction residents per year) of police homicides 
under sample average conditions of risk to officers and access to trauma care. The sample includes 711 agencies with jurisdictions of 50,000 or more in 
2008–2017. Markers indicate Bayesian PD estimates. Vertical dashes indicate 95% uncertainty intervals. The rank-ordered distribution of unadjusted 
Bayesian PD estimates is provided as a reference.
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3. Worcester, MA
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8. Columbia, MO
9. Frisco, TX
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12. Kissimmee, FL
13. Chula Vista, CA
14. Rocky Mount, NC
15. Oceanside, CA
16. Yonkers, NY
17. High Point, NC
18. Manchester, NH
19. Tyler, TX
20. Madera, CA

20. North Little Rock, AR
19. Norfolk, VA
18. Federal Way, WA
17. Huntsville, AL
16. Tucson, AZ
15. Gary, IN
14. Inglewood, CA
13. Waco, TX
12. Jacksonville, FL
11. Cleveland, OH
10. Oklahoma City, OK
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Fig. 2. The PDs with the lowest (least deadly) and highest (most deadly) counterfactual rates (per 1 million jurisdiction residents per year) of police 
homicides under sample average conditions of risk to officers and access to trauma care. The sample includes 711 agencies with jurisdictions of 50,000 or 
more in 2008–2017. Markers indicate Bayesian PD estimates. Horizontal dashes indicate 95% uncertainty intervals.
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deadliness is strongly associated with location in Western 
Census divisions and more racially segregated jurisdictions, 
and these strong associations persist independent of the associ-
ations between PD deadliness and the other characteristics. 
Western location exhibits a particularly strong independent 
association with PD deadliness which holds across all Census 
divisions West of the Mississippi. Among racial segregation 
measures, Black/White neighborhood segregation stands apart 
as a strong, robust correlate, while other types of racial segrega-
tion are only strong correlates prior to accounting for other 
characteristics.

Other strong associations that do not persist independent of 
other characteristics include a tendency for greater PD deadliness 
when the jurisdiction has lower median income, more single- 
mother-headed households, more inequality and segregation by 
income, and White-favoring White–Black income disparities. 
The associations with race/ethnic composition are in the pre-
dicted direction, but not as strong and not robust to including 
other characteristics. Perhaps counterintuitively, PD deadliness 
tends to be somewhat lower in PDs with more White and male of-
ficers, but these tendencies are not independent of the associa-
tions of PD deadliness. Among the 20 policy variables, only 
policies indicating weaker oversight are strongly associated with 
PD deadliness and explain the variation therein, particularly in 
full models, but the direction of association is inconsistent across 
models and variables. Variable-specific estimates are presented in 
SI Appendix, Table S11.

Discussion
Policing is far more deadly in some PDs than in others. The dead-
liest PDs kill 6.91 times more frequently than the least deadly PDs 
after accounting for variation in risk to officers and trauma care 
access. This estimate is lower than those found in previous studies 
that do not adjust for contextual risk factors, but remains large 
and stark. The deadly and least deadly PDs largely patrol areas 
of moderate risk, indicating that their estimated rates are not driv-
en by extrapolation in the tails of the risk distribution. Moreover, 

differences in PD deadliness are associated with jurisdiction 
demographics such that Black, Hispanic, foreign-born, lower in-
come, and less educated people tend to reside in jurisdictions po-
liced by more deadly PDs. I identify White/Black segregation and 
location in the Western United States as strong, robust predic-
tors of more deadly policing. Police violence is an important pub-
lic health concern that is distributed unevenly across US places, 
contributing to social disparities in already marginalized 
communities.

Many believe that officers accurately gauge the amount of force 
they use and that the different amounts of force used in different 
communities reflects tailoring policing to more or less risky places 
in order to be safe and effective (31–34). This view is compatible 
with previous research documenting community variation in un-
adjusted police homicide rates because the variation could be at-
tributed to factors, like risk to officers, that promote different 
rates of nondiscretionary police homicide rates. However, my 
findings indicate that PD differences are not readily explained by 
such factors. Suppose the average US PD accurately gauges their 
use of deadly force; even under this conservative assumption, I 
find that roughly one in three police homicides are excess police 
homicides. Using the least deadly PD in the sample as a less con-
servative benchmark increases the estimated rate of excess police 
homicides to roughly two in three. Moreover, PD deadliness is 
negatively correlated with clearance rates (both on violent crimes 
and for crime overall), key indicators of PD effectiveness, which 
suggests that less deadly PDs are not sacrificing effectiveness or 
officer safety (SI Appendix, Table S12).

This is consistent with an expansive literature attributing vari-
ation in police behavior to patterns of officer discretion, policy 
variation, and organizational features, as well as policing’s role 
in the social structure (10–17, 19, 22–27). The substantial variation 
suggests that there are opportunities for intervening in PD practi-
ces, policing writ large, and social policy to reduce police homi-
cides without reducing officer safety and effectiveness. Reducing 
policing violence such that no PDs are more deadly than average 
would have reduced police homicides among mid-to-large local 
PDs by 34.44% in 2008–2017. Reducing PD deadliness to the lowest 
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Fig. 3. Bayesian residual ratios vs. fitted values of PD police homicide rates (per 1 million jurisdiction residents per year) as a function of risk to officers and 
trauma care access in 2008–2017. Markers are weighted by jurisdiction population and highlighted to indicate the 20 most and least deadly PDs. Bayesian 
residual ratios are ratios of Bayesian PD police homicide rate estimates to PD fitted values and are the basis for the PD deadliness estimates in Figs. 1 and 2.
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observed levels would have reduced homicides by 70.04%. It 
would also dramatically reduce Black–White racial disparities, 
even if within-PD racial disproportionality remained the same.

Future research can leverage estimates of PD deadliness to 
identify PDs for case study and investigate how policies, practices, 
and contexts have shaped the landscape of policing deadliness 
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(SI Appendix, Dataset S1). My findings point to White/Black segre-
gation as an important contextual feature and identify greater 
deadliness among PDs West of the Mississippi, indicating that 
these factors—oft-noted in the literature (1, 22, 28, 42, 43)—are as-
sociated with benchmarked estimates in addition to unadjusted 
rates. My analyses were less successful at identifying effective 
policy levers compared to past research (12, 14, 17, 19); future 
scholarship on determinates of PD deadliness would benefit 
from better causal purchase and integrating more policy details 
and data on organizational culture and training approaches into 
the NOIHD.

Rather than relying on unadjusted local rates of police homi-
cides, PDs can be better identified to more optimally target ana-
lyses and interventions using benchmarked estimates like those 
presented here. The adjusted estimates more accurately and 
more credibly capture the potential public welfare benefits of re-
ducing each agency’s use of deadly force. However, one should 
still mind the caveat that the PD deadliness estimates are repre-
sentations of a complex microlevel process that available data 
cannot speak to. Some special or changing circumstances in indi-
vidual PDs may not be accounted for. Rather than providing 
definitive evidence of the performance of specific PDs, the esti-
mates are most illuminating as evidence of substantial across-PD 
variation in policing deadliness and are only first indications 
of the potential presence of exacerbating or intervening factors in 
specific PDs.

My findings are also consistent with the long-documented 
sociological finding that “places matter”; the political and admin-
istrative boundaries of communities (e.g. municipalities, counties, 
jurisdictions, etc.) configure political economy and institutions, 
critically impacting the lives of their residents (48, 49, 51–54). 
This study contributes to this literature by documenting place- 
based inequality in deadliness, with implications for community 
public health (5, 6). Patterns of PD deadliness are also associated 
with patterns of place-based residential segregation such that jur-
isdictional differences expose disadvantaged racial and economic 
groups to more deadly PDs than advantaged groups. Future work 
should consider whether this arises from heightened police vio-
lence in response to the racial and economic composition of juris-
dictions (22–24, 26).

This study is not without limitations. As discussed in Materials 
and methods below, I avoid geographic misalignment of the PD- 
and jurisdiction-specific measures by restricting the sample 
such that PDs and jurisdictions map 1-to-1. However, this re-
moves 10.63% of the police homicides in agencies that otherwise 
meet the sample requirements, primarily county sheriff’s depart-
ments and metropolitan area PDs. For example, Los Angeles 
County Sheriff’s Office killed 294 people during the study period, 
but had to be excluded because it is only the primary PD for parts 
of LA County, creating issues for interpreting contextual charac-
teristics. The resulting sample captures 89.4% of the IUF police 
homicides among local PDs of mid-to-large jurisdictions and 
91.0% of the residents in all mid-to-large Census places, where it 
closely resembles on demographic measures (SI Appendix, 
Table S1). This sample does not generalize well to the nation, how-
ever. Additionally, there was insufficient power with 711 PDs to 
consider temporal trends within PDs; it is likely that the estimates 
smooth over important PD deadliness trends and variation there-
in. Future analyses would benefit from finding less restrictive 
solutions.

This study improves our understanding of police violence by 
benchmarking estimates of police homicide rates, an approach re-
cently made possible due to data improvements. However, there 

are limitations in the data available for benchmarking, particular-
ly because there is no widespread tracking of uses of deadly force 
in the United States such that benchmarking must account for es-
timating jurisdiction risk of dying from uses of deadly force. 
Though FE and the NOIHD are marked improvements in tracking 
and investigating police homicides, the widespread adoption of 
administrative encounters-level use of force data remains sorely 
needed (41). Additionally, it remains difficult to measure jurisdic-
tion risk to officers without more precise data on police encoun-
ters, whether or not they result in arrest. It is also unclear how 
to measure jurisdiction risk to bystanders to the extent that it dif-
fers from risk to officers. Some steps toward improving researcher 
capacity to capture these features and reducing reliance on prox-
ies include nationally tracking use of force incidents, measuring 
how aid is rendered after use of force incidents, and improving 
the granularity of measures of violence against officers.

While the benchmarks used here rely on imperfect contextual 
data, a sensitivity analysis described in SI Appendix finds substan-
tial robustness to omitting confounders, indicating that the PD es-
timates are useful first indications of the potential presence of 
exacerbating or intervening factors in specific PDs (see SI 
Appendix, Table S8). It also suggests that data improvements 
are unlikely to meaningfully alter the key finding that there is sub-
stantial across-PD variation in policing deadliness not attributable 
to commonly cited risk factors like crime and violence against of-
ficers. This is inconsistent with widely held beliefs that variation 
in police use of force is an adequate response given differential po-
lice exposure to such risk factors.

Finally, my statistical approach relies on within-US compari-
sons of PDs, potentially masking room for improvement among 
less deadly PDs. International comparisons also suggest that the 
average US PD is a conservative benchmark and much less deadly 
policing may be feasible (2).

Materials and methods
The measures used in this analysis are drawn from the NOIHD. 
The NOIHD uses the Law Enforcement Agency Identifiers 
Crosswalk to link FE to several official and unofficial datasets at 
the PD, Census place, and state level. By linking FE to several data-
sets with contextual information, the NOIHD has made it possible 
to make benchmarked (i.e. risk-adjusted) comparisons of rates of 
police homicides and speak more directly to differences in police 
violence.

The annual PD counts of IUF officer-involved homicides origin-
ate in FE, a journalist-led project documenting officer-involved 
homicides using systematic searches of public records, online 
news reports, and social media to track all deaths in which an of-
ficer on duty is present. FE has better coverage and is less prone to 
bias than existing official and unofficial sources (3, 39). Though FE 
has better coverage and is less prone to bias than existing official 
and unofficial sources, it is subject to undercounting when officer- 
involved deaths do not appear in news reports and are not docu-
mented in searchable public records (3, 39). To account for this 
concern, the analysis focuses on 2008–2017 and limits the sample 
to PDs that serve a jurisdiction of at least 50,000 residents. The 
2008 start date was selected based on prior research found that 
FE coverage meaningfully improves prior to this year, as online 
news media grew, and stopped improving thereafter (4). 
Excluding small jurisdictions further reduces potential under-
counting bias due to limited online news reporting.

Whereas prior studies often describe variation across geo-
graphic units that are large (e.g. states) and/or nonpolitical 
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(e.g. census divisions) (1, 28, 29), this study’s estimates focus on 
PDs because they play a primary role in determining local law en-
forcement policies, strategies, and norms in their respective juris-
dictions (11–15, 17, 18). The sample includes the 711 US PDs that 
serve a jurisdiction of at least 50,000 residents as the local, parent, 
and primary PD for the entirety of the jurisdiction. This restriction 
ensures that the PD and its jurisdiction match one-to-one. Police 
homicides involving multiple agencies are split evenly among 
them, creating fractional police homicides.

The sample restrictions ensure high data quality at a cost, re-
moving 56.41% of the IUF police homicides identified by FE in 
2008–2018 across 34,719 local, subsidiary, state, and federal agen-
cies, ultimately constraining the generalizability of the findings to 
mid-to-large local PDs and mid-to-large Census places. Among 
them, I exclude 10.63% of all police homicides due to the restric-
tion by PD type, retaining a large sample for an analysis of this 
kind. The full analytic sample includes 4921.44 police homi-
cides over 10 years, averaging 0.69 per PD per year with a range 
of 0 per year in 114 PDs to 22.75 per year by Los Angeles PD. The 
sample captures 91.0% of the residents in all mid-to-large 
Census places, resulting in a sample of residents that closely 
resembles those of mid-to-large Census places on demographic 
measures. More descriptive statistics are provided in SI Appendix, 
Tables S1–S3.

The control variables selected from NOIHD seek to capture ex-
cess police homicides by proxying for the likelihood that a given 
use of deadly force incident (i) resulted in death and (ii) was not 
discretionary due to the violence of the citizen. All measures are 
averaged over the period within each PD. I proxy for risk of dying 
from uses of deadly force using measures of trauma care density 
per capita and per square mile originating in restricted proprietary 
data. Though trauma care access has been identified as an im-
portant variable determining the likelihood of surviving gunshot 
wounds (35–37), it is not the only factor determining survival of 
uses of deadly force. I consider omitted confounding below.

I proxy for nondiscretionary uses of deadly force using 
PD-reported measures constructed from items originating in the 
FBI’s Uniform Crime Reports (UCR) and the Bureau of Justice’s 
Law Enforcement Officers Killed and Assaulted (LEOKA). Two 
of these measures track violence against officers: injuries and 
mortalities from assaults while on duty, per officer. These are 
coarse measures of risk; to supplement them, I screened several 
indicators of how frequently officers have encounters with high-
er risks of violence against officers and bystanders. The included 
measures are noninjurious assaults while on duty, per officer, 
and four measures of arrests per officer, each focused on one 
of the four UCR crime categories: parts 1 and 2 violent crimes 
against persons, part 1 violent property crimes, and nonviolent 
crimes.

I include indirect measures of risk to officers and bystanders to 
better control for pathways of nondiscretionary uses of deadly 
force. However, these measures might also control for pathways 
of excess police homicides, particularly if they capture officer mis-
perceptions of risk. This could lead to underestimating PD differ-
ences. I limit this threat by excluding indicators, like violent 
crimes per capita, that are not positively associated with violence 
against officers but are positively associated with police exposure 
to social deprivation as measured by the frequency of officers en-
countering deaths from overdoses, suicides, medical emergen-
cies, drownings, and falls. See SI Appendix for a more detailed 
discussion of the screening process.

I produce Bayesian PD deadliness estimates with robust SEs us-
ing the following two-level negative binomial model in which the 

outcome, Ptj, is the per capita rate of IUF homicides by police in 
year t within PD j:

ln
Ptj

1 − Ptj

􏼠 􏼡

= β00 + Xj + X
2

j + etj + v0j 

etj ∼ N(0, Ntj × Ptj(1 − Ptj)), v0j ∼ N(0, τ) (1) 

where Xj is the vector of grand-mean-centered control variables 

and Ntj is the jurisdiction residential population, measured annu-

ally. Robust SEs reduce model sensitivity to violations of HLM as-
sumptions and using them did not substantially alter the errors in 
the preferred model (55). I use residential population in keeping 
with the literature, but using ambient population instead has little 
effect on PD deadliness estimates (SI Appendix, Fig. S9). I use 
quadratic polynomials of the covariates to account for potentially 
changing marginal responses to increases in risk factors because 
greater frequency can shift norms or induce a sense of crisis. 
Using linear or cubic polynomials instead has little effect on PD 
deadliness estimates (SI Appendix, Fig. S8).

The estimated policing deadliness in PD j is the Empirical Bayes 
estimate of β00 + v0j in which v0j is shrunken toward β00 in inverse 
proportion to its reliability, minimizing the mean squared error of 
the estimates (55). The model excludes PD-year intercepts due to 
insufficient power, necessitating estimates of PD deadliness that 
are pooled over years, so I used all 10 available years since FE 
coverage stabilized (4). I estimate between-PD variance in policing 
deadliness, τ, using the HLM ML estimator, which is equivalent to 
the variance of the PD estimates after shrinking v0j toward β00 in 
inverse proportion to the square root of its reliability (55). The 
Bayesian PD estimates and ML variance estimates are preferable 
to OLS estimates which would overstate PD differences and the 
between-PD variance due to uncertainty in the estimates (see SI 
Appendix for more details). This is critical when analyzing rates 
of police homicides, the rarity of which creates substantial uncer-
tainty in PD-specific estimates.

Another source of uncertainty is missing data in the covariates. 
For a given PD and variable, missingness occurs when the PD has 
missing data in all years or the PD partially reported data, either 
annual data with some years missing or monthly data with 
some months missing. Inconsistent reporting and persistent non-
compliance are a challenge for working with UCR and LEOKA be-
cause of the added noise, underestimated errors, and unclear 
generalizability that this can induce. I overcome this challenge us-
ing multiple imputation with chained equations (MICE) to impute 
(M = 5) PD means when PDs are missing data in all years using 
chained equations (56). MICE models include all potential covari-
ates that were considered prior to screening covariates. To reflect 
uncertainty in PD means when PDs have partial data for a given 
covariate, I estimate the error variance in their observed means 
and vary their means accordingly by adding noise across the im-
puted datasets. I pool model parameters using scalar inference, 
producing estimates that generalize to mid-to-large local PDs 
and inflating SEs to appropriately reflect the noise due to missing-
ness (57). The Bayesian estimation procedure, by shrinking noisy 
estimates toward the mean, also ensures that noise in individual 
PD estimates resulting from missing data does not distort esti-
mates of the national distribution.

Two additional challenges with the PD survey data are that PDs 
may differently interpret survey items, particularly related to of-
ficer injuries and assaults, and some PDs engage in data-distorting 
“data dumps” (e.g. skipping some reporting periods, then report-
ing numbers aggregated across the current period and the past, 
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skipped periods) (58). The former would distort PD estimates in 
that PDs using lower thresholds will have underestimated PD 
deadliness due to the exaggeration of risks, which could bias the 
variance down (if more deadly PDs use lower thresholds) or up 
(if less deadly PDs use lower thresholds) and may increase omitted 
confounding due to noise in the control variables. However, model 
estimates are robust to excluding any one of the officer injury and 
assault measures (SI Appendix, Table S8), providing some evi-
dence that any such distortions are unlikely driving the findings.

Regarding “data dumps,” they would induce downward bias in 
estimates for PDs that engage in the practice due to inflating the 
apparent risk and this could also distort the model, affecting the 
estimates of PDs that diligently report. I attempt to purge appar-
ent dumps and false zeroes through judicious data censoring, 
slightly increasing missingness rates (see SI Appendix for more 
details). However, the substantive findings are unaltered whether 
I am more permissive (avoiding censoring) or when I use the far 
more aggressive approach of listwise deletion to ensure that the 
analysis is purged of any PDs that do data-distorting “data dumps” 
(SI Appendix, Figs. S5 and S7).

Other important threats to estimating policing deadliness are 
misalignment of PD- and jurisdiction-specific measures, inaccur-
ate counts of IUF homicides by police, and omitted confounders. 
I avoid geographically misaligned measures by restricting the 
sample to PDs are the local, parent, and primary PD for the entir-
ety of the jurisdiction such that PDs and jurisdictions map 1-to-1 
(see SI Appendix for more details). I limit the sample to 2008–2017 
and to jurisdictions of at least 50,000 residents in 2017 to reduce 
potential bias from FE undercounts when there is limited online 
news reporting. Estimated disparities and rankings are robust to 
focusing on gunshot instead of all IUF homicides and expanding 
or shrinking the 2008–2017 sample window (SI Appendix, 
Table S7, and Figs. S5 and S6).

Omitted confounding is a particularly pressing concern. The 
existing national data is limited in scope and imprecise; UCR for 
example collapses police encounters that are rich with informa-
tion, whether or not they lead to arrest, into coarse arrest and of-
ficer injury and assault counts aggregated over all encounters. 
Even more concerning is that police homicide data by its nature 
samples on an outcome, mortality that is determined by more 
than the use of deadly force (30, 41). Trauma care access is one 
key factor (35, 37), but there are others that are unobserved in 
the existing data that has a national scope, such as officer shoot-
ing accuracy. These issues plague the field, which would benefit 
tremendously from the widespread adoption of administrative 
data on police encounters and use of force, with California provid-
ing a promising model.

However, a sensitivity analysis described in SI Appendix indi-
cates that including an omitted confounder similar to any one of 
the control variables used in my analyses would reduce PD dispar-
ities by <10% and would produce rankings 97% or more correlated 
with my estimated rankings (SI Appendix, Table S8). This suggests 
that risk is adequately captured; data improvements equivalent to 
adding a measure tracking officers being injured by assaults (or 
any of the other model covariates) would not meaningfully alter 
the findings. It remains unclear whether including implied risk co-
variates (i.e. arrest rate data) controls for officer perceptions in 
addition to true risk, potentially introducing conservative bias. 
This sensitivity check also cannot simulate the omission of 
confounders orthogonal to those that are observed, which is par-
ticularly a concern for omitted predictors of mortality after uses of 
deadly force like officer shooting accuracy. Though this analysis 
improves upon past research with respect to accounting for the 

selection on the outcome problem, it may not be possible to con-
fidently overcome this issue in nationwide analyses without the 
mass adoption of administrative data that captures nonfatal 
shootings.
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