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ABSTRACT
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Strategic Bureaucratic Opacity:  
Evidence from Death Investigation  
Laws and Police Killings*

Police accountability is essential to uphold the social contract. Monitoring the monitors is, 

however, not without difficulty. This paper reveals how police departments exploit specific 

laws surrounding death investigations to facilitate the underreporting of police killings. Our 

results show that US counties in which law enforcement can certify the cause of death, 

including counties which appoint the sheriff as the lead death investigator, display 46% 

more underreported police killings than their comparable adjacent counties. Drawing on a 

novel adapted-LATE potential outcomes framework, we demonstrate that underreported 

police killings are most often reclassified as ‘circumstances undetermined’ homicides. We 

also show that law enforcement agencies in counties with permissive death certification 

laws withhold more homicide reports from the public. The main underreporting results are 

primarily driven by underreporting of White and Hispanic deaths in our analysis sample, 

with the effect on Hispanic people particularly pronounced along the US-Mexico border. 

We do not find that excess underreported killings are associated with more violence 

directed towards police. We do, however, note a nationwide positive correlation between 

the permissiveness of gun-laws and underreported police killings. In addition, we find more 

underreporting in counties which have both high per-capita Google searches for Black 

Lives Matter and which allow law enforcement to certify the cause of death. Our results 

do not indicate that other differences in death investigation systems - coroner vs. medical 

examiner, appointed vs. elected, or physician vs. non-physician - affect the underreporting 

of police killings.
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1 Introduction

Any discussion of state power is a discussion of its limits. Ideally, state institutions

would always operate within their legal mandates and in view of socially optimal out-

comes. In reality, of course, this is not the case. Institutional mechanisms must, therefore,

guard against potential misconduct and ensure accountability where it occurs. Ensur-

ing accountability is particularly relevant when it comes to law enforcement, given their

entrusted power, and perhaps most symbolic when it comes to police killings (Sherman,

1978). Failure to keep police accountable can a↵ect trust in the state and have far-reaching

social consequences as evidenced by the Black Lives Matter movement. Unfortunately,

monitoring law enforcement and police killings is not without di�culty. Career-minded

police o�cers and their superiors, veiled behind the ‘blue wall of silence,’ have an in-

terest in avoiding lengthy investigations and any financial compensation to relatives of

wrongfully killed victims (Zimring, 2017).

As it stands, relevant institutions fail at the very first step: accounting for the scale

of the problem. Over the years 2013-2019, o�cial records from the FBI’s Supplemen-

tary Crime Reports only disclosed half of the total police killings documented in open-

source registries. It remains unclear which failures of monitoring mechanisms allow such

widespread opacity in reporting by local police departments – reporting that is not subject

to any state or federal auditing – and whether this opacity is strategic.

Of particular concern are certain pressures and historical laws embedded in the death

investigation system. The National Association of Medical Examiners has documented

that about a fifth of coroners and medical examiners1 had been put under pressure by

public o�cials to change the cause or manner of death (Luzi et al., 2013).2 In addition,

23 states include some counties in which law enforcement is legally permitted to directly

certify the cause of death under certain conditions. A subset of these counties also

supports systems with notably adverse incentives in which the sheri↵ is appointed as the

de facto lead death investigator.

This study evaluates the causal e↵ect of di↵erent laws and systems surrounding death

investigations on the underreporting of police killings, implicitly testing for a conflict of

interest in reporting. The study further o↵ers empirical evidence of specific methods used

by law enforcement to lower o�cially reported police killings by drawing on various data

sources and a novel adapted-LATE potential outcome framework with more general ap-

1Besides law enforcement’s ability to certify the cause of death, state and county death investigation
systems also di↵er along other important characteristics. In general, death investigation systems are
separated into two categories: medical examiners and coroners. Medical examiners are always appointed,
while over two-thirds of coroners are elected o�cials. Medical examiners also require a medical degree
in a vast majority of states and are often trained as forensic pathologists. The requirements for coroner
duties vary more substantially. In some states, su�cient credentials to examine a deceased person and
certify the cause of death are to be 18 years of age, hold a high school degree and follow a 40 hour course.

2As a result, the National Association of Medical Examiners petitions “whistleblower protection”
whenever death investigators uncover abuse or criminal activity in o�cer-involved shootings (Melinek
et al., 2013)
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plicability. The paper also investigates the drivers, moderating factors, and repercussions

of our measured underreporting e↵ect.

The analysis uses a newly constructed dataset for the years 2013-2019 which includes

county-specific information on death investigation systems. Our primary outcome vari-

able in the dataset is the di↵erence between two variables. The first is the ‘true’ count

of police killings from Mapping Police Violence (MPV)3, an open source registry that

opened in the aftermath of the Black Lives Matter movement. The second is the o�-

cial count reported by law enforcement agencies in the Supplementary Homicide Report

(SHR) of the FBI’s Uniform Crime Reporting (UCR) program. Our main result indicates

that counties with laws permitting law enforcement to certify the cause of death display

46% more underreported police killings than their comparable adjacent counties. This

e↵ect is not solely attributable to counties where the sheri↵ is the lead investigator.

Historically, all death investigations until the late 1800s were conducted by the coro-

ner, a colonial vestige of English common law. Over the following century, many states

and isolated counties recognized the need for more scientific autopsies and introduced

various laws requiring, among others, the presence or oversight of a medical professional

in forensic work. This shifting tide came, for no apparent reason, to an almost full stop

in the mid 1990s, leaving a geographical patchwork of death investigation systems and

laws di↵ering across state lines but also within states (Hanzlick, 2007).

Our empirical approach takes advantage of the resulting plausibly exogenous variation,

rooted in movements to prioritize more scientific autopsies rather than reduce illegitimate

interactions with police. It also exploits the fact that legislation is drafted centrally for

each state, but applies to all counties. These developments, which we elaborate on, allow

us to compare adjacent counties, some of which lie across state borders, with di↵erent laws

and systems. Accounting for adjacency cluster fixed e↵ects, we show that the adjacent

counties in our analysis are comparable along population, urbanization, crime, income,

racial-ethic distributions, and political voting behavior, which are known to be correlated

to underlying views on police violence. Within this context, our causal e↵ects of interest

are long-run di↵erences in the reporting of police killings between neighboring counties

with comparable potential for permissive cultures of police violence and corruption.

Beyond uncovering di↵erences in underreporting depending on death certification

laws, we also explore di↵erent possible mechanisms through which sensitive homicide

data can be hidden from the public eye. To begin with, we explore whether counties

in which law enforcement is permitted to certify the cause of death are more likely to

reclassify homicides in their reports. Our results indicate that counties with permis-

sive certification laws report neither higher total homicides nor higher law enforcement

homicides. They do, however, exhibit 35% more deaths categorized as ‘circumstances

undetermined,’ the residual SHR homicide category, pointing towards the reclassification

3As discussed later, we do not require the ‘true’ count to be free from error, as long as on average the
‘true’ measure is unbiased or the bias is unrelated to the death investigation system.

2



of sensitive homicides.

We further investigate whether the underreporting of police killings is linked to strate-

gic withholding of crime statistics from the public. To investigate this question, we draw

from recently released data sharing information for all 24,620 law enforcement agencies

in the US. Our results show that agency participation rates for the FBI’s UCR program

are 3.6 percentage points lower for counties in which law enforcement has authority to

certify the cause of death compared to their controls. Looking at agency participation for

the National Incident-Based Reporting System (NIBRS), a database that includes more

detailed information pertaining to the circumstances of a homicide, this di↵erence grows

to 18.3 percentage points. We also find that this e↵ect is reduced and not significant

when looking exclusively at sheri↵-coroner counties, arguably owing to sheri↵-coroners’

independence in directly reclassifying the cause of death.

Co-movements in the e↵ects of underreporting, ‘circumstances undetermined’ homi-

cides, and data withholding, are suggestive of cover-up mechanisms. They dispel alter-

native explanations for the measured underreporting e↵ects. For example, one might

hypothesize that crowd-sourced measures, such as media or civilian reports, more rig-

orously track police killings when sheri↵s are tasked with certifying the cause of death.

This would lead to higher underreporting in law enforcement certifying counties. Were

this the case, we would not expect the observed increases in the number of ‘circumstances

undetermined’ homicides reported to the FBI.

Looking at average changes across homicide categories may not, however, answer

all policy relevant questions. For example, the average e↵ects cannot reveal the share

of counties which underreport police killings by re-classifying them into ‘circumstances

undetermined’ homicides rather than using other cover-up methods. It is also unclear

whether the stated average e↵ects are driven by counties in which law enforcement agen-

cies would only underreport police killings when facing lenient certification laws. They

may also be attributable to counties in which law enforcement agencies would always

underreport police killings, but would use di↵erent cover-up strategies depending on the

permissiveness of certification laws. To answer these types of questions about which

population substrata drive our average e↵ects, we develop an adapted LATE potential

outcomes framework in the spirit of Imbens and Angrist (1994) and with parallels to the

discussion of supercompliers in Comey et al. (2022).

Our adapted potential outcome framework follows Comey et al. (2022) by assuming

two monotonicity assumptions. However, instead of applying them on the treatment

and outcome, we apply them on two binary outcomes of interest. The first applies

to the underreporting of police killings, the second applies to declaring excess ‘circum-

stances undetermined’ homicides. Thereafter, because we are not studying a classical

instrument-treatment-outcome causal chain, we depart from previous LATE frameworks

by discarding the exclusion restriction, which is not credible in our setting. Instead, partly

justified by evidence, we exclude two subtypes of law enforcement behavior using a cross-
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monotonicity restriction in order to achieve identification. Our identification strategy

can find wider appeal in causal studies with a binary treatment and two binary out-

comes, where researchers are interested in decomposing average e↵ects on each outcome

into e↵ects for di↵erent cross-outcome subtypes.4 Among other results, one of the main

findings from the proposed framework is that nearly 90% of counties which would only

underreport police killings when subject to lenient certification laws would also simulta-

neously increase reported ‘circumstances undetermined’ homicides. We further find that

among counties which always underreport police killings, an equal share avoid scrutiny

by always substituting these killings into the ‘circumstances undetermined’ category as

those which always exploit other avenues. In terms of policy, these results suggest that

joint investigations of the two outcomes would be better able to predict genuine strategic

underreporting.

Throughout the results, we further discuss the drivers, moderating factors, and reper-

cussions of our measured underreporting e↵ect. We find evidence that victims were more

often said to display signs of mental health issues in law enforcement certifying counties,

as reported most often by law enforcement to media outlets. We also see some indica-

tion that the main e↵ect is driven by higher true police killings, as opposed to lower

reported homicides, and that strategically reported subcircumstances justifying police

killings are di↵erent depending on certification laws. These results lend some credence

to the hypothesis that years of more limited accountability can result in a culture of im-

punity among police for lethal engagement. In contrast, citizens in counties permitting

law enforcement to certify the cause of death do not seem to engage in more violent and

lethal assaults against police. Instead, looking at nationwide correlations, we only note

that lenient gun laws are positively associated to the underreporting of police killings.

Taken together, these results may underline that fear, rather than true threat, is more

relevant in determining wrongful, and subsequently reclassified, police killings. We do

not find any moderating e↵ects of body-worn cameras, but this may be due to the data

source which imprecisely measures their actual usage. In a last analysis on the ques-

tion of monitoring, we consider whether awareness and concern for issues raised by the

BLM movement, as proxied by ‘Black Lives Matter’ Google search trends by state and

their year-to-year changes, influence the underreporting of police killings. We show that

states with higher concern for the BLM movement display more underreporting of police

killings, and law enforcement certifying counties in states with high searches for ‘Black

Lives Matter’ display more underreporting of police killings.

In terms of racial-ethnic groups, we find that the main underreporting is primarily

driven by homicides of White people and, in some of our specifications, by Hispanic

people. We do not find any e↵ects on Black people. The evidence of underreporting

4For example, we can consider the development context of a cash transfer which shows positive e↵ects
on the probability of investing in livestock and in children’s education. One may investigate whether an
increase in the probability of investing in livestock is mainly driven by households which also use the
cash transfer to increase investments in their children’s education (complements), or not (substitutes).
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e↵ects on Hispanic people and the absence thereof for Black people parallels findings

in Fryer Jr (2019), which directly looks at fatal police shootings. As we will further

discuss, the somewhat surprising absence of e↵ect on Black people could also result from

our specific adjacent county analysis sample, which, while representative of the whole

country on almost all observed measures, underrepresents Black people relative to the

US average. We further investigate the results on Hispanic people showing that counties

on the US-Mexico border display higher underreporting of police killings for Hispanic

people than their controls more inland, but display no di↵erences for other racial-ethnic

groups.

In a final step, the paper also evaluates whether other characteristics of death inves-

tigation systems are associated with di↵erences in the underreporting of police killings.

The results from separate adjacent county analyses do not indicate that distinctions in

coroner vs. medical examiner systems, appointed vs. elected systems, or physician vs.

non-physician systems, are associated with di↵erences in the underreporting of police

killings.

Our paper contributes to several strands of literature. First, it adds to the literature

on incentive structures and police corruption (Becker and Stigler, 1974; Sherman, 1978;

Baicker and Jacobson, 2007; Banerjee et al., 2021; Owens and Ba, 2021). More specifically,

with regard to the question of how to monitor the monitors (Rahman, 2012; Cheng

and Long, 2018; Long, 2019; Mastrorocco et al., 2020; Devi and Fryer Jr, 2020), our

article emphasizes the potential conflict of interest for o�cers reporting police violence,

underlining the social cost of poorly designed death investigation laws when it comes to

monitoring police for their killings. We also add to the literature describing patterns

of fatal police violence (Edwards et al., 2018; GBD et al., 2021; Schwartz and Jahn,

2020) by identifying which mechanisms enable law enforcement to avoid accountability.

In particular, we explain the role of related, and sometimes co-opted, institutions in

aiding cover-up cultures. These come on top of known internal mechanisms within police

departments and unions (Rad et al., 2023). The closest study to ours is by Prados

et al. (2022) which, in a comparison of Californian counties over 2000-2018, finds higher

underreporting of police killings in sheri↵-coroner counties.

The paper also contributes to an underdeveloped, but growing, literature on police

killings, especially when compared to the literature on the death penalty, the only other

criminal justice program that justifies killings. While fewer than 20 inmates are executed

each year, the true number of police killings is close to 1,000. Yet, between 2000 and 2009

not a single legal study mentioned “police killings”, “police use of deadly force” or “police

shootings in their abstracts, against 589 citing the words “death penalty,” “executions”

or “death sentence” (Zimring, 2017).

The remainder of the paper proceeds as follows. In the next section, we provide some

background on the current understanding of police violence and its consequences and on

death investigations and their historical contexts. In Section 3 we describe our data. Sec-
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tion 4 outlines our empirical identification strategy and our estimating equation. Section

5 contains the results and also presents our new potential outcomes e↵ect decomposition

framework. Section 6 concludes.

2 Background

2.1 Underreporting of police killings

Patterns and trends in police killings have until recently been di�cult to assess due to

data reporting issues. Data collected by the FBI through law enforcement agencies and

in the National Vital Statistics System (NVSS) through state vital registers are widely

acknowledged to undercount the true number of deaths involving police in the US (GBD

et al., 2021; Edwards et al., 2018, 2020; Nix et al., 2017; Fryer Jr, 2019).

The fragmented understanding of o�cer-involved fatality statistics came under focus

in the mid-2010s following several high-profile police killings.5 In response to these events

and the ensuing Black Lives Matter protests, several news and non-governmental open-

source outlets such as The Counted from The Guardian, the Police Shooting Database

from The Washington Post, Fatal Encounters and Mapping Police Violence began col-

lecting and publishing information about fatal police violence across the US.

The analysis of these new data sources o↵ered evidence for previously suspected un-

derlying trends. In general, Black, Hispanic, and Indigenous people are more likely to fall

victim to fatal police violence, and the risk of fatality is particularly pronounced for men

in their young adulthood. Unsurprisingly, o�cer-involved fatalities are highest in dense

urban areas but, when considered as a share of total homicides, vary considerably across

US census divisions. For example, in mountain states,6 police were responsible for about

17% of all homicides between 2012-2018, while in mid-Atlantic states,7 police accounted

for 5% of all homicides. O�cer-involved fatalities as a share of total homicides are also

sizeable in smaller rural and non-core areas where police accounted for more than 10% of

all homicides in contrast to 7% of all homicides in large central metropolitan areas. All

in all, between 2012 and 2018, more than 1 in 12 of all homicides of adult men came at

the hands of police (Edwards et al., 2018; GBD et al., 2021; Schwartz and Jahn, 2020).

Using secondary open source data on police killings, recent papers have explored which

regional characteristics correlate with the underreporting of police killings. Feldman et al.

(2017) and GBD et al. (2021) compare the NVSS, a dataset with similar fractions of

underreporting as the SHR over our period of interest, to several open source datasets.

They find that underreporting of police killings falls between 50% and 60% for Black,

5These included, but were not limited to, the shootings of Michael Brown, Trayvon Martin, Oscar
Grant, Charleena Lyles, Stephon Clark, Eric Garner, Sandra Bland, Renee Davis, Philando Castille,
Laquan McDonald, and Tamir Rice.

6Montana, Idaho, Wyoming, Nevada, Utah, Colorado, Arizona, and New Mexico
7New Jersey, New York, and Pennsylvania
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White and Hispanic people, with less underreporting for other minorities.

Beyond the direct consequence of lost lives, there exist many other repercussions

for a society facing high levels of police violence (Owens and Ba, 2021). The threat of

potentially lethal police violence on unarmed citizens within a neighborhood has been

found to directly increase mental health issues (Bor et al., 2018; Tyler et al., 2014) and

negatively a↵ect students’ school attendance and schooling outcomes (Ang, 2021). These

immediate e↵ects have also been shown to corrode the implicit social contract between

the state and citizens in the form of lower cooperation with law enforcement (Ang et al.,

2021) and reduced willingness to report violent crime (Desmond et al., 2016; Zaiour and

Mikdash, 2023). Notably, however, police killings, in particular of Black and Hispanic

victims, have been shown to spur voter turnout (Ang and Tebes, 2020) and citizen support

for civilian review boards and criminal justice reforms (Olzak, 2021; Morris and Shoub,

2023).

Several more general problems were also emphasized during the Black Lives Matter

movement in relation to o�cer-involved fatalities. The first issue was that of implicit

bias in policing. This bias is backed with much evidence in the case of street and vehicle

searches (Gelman et al., 2007; Knowles et al., 2001; Antonovics and Knight, 2009; Pierson

et al., 2020; Goncalves and Mello, 2021), and when it comes to white-o�cer interactions in

minority neighborhoods (Hoekstra and Sloan, 2022). It has not, however, been decisively

confirmed for fatal police shootings (Nix et al., 2017; Ross, 2015; Fryer Jr, 2019). A second

highlighted problem was bias in the judicial processes and sentencing for minorities. While

most empirical studies support these claims of bias, not all are in agreement on how to

best address the problem of unobservable factors in sentencing (Arnold et al., 2018; Anwar

et al., 2012; Rehavi and Starr, 2014; Abrams et al., 2012; Feigenberg and Miller, 2021).

A last problem emphasized was the prevalence of systematic and institutionalized per-

missive cultures of police violence which lack accountability. Proponents of reform argue

that police are rarely held accountable for their misconduct. This lack of accountability is

aided by formal union agreements that impede internal audits and the creation of civilian

review boards (Rad et al., 2023), but also by the existing informal cover-up culture in

police departments, known as the ‘blue wall of silence’ (Benôıt and Dubra, 2004). Ad-

dressing culture is not without complications. Internal monitoring mechanisms must rely

on o�cers breaking norms of police solidarity to investigate their own colleagues. Besides

social shunning, these perceived betrayals can result in safety threats when o�cers re-

quire support (Rahman, 2012). External monitoring mechanisms, such as external review

boards or added media scrutiny, can avoid these conflicts of interest but, by raising the

expected penalty of an o�cer’s errors, may in theory reduce the e↵ectiveness of police

(Prendergast, 2003; Gavazza and Lizzeri, 2007).8

8There exists some empirical evidence to support this view, showing that various periods of increased
oversight on police led to de-policing and higher crime in the short run (Shi, 2008; Ba and Rivera, 2019;
Devi and Fryer Jr, 2020; Premkumar, 2020; Campbell, 2022).
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2.2 Death Investigation Systems in the US

Death investigators in the US play a key role in the detection of emerging diseases, in

accounting for drug or consumer product related deaths, and in assessing violent deaths

involving homicide and suicide (Hanzlick, 2007). These death investigation systems are

divided into two main streams: the coroner system and the medical examiner system.

In general, medical examiners are appointed physicians, often specialized as forensic

pathologists.9 Coroners are most often elected o�cials without medical degrees or exten-

sive forensic training (Hanzlick, 2007).10

Figure 1: Death investigation systems in the US.
Source: CDC

A common lower bar for eligibility

as a coroners is to be older than

18-21 years of age, a county resi-

dent, and hold a high school de-

gree. Coroners are also required

to go through an initial 40 hour

training session over their first

year, with 17 of 28 states requir-

ing an additional 8 hour train-

ing session every subsequent year

(Ruiz et al. (2018), CDC train-

ing).

Historically, the medical ex-

aminer system evolved out of the

coroner system, a relic of British colonialism, as outlined in the Model Postmortem Ex-

amination Act published in 1954. The stated purpose of the act was to promote systems

capable of competently overseeing postmortem investigations, in particular for death

cases where criminal liability may be involved (Hanzlick, 2014; Leflar, 1955). The call to

address the medical incompetence of coroners was followed by a wave of states moving

from coroner to medical examiner systems or mixed systems between the early 1960s and

mid 1990s.11 Since 1996, no additional state has moved away from a coroner system and

county-specific transitions are rare (Hanzlick, 2007, 2014).12

At present, coroners and medical examiners are, depending on the state, distributed

into one of four systems as shown in Figure 1. 16 states (and DC) have a medical

examiner system in which death investigations are centralized in one location. 6 states

9Some exceptions apply. Wisconsin and West Virginia do not require medical examiners to be physi-
cians (Hanzlick, 2007).

10Only 4 states, Kansas, Louisiana, Minnesota, and Ohio, require coroners to hold a medical degree.
In addition, in Nebraska, the o�ce of coroner is jointly held with the county attorney, so all coroners
are lawyers, while 15 of 39 counties in the state of Washington have coroner duties performed by the
county’s prosecuting attorney.

11The chronology of these changes is presented in Hanzlick (2007).
12Hanzlick (2007) found that only 8 counties out of 3,143 shifted from a coroner system to a medical

examiner system between 1996 and 2007.

8

https://www.cdc.gov/phlp/publications/coroner/death.html
https://www.cdc.gov/phlp/publications/coroner/training.html
https://www.cdc.gov/phlp/publications/coroner/training.html
https://name.memberclicks.net/assets/docs/b12bad44-5ae2-4e99-b513-39190b12a456.pdf
https://name.memberclicks.net/assets/docs/b12bad44-5ae2-4e99-b513-39190b12a456.pdf


have a decentralised county- or district-based medical examiner system. 14 states have

a decentralised county-, district-, or parish-based coroner system, and 14 states have

a decentralised county-based system with a mixture of coroner and medical examiner

o�ces. 25 of the 28 states with coroners also have an appointed state medical examiner

who, upon request, may perform autopsies and provide expert advice, but the coroner

still ultimately establishes the cause of death (CDC; Fernandez, 2019). In 2019, of the

3,143 counties in the US, only 37% were served exclusively by a medical examiner but

these cover 63% of the total population.13

Feldman et al. (2017) and GBD et al. (2021) allude to the question of death inves-

tigation systems, mentioning that they find no significant di↵erences in underreporting

depending on whether the county had a coroner or medical examiner system. In an anal-

ysis limited to California over 2000-2018, Prados et al. (2022) compare sheri↵-coroner

counties to all others and find higher underreporting of police killings in the former.

None of these articles adopts causal analysis methods.

2.3 Certifying the Cause of Death

In general, coroners and medical examiners are placed in a vulnerable position with

respect to law enforcement. The autopsies they perform must draw from background

information and discussions with law enforcement, but the final assessments of the cause

of death should, in principle, remain independent of external influence. In practice, this

separation is not maintained. In 2013, the National Association of Medical Examin-

ers conducted a survey on its members’ independence in death investigations. It found

that over 20% of forensic pathologists working for a medical examiner or coroner re-

ported they were pressured by elected o�cials or appointees to change their findings. A

quarter of those who resisted pressure - threats, termination, intimidation, legal action -

Figure 2: Law enforcement certification of cause of
death.

su↵ered consequences for their ac-

tions. In addition, approximately

10% of respondents had been

asked to sign death certificates or

autopsy reports which were incon-

sistent with the findings of the au-

topsy (Melinek et al., 2013; Luzi

et al., 2013).

The negative results of this

conflict of interest are likely exac-

erbated in legal frameworks which

grant stronger authority to law

enforcement in the death certi-
13Numbers derived from our data.
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fication process. Currently, 20

states include a subset of counties in which sheri↵s hold the dual post of sheri↵-coroner.

Of these, some states (California, Nevada, North Dakota) designate the sheri↵ as the

de-facto coroner under some conditions. In addition, Arizona, Massachusetts, Montana,

Nebraska, Nevada, New Mexico, and Wyoming allow law enforcement to complete death

certificates when the examiner is not present or is unavailable (Ruiz et al., 2018). As

displayed in Figure 2, this results in 16 states in which a subset of counties allow law

enforcement to certify the cause of death and 7 states in which all counties allow law

enforcement to certify the cause of death. Allowing law enforcement to classify and/or

certify the cause of death gives rise to concerning conflicts of interest when it comes

to o�cer-involved fatalities. These conflicts of interest constitute the main focus of our

analysis.

3 Data

3.1 O�cer-involved Fatalities

Our analysis uses a new county-level panel covering the years 2013-2019,14 constructed

from di↵erent data sources. Our main outcome of interest is the di↵erence at the county

level between a proxy for the ‘true’ number of o�cer-involved fatalities and the o�cially

reported number. Our variable for true homicides is taken from Mapping Police Vio-

lence (MPV), a non-governmental, open-source database on lethal police violence. MPV

sources its data from other non-governmental websites (Fatal Encounters, The Washing-

ton Post), publicly accessible media sources, and publicly available o�cial data sources

from local and state agencies.15

Counter to this true law enforcement homicide data, we consider o�cer-involved fatal-

ities in the FBI’s Supplementary Crime Report (sourced from the Murder Accountability

Project).16 Alternative o�cial measures of police killings exist, including the National

Vital Statistics System (NVSS) data. These include o�cial death records obtained from

health agencies. Our decision to use the SHR data rather than the NVSS is primarily

grounded in a desire to speak directly to law enforcement agencies’ incentives to withhold

or manipulate potentially incriminating data. We present the distributions of the MPV

and SHR variables and their di↵erence, our main outcome of interest, in Appendix A.

Figure 3 further maps our outcome of interest.17 It shows the number of years each

14We do not include the years past 2019 due to the generalized changes induced by the Covid epidemic.
15The MPV data is widely agreed to be the most complete source of true police homicide data (GBD

et al., 2021).
16In the SHR data, these appear in the homicide category ‘Felon killed by police’. Our data include

justifiable homicides which refer to the killing of a felon by a peace o�cer in the line of duty. Both of
our measures of o�cer-involved fatalities include deaths in holding cells but exclude fatalities of inmates
in correctional institutions.

17We also present separate maps in Figures A1-A2 of Appendix B for MPV and SHR police killings.
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county displayed underreporting in the SHR data relative to the MPV data. Many

counties show no di↵erence between both police homicide measures in most years. This

is mainly because 83.5% of county-year observations display no true police killings at all.

Of the 13% of county-years displaying underreporting, 88.3%, show underreporting of 1-

2 homicides.18 However, underreporting is relatively widespread since 43.9% of counties

underreport police killings in at least one of the seven years in our data. We provide

further descriptive statistics of these outcomes for the US population and di↵erent death

investigation systems in Table A2 of Appendix F. In general, the underreporting of police

killings is lower in coroner counties than in other death investigation systems mainly due

to smaller populations.

Figure 4 maps the average report of homicides categorized as ‘circumstances undeter-

mined’ in the SHR over 2013-2019 by county. As we will show, this homicide category

is closely interlinked to underreported police killings. It represents a large share of the

total, with 24% of homicides falling under this category among counties that report their

SHR data to the FBI.

Figure 3: Underreported years Figure 4: SHR circ-undetermined years

3.2 Law Enforcement Data Reporting

In addition to measures of homicide, we also have yearly information on whether each law

enforcement agency shared crime reports to the UCR and NIBRS databases of the FBI.19

In general, the distribution of law enforcement agencies per county selected in our data

is right skewed and varies considerably, with an average of 5.6 law enforcement agencies

per county across the US and a maximum of 131 for Cook county, Illinois.20 The NIBRS,

18In a minority of cases, 0.7% of total observations, we find the di↵erence between MPV and SHR
data to be negative. In these cases we impute a value of 0 to the di↵erence.

19At the time of writing, these data could be downloaded at the following link on the FBI crime
explorer website.

20To obtain county shares we exclude any agency - such as state troopers, park rangers, university
security - which are not defined at the county level. 92% of remaining law enforcement agencies operate
only in one county. Of those operating in more than one county, 86% operate in only two counties. For
any law enforcement agency spanning multiple counties we divide their participation rate in proportion
to the population weight of each county covered.
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which has been proposed to replace the UCR program, is designed to include a wider

range and more detailed accounts of crimes.21 Participation rates in the UCR database

are high in the years covered by our data, at 86.6%. This UCR information can be seen

as a close proxy to the SHR data since only 3.3 of UCR reports do not have associated

SHR homicide circumstances. Data sharing to the NIBRS is noticeably lower, at 47.8%

and spread unevenly across state lines as a result of some states making the NIBRS

mandatory to obtain subsidies in our observation period. For both measures of agency

data sharing, we still notice considerable variation within states.22 In general, medical

examiner counties have a higher percentage of agencies sharing to both databases.

3.3 Death Investigation Systems

Our main treatment variable of interest denominating the death investigation system

was constructed from multiple sources. We first divide death investigation systems into

three mutually exclusive categories, Medical Examiner, Coroner, and Sheri↵-Coroner,

drawing information from the Center for Disease Control and Hanzlick (2007). For states

which allow mixed systems or sheri↵-coroners, we searched county by county, consulting

county web pages, personal online profiles, Linkedin profiles, and health center records.

We also cross-checked the designations of county systems with records from the Census

of Medical Examiner and Coroner O�ces, 201823 and compared our aggregate numbers

by state to those presented in Hanzlick (2007). Appendix Figures A5-A8 describe the

general distribution of county death investigation systems. Most high population density

counties opted to transfer to medical examiner systems during the 1960s-1980s wave of

change, but medical examiner counties are also spread throughout more rural areas.

Figure 5 displays the distribution of counties that appointed a sheri↵ as coroner. The

sheri↵-coroner system is most prevalent in Nevada, California, and Montana, but is also

spread across other areas. Figure 6 shows the distribution of our main treatment variable

of interest. It includes sheri↵-coroner counties as well as other counties that allow law

enforcement to certify a death certificate as defined in Ruiz et al. (2018). We notice that

the additional counties which allow law enforcement to certify the cause of death are

spread across both medical examiner and coroner counties.

Finally, we draw additional information from census data concerning county popula-

tions, race and gender distributions, and county-level GDP from the Bureau of Economic

Analysis, as well as presidential election voting share and indicators for the county ur-

banization level according to the CDC classification. Table A2 in Appendix F o↵ers

21Despite being proposed to replace the UCR by Jan. 2021, and some federal programs and grants
requiring NIBRS reporting as a condition for funding, the uptake of the NIBRS has been slow. In 2021
only 65% of police departments submitted homicide details in crime reports to the FBI (The Marshall
Project, 2022).

22We present maps in Figures A3-A4 of Appendix C of the share reporting to the UCR and NIBRS.
23This 2018 census was of limited use beyond cross-checking our definitions of death investigation

systems as it contains a large share of missing variable values.
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Figure 5: Sheri↵-Coroner System Figure 6: Law Enforcement Certifying

additional descriptive statistics of outcomes and covariates depending on the death in-

vestigation system. Of note, we see that Black people are underrepresented in counties

where law enforcement is authorized to certify the cause of death relative to the US total,

while Hispanic and Native people are slightly overrepresented.

4 Empirical Model

4.1 Causal Analysis Sample

We conduct our study at the level of death investigation systems, which is the county

level. The main causal problem we need to address is that counties with di↵erent death

investigation systems and laws are unequally distributed across the US, and may be

di↵erent along many dimensions. In addition, police killings can be underreported due

to administrative negligence, controversy in the cause of death, or deliberate acts of

missclassification and cover up. Since all of these causes are monotonically increasing in

the number of homicides, counties with larger populations and higher urban density will

mechanically be more likely to display higher levels of underreporting.

Our principal way to address this issue is by taking a fixed e↵ects adjacent treated-

control county evaluation approach while additionally controlling for total homicides and

other potential confounders. More specifically, in the main analysis, we include only

the subsample of counties which allow law enforcement to certify the cause of death,

including sheri↵-coroner counties, and which neighbor at least one county which does not

allow such privileges to law enforcement.24 Similarly, we include as controls the counties

which neighbor at least one county which allows law enforcement to certify the cause of

death.25

Figure 7 displays the adjacent counties included in our main analysis evaluating the

24A similar strategy has previously been used, among others, in Dube et al. (2010) when looking at
minimum wage e↵ects.

25We provide robustness checks throughout in which we condition the inclusion of adjacent counties on
similar categories of urbanization. We also o↵er robustness checks allowing for second degree adjacency
counties to be included.
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e↵ect of law enforcement death certification laws. This sample covers 19% of the total

US population. Table A2 in Appendix F further presents some descriptive statistics of

the relevant treated and control subsamples compared to the full population. In general,

we find that outcome and covariate means of law enforcement certifying counties in our

analysis sample are representative of law enforcement certifying counties in general. We

also find our adjacent control group outcomes and covariates to be representative of

US counties as a whole, although the group slightly overrepresents coroner counties and

notably underrepresents Black people. We return to both points in our analysis.

Figure 7: Law Enforcement vs other analysis sample

4.2 Adjacent County Poisson Fixed E↵ect Model

Our main set of results focuses on the di↵erence between ‘true’ and reported o�cer-

involved fatalities. Let Yit = YMPV
it �YFBI

it denote the observed underreporting of police

killings for county i in year t. We take as our baseline model an adjacent county fixed

e↵ect Poisson specification to account for the non-negative and right skewed outcome

values. More precisely, denoting by Ji the union of a treated county i and its adjacent

control counties, our model is given by,

Yit = exp (↵Ji + �t + �Dit +�
0 Xit)uit (1)

In this model, Dit is our treatment variable of interest. In our main results, it takes value

1 for counties which allow law enforcement to certify the cause of death, and 0 other-

wise. Xit includes covariates which control for population, urbanisation, political voting

behavior, local economic conditions, and the racial distribution within each county. It

also includes the inverse hyperbolic sine transformation of total reported UCR homicides
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(Hit).26 ↵Ji captures additional common unobservables within adjacent county clusters

(police culture, violence, etc.). �t includes a set of year fixed e↵ects.27

�, the parameter of interest in our model, represents the proportional di↵erence in

underreported police killings between counties permitting law enforcement to certify the

cause of death and adjacent counties that do not allow law enforcement to do so.

Beyond knowing whether there exists underreporting, we also have an interest in

knowing which method is used to hide police killings. One such avenue is simply reclas-

sifying these deaths in other ambiguous crime categories, a possibility we explore using

our fixed e↵ects Poisson model. We also o↵er further evidence of reclassification e↵ects

within a new potential outcomes decomposition framework, which we develop within our

results section. A second approach to avoid scrutiny is simply to withhold reports of

any homicide data. We explore this possibility with our UCR and NIBRS participation

data. When estimating the treatment e↵ect on the agency participation data, we specify

a linear model with the same adjacent county cluster fixed e↵ects.

4.3 Discussion of Causal E↵ect and Identification Assumptions

Some assumptions are necessary to allow for a causal interpretation. To discuss these

assumptions, we must first clarify the purpose of our evaluation. Police departments in

counties which permit (under some circumstances) law enforcement to certify the cause of

death have, of course, no obligation of making use of their entitlement. It may even be that

if one experimentally randomized a set of non-certifying law enforcement counties to more

permissive certification laws, little e↵ect would be noticed in the short run. In the long

run, however, di↵erences in legislation may lead to pernicious and collaborative executive,

and possibly even judicial, norms. We view the results in this paper as representing these

long term di↵erences, enabled by more lenient law enforcement death certification laws.

From a policy perspective, we view the measured e↵ect as a close proxy to the change

in underreporting of police killings were lenient certification laws to be removed and the

sheri↵-coroner system to be abolished.

More practically, we evaluate di↵erences in the underreporting of police killings for a

subset of neighbouring counties. The fundamental assumption in our evaluation is that

these neighbouring counties have equal potential for pernicious cover-up cultures but

di↵erent death investigation laws and systems which, we argue, are independent of the

underreporting outcome. We base this independence assumption on both theoretical and

empirical grounds.

As detailed in Section 2.2, major changes in state death investigation systems to

26The transformation log(Hit + (H2
it + 1)1/2) is defined for Hit = 0 and is otherwise approximately

equal to log(2Hit). In theory, this variable could be a bad control. We provide substantial evidence in
our results that it is not endogenous to our treatment in a discernible way and that it only serves to
improve the precision of our estimates.

27County fixed e↵ects can not be included since death investigations are fixed at the county level over
time.
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address the competency of examiners took place between the 1960s-1980s and are largely

traceable. The specific history of changes in state death certification laws is less clear.

Some of the di↵erences in state laws, such as removing the sheri↵-coroner system, came

about with the general death investigation system remodeling (Hanzlick, 2007). At the

time, aggregated data on police killings was less easily available and the more limited

number of media outlets allowed fewer possibilities for public scrutiny. Under these

conditions, law enforcement agencies had more leeway in selectively covering up certain

killings than they do today. This leeway would presuppose the issue of hiding police

killings was not as central in states’ decisions to amend death certification laws as was

that of providing more competent forensic work.

Other concessions allowing law enforcement to certify the cause of death arose due

to state-specific considerations, such as granting more independence in tribal territories

or to address delays in rural areas with fewer resources (Ruiz et al., 2018). For these

situations, we assume that neighbouring counties divided by a state line are similar along

observable and unobservable measures relevant to our study, besides the fact that one

county allows law enforcement to certify death certificates due to centrally made state

laws, while the neighbouring county does not give such privileges to law enforcement.

Empirically, our analysis also provides a wide set of balance and robustness checks

which supports our claim of independence. Speaking indirectly to cultural views on polic-

ing, we show in our balance table in Appendix G that demographic and political variables

- population, urbanization, racial-ethnic distribution, crime, income - known to be cor-

related to views on policing culture, including those on voting behavior, are balanced

across the treatment and control groups of our analysis in our fixed e↵ect specification.28

In addition to accounting for possible unobserved di↵erences at the neighbouring county

level through adjacency cluster fixed e↵ects, we provide robustness checks including state

fixed e↵ects. These produce slightly larger e↵ects than our main ones.

We further produce two insightful analyses on the question of selection looking at the

e↵ects for sheri↵-coroner counties and other law enforcement certifying counties. The

sheri↵-coroner analysis mostly exploits within state di↵erences in systems and in some

instances di↵erences across state lines, while the non-sheri↵ coroner analysis exploits a

di↵erent set of state line divides. Our upcoming analysis shows that the measured e↵ects

on the underreporting of police killings are remarkably similar in both analyses despite

the fact that only 3% of the sampled counties overlap. These results are in line with

our independence assumption since one would expect that, were strong selection at play,

isolated sheri↵-coroner counties would be more likely to display higher underreporting

relative to their neighbouring control counties.

To our knowledge, there were no important changes to legal structures around death

investigation systems during our analysis years which were designed with a view to allow

28Specifically, we regress each standardized variable on the law enforcement certifying dummy, with
(right panel) and without (left panel) adjacency fixed e↵ects.
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more permissive police protection in cases of police killings. The Criminal Justice and

Forensic Science Reform Act in 2014 was supposed to introduce important changes to

the death investigation system, but stalled in the US Senate.

5 Results: E↵ects of Death Investigation Systems

In this section, we first discuss the main results in our baseline model looking at the

e↵ects of permissive death certification laws for law enforcement and sheri↵-coroners on

the underreporting of police killings. We then move on to discuss how police killings

are covered up by being reclassified in other homicide categories. Thereafter, to provide

detailed insights into the cover-up behavior, we develop an adapted LATE potential

outcomes decomposition method. We then further discuss cover-up methods by looking

at whether counties in which law enforcement are permitted to certify the cause of death

are more likely to strategically withhold details of their homicide data. Returning to our

main results on underreporting, we disaggregate these for di↵erent race groups, and go

on to specifically discuss the question of the underreporting of illegal immigrant police

killings along the US-Mexico border. We further delve into potential roots and solutions

to the problem of police killings by focusing on monitoring and threats to police. In a

final step, we consider whether our main underreporting e↵ect might be driven by other

di↵erences in death investigation systems or death investigators.

5.1 Law Enforcement Certifying Cause of Death

Table 1 presents our main results concerning the e↵ect of allowing law enforcement to

certify the cause of death, including sheri↵-coroner counties, on police killings. The first

column shows the estimate on the underreporting of police killings while only including a

covariate for total homicides reported in that county-year in the SHR (scaled in arcsinh).

The second column adds our full set of control variables accounting for possible di↵erences

in urbanisation levels, political voting behavior, racial distribution, demographics and eco-

nomic conditions in adjacent counties but does not include any adjacency cluster-specific

fixed e↵ects. Both coe�cients are positive, showing a (exp(0.282) � 1) ⇤ 100 ⇡ 32.6%

to 40% higher underreported police killings in counties which permit law enforcement to

certify the cause of death relative to their controls.

This di↵erence in underreporting increases to 46% in our preferred specification, col-

umn 3, which includes adjacent county cluster fixed e↵ects. It represents 0.13 more

underreported police killings per year at the mean of 0.29.29 The e↵ect is of a similar

magnitude in column 4 when specifying the adjacent county cluster fixed e↵ect model

29Note that the mean in all tables represents the e↵ective estimation mean which drops FE clusters
with no variation in outcomes and weights clusters. As a result, these means will di↵er from those
presented in summary statistics presented in Appendix G.
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with a linear specification. We find counties that allow law enforcement to certify death

have 0.09 more underreported police killings than their adjacent controls.

Table 1: Baseline e↵ects of authorising law enforcement to certify cause of death

Dep. Var.: Di↵. L.E. homicides

(1) (2) (3) (4) (5) (6)

LE certify 0.326⇤⇤ 0.402⇤⇤⇤ 0.459⇤⇤⇤ 0.091⇤⇤⇤
0.282 0.338 0.378
(0.119) (0.101) (0.122) (0.033)
[0.018] [0.001] [0.002] [0.006]

Sher-Coroner 0.689⇤⇤⇤
0.524
(0.193)
[0.007]

LE certify 0.732⇤⇤
No Sher.-Coroner 0.549

(0.220)
[0.012]

All covariates No Yes Yes Yes Yes Yes
FE No No Yes Yes Yes Yes
Spec. Pois. Pois. Pois. Lin. Pois. Pois.

Ntot 3,464 3,464 3464 3464 2128 1238
Neff 3,464 3,464 2736 3464 1666 943
Ntreat 1280 1280 930 1280 497 335
Ncounties 495 495 391 495 238 135
µoutc. 0.228 0.228 0.289 0.228 0.315 0.262

Note: Table displays transformed coe�cient with ⇤p<0.1; ⇤⇤p<0.05; ⇤⇤⇤p<0.01, followed by estimated
coe�cient, its standard error, and its p-value. Poisson estimation with year and adjacency county
cluster fixed e↵ects, and standard errors clustered at the county level. Set of controls described in
Appendix G.

In Table A4 of Appendix H we provide several additional robustness checks to address

potential confounding: (1) we estimate a specification which includes adjacent county-

cluster fixed e↵ects and state fixed e↵ects, dropping any state with no variation in our

law enforcement certification variable of interest, (2) we estimate a specification which

includes a covariate indicating whether the death investigator was a Physician,30 (3) we

estimate a specification which drops the potential bad control total homicide variable,

(4) we add to our main specification a gun law covariate capturing the stringency of gun

and ammunition laws by state,31 (5) we provide a specification excluding o↵-duty o�cer

30This is potentially a bad control, as it is obviously correlated with not being a sheri↵-coroner. Our
later evaluations of other characteristics of death investigation systems on di↵erent adjacent samples,
speaking more directly to these potential confounding e↵ects, show, somewhat surprisingly, no e↵ects of
medical qualifications.

31The gun law variable is a yearly measure ranging from 0-11 based on Gi↵ords law center scorecard,
where 11 corresponds to a score of A and 0 to a score of F. The yearly state score weighs the many laws
pertaining to ammunition and gun distribution, possession, and right-to-carry within a state. We again
do not include this covariate in most of our specifications since it could, potentially, be a bad control.
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police killings from the MPV police killings, of which there are only 33 out of the 3,146,

since these may not always be o�cially reported in the SHR as police killings, (6) we

account for di↵erent possible inclusion criteria by looking at the underreporting outcome

of MPV police killings by firearm - SHR police killings,32 (7) we consider a model which

o↵sets on the total homicide variable instead of controlling for it, (8) we consider a model

which o↵sets on true MPV police killings, (9) we estimate our preferred specification but

only matching treated and control counties with the same urbanization level, (10) we

produce estimates when allowing for second degree adjacency counties to be included,

(11) we produce estimates when weighting each county-year observation in the sample by

the propensity of entering the sample, which gives an approximate extrapolation to the

e↵ect on the entirety of the US. The estimates from these di↵erent specifications range

from 40%-80%. In consequence, we consider the stated result of 46% from our preferred

specification to be a conservative estimate.

In addition, the specification of column 11 allows us, using a back-of-the-envelope

calculation, to extrapolate the approximate long-term reduction in underreported police

killings were the law enforcement certification laws abolished throughout the US. Abol-

ishing these laws would produce a reduction of 316 underreported killings every 10 years.

It should be noted that this number is but a minor representation of the potential conse-

quences of abolishing death certification laws inhibiting police accountability. The social

consequences are likely more far-reaching.

The final two columns of Table 1 separate e↵ects for sheri↵-coroner counties and

counties in which law enforcement can certify the cause of death but which are not sheri↵-

coroner counties. For the sheri↵-coroner analysis of column 5 and the analysis of other

law enforcement certifying counties in column 6, the adjacent control counties exclude any

law enforcement certifying county. Despite an overlap of only 3% of counties, the e↵ects

measured in both samples are of the same order of magnitude, 68.4% and 73.2%. This

result shows that the main e↵ects measured in column 3 are not solely driven by sheri↵-

coroner counties. As discussed in Section 4.3, it also lends credibility to our independence

assumption. As in the additional robustness checks in Appendix H, these separate e↵ects

are also larger than in their combined analysis of column 3.

5.2 Strategic Re-classification

Table 2 delves further into the mechanisms that are used to cover up police killings.

Columns 1 and 2 present the separate parts of our underreporting outcome, namely the

32‘Justifiable homicides’ should in principle only include deaths resulting from situations in which an
o�cer intended to use lethal force (Zimring, 2017). In practice, the line of what falls under this definition
is murky. Death by ‘Taser’, ‘Physical restraint’, ‘Beaten’, ‘Asphyxiated’, among others, may or may not
be included. Ultimately, this qualification constitutes one of the margins which o↵ers room to avoid
o�cial reporting, and is integral to the analysis. Even so, we still consider the specification in which we
only include MPV deaths by firearm, which is a strong indication of potential lethal use of force, as the
‘true’ police killing variable compared to SHR reported deaths.
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reported SHR and true MPV o�cer-involved fatalities respectively. We find evidence

for both lower reported SHR police killings and higher MPV police killings in counties

permitting law enforcement to certify the cause of death compared to their controls.

Although neither is significantly di↵erent from 0, the di↵erence in MPV police killings

may indicate that permissive laws aiding the cover-up of police killings contribute to a

culture of more police killings.

Figure 8: E↵ects on SHR sub-circumstances
of death

Figure 8 further touches on the ques-

tion of violent policing culture looking at

sub-circumstances of SHR police killings

(column 1 of Table 2). Sub-circumstances

are listed for 89% of SHR police killings.

Estimating linear probability models, the

results indicate that police killings in law

enforcement certifying counties occur less

often in response to attacks by victims and

more often when a victim was fleeing or

under undisclosed reasons. If taken at face

value, these results are insightful. Since

the Supreme Court decision in Tennessee

v. Garner (1985), deadly force should only

be used on a fleeing suspect if that sus-

pect committed egregious crimes or poses

an immediate threat to others.33 Our re-

sults indicate that o�cers in law enforce-

ment certifying counties apply a less strict

threshold when choosing to use lethal vio-

lence against fleeing o↵enders. The result

showing fewer justified reasons for lethal

violence (‘Not enough info’) may also sug-

gest o�cers assume they are likely to be

questioned when filing police homicide re-

ports.

Returning to the results of Table 2 ,

the MPV police killing data also indicates

whether the deceased person had mental

health issues. This information is gathered

from news and o�cial reports. According

33There is some correlational evidence that this led to a slight reduction in reported police killings (Ten-
nenbaum, 1994), though in light of our results, without crowed-sourced ‘true’ numbers of police killings
that go so far back in time, it is unclear whether those changes were due to increased underreporting.
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to the MPV data, approximately 19% of victims of police killings in the US had mental

health problems at the time of the homicide or had a history of mental health issues.

Column 3 of Table 2 evaluates whether permissive death certification laws for police

influence the reporting of mental health issues. We find some indication, marginal at

customary significance levels, that law enforcement certifying counties have higher reports

of police killings where the victim displayed or had a history of mental health issues.

Because the source of the mental health information can be o�cial or from news

reports, there are di↵erent ways to interpret these results, were they to be true. If the

e↵ect is largely driven by o�cial reports, then law enforcement agencies in counties with

permissive death certification laws may be manipulating reports to justify police killings

as necessary due to the unpredictable mental health state of the victim. If the main

source of the e↵ect is driven by independent news reports, which would better reflect

the true state of victim’s mental health at the time of killing, then the measured e↵ect

may imply that agents in law enforcement certifying counties have a lower inclination

to explore less lethal moderation methods when it comes to individuals showing signs of

mental illness. These results may also show that the media highlight exonerating factors

in police killings, a finding that would parallel text analysis results in Moreno-Medina

et al. (2022), also using the MPV dataset, with regard to the media’s obfuscatory language

in cases of police killings.

In general, it is of course di�cult to hide a homicide entirely, even if, in principle, a

law enforcement o�cer might tamper with evidence and report a suicide34 or a natural

death.35 However, only a minority of killings are not by police gunshot (⇠ 6%) and

therefore could potentially be reclassified as natural deaths or suicides.

An easier way to hide these homicides, especially when they are by gunshot, is to

reclassify them in an alternative homicide category. Column 4 of Table 2 investigates

whether counties that allow law enforcement agents to certify the cause of death show a

higher reporting of homicides categorised as ‘circumstances undetermined’, the catch-all

residual circumstance of homicide category in the SHR. We find that law enforcement

certifying counties have 35.1% more ‘circumstances undetermined’ homicides than their

adjacent controls, supporting a theory of strategic reclassification. Columns 5 and 6

separate these e↵ects for sheri↵-coroner and other law enforcement certifying counties.

Our results indicate that reclassification into ‘circumstances undetermined’ is fully driven

by the 60% of law enforcement certifying counties that have a sheri↵-coroner (column 5),

with no significant e↵ect for the remaining 40% of treated counties (column 6).

Column 7 additionally shows that total UCR homicides in law enforcement certifying

counties are no di↵erent from those in control counties. This result indicates that the

higher reported ‘circumstances undetermined’ homicides in law enforcement certifying

34Unfortunately, for privacy reasons, suicide data at the county-year level are di�cult to access.
35In the case of George Floyd, the defense attempted to call upon ‘excited delirium’, a - non-testable,

unproven in humans - cause of death in which an excessive amount of stress on certain animals causes
sudden death.
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counties is not simply due to higher overall homicides in those counties.36

Columns 8 and 9 further consider whether law enforcement certifying counties appear

to have higher homicides in the remainder of their total UCR homicides after exclud-

ing the SHR police killings from column 1. Column 8 presents di↵erences in remainder

homicide reporting for all adjacent counties, while column 9 shows these di↵erences con-

ditioning on counties which actually show positive MPV true killings. We find higher

non-police killing homicides reported in both columns, but these are only significant in

the specification conditioning on counties actually observed to have true police killings.

Taken together, the e↵ects in Table 2 o↵er substantial evidence that there are higher

homicides specifically in the ‘circumstances undetermined’ category for counties which

allow law enforcement to certify the cause of death.

5.3 Decomposing Total E↵ects for Compliers, Never-takers and

Always-takers

The evidence for re-classification as a cover-up mechanism seems convincing given the

average e↵ects on underreported police killings combined with those on ‘circumstances

undetermined’ homicides. But several questions remain given these observed e↵ects.

First, we would like to know whether the e↵ects are driven by moderate di↵erences among

many counties, or by large di↵erences among a few of them. In addition, we are interested

in whether the average e↵ects are driven by counties in which law enforcement agencies

would only underreport police killings when facing lenient certification laws. They may

also be due to counties in which a large share of law enforcement agencies would always

underreport police killings, but would use di↵erent cover-up strategies depending on the

certification laws. To address these questions, among others, concerning which population

groups contribute to our average e↵ects, we propose a modified LATE potential outcomes

framework inspired by Imbens and Angrist (1994) which also draws parallels with the

discussion of supercompliers in Comey et al. (2022).

5.3.1 Identification of Types

For simplicity of presentation, we take a one-period model and ignore the time t subscript.

We also leave the conditioning on exogenous covariates Xit implicit since identification

is nonparametric. Take Di as the treatment status for agent i, i = 1, . . . , N . In our

case, Di = 1 for counties in our adjacent sample in which law enforcement can certify

the cause of death, and Di = 0 otherwise. In addition, we define the potential outcomes

for two variables Yd
i and Wd

i , d = 0, 1. Here, we consider only the case in which Yd
i and

Wd
i are both binary.37 In our study, Yd

i = 1[Yd
i,mpv �Yd

i,shr > 0] takes value 1 if county

36This result also o↵ers empirical evidence that total UCR reported homicides are not a bad control
in our main specification.

37Without additional assumptions than those presented in this paper, it is unclear whether a causal
decomposition can be identified with non-binary outcomes.
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i underreports police killings when exposed to Di = d, and 0 otherwise. Similarly, take

Wd
i as the ratio of reported ‘circumstances undetermined’ homicides to total reported

UCR homicides when exposed to Di = d. Then Wd
i = 1[Wd

i > median(W0
i )] takes

value 1 if county i reports Wd
i when exposed to Di = d above the sample median when

exposed to Di = 0, and 0 if Wd
i is equal or lower than the median ratio under Di = 0.

We refer henceforth to Wd
i as the ‘excess undetermined homicides’ variable. Figures 9

and 10 display the number of years in which each county underreported police killings

and reported excess undetermined homicides. The overlap in both outcome variables is

noticeable.

Figure 9: Underreported police killings Figure 10: Excess undetermined homicides

With this notation in hand, we can define probabilities representing the possible

combinations of potential outcomes. These are defined, omitting for convenience the

i subscript, by the joint probability Pr(W1 = w,W0 = w
⇤
,Y1 = y,Y0 = y

⇤) for each

of w, w
⇤, y, y

⇤ equal to 0 or 1. For example, we are particularly interested in the

probability that a county synchronously displays underreported police killings and excess

undetermined homicides only when subject to laws permitting law enforcement to certify

the cause of death. The probability that a county belongs to this group is Pr(W1 =

1,W0 = 0,Y1 = 1,Y0 = 0). Borrowing from the LATE nomenclature, this probability

can be understood as that of the W-complier and Y-complier county type, or principal

strata, which we write more succinctly as Pr(cW c
Y ). We can similarly define always-taker,

never-taker, and defier county types for both outcomes of interest, resulting in a total of

16 probabilities representing each combination of county types. Each of these types is

described in Table A5 of the Appendix I.

Our goal is to identify a maximal amount of these 16 probabilities given a set of

plausible behavioral assumptions about law enforcement’s reaction to changes in death

certification laws. Our first two assumptions draw parallels to those of Imbens and

Angrist (1994) and Comey et al. (2022), with the di↵erence being that we are not only

considering classical instrument-treatment-outcome settings.
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Assumption A.I: Unconfoundedness:

(Y1
i ,Y

0
i ,W

1
i ,W

0
i ) ?? Di

Assumption A.II: Outcome Monotonicity: For all i

(i) Pr(Y1
i � Y0

i ) = 1

(ii) Pr(W1
i � W0

i ) = 1

Assumptions A.I is a classical unconfoundedness assumption. It requires that in our

adjacent analysis sample all potential outcomes of interest are random with respect to

whether law enforcement is permitted to certify the cause of death. A.II draws parallels

with Comey et al. (2022) by proposing two monotonicity assumptions on the outcomes of

interest. The first excludes the existence of counties in which law enforcement agencies

would underreport police killings when not able to certify the cause of death but would

not underreport police killings when facing more permissive laws for certifying causes of

death. The second part, A.IIii, adds the same monotonicity assumption to the excess

undetermined homicide outcome.38

Assumption A.II fixes any probability with a defier type to equal zero, reducing 16

unknown probabilities to 9. Under assumption A.I and A.II, we can already identify the

shares of each county type depending on the outcome,

Pr(W1 = 1,W0 = 1) ⌘ Pr(aW ) = Pr(W = 1|D = 0)

Pr(W1 = 1,W0 = 0) ⌘ Pr(cW ) = Pr(W = 1|D = 1)� Pr(W = 1|D = 0)

Pr(W1 = 0,W0 = 0) ⌘ Pr(nW ) = 1� Pr(W = 1|D = 1) = Pr(W = 0|D = 1)

Pr(Y1 = 1,Y0 = 1) ⌘ Pr(aY ) = Pr(Y = 1|D = 0)

Pr(Y1 = 1,Y0 = 0) ⌘ Pr(cY ) = Pr(Y = 1|D = 1)� Pr(Y = 1|D = 0)

Pr(Y1 = 0,Y0 = 0) ⌘ Pr(nY ) = 1� Pr(Y = 1|D = 1) = Pr(Y = 0|D = 1)

(2)

In addition, we can relate the nine remaining county type probabilities to observed

outcomes as follows:

Pr(W = 1, Y = 1|D = 0) = Pr(aWa
Y )

Pr(W = 1, Y = 1|D = 1) = Pr(aWa
Y ) + Pr(aW c

Y ) + Pr(cWa
Y ) + Pr(cW c

Y )

Pr(W = 1, Y = 0|D = 0) = Pr(aW c
Y ) + Pr(aWn

Y )

Pr(W = 1, Y = 0|D = 1) = Pr(aWn
Y ) + Pr(cWn

Y )

Pr(W = 0, Y = 1|D = 0) = Pr(nW
a
Y ) + Pr(cWa

Y )

Pr(W = 0, Y = 1|D = 1) = Pr(nW
a
Y ) + Pr(nW

c
Y )

Pr(W = 0, Y = 0|D = 1) = Pr(nW
n
Y )

The above e↵ectively presents us with a system of five equations and seven unknowns.

We therefore require an additional assumption to identify the remaining type probabili-

ties. One such assumption, as presented in the identification framework of Comey et al.

38Strictly speaking, because 90% of counties comprise of multiple law enforcement agencies, the as-
sumptions must only hold on aggregate at the county level.
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(2022), would be an exclusion restriction on the influence of death certification laws. Un-

fortunately, their exclusion restriction assumption is not plausible in our setting. It would

impose that declaring excess undetermined homicides depends only on whether there were

underreported police killings and not on whether the county was facing lenient death cer-

tification laws. This is unlikely to hold since police departments would presumably use

di↵erent cover-up methods depending on the leniency of death certification laws.

Instead, we elicit the following two assumptions consistent with incentives in our

setting and which we further justify in our empirical results,

Assumption A.III: Cross-Monotonicity Restriction: For all i

(i) Pr(W1
i = 1,W0

i = 0,Y1
i = 0,Y0

i = 0) ⌘ Pr(cWn
Y ) = 0

(ii) Pr(W1
i = 0,W0

i = 0,Y1
i = 1,Y0

i = 0) ⌘ Pr(nW
c
Y ) = 0

Assumption A.IIIi and A.IIIii are tailored to our setting but other combinations of 0-

probability types can also be used to achieve identification.39 Assumption A.IIi states

that there are no counties in which, on aggregate, law enforcement agencies would not re-

spond to permissive certification laws by increasing the underreporting of police killings,

but would respond to these laws by increasing reported excess undetermined homicides.

This seems plausible as long as the main reason for increasing declared excess undeter-

mined homicides in response to more permissive certification laws is to hide certain police

killings.

Assumption A.IIIii states that there are no counties in which, on aggregate, law en-

forcement agencies would respond to permissive certification laws by increasing the under-

reporting of police killings, but would not respond to these laws by increasing reported

excess undetermined homicides. This assumption e↵ectively claims that the prevalent

cover-up strategy for underreporting law enforcement agencies in complier counties is to

reclassify police killings as ‘circumstances undetermined’ homicides.40 If this is the case,

then underreported police killings specifically induced by the more permissive laws will

always show up on aggregate at the county level as excess undetermined homicides.

Assumptions A.I-A.III allow us to identify all remaining county-type probabilities.

We present the proof in Appendix I. With Pr(aWa
Y ) and Pr(nW

n
Y ) already defined, the

39Five probability types can be identified under any combination setting one of Pr(cWn
Y ), Pr(aWn

Y )
or Pr(aW c

Y ) to 0 with setting any one of Pr(nW
c
Y ), Pr(nW

a
Y ) or Pr(cWa

Y ) to 0.
40In addition, as elaborated on in Section 5.4, we must also assume that not all underreporting complier

law enforcement agencies which reclassify police killings opt to withhold sharing their SHR homicide data
to the FBI.
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remaining type probabilities are given by,

Pr(cW c
Y ) = Pr(W = 1, Y = 1|D = 1)� Pr(W = 1, Y = 1|D = 0)

+ Pr(W = 1, Y = 0|D = 1)� Pr(W = 1, Y = 0|D = 0)

+ Pr(W = 0, Y = 1|D = 1)� Pr(W = 0, Y = 1|D = 0)

= Pr(W = 0, Y = 0|D = 0)� Pr(W = 0, Y = 0|D = 1) upper

Pr(aW c
Y ) = Pr(W = 1, Y = 0|D = 0)� Pr(W = 1, Y = 0|D = 1) lower

Pr(aWn
Y ) = Pr(W = 1, Y = 0|D = 1) upper

Pr(cWa
Y ) = Pr(W = 0, Y = 1|D = 0)� Pr(W = 0, Y = 1|D = 1) lower

Pr(nW
a
Y ) = 1� Pr(W = 1, Y = 1|D = 1) upper

(3)

In addition, as noted, if either of Assumptions A.IIIi and A.IIIii does not hold, we can

still imply potentially informative upper and lower bounds on the above type probabilities.

From the joint probabilities in equations 3 and the share probabilities in equations 2,

we can also apply Bayes’ rule to obtain all conditional probabilities of interest such as

Pr(W1 = 1,W0 = 0|Y1 = 1Y0 = 0) = Pr(cW c
Y )/Pr(cY ).

5.3.2 Type Probability Estimates

Our main interest in decomposing the total e↵ect into type probabilities is knowing which

population groups contribute to our average e↵ects. Table 3 therefore presents results

for all probabilities that include complier counties, those induced to change outcome(s)

when facing more lenient certification laws. Each column estimates a probability change

using a linear model with adjacency cluster fixed e↵ects.41

Column 1 presents the average e↵ect of lenient law enforcement certification laws on

our constructed underreporting binary outcome, Pr(Y = 1|D = 1) � Pr(Y = 1|D = 0).

The estimates indicate 4.9 percentage point higher underreporting of police killings in

these counties.

We can further decompose this total e↵ect into two joint probability e↵ects. The

first joint probability e↵ect of Pr(W = 1, Y = 1|D = 1) � Pr(W = 1, Y = 1|D = 0) =

Pr(aW c
Y ) + Pr(cWa

Y ) + Pr(cW c
Y ) is presented in column 2 of Table 3. It shows the

e↵ect of permissive law enforcement death certification laws on the probability that a

su�ciently large share42 of law enforcement agencies are jointly induced to underreport

police killings and induced to report excess circumstances undetermined homicides. Our

results indicate 4.3 percentage point more underreporting in law enforcement certifying

counties.

The results from columns 3-4 further qualify the results of column 2. Under assump-

tions I-III, column 3 estimates �Pr(cWa
Y ) = Pr(W = 0, Y = 1|D = 1)�Pr(W = 0, Y =

41We further discuss data related issues and present additional results in appendix I when generating
probabilities from logit specifications.

42By this we mean that enough law enforcement agencies within the county change their reporting
behavior such that our outcomes, Y and/or W , depending on the analysis, shift from 0 to 1.
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1|D = 0), which is the second joint probability e↵ect contributing to the e↵ect of column 1.

Column 4 estimates �Pr(aW c
Y ) = Pr(W = 1, Y = 0|D = 1)�Pr(W = 1, Y = 0|D = 0).

According to the results, the e↵ects for Pr(cWa
Y ) and Pr(aW c

Y ) are not significantly

di↵erent from zero, and relatively tightly bounded. This implies that the total underre-

porting e↵ect in column 1 is largely (88%) driven by counties with higher underreporting

of police killings and, suspiciously, simultaneous increases in reported circumstances un-

determined homicides, the Pr(cW c
Y ) group.

Beyond their intrinsic value, these synchronous e↵ects reinforce our initial results on

law enforcement certification laws. Any alternative explanation for our measured in-

creases in the underreporting of police killings due to law enforcement certification laws

would need to simultaneously explain the increase in ‘circumstance undetermined’ homi-

cides. One such explanation might be to postulate that higher media scrutiny in sheri↵-

coroner counties results in higher reported MPV true police killings, and as a result more

measured underreporting in sheri↵-coroner counties. This explanation, however, cannot

explain the simultaneous increase in excess undetermined circumstances homicides.

The results also partially test Assumption III. Note that significant positive treatment

e↵ects in columns 3 and 4 results would imply that Pr(cWn
Y ) > 0 or Pr(nW

c
Y ) > 0.

Given that we find a zero treatment e↵ect, it is unlikely for counties to be simultaneously

compliers and never-takers, unless it so happens that Pr(cWn
Y ) = Pr(aW c

Y ) 6= 0 and

Pr(nW
c
Y ) = Pr(cWa

Y ) 6= 0.

Table 3: Underreporting and Undetermined Causes of Death

Dep. Var.: Underreport Underreport Underreport Report
& Undeterm. & Determ. & Undeterm.

Y = 1 Y = 1 & W = 1 Y = 1 & W = 0 Y = 0 & W = 1

(1) (2) (3) (4)

LE certify 0.049⇤⇤⇤ 0.043⇤⇤ 0.006 -0.007
(0.012) (0.010) (0.021) (0.008)
[0.000] [0.000] [0.781] [0.404]

Covariates Yes Yes Yes Yes
FE Yes Yes Yes Yes
Spec. Lin. Lin. Lin. Lin.

Ntot 3464 3464 3464 3464
Neff 3464 3464 3464 3464
Ntreat 1280 1280 1280 1280
Ncounties 495 495 495 495
µoutc. 0.120 0.079 0.399 0.042

Note: Table displays coe�cient with ⇤p<0.1; ⇤⇤p<0.05; ⇤⇤⇤p<0.01, followed by standard error, and
p-value. Panel linear model with year and adjacency county cluster fixed e↵ects. Set of controls
described in Appendix G.
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Given that the results do nt reject Assumption A.III, we proceed by estimating the

other-type probabilities and presenting them in Appendix I. These remaining type prob-

abilities are estimated using di↵erent specifications. Some results are worth highlighting.

We find that around 85% of counties never underreport police killings, and about 10%

of counties always underreport them. We further show that, conditional on underreport-

ing police killings, a county will almost surely report excess undetermined homicides.

Similarly, conditional on reporting excess undetermined homicides, a county will almost

surely underreport police killings.

It should be noted that, if assumption A.III were incorrect, allowing Pr(cWn
Y ) > 0

and Pr(nW
c
Y ) > 0, then Pr(cW c

Y ) would be smaller than our estimated e↵ect while

Pr(aW c
Y ) and Pr(cWa

Y ) would be larger than our estimated e↵ects. We discuss these

bounds in relation to our results in more detail in Appendix I.

5.4 Strategic Withholding of Data

Besides reclassifying police killings into other homicide categories, an additional or al-

ternative strategy would be for law enforcement agencies to avoid sharing homicide in-

formation altogether with the FBI. Table 4 explores this possibility using the data on

agency reporting. Column 1 considers whether county-level participation rates of law

enforcement agencies in the FBI’s UCR program, a prerequisite to the SHR participation

analyzed in previous tables, di↵er between law enforcement certifying counties and their

controls.

A priori, the expected e↵ect on UCR participation is unclear. When facing restrictive

death certification laws, some law enforcement agents and agencies may be less able to

reclassify police killings as ‘circumstances undetermined’ homicides. As a result, they may

decide to avoid scrutiny by not sharing UCR data entirely, which would predict a negative

e↵ect of permissive death certification laws on UCR participation. In contrast, it may

be that some law enforcement agencies which reclassify police killings as documented in

previous tables will additionally cover their tracks by not sharing UCR data. The results

in column 1 suggest that this second theory prevails on aggregate. We find that law

enforcement certifying counties are 3.8 percentage points less likely to share their crime

data with the UCR.

Column 2 looks further into di↵erences in the sharing of detailed homicide data by

considering submissions of reports to the NIBRS. The results indicate that law enforce-

ment agencies in counties with more lenient death certification laws are 18.2 percentage

points less likely to submit a report of the detailed circumstances of death.43

Columns 3-6 examine these di↵erences in UCR and NIBRS participation rates for

sheri↵-coroner and other law enforcement certifying counties separately. Column 7 adds

to these results by including state fixed e↵ects in the estimation of NIBRS reporting for

43When considering whether law enforcement agencies in counties report the UCR or NIBRS, our
results are practically identical to the UCR results of column 1.
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non-sheri↵ law enforcement certifying counties. Our results indicate that di↵erences in

participation to both the UCR and NIBRS are mainly driven by counties which permit law

enforcement to certify the cause of death but are not sheri↵-coroner counties. Considering

these results in hand with those of Tables 2 and 3, we surmise that the main cover-

up method for police departments is to reclassify police killings into the ‘circumstances

undetermined’ homicide category. In addition, law enforcement agencies in sheri↵-coroner

counties do so without additionally resorting to hiding their homicide data from the

public. This less cautious behavior is consistent with the theory that sheri↵-coroners,

united with police departments behind the ‘blue wall of silence’, are more likely to stand

behind the reclassified cause of death in the event of an external inquiry.

Table 4: Law enforcement agency data sharing to UCR and NIBRS

Dep. Var.: UCR NIBRS UCR NIBRS UCR NIBRS NIBRS

(1) (2) (3) (4) (5) (6) (7)

LE certify -0.038⇤⇤ -0.182⇤⇤⇤

(0.018) (0.028)
[0.039] [0.000]

Sher-Coroner -0.028 -0.039
(0.025) (0.025)
[0.275] [0.115]

LE certify -0.067⇤⇤ -0.364⇤⇤⇤ -0.396⇤⇤⇤

No Sher.-Cor. (0.029) (0.051) (0.150)
[0.024] [0.000] [0.008]

Covariates Yes Yes Yes Yes Yes Yes Yes
FE Yes Yes Yes Yes Yes Yes Yes + St.
Spec. Lin. Lin. Lin. Lin. Lin. Lin. Lin.

Ntot 3,464 3,464 2128 2128 1238 1238 1238
Neff 3,464 3,464 2128 2128 1238 1238 1238
Ntreat 1280 1280 644 644 510 510 510
Ncounties 495 495 304 304 177 177 177
µoutc. 0.874 0.511 0.882 0.495 0.858 0.540 0.540

Note: Table displays coe�cient with ⇤p<0.1; ⇤⇤p<0.05; ⇤⇤⇤p<0.01, followed by standard error, and
p-value. Panel linear model with year and adjacency county cluster fixed e↵ects. Column 7 includes
state fixed e↵ects as well. Standard errors clustered at the county level. Set of controls described in
Appendix G.

5.5 Death Investigation Systems and Race

5.5.1 Underreporting E↵ects by Race

Table 5 considers whether the e↵ects uncovered for counties allowing law enforcement

to certify the cause of death in Table 1 are di↵erent by race and ethnicity. The race-
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ethnicity groupings are chosen by necessity as they are the only ones which allow a direct

comparison of the MPV and SHR police killings data. In the top frame we present

results from our adjacent county fixed e↵ect Poisson specification. Fixed e↵ects Poisson

has a drawback when it comes to analysing e↵ects for di↵erent race groups. In our

data, o�cer involved homicides of any specific race, besides White people, are relatively

low in absolute terms. This means that many counties will be excluded in the Poisson

estimation which drops any fixed e↵ect cluster of adjacent counties with 0 outcomes in

all years. To account for this low observation problem, we also present results from the

Poisson specification without fixed e↵ects in our lower panel. The latter will not account

for possible unobserved heterogeneity at the county adjacency cluster.

Table 5: Race Group E↵ects

Dep. Var.: Di↵. L.E. homicides

Victims: White Non-White Black Hispanic

(1) (2) (3) (4)

Specif.: FE Poisson model
LE certify 0.537⇤⇤⇤ 0.079 -0.034 0.283

0.43 0.076 -0.035 0.249
(0.141) (0.177) (0.276) (0.251)
[0.002] [0.668] [0.898] [0.320]

Ntot 3,464 3,464 3464 3464
Neff 2,435 1,820 826 1176
Ntreat 811 651 315 476
Ncounties 348 260 118 168
µoutc. 0.132 0.244 0.127 0.244

Specif.: Poisson model
LE certify 0.401⇤⇤ 0.300⇤ 0.130 0.645⇤⇤

0.337 0.262 0.122 0.498
(0.143) (0.151) (0.251) (0.219)
[0.018] [0.084] [0.627] [0.023]

Ntot 3,464 3,464 3464 3464
Neff 3,464 3,464 3464 3464
Ntreat 1280 1280 1280 1280
Ncounties 495 495 495 495
µoutc. 0.093 0.128 0.182 0.083

Covariates Yes Yes Yes Yes
Sharesample 0.401 0.373 0.120 0.259
ShareUS 0.485 0.348 0.209 0.149

Note: Table displays transformed coe�cient with ⇤p<0.1; ⇤⇤p<0.05; ⇤⇤⇤p<0.01, followed by estimated
coe�cient, its standard error, and its p-value. Poisson estimation with year and adjacency county
cluster fixed e↵ects, and standard errors clustered at the county level. Set of controls described in
Appendix G.
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Column 1 presents e↵ects for White people of non-Hispanic ethnicity and column

2 presents e↵ects for all other minorities.44 The results indicate that misreporting of

o�cer-involved fatalities for White people are 40-54% higher in counties which allow law

enforcement to certify the cause of death relative to their controls. The e↵ects in column

2 for minorities are less clear with the fixed e↵ect Poisson estimates showing no significant

e↵ect while the non-fixed e↵ect Poisson show significant e↵ects under the 10% threshold.

The following two columns further consider the two main minority groups of race-

ethnicity, with column 3 showing results for Black people and column 4 showing results

for people of Hispanic origin.45 For Black people, we do not see any significant di↵erence

in the underreporting of police killings between law enforcement certifying counties and

their adjacent controls. For Hispanic people, we observe 65% more police killings in

law enforcement certifying counties but only in the no-fixed e↵ect Poisson estimation.

Although surprising, the absence of e↵ects for Black people may simply reflect the low

share of Black people and the lower share of underreported police killings for Black people

in the analysis sample relative to the US population as a whole.

5.5.2 Underreporting in US-Mexico Border Counties

We further investigate the e↵ects on Hispanic people. One consequence of institutions

which can be exploited to circumvent accountability is that they will a↵ect those with

fewer rights. In particular, families of illegal immigrants killed by police may be less likely

to bring a civil case against law enforcement. As such, law enforcement may be more

likely to underreport killings of illegal immigrants. To explore, somewhat informally, this

question, we use our adjacent sample approach comparing the underreporting of police

killings in counties along the US-Mexico border, to their nearest inland neighbouring

counties.

Table 6 presents these US-Mexico border results. To increase sample size, we include

second degree adjacency counties in control counties, as presented in map A12 of Ap-

pendix D. Column 1 of Table 6 shows that counties bordering Mexico are 74% more likely

to underreport police killings of people of Hispanic origin. Column 2 and 3 show that

this e↵ect is driven by lower law enforcement agency reporting of Hispanic victims to

the SHR, rather than higher true police killings in the MPV data. Column 4 adds to

these results showing that, for non-Hispanic people, US-Mexico bordering counties have

fewer underreported police killings. This di↵erence cannot be explained by population

di↵erences, since Mexico bordering counties display very similar average populations of

44The share of underreported police killings for White people and minority people do not sum up to
1 due to some deaths being classified as Unknown race.

45In order to ensure the race and ethnicity categories are comparable in the MPV and SHR data, we
exclude Hispanic people from the Black people category by cross-checking names through a genealogy
website, https://forebears.io/, and reclassifying any Black person of Spanish or Portuguese name into
the Hispanic people category. We similarly reclassify Unknown race people with Spanish or Portuguese
names into the Hispanic people category. The Hispanic people category will therefore also include Black
race people.
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Table 6: US-Mexico border e↵ects

Dep. Var.: Di↵. L.E. homicides

Hisp. Hisp. Hisp. Non-Hisp. All
MPV-SHR SHR MPV MPV-SHR SHR

LE certify 0.742 ⇤⇤⇤ -0.466 ⇤⇤⇤ -0.014 -0.387 0.062
0.555 -0.628 -0.014 -0.490 0.060

( 0.164 ) ( 0.185 ) ( 0.139 ) ( 0.158 ) ( 0.150 )
[ 0.001 ] [ 0.001 ] [ 0.922 ] [ 0.002 ] [ 0.689 ]

Covariates Yes Yes Yes Yes Yes
FE Yes Yes Yes Yes Yes
Spec. Pois. Pois. Pois. Pois. Pois.

Ntot 546 546 546 546 546
Neff 532 308 539 546 448
Ntreat 203 189 203 203 196
Ncounties 76 44 77 78 64
µoutc. 0.400 1.013 0.970 0.332 1.605

Note: Table displays transformed coe�cient with ⇤p<0.1; ⇤⇤p<0.05; ⇤⇤⇤p<0.01, followed by estimated
coe�cient, its standard error, and its p-value. Poisson estimation with year and adjacency county
cluster fixed e↵ects, and standard errors clustered at the county level. Set of controls described in
Appendix G.

Hispanic people relative to their controls and, in fact, have slightly higher populations of

non-Hispanic people.

One explanation, consistent with previous results and the results of column 5, showing

that there is no di↵erence in overall reported SHR police killings, is that police agencies

are aware and careful to not report excessive police killings relative to agencies in their

neighbouring counties. They do, however, use discretion, possibly based on their chances

of coming under scrutiny, to decide which police killings to hide from their SHR reports.

5.6 Additional Di↵erences in Death Investigation Systems

As discussed previously, di↵erent death investigation systems and lead examiners may

di↵er along several dimensions. As described statistically in Table A3 of Appendix F and

represented in maps in Appendix D, they may be coroner or medical examiner counties,

the death investigator may or may not be required to be a physician, and the coroners may

be appointed or elected. Table 7 explores whether these partially overlapping di↵erences

in laws and systems lead to di↵erences in the underreporting of police killings. Each

analysis restricts the sample to adjacent treated and control counties with di↵erent death

investigation systems and excludes counties in which law enforcement can certify the

cause of death.

Column 1 compares the underreporting of police killings between coroner and medical

examiner counties but finds no significant di↵erence. Speaking again to the question of
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competence, column 2 considers di↵erences in underreporting between counties which

require a physician to conduct an autopsy and counties allowing non-physicians to perform

autopsies. Although the e↵ects are marginally significant at the 10% level, we do not

find these robust to specifications which match physician and non-physician counties on

urbanisation levels. Neither of these results provides convincing evidence that higher

medical competence shields death investigators from intimidation and external pressure

to alter their autopsy report or change the cause of death. These results are in line

with the nationwide comparison of underreported police killings in medical examiner and

coroner counties in GBD et al. (2021) using NVSS data.

Column 3 considers whether counties in which the death investigator is appointed

rather than elected have higher police killings. Theoretically, the expected e↵ect of the

manner of selection is unclear. Elected o�cials may be more willing to uprightly serve

their voting constituents by opposing any outside pressure to change death reports. They

may, however, also want to conform to pressures by local politicians and police if they

want to receive political support during elections. Ultimately, the results indicate no

di↵erence in the underreporting of police killings between elected and appointed counties.

This may be because both stated e↵ects cancel out, or simple because the election vs.

appointment selection process of the death investigator is not of primary importance.

Taken together, the results from Table 7 do not indicate that our main results on

underreporting depending on law enforcement death certification laws are driven by other

underlying di↵erences in death investigator characteristics or systems.

5.7 Responses to Monitoring and Threats

Previous sections have outlined the e↵ects of di↵erent laws surrounding death investiga-

tion systems, in particular the role of certification laws with regards to law enforcement.

In this section, we explore whether law enforcement agencies and agents in counties per-

mitting them to certify the cause of death are more likely to resist the introduction of

monitoring and accountability measures, in particular the use of body-worn cameras and

the threat of charging police o�cers. The analysis further considers the e↵ect of certifica-

tion laws on homicide clearance rates, with a view to understanding whether additional

scrutiny through stricter certification laws lowers police e↵ectiveness.

We then move on to examine more generally, and not causally, whether modern-day

perceived and actual threats to law enforcement are related to di↵erences in underre-

porting. We first consider whether police in counties with permissive death certification

laws are more likely to be assaulted or killed while on duty. Then, looking at nationwide

correlations, we assess whether the permissiveness of gun and ammunition laws is related

to the underreporting of police killings. In a last step, we consider whether awareness

and positive or negative concern for issues raised by the BLM movement, as proxied by

Google search trends and their changes, are associated with the underreporting of police
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Table 7: Coroner vs Medical Examiner, Appointed vs Elected, and Physician vs Non-
Physician

Cor vs ME Phys vs non-Phys App vs Elec

Treatment -0.038 0.164⇤ -0.006
-0.039 0.152 -0.006
(0.089) (0.083) (0.096)
[0.663] [0.066] [0.950]

Covariates Yes Yes Yes
FE Yes Yes Yes
Spec. Pois. Pois. Pois.

Ntot 6,223 7315 2,764
Neff 5,271 6034 2,190
Ntreat 3010 2247 356
Ncounties 753 862 313
µoutc. 0.318 0.337 0.215

Note: Table displays transformed coe�cient with ⇤p<0.1; ⇤⇤p<0.05; ⇤⇤⇤p<0.01, followed by estimated
coe�cient, its standard error, and its p-value. (1) Coroner vs Medical Examiner adjacency sample,
Treatment=Coroner, (2) Appointed vs Elected adjacency sample, Treatment=Appointed, (3) Physician
vs non-Physician adjacency sample, Treatment=Physician. Poisson estimation with year and adjacency
county cluster fixed e↵ects, and standard errors clustered at the county level. Set of controls described
in Appendix G.

killings.

5.7.1 Body-worn Cameras

Body-worn cameras have been proposed as an important tool to help monitor police activ-

ity. In the context of underreported police killings, body-cameras may prevent otherwise

unverifiable cover-ups. Despite this promise, experimental and non-experimental results

on the e↵ects of body-worn cameras are mixed (Lum et al., 2020; Williams Jr et al., 2021).

One stated problem is the apparent resistance to adopting body-worn cameras. Here, we

explore whether this resistance is correlated to law enforcement death certification laws.

In general, US-wide county-level information on body-worn cameras is limited. The most

complete county-level source is the Law Enforcement Management and Administrative

Statistics Body-Worn Camera Supplement (LEMAS-BWCS) census conducted in 2016.

This census asks a random sample of law enforcement agencies when they began using

body-worn cameras. It also asks questions regarding when these cameras are required to

be worn.

The relation between the underreporting of police killings, whether law enforcement

can certify death, the adoption and subsequent utilization of body cameras, and census

response rates, can operate in many potentially endogenous ways. Laws pertaining to

death certification may have, over years, contributed to cultures of impunity, rendering
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law enforcement agencies less likely to adopt cameras. As previously documented with

the NIBRS, these law enforcement agencies may also be less willing to share detailed

information on their operations. In addition, we only have a measure of whether and

how many body-worn cameras were purchased, but agents may selectively choose when

to turn them on. Despite these issues, which we make no claim to address adequately in

this paper, we o↵er some first insights on how death certification laws may influence the

adoption of body-cameras.

Table 8: Monitoring and Threat E↵ects

LEMAS UCR LEOKA

Dep. Var.: Body-cam Clearances Clearance rate Assaults

(1) (2) (3) (4)

LE certify 0.005 -0.031 0.029 0.043
-0.032 0.042

(0.032) (0.054) (0.095) (0.099)
[0.872] [0.556] [0.761] [0.668]

Covariates Yes Yes Yes Yes
FE Yes Yes Yes Yes
Spec. Lin. Pois. Quasi-bin. Pois.

Ntot 1,980 3464 3464 3464
Neff 1,980 3219 1361 3338
Ntreat 732 1133 544 1217
Ncounties 495 460 337 477
µoutc. 0.217 3.392 0.565 30.525

Note: Table displays in columns 2 and 4 the transformed coe�cient with ⇤p<0.1; ⇤⇤p<0.05; ⇤⇤⇤p<0.01,
followed by estimated coe�cient, its standard error, and its p-value. Dependent variables: (1) 1 if the
share of law enforcement agencies in a county claiming to operate with body-worn cameras is above the
national mean of 6%, 0 otherwise, (2) Total clearances of UCR homicides, (3) Clearance rate of UCR
homicides (4) Total assaults on law enforcement o�cers. Set of controls described in Appendix G.

Column 1 of Table 8 considers whether permissive death certification laws are corre-

lated to the probability that law enforcement agencies within a county adopt body-worn

cameras. We take as the county outcome variable for body-worn cameras an indicator

equal to 1 if the share of law enforcement agencies in a county claiming to operate with

body-worn cameras is above the national mean of 6%, and 0 otherwise.46 Because the

census was administered in 2016, we also drop any year thereafter from the analysis.

The results in column 1 do not suggest lenient death-certification laws influence the

adoption of body-worn cameras. Although not presented in tables, we also explored

heterogenous e↵ects of law enforcement certification laws, interacted with our body-

46Approximately 23% of law enforcement agencies responded to the LEMAS-BWCS (only 30% were
sampled) which explains the relatively low share of law enforcement agencies operating with body-worn
cameras.
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worn camera variable, on the underreporting of police killings, but found no significant

heterogenous e↵ects. These stated results pertain to a noisy measure of body-worn camera

availability at the extensive margin. Further inquiries into the intensive use of body-worn

cameras may produce additional insights.

5.7.2 Charging O�cers

Speaking to another form of accountability, we also considered whether charging an o�cer

had any e↵ect on the underreporting of police killings in subsequent years. Unfortunately,

an o�cer was charged in only 3.5% of true MPV police killing cases in our neighbouring

county sample, and one third of those resulted in an acquittal or dropped charge(s). As a

result, we only observe 18 charged or charged-convicted o�cers in our adjacency analysis

sample over the years 2013-2019, too few for any rigorous analysis.47

5.7.3 Police E↵ectiveness

Raising the expected penalty of an o�cer’s errors through more stringent monitoring

laws may, in theory, backfire and reduce the e↵ectiveness of police (Prendergast, 2003;

Gavazza and Lizzeri, 2007). Some empirical evidence exists supporting this view (Shi,

2008; Ba and Rivera, 2019; Devi and Fryer Jr, 2020; Premkumar, 2020; Campbell, 2022).

We consider here whether more lenient law enforcement certifying laws a↵ect police per-

formance by looking at total homicide clearances and clearance rates obtained from the

UCR. Our results in Table 8 columns 2-3 do not o↵er any evidence that more stringent

death certification laws influences police e↵ectiveness.

5.7.4 Assaults on Police O�cers

Our base independence assumption is that, prior to any changes in death investigation

systems and laws in the 1960s-1980s, adjacent treatment and control counties in our anal-

ysis sample were comparable. However, after the changes in systems, di↵erent policing

and reporting approaches may have a↵ected the general hostility in a county. Homicide

cover-ups by police in the late 1980s and early 1990s in counties permitting law enforce-

ment to certify the cause of death may have incited more violent behavior towards police,

which itself induced police to respond with more unwarranted lethal violence, requiring

additional cover-ups of police killings.

Table 8, column 4, assesses evidence of such a cyclical process by looking at whether

police in counties permitting law enforcement to certify the cause of death face more

hostile environments, in the form of violent assaults. Yearly numbers of law enforcement

o�cers who have been victims of assaults while on duty in each county are gathered from

47Overall in the US over that same period, we only observe 91 charged or charged-convicted o�cers
out of 3611 police killings, or 2.5%.
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the Law Enforcement O�cers Killed and Assaulted (LEOKA) dataset.48 Column 4 shows

that o�cers in law enforcement certifying counties are no more likely to be assaulted while

on duty than o�cers in their adjacent control counties. These results also suggest that

higher lethal police action, resulting in higher unjustified killings and their cover-ups, are

not a response to more hostile environments in law enforcement certifying counties.

5.7.5 Nationwide Threats and Underreporting

Departing from any causal interpretation, our data also o↵ers a chance to describe the

nationwide relation between underreported police killings and other policy relevant vari-

ables. In particular, assuming underreported police killings are a close proxy to unwar-

ranted police killings, our data can o↵er a first look into the relation between unwarranted

police killings and threats on police, both actual and potential.

Table 9: Threats on police and Underreporting

Dep. Var.: MPV-SHR MPV-SHR SHR MPV

(1) (2) (3) (4)

Assaults -0.081
-0.085
(0.090)
[0.347]

Gun laws -0.171⇤⇤⇤ 0.050 -0.079⇤⇤⇤
-0.187 0.049 -0.082
(0.031) (0.061) (0.026)
[0.000] [0.423] [0.002]

Covariates Yes Yes Yes Yes
FE No No No No
Spec. Pois. Pois. Pois. Pois.

Ntot 21993 21993 21993 21993
Neff 21993 21993 21993 21993
Ntreat 46757 46757 46757 46757
Ncounties 3142 3142 3142 3142
µoutc. 0.220 0.220 0.138 0.347

Note: Table displays transformed coe�cient with ⇤p<0.1; ⇤⇤p<0.05; ⇤⇤⇤p<0.01, followed by estimated
coe�cient, its standard error, and its p-value. Poisson estimation with year fixed e↵ects, and standard
errors clustered at the county level. Set of controls described in Appendix G.

Table 9 column 1 present Poisson model estimates of underreported police killings on

the arcsinh transformed value of violent assaults on police, the same variable described in

the previous section. The result, controlling for our demographic, cultural, and economic

covariates, do not seem to suggest that there is a US-wide correlation between these

48This outcome is right skewed, as shown in Appendix K. We also show maps of the averages by county
over all years for these two variables.
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threats on police and the underreporting of police killings.49

Columns 2-4 of Table 9 examine whether potential threats, proxied by state-level gun

and ammunition laws and regulations, correlate with underreported police killings. In

theory, operating in an environment where citizens have a higher probability of carrying

a gun may give rise to premature and excessive use of lethal force. As a result, we would

expect to see less underreporting of police killings in states with stricter gun regulation

laws.

Our proxy for state-level gun and ammunition regulations comes from Gi↵ords Law

Center’s generalized gun regulation scorecard. This is a yearly measure for each state of

the strictness of gun and ammunition regulation ranging from 0-11 where 11 corresponds

to a score of A and 0 to a score of F. The yearly state score weighs the many laws

pertaining to ammunition and gun possession, distribution, and right-to-carry within a

state. We describe and map the average state score in Appendix K.

The result in column 2 of Table 9 indicates that stricter gun and ammunition laws are

correlated to lower underreporting of police killings. Columns 3 and 4 further show that

this relation is due to strict gun and ammunition laws being associated to lower true police

killings rather than higher reported killings. Even if only correlations, these results are

concerning if we interpret the underreporting outcome as a proxy to unwarranted police

killings. The correlational results may suggest that law enforcement agents respond to

the potential threat of working in permissive gun law state by using excess lethal violence,

resulting in unwarranted police killings which they subsequently hide.

5.7.6 Black Lives Matter and Underreporting

Another question of interest when it comes to correlation patterns is how the underre-

porting of police killings have been a↵ected by the Black Lives Matter movement. A

variety of measures could be used to assess the salience of the BLM movement in par-

ticular areas. Among these are the proximity to highly publicized police-killings, the

scale of local BLM protests, or the general awareness and concern for issues raised by the

BLM movement. The current discussion only considers this last question of awareness

and concern, which we proxy by the trends in Google searches for the topic ‘Black Lives

Matter’ in each state-year. We construct this measure by standardizing the Google trend

to range from [0, 100], with 100 being the highest state-year per capita search record.50

Taking the continuous measure of Google trends, Column 1 of Table 10 shows that,

nationwide, states with higher searches for ‘Black Lives Matter’ topics show no corre-

lation with the underreporting of police killing. These null results may, however, not

fully describe the relationship between the concern for the BLM movement and the un-

49Although assaults on police do correlate with higher reported SHR and true MPV police killings.
50More precisely, we download each year’s Google trend by state ranging from [0, 100], and multiply

each year-state Google trend value by the ratio of that year’s Google trend searches to total searches
over 2013-2019, as presented in Appendix L.
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derreporting of police killings. Indeed, the Google trends measure displays a bimodal

distribution as presented in Appendix L. It may be that the BLM movement only influ-

ences the underreporting of police killings beyond a certain threshold of public concern,

whether favorable or unfavorable.

Table 10: Black Lives Matter and Underreporting

Dep. Var.: MPV-SHR MPV-SHR MPV-SHR MPV-SHR MPV

(1) (2) (3) (4) (5)

BLMcon 0.004
0.004
(0.005)
[0.444]

BLM20+ 0.269⇤ 0.090 -0.217 -0.221
0.238 0.086 -0.244 -0.25
(0.125) (0.111) (0.295) (0.298)
[0.057] [0.438] [0.408] [0.401]

LE certify 0.395⇤⇤⇤ 0.416⇤⇤
if BLM20+ = 0 0.333 0.348

(0.124) (0.165)
[0.007] [ 0.035 ]

LE certify 0.806⇤⇤⇤ 0.844⇤⇤
if BLM20+ = 1 0.591 0.612

(0.216) (0.250)
[0.006] [0.014]

Covariates Yes Yes Yes Yes Yes
FE No No St Cl Cl+St
Spec. Pois. Pois. Pois. Pois. Pois.

Ntot 21993 21993 21993 3464 3464
Neff 21,433 21,433 21,433 2736 2736
Ntreat 2526 2526 2526 930 930
Ncounties 3142 3142 3142 391 391
µoutc. 0.22 0.22 0.22 0.289 0.289

Note: Table displays the transformed coe�cient with ⇤p<0.1; ⇤⇤p<0.05; ⇤⇤⇤p<0.01, followed by
estimated coe�cient, its standard error, and its p-value. Year fixed e↵ects included in all specifications.
BLM specified as continuous variable in [0, 100] in column 1 and as a binary indicator equal to 1 when
the continuous measure exceeds 20, and 0 otherwise in columns 2-5. Heterogeneity terms are specified
as separate, not cumulative, e↵ects depending on whether the binary BLM is equal to 0 or 1. Standard
errors clustered at the county level. Set of controls described in Appendix G.

We explore this possibility in columns 2-5. Defining a low-high binary value for BLM

concern, we find that high BLM concern in a given state51 is associated with more un-

derreporting. Column 3 includes state fixed e↵ects, thereby considering the relation

between changes from low-to-high or high-to-low BLM concern on changes in underre-

porting. There does not appear to be any relation in terms of changes. Among other

explanations, the correlations from columns 2-3 may indicate that the higher concern for

the BLM movement puts pressure on police to reduce visible police killings more than

51This is defined as a value of the Google trend above 20.
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it reduces actual killings. Another possibility we cannot exclude is that states with high

per capita Google searches for ‘Black Lives Matter’ are distinct in several dimensions

a↵ecting the underreporting of police killings.

Columns 3-4 further explore the heterogeneous e↵ects of BLM concern in our adjacent

county sample. Column 4, without state fixed e↵ects, and column 5, with state fixed

e↵ects, indicate that counties permitting law enforcement to certify the cause of death

and with high concern for the BLM movement display higher underreporting of police

killings compared to the interaction e↵ect for counties in states with low concern for the

BLM movement.

These e↵ects are consistent with previous findings of strategic manipulation of death

records. Assuming Google trends are not only a proxy for the concern for the BLM

movement, but also a credible measure of additional scrutiny on police, then the results

suggest that police departments in counties with permissive certification laws and under

additional scrutiny are even more strategic in hiding police killings than those facing

less scrutiny. If instead the BLM proxy reflects searches from people opposed to the

BLM movement, or result in a more negative view of the BLM movement, a negative

view known by the police, then the results may indicate that law enforcement agencies

take advantage of the sentiment against the BLM movement to further manipulate death

records. Further investigations on this matter are important, but beyond the scope of

this paper.

6 Conclusion

Rates of o�cer-involved fatalities in the US far surpass those in countries of similar wealth.

The rate in the US is nearly 3.5 times the rate in Canada, over 25 times that in Germany,

and 67 times that in England and Wales (Prison Policy, 2020). Discussions of the causes

for these high rates range from the unique dangers faced by US law enforcement agents

given the US’s permissive gun-ownership culture, to arguments alluding to pernicious

cultures of violence in police departments.

Despite these long-standing discussions, policy changes to address excess police killings

in the US have been few and far between since the Supreme Court’s decision in Tennessee

v. Garner, 1985, regarding the use of lethal violence on a fleeing suspect. And, although

the Black Lives Matter movement reignited debates around police violence, there is little

evidence for reduced use of deadly force by o�cers, and some evidence of more underre-

porting.

This paper adds an important consideration to these discussions. It highlights how

poorly designed institutional laws can be co-opted to hinder the accountability of state

actors. It further underlines the need for a more assiduous separation of law enforcement

from final assessments of the cause of death in general and in particular in cases of po-

lice killings. A first step in this process is to increase the checks and balances for death
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investigation o�ces. To date, of the 2,342 death investigation o�ces in the US, only 108

o�ces are accredited by the National Association of Medical Examiners (NAME) and only

35 are accredited by the International Association of Coroners and Medical Examiners

(IACME). Part of these checks and balances should come in the form of external moni-

toring, ensuring that death investigators are independent from law enforcement when it

comes to sensitive death investigations.

More generally, new open-source registries of police killings put together by private

citizens represent an important step in holding law enforcement accountable. However,

private citizens can be intimidated or threatened, so relying on individuals rather than

institutions to uphold the social contract between citizens and police is unstable. While

some families may seek accountability in courts based on uno�cial records, police killings

of people with fewer protections, such as illegal immigrants or sex workers, may never

face review if omitted from o�cial records. A second policy recommendation from this

paper is therefore to allow individuals to report cases of police killings directly to the FBI,

and have the FBI use their authority to investigate data discrepancies in police killings

from police departments as compared to those from the public.
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APPENDIX

A Histograms: MPV and SHR Police Killings

Note: only positive values displayed for MPV-SHR

B Maps: MPV and SHR Police Killings

Figure A1: SHR mean police killings Figure A2: MPV mean police killings
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C Maps: Share of Reporting Agencies to UCR and

NIBRS

Figure A3: Share reporting UCR data Figure A4: Share reporting NIBRS data

D Maps: Additional Di↵erences in Death Investiga-

tion Systems

Figure A5: Medical Examiner System Figure A6: Coroner System

Figure A7: Appointed vs Elected Figure A8: Physician vs non-Physician
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Figure A9: Coroner vs Medical Examiner
analysis sample

Figure A10: Appointed vs Elected analysis
sample

Figure A11: Physician vs non-Physician
analysis sample

Figure A12: US-Mexico border analysis
sample
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E Death Investigation System: History and Current

Distribution

Year State

Before 1954 Maryland, Virginia, Vermont, Rhode Island
1961 Tennessee*
1963 Oklahoma
1964 Oregon
1967 North Carolina, Utah
1968 Maine
1969 Connecticut
1970 Delaware, Iowa*
1976 West Virginia , New Mexico
1977 Kentucky*, Alabama*
1978 New Jersey*
1979 Arkansas*
1980 Montana*
1983 Massachusetts
1986 Mississippi*, New Hampshire
1990 Georgia*
1994 North Dakota*
1996 Alaska

List of states that have implemented a state medical examiner.
* States that have implemented the state medical examiner but chose to keep a coroner
or chose a medical examiner system when the mixed system was an option.
Source: Hanzlick (2014)
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State OUR DATASET CDC Systems CDC State ME Hanzlick ’07*
AL ME and Cor ME and Cor No -
AK ME ME Yes State ME
AZ ME ME No ME
AR Coroner Coroner Yes Coroner
CA ME and Cor ME and Cor No ME and Cor
CO* ME and Cor Coroner No ME and Cor
CT ME ME Yes State ME
DE ME ME Yes State ME
FL ME ME No ME
GA ME and Cor ME and Cor Yes ME and Cor
HI ME and Cor ME and Cor No ME and Cor
ID Coroner Coroner No Coroner
IL ME and Cor ME and Cor No ME and Cor
IN Coroner Coroner No Coroner
IA ME ME Yes State ME
KS Coroner Coroner No Coroner
KY Coroner Coroner Yes Coroner
LA Coroner Coroner No Coroner
ME ME ME Yes State ME
MD ME ME Yes State ME
MA ME ME Yes State ME
MI ME ME No ME
MN ME and Cor ME and Cor No ME and Cor
MS* Coroner ME and Cor Yes Coroner
MO ME and Cor ME and Cor No ME and Cor
MT Coroner Coroner Yes Coroner
NE Coroner Coroner No Coroner
NV** ME and Cor Coroner No Coroner
NH ME ME Yes State ME
NJ ME ME Yes State ME
NM ME ME Yes State ME
NY ME and Cor ME and Cor No ME and Cor
NC ME ME Yes State ME
ND Coroner Coroner Yes Coroner
OH ME and Cor ME and Cor No ME and Cor
OK ME ME Yes State ME
OR ME ME Yes State ME
PA ME and Cor ME and Cor No ME and Cor
RI ME ME Yes State ME
SC Coroner Coroner No Coroner
SD Coroner Coroner No Coroner
TN ME ME Yes State ME
TX ME and Cor ME and Cor No ME and Cor
UT ME ME Yes State ME
VT ME ME Yes State ME
VA ME ME Yes State ME
WA ME and Cor ME and Cor No ME and Cor
WV ME ME Yes State ME
WI ME and Cor ME and Cor No ME and Cor
WY Coroner Coroner No Coroner
DC ME ME No State ME

Note: Following our inquiries, *CO, MS and NV of our dataset di↵er from CDC information, NV is
also di↵erent from Hanzlick (2014)
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Table A1: Number of counties per Death Investigation System by State

State Coroner MedExam Sheri↵

AK 0 29 0
AL 57 9 1
AR 75 0 0
AZ 0 15 0
CA 7 5 46
CO 61 2 1
CT 0 8 0
DC 0 1 0
DE 0 3 0
FL 0 67 0
GA 152 5 2
HI 2 1 1
IA 0 99 0
ID 43 0 1
IL 96 1 5
IN 92 0 0
KS 92 0 13
KY 120 0 0
LA 63 0 1
MA 0 14 0
MD 0 24 0
ME 0 16 0
MI 0 83 0
MN 19 66 2
MO 96 15 4
MS 82 0 0

(a)

State Coroner MedExam Sheri↵

MT 19 0 37
NC 0 100 0
ND 35 0 18
NE 84 0 9
NH 0 10 0
NJ 0 21 0
NM 0 33 0
NV 0 2 15
NY 39 22 1
OH 84 2 2
OK 0 77 0
OR 0 36 0
PA 64 3 0
RI 0 5 0
SC 46 0 0
SD 55 0 11
TN 0 95 0
TX 228 21 0
UT 0 29 0
VA 0 133 0
VT 0 14 0
WA 49 6 0
WI 30 41 1
WV 0 55 0
WY 22 0 1

Total 1796 1168 172

(b)
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F Summary Statistics
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G Balancing Tables

Figure A13: Balance Tables

57



H Robustness Results
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I Identification of E↵ect Decomposition

Table A5: Extended County Types

Type W1 W0 Y1 Y0

aWaY 1 1 1 1
aWnY 1 1 0 0
aWcY 1 1 1 0
a
W
d
Y 1 1 0 1

nWaY 0 0 1 1
nWnY 0 0 0 0
nWcY 0 0 1 0
n
W
d
Y 0 0 0 1

cWaY 1 0 1 1
cWnY 1 0 0 0
cWcY 1 0 1 0
c
W
d
Y 1 0 0 1

d
W
a
Y 0 1 1 1

d
W
n
Y 0 1 0 0

d
W
c
Y 0 1 1 0

d
W
d
Y 0 1 0 1

To reduce notational burden, we exclude in the proof the subscript i. Assumption

A.II fixes all probabilities of non-bold types in Table A5 to 0. As a result, and using

assumption A.I, we can derive the shares presented in equations 2. Simple algebra shows

that under the additional Assumption A.III, with Pr(cWn
Y ) = 0 and Pr(nW

c
Y ) = 0 all

remaining joint probabilities in equation 3 are identified. Conditional probabilities are

immediately obtained applying Bayes’ rule.

J Estimation and Additional Results of E↵ect De-

composition

Table 3 presents robust estimates of complier e↵ects accounting for adjacency cluster

fixed e↵ects. These linear specifications are, however, not best suited to estimate type

probabilities for probability types with no compliers. Table A6 presents a full set of

results when calculating each probability type from its sample mean with bootstrap

p-values presented in brackets. Based on our potential outcome model, we find that

Pr(aY ) = 8.6% of counties show underreporting of police killings regardless of the leniency

of certification laws. An additional Pr(cY ) = 9.3% of counties underreport only when

facing permissive certification laws. The majority of counties, Pr(nY ) = 82.1%, never

underreport police killings. We also find that Pr(cW ) = 9.2% of counties report excess

undetermined homicides only when facing permissive certification laws.
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We further find that Pr(cY ) = 9.3 and Pr(cW c
Y ) = 9.2 are slightly higher than those

estimated in our more robust main specification. They still, however, convey the same

conclusion, namely that the di↵erence in underreporting between law enforcement certi-

fying and non-certifying counties is largely driven by counties in which law enforcement

underreport police killings and simultaneously over-report excess undetermined homi-

cides. From Table A6, we can also see that, conditional on underreporting police killings,

a county will almost surely report excess undetermined homicides, Pr(cW |cY ) = 99.3.

Similarly, conditional on reporting excess undetermined homicides, a county will almost

surely underreport police killings, Pr(cY |cW ) = 99.7.

Finally, we also notice that a small share of counties, Pr(aWa
Y ) = 4.4%, may always

be reclassifying underreported police killings in the circumstances undetermined category

regardless of death certification laws. This last e↵ect does not depend on assumption A.III

for identification. In contrast, if assumption A.III were incorrect, allowing Pr(cWn
Y ) > 0

and Pr(nW
c
Y ) > 0, then Pr(cW |cY ) and Pr(cY |cW ) would be upper bounds and Pr(cWa

Y )

would be a lower bound. Since Pr(cW |cY ) ⇡ 1, Pr(cY |cW ) ⇡ 1 and Pr(cWa
Y ) ⇡ 0, these

estimated bounds would be uninformative.

Table A6: Re-classification Type Probabilities

a
W
a
Y 0.044 c

W
a
Y 0.000 n

W
a
Y 0.041 a

Y 0.086 c
W |aY 0.003

[ 0.000 ] [ 0.526 ] [ 0.000 ] [ 0.000 ] [ 0.526 ]

a
W
c
Y 0.001 c

W
c
Y 0.092 n

W
c
Y 0.000 c

Y 0.093 c
W |cY 0.993

[ 0.419 ] [ 0.000 ] [ - ] [ 0.000 ] [ 0.000 ]

a
W
n
Y 0.400 c

W
n
Y 0.000 n

W
n
Y 0.421 n

Y 0.821 c
W |nY 0.000

[ 0.000 ] [ - ] [ 0.000 ] [ 0.000 ] [ - ]

a
W 0.445 c

W 0.092 n
W 0.462

[ 0.000 ] [ 0.000 ] [ 0.000 ]

c
Y |aW 0.001 c

Y |cW 0.997 c
Y |nW 0.000

[ 0.419 ] [ 0.000 ] [ - ]

Note: Table displays sample means with bootstrap p-values in brackets. Ntot = 3, 464,
Ncounties = 495. Bootstrap p-values estimated as share of 399 bootstrap estimates smaller or equal to 0.

The results presented in Table A6 are calculated from empirical means. One problem

we must address when calculating these means is that some ratios Wi are undefined if

no UCR total homicides are observed in a given county-year. Such instances are non-

negligible in the data. They appear in 61% of county-year observations. A priori, it

is unclear how to redefine Wi in these cases. We found that dropping these variables

changes importantly the estimates of Pr(aY ), Pr(cY ) and Pr(nY ), none of which depend

on Wi in the estimation. As a result, in our main results, we opt to randomly impute a

value of 0 or 1 to Wi generated from a binomial distribution. In e↵ect, this implies that

these undefined instances do not contribute to any e↵ects. A last option we can consider

is imputing values of 0 to all undefined instances of Wi. We present results for means

with this imputation in Table A7. Unsurprisingly, this imputation heavily influences the

marginal probabilities Pr(aW ), Pr(cW ) and Pr(nW ). We also find it changes the estimates
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of Pr(aWn
Y ), Pr(nW

n
Y ), and Pr(cW |aY ). In general, this imputation leads to less robust

estimates of probabilities which lie below 0 or above 1.

Table A7: Re-classification Type Probabilities: imputing 0 to undefined Wi

a
W
a
Y 0.038 c

W
a
Y -0.001 n

W
a
Y 0.049 a

Y 0.086 c
W |aY -0.013

[ 0.000 ] [ 0.584 ] [ 0.000 ] [ 0.000 ] [ 0.584 ]

a
W
c
Y -0.027 c

W
c
Y 0.120 n

W
c
Y 0.000 c

Y 0.093 c
W |cY 1.294

[ 0.992 ] [ 0.000 ] [ 0.000 ] [ 0.000 ] [ 0.000 ]

a
W
n
Y 0.116 c

W
n
Y 0.000 n

W
n
Y 0.705 n

Y 0.821 c
W |nY 0.000

[ 0.000 ] [ - ] [ 0.000 ] [ 0.000 ] [ - ]

a
W 0.126 c

W 0.119 n
W 0.755

[ 0.000 ] [ 0.000 ] [ 0.000 ]

c
Y |aW -0.216 c

Y |cW 1.010 c
Y |nW 0.000

[ 0.992 ] [ 0.000 ] [ - ]

Note: Table displays sample means with bootstrap p-values in brackets. Ntot = 3, 464,
Ncounties = 495. Bootstrap p-values estimated as share of 399 bootstrap estimates smaller or equal to 0.

Alternative estimation approaches which control for observed covariates may be more

e�cient. In the simplest specifications, one may opt for specifying type probabilities

using logit specifications instead of empirical means. Tables A8 and A9 present results

for type probabilities specified by logit functions. More precisely, we first estimate three

models: a logit estimation of Y on D, a logit estimation of W on D conditioning on

the sample with Y = 0, and a logit estimation of W on D conditioning on the sample

with Y = 1.52 We then generate bootstrap values of each type probability estimate and

present the share of these smaller or equal to zero as bootstrap p-values.

Table A8 presents results from logit specifications when not including any covariates

which allows us to inspect how much functional form a↵ects our estimates. In general, we

find the estimated e↵ects close to those in our main table using empirical means. Table

A9 adds our full set of covariates to the logit estimations. We notice that Pr(cW ) reduces

in size by about two thirds and Pr(cY ) reduces by about one third. These estimates

seem to be at odds with all our previously discussed estimates as well as those from

a linear model (not presented). In contrast, all other estimates of joint probabilities

seem reasonably close. Because of the change in marginal probabilities for compliers, the

estimated conditional probabilities for di↵erent types blow up to values larger than 1 or

lower than 0.

52Several other variations produced (even) less robust output than those presented, i.e. probability
estimates above 1 or below 0.
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Table A8: Re-classification Type Probabilities: Logit no-covariates

a
W
a
Y 0.049 c

W
a
Y -0.006 n

W
a
Y 0.043 a

Y 0.086 c
W |aY -0.068

[ 0.000 ] [ 1.000 ] [ 0.000 ] [ 0.000 ] [ 1.000 ]

a
W
c
Y -0.001 c

W
c
Y 0.094 n

W
c
Y 0.000 c

Y 0.093 c
W |cY 1.010

[ 1.000 ] [ 0.000 ] [ 0.000 ] [ 0.000 ] [ 0.000 ]

a
W
n
Y 0.415 c

W
n
Y 0.000 n

W
n
Y 0.406 n

Y 0.821 c
W |nY 0.000

[ 0.000 ] [ - ] [ 0.000 ] [ 0.000 ] [ - ]

a
W 0.463 c

W 0.088 n
W 0.449

[ 0.000 ] [ 0.000 ] [ 0.000 ]

c
Y |aW -0.002 c

Y |cW 1.067 c
Y |nW 0.000

[ 1.000 ] [ 0.000 ] [ - ]

Note: Table displays probabilities generated from fitted values of logit estimations with bootstrap
p-values in brackets. Ntot = 3, 464, Ncounties = 495. Bootstrap p-values estimated as share of 399
bootstrap estimates smaller or equal to 0.

Table A9: Re-classification Type Probabilities: Logit with covariates

a
W
a
Y 0.050 c

W
a
Y -0.004 n

W
a
Y 0.060 a

Y 0.106 c
W |aY -0.039

[ 0.000 ] [ 1.000 ] [ 0.000 ] [ 0.000 ] [ 1.000 ]

a
W
c
Y -0.033 c

W
c
Y 0.066 n

W
c
Y 0.000 c

Y 0.034 c
W |cY 1.067

[ 1.000 ] [ 0.000 ] [ 0.000 ] [ 0.000 ] [ 0.000 ]

a
W
n
Y 0.446 c

W
n
Y 0.000 n

W
n
Y 0.414 n

Y 0.860 c
W |nY 0.000

[ 0.000 ] [ - ] [ 0.000 ] [ 0.000 ] [ - ]

a
W 0.463 c

W 0.062 n
W 0.475

[ 0.000 ] [ 0.000 ] [ 0.000 ]

c
Y |aW -0.070 c

Y |cW 1.067 c
Y |nW 0.000

[ 1.000 ] [ 0.000 ] [ - ]

Note: Table displays probabilities generated from fitted values of logit estimations with bootstrap
p-values in brackets. Ntot = 3, 464, Ncounties = 495. Bootstrap p-values estimated as share of 399

bootstrap estimates smaller or equal to 0.

63



K Histograms and Yearly Mean Maps: Threats to

Police

Figure A14: Assaults on police Figure A15: Gun regulations (11=A, 0=F)
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L Black Lives Matter Google Trends
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