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Abstract

Because citizen reports are the primary means that police learn of crimes, calling the police has
been called the most important decision in the criminal justice system. One view of citizen-police
cooperation contends that citizens report crimes to the police because they perceive the police to
be legitimate. How, then, do shocks to institutional legitimacy shape the demand for police ser-
vices? Analyzing 25 well-publicized cases of police brutality across 22 US cities using difference-
in-differences analyses and random permutation tests, I find little evidence that police brutality
incidents reduce willingness to call 911 to report crimes overall or in Black neighborhoods, con-
trary to previous empirical work and some theories of citizen-police cooperation. Analyses of
google search trends in impacted areas indicate substantial interest in local brutality events, me-
dia reports and public opinion data indicate these events reduced police trust, and many incidents
resulted in sustained protests and concrete changes in laws and policies about policing. However,
demand for policing services — measured by 911 calls reporting assault, burglary, theft, and gun-
shots — remained remarkably steady. Robustness tests compare acoustic measures of gunshots
with citizen reports of shots fired and examine the racial composition of crime reporters before
and after brutality events, providing additional evidence of no effect. In the absence of alterna-
tives, citizens continue to call on police intervention to manage crime despite damaged police

legitimacy.
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1 Introduction

The brutal death of George Floyd began with a telephone call: a 16 year-old convenience store employee
called the police to report that Floyd may have used a counterfeit $20 bill. A responding officer knelt
on Floyd’s neck for nine minutes, while other officers watched and did nothing. Floyd’s death ignited an
unprecedented social and political reaction, but in many ways it was highly typical. The fatal shooting of
Michael Brown in Ferguson began when a store clerk called 911 to report Brown for shoplifting. The police
killing of Stephon Clark in Sacramento began with a 911 call reporting theft from an automobile (the caller
later told journalists that the incident makes him never want to call 911 again). And the same for many
other of the approximately one thousand annual killings by police in the US, where about 60% of fatal police
encounters resulted from 911 calls (Frankham 2017).

These considerations illustrate how citizens are not solely recipients of policing, but also play active
roles in its provision — what Ostrom (1978) and others have termed the “citizen-coproduction” of policing.
Reporting crime to the police is a consequential and common instance of co-production; an estimated 17
million US residents did so in 2015 alone (Davis et al. 2015). Citizen inputs via crime reporting, in turn,
shape where and when (if not how) police resources are deployed. Moskos (2008, 92) pointedly notes that
“More than any tactical strategy or mandate from the police administration, citizen’s telephone calls control
the majority of police services.”! For race and class subjugated communities in particular, how citizens choose
to “exercise their power to mobilize the police” (Reiss 1971, 67) is thus a central question of governance (Soss
& Weaver 2017). At the same time, a large portion of even very serious crimes are never reported to the
police, a phenomenon attributed in part to cynicism towards “the law and its agents” (Sampson & Bartusch
1998). In recent years, well-publicized police violence and brutality, especially of African Americans by
White police officers, have antagonized elements of the public and galvanized major protests by civil rights
organizations affiliated with Black Lives Matter (Williamson et al. 2018), bringing “worldwide attention to
the contemporary crisis of police legitimacy” in the United States (Peyton et al. 2019). How have these local
shocks to police trust and legitimacy affected citizen cooperation and engagement with the police?

Police brutality is bureaucratic sabotage: “an exceptional case of defection—defection against the public,
against the law, against simple decency” (Brehm & Gates 1997, 149) and a significant political and public
policy problem. Scholars have investigated the impact of well-publicized police brutality and police killings
on outcomes ranging from mental health (Bor et al. 2018) to political participation and public opinion
(Williamson et al. 2018, Enos et al. 2019), police trust and legitimacy (Jefferis et al. 1997, Sigelman et al.

1997, Lasley 1994, Tuch & Weitzer 1997, Weitzer 2002, White et al. 2018, Kochel 2019), and an important

ISee also Reiss (1971, 11, 69-70). Moreover, deployment of police patrols for proactive policing activities typically target “hotspots”
with high 911 call volumes (Gaines & Kappeler 2011, 188).



behavioral manifestation of citizen-police cooperation: citizen crime reporting (Desmond et al. 2016, Cohen
et al. 2019, Zoorob 2020). This paper analyzes the impact of police brutality stories on citizen crime report-
ing — operationalized through 911 calls for common property and violent crimes — moving beyond existing
studies of single cases by incorporating administrative data from 22 cities which experienced 25 prominent
police brutality incidents since 2012. This paper further explores the effects of brutality incidents across
crime types and neighborhood characteristics by spatially joining 911 calls to Census Block Groups (CBGs).

Consistent with other scholarship, I find that well-publicized police brutality incidents have substantial
impacts on nearby residents. Analyses of search trends indicate substantial interest in local brutality events,
media reports and public opinion data confirm these events caused substantial reductions in police trust, and
many of these incidents resulted in large protests and concrete changes in policing laws and policies. How-
ever, daily demand for policing services remained remarkably steady. Two robustness tests — first, comparing
gunshot incidents from acoustic sensors with citizen reports of shots fired and second, examining the racial
composition of crime reporters — provide evidence consistent with these null results. These results suggest
that, in the absence of alternatives, managing crime and disorder drives citizens to demand police services
despite damaged police legitimacy (Hagan et al. 2018), a process facilitated by strategies of “situational
trust” (Bell 2019). Moreover, in contexts of already high legal cynicism where demand for police services
are high, a well-publicized brutality incident may not reduce demand for police services because residents
already have well-formed beliefs about the police, who are highly visible in their neighborhoods (Prowse
et al. 2019). Instead, routine interactions — voluntary and frequently involuntary — may inform attitudes

towards and structure demand for policing (Lerman & Weaver 2014).

2 Police legitimacy and crime reporting

Many scholars call citizen crime reporting “the most influential decision in the criminal justice system”
(Warner 1992, 72).2 Citizen reporting is the primary channel through which crimes become known to
the police (Reiss 1971), making citizens the “gatekeepers” to the criminal justice system (Gottfredson &
Gottfredson 1987). Most police work is produced by citizens calling the police, with smaller shares from
officer-initiated activities like traffic stops (Gaines & Kappeler 2011, 201). About 97% of police investigations
of crime result from citizen notification, usually by crime victims (Greenberg & Ruback 2012, 7). About

90% of police mobilizations are initiated by citizen crime reports, almost always originating from telephone

2Abt & Stuart (1979, 109) write “Of the many roles that citizens perform in the relation to the criminal justice system, none is
more important than that of notifying the authorities of a crime. It is no exaggeration to state that without citizen notification, the
criminal justice system will become ineffective in preventing and controlling crime.” Reiss (1971, 69-70) writes that “Citizens exercise
considerable control over the policing of everyday life through their discretionary decisions to call or not to call the police.”



calls (Reiss 1971, 11). Policing practitioners similarly stress the importance of citizen crime reporting and
cooperation. Talking to the Boston Globe about declining homicides, William Gross, the Police Commissioner
in Boston, “stressed that city residents have shown a willingness to immediately call 911 and cooperate
with police in the aftermath of violent crime” (Anderson & Vaccaro 2019). Because of its importance to
the operation of the criminal justice apparatus, deployment of policing resources, and legitimating police
intervention, an extensive literature explores the conditions under which citizens report crimes to the police
(Reiss 1971, Skogan 1976, 1984, Warner 1992, Slocum 2018).

One thread in this large literature maintains that those perceiving “the police as more legitimate were
more willing to cooperate with them both by reporting crimes or identifying criminals...” (Tyler 2004, 89).3
A Weberian concept, legitimacy is a characteristic of authorities which command voluntary compliance or
cooperation independently of sanction or incentive. Social scientists typically operationalize police legiti-
macy through survey-based measures about the obligation to obey the police and police directives, trust and
confidence in the police, and identification with the police (Tyler & Fagan 2008, 246). Survey data indicate
that those who ascribe higher levels of legitimacy to the police are more likely to say they would obey the
law (Tyler 2006), support police patrols in their neighborhoods (Mummolo 2018a), cooperate with a police
investigation, and report a crime to the police (Sunshine & Tyler 2003, Tyler & Fagan 2008, Tolsma et al.
2012, Tyler & Jackson 2014).* This literature contends that police legitimacy is the central determinant
of cooperation. Sunshine & Tyler (2003) emphasizes that citizen evaluations of the police, willingness to
cooperate with the police, and willingness to support policies that empower the police are not tied to in-
strumental beliefs that police are effective in fighting crime or distribute resources properly, but are instead
driven by beliefs that police share their values and treat people fairly (“procedural fairness”). Tyler & Fagan
(2008, 240) argues that “people cooperate [with the police] because they feel it is the right thing to do, not
because of material gains and losses.”

Consistent with this view, individuals who have had negative prior interactions with the police are less
likely to report crime (Slocum 2018, Kwak et al. 2019) and ascribe less legitimacy to the police as an
institution (Tyler et al. 2014). Other research indicates that vicarious experiences — hearing of another’s
bad experiences with the police — can similarly damage police legitimacy (Browning et al. 1994, Rosenbaum
et al. 2005). Some evidence from Latin America indicates that observers of police violence are less willing
to report crime (Gingerich & Oliveros 2018), though no effect was found in a study of police shootings

in Los Angeles (Cohen et al. 2019). The absence of police legitimacy has been termed legal cynicism, a

3This forms part of a larger literature documenting the salutary effects of legitimacy (or what Easton (1965, 1975) calls “diffuse
support”) on a variety of outcomes including compliance with the law Tyler (2006) and acceptance of unpopular court decisions (Gibson
et al. 1998, Gibson & Nelson 2015).

4But see Davis & Henderson (2003), Goudriaan et al. (2005), Warner (2007), and Kéiridinen & Sirén (2011).



cultural orientation of antagonism and distrust in the law and its agents (Sampson & Bartusch 1998, Kirk
& Papachristos 2011). Negative personal encounters with police foster cynicism (Nivette et al. 2015) and
are associated with making fewer 911 and 311 calls (Lerman & Weaver 2014), perhaps because refraining
to report crimes serves to “limit the power of the police in everyday life” (Reiss 1971, 67).° Conversely,
positive interactions with police in nonenforcement settings has been shown to increase reported willingness
to cooperate with police (Peyton et al. 2019).

In addition to personal or vicarious experiences, media coverage of brutality incidents decreases beliefs
that police use force appropriately (Jefferis et al. 1997, Sigelman et al. 1997) or treat people fairly (Lasley
1994) and reduces overall trust in police (Tuch & Weitzer 1997, Weitzer 2002, Kochel 2019).® Those who
consume more local news programming believe that police misconduct is more frequent, an effect that
is more pronounced among racial minorities (Dowler & Zawilski 2007). Negative publicity of the police
can even reduce the self-perceived legitimacy of police officers (Nix & Wolfe 2017). Empirically, Desmond
et al. (2016) finds that when news of a Milwaukee police beating broke out, 911 calls in the city declined,
especially in Black neighborhoods, which they attribute to increased legal cynicism, though Zoorob (2020)
questions whether the data support these conclusions. In summary, previous research suggests that (1)
lower levels of police trust are associated with less crime reporting, (2) media incidents of brutality can
reduce police trust, and (3) a brutality incident substantially reduced 911 calls in one city. This motivates

the following “legitimacy shock” hypothesis:
H1: 911 calls will decline after brutality incidents.

For several reasons, the effect of brutality incidents on citizen crime reporting to the police might vary
across racial groups — and be particularly pronounced among Blacks (Desmond et al. 2016). Some studies
have found that the negative impact of brutality incidents on perceptions of police is greater among Blacks
(Lasley 1994, Tuch & Weitzer 1997, Kochel 2019) and nearby police killings have been shown to adversely
impact nearby residents’ mental health, but only among Blacks (Bor et al. 2018). Blacks are much more likely
to be killed by police than whites (Streeter 2019) and are much more likely to report they are “personally
worried” about becoming a victim of police brutality—about 64% of Blacks, compared to 37% of Hispanics
and 12% of Whites (Malloy & Smith 2018). Zimring (2017, 138) writes that police killings may “have a
substantial and mostly negative impact... particularly in minority community areas and among people who
feel at risk” on “attitudes towards police including trust, willingness to provide information or other types

of cooperation, and responses to other types of interactions with police.” The dampening effects of negative

50ne ethnographic work examining legal cynicism in Philadelphia is aptly titled “We never call the cops, and here’s why” (Carr et al.
2007).

6Similarly, in legislative contexts, publicized scandals of individual legislators damage the perceived legitimacy of legislative institu-
tions (Bowler & Karp 2004).



police-interactions on crime reporting are higher for Blacks than whites (Slocum 2018). Blacks also tend to
follow news about police brutality more closely than Whites and Hispanics; 50% of Black respondents stated
they followed the news coverage of Freddie Gray’s death “very closely” compared to 32% of Whites and
22% of Hispanics. Similarly, 54% of Black respondents stated they followed coverage of Michael Brown’s
death “very closely”, compared to 25% of Whites and just 18% of Hispanics (Dohert & Rachel 2015). Race
also structures the kinds of information people seek out to learn about police brutality incidents, with Black
Americans much more likely than Whites to seek out coverage sympathetic to the civilian rather than police
(Jefferson et al. 2020). The greater salience of police brutality incidents among Blacks — who are objectively
more likely to experience such incidents and express greater fear of becoming victims of police brutality —

generates the race moderator hypothesis:

H2: Decreases in 911 calls after brutality incidents will be steeper for Blacks than Whites.

3 Context and case selection

I test these hypotheses by examining changes in crime reporting in 22 cities across the United States after
25 well-publicized police brutality events in their communities, using police 911 call data from Baltimore,
Chicago, Cincinnati, Dallas, Detroit, Fort Worth, Hartford, Los Angeles, Minneapolis, Nashville, New Or-
leans, Phoenix, Sacramento, Salt Lake City, Santa Rosa, Seattle, St. Louis, Tempe, and Vallejo and using, in
robustness checks, granular police incident data about reported crime victims from Dallas and New York City
(police incident reports are a slightly different data source from 911 calls that provide the races of individual
victims who reported crimes to police).” The incidents of police brutality are, chronologically, listed in Figure
1 and described in detail in Appendix Section B. All but two incidents involved fatal uses of force and all
garnered significant media attention and led to protests (Williamson et al. 2018).

Studying the impact of local police brutality on nearby crime reporting behavior is important as Americans
recognize that different police departments — with varying quality of responsiveness — operate in different
geographic boundaries (Bell 2020, 948) and city-level context structures variation in police trust (Sharp &
Johnson 2009). To the best of my knowledge, these cities comprise the set of cities which both experienced
well-publicized brutality incidents since 2012 and for which police calls for services or granular crime reports

were accessible.?

7I study two incidents that took place in Sacramento: the police killings of Joseph Mann and Stephon Clark. Minneapolis data is
used to study the impact of three incidents: Jamar Clark and Justine Damond, who were killed by Minneapolis police officers, and
Phillando Castile, who was killed in the nearby suburb of Falcon Heights. St. Louis 911 call data is used to study the impact of the
Michael Brown killing in Ferguson, a nearby suburb.

8Call data for Chicago, Fort Worth, Minneapolis, St. Louis, Santa Rosa in part, Sacramento in part, and Vallejo in part were obtained
by public records request; all other cities’ data were downloaded from digital Open Data platforms. I also submitted public records



Figure 1: Incidents of police brutality analyzed in this study, arranged chronologically (city of incident in
parenthesis).

March 7, 2012 -e Fatal police shooting of Wendell Allen (New Orleans)

October 22, 2013 -e Fatal police shooting of Andy Lopez (Santa Rosa, CA)

July 17, 201 Death of Eric Garner from police chokehold (New York City)

4
August 9, 2014 -e Fatal police shooting of Michael Brown (Ferguson, MO)
4

August 11, 201 Fatal police shooting of Ezell Ford (Los Angeles)

April 19, 2015 -e Death of Freddie Gray from arrest injuries (Baltimore)

July 9, 2015 -e Fatal police shooting of Samuel DuBose (Cincinnati).

October 5, 2015 -e Police beating of Ricardo Perez and Emilio Diaz (Hartford)

November 15, 2015 -e Fatal police shooting of Jamar Clark (Minneapolis)

November 24, 201 Dashcam footage of fatal police shooting of Laquan McDonald (Chicago).

May 19, 201 Fatal police shooting of Jessica Williams (San Francisco)

July 6, 201 Fatal police shooting of Philando Castile (Falcon Heights, MN)

September 16, 201

September 20, 201 Fatal police shooting of Joseph Mann (Sacramento)

February 10, 201 Fatal police shooting of Jocques Clemmons (Nashville)

June 18, 201 Fatal police shooting of Charleena Lyles (Seattle)

July 15, 201 Fatal police shooting of Justine Damond (Minneapolis)

Fatal police shooting of Patrick Harmon (Salt Lake City)

August 26, 201 Death of Damon Grimes in police pursuit (Detroit)

March 18, 201 Fatal police shooting of Stephon Clark (Sacramento).

September 6, 201 Fatal shooting of Botham Jean by off-duty police officer (Dallas)

January 15, 201 Fatal police shooting of Antonio Arce (Tempe, AZ)
February 9, 201 Fatal police shooting of Willie McCoy (Vallejo, CA)

June 11, 201

5
6
6
6
6
7
7
7

August 13, 2017
7
8
8
9
9
9 -e Excessive force against Dravon Ames, lesha Harper, and daughters (Phoenix)
9

)
i
I
4
i
I
4
i
i
4
4
i
—o‘ Fatal police shooting of Terrence Crutcher (Tulsa)
4
i
I
4
i
I
4
4
i
I
4
October 12, 2019 -e

Fatal police shooting of Atatiana Jefferson (Ft. Worth)




The cases studied are well-publicized incidents of police brutality; they are not “typical” officer-involved
shootings or uses of force — of which there are thousands each year (Zimring 2017, Cohen et al. 2019) — they
are “high-profile cases of excessive police force” which ”constitute a severe breach in the social contract that
exists between citizens and the criminal justice system” (Desmond et al. 2016, 871).° These incidents also
differ in important ways, such as the demographics of the impacted city, the nature of the brutality incident,
the legal and political response to the incident, and the context and history of community-police relations in
the city. In Appendix B, I detail each brutality incident and its aftermath to provide a richer understanding
of "the treatment” — experiencing a well-publicized police brutality incident — in the quantitative analyses
which follow.

Here, I review a few important features shared by all of these instances of police brutality. First, each
incident, notwithstanding differences in degree, was a well-publicized and politically salient shock to the
legitimacy of the police in the local community, sparking significant protest and unrest (Williamson et al.
2018). The starkest examples of protest among my cases are in Baltimore — where the unrest which followed
Freddie Gray’s funeral included looting of businesses and activation of the National Guard — and Ferguson,
Missouri.!? But sharp community reactions are pervasive. After the killing of Jamar Clark in Minneapolis,
protesters camped out of a nearby police precinct for 18 days; in numerous other instances, protesters in-
terrupted city council meetings or disrupted traffic. Second, officers were typically White and victims were
overwhelmingly — in 22 of the 25 cases — Black (in two cases — Antonio Arce and Andy Lopez — victims
were non-Black Latinos. In only one case in my study — Justine Damond in Minneapolis — was the victim
non-Hispanic White). Consequently, these incidents often inflamed racial tensions. For example, the New
Orleans Picayune described the killing of Wendell Allen as a “bruising chapter” for the police department that
“raised racial tensions” (Mustian 2015). Third, 911 calls played a major role in several brutality incidents
(Ames, Brown, Clark, Crutcher, Damond, Lyle, MacDonald, Mann, McCoy) as the channel through which the
police came to encounter the victimized citizens. Fourth, in many cases these incidents sparked major polit-
ical or policy changes, including firing or forcing resignation of the police chief (Michael Brown’s death in
Ferguson, Laquan McDonald’s death in Chicago, Jessica Williams death in San Francisco, Justine Damond’s
death in Minneapolis), adopting a new use of force policy (Joseph Mann’s death in Sacramento), providing

officers with de-escalation training (Ezell Ford’s death in Los Angeles), distributing body cameras (Jocques

requests to local police departments or emergency management agencies in Baton Rouge, Cleveland, North Charleston, Oakland, and
Allegheny County to examine the impacts of the Alton Sterling, Tamir Rice, Walter Scott, Oscar Grant, and Antwon Rose Jr. brutality
incidents, but I was unable to obtain responsive records. I submitted requests to the San Francisco police department for earlier 911
call records (to study the impact of the fatal police shooting of Mario Woods) and did not receive responsive records.

9“That breach is so sudden and violent when unarmed black men are beaten or killed that virtually no institutional response, from
public apologies to sanctioning offending officers, can swiftly repair it” (Desmond et al. 2016, 871).

100f course, police violence has sparked urban unrest in various cities during the 1960s (Kerner 1968, 68-70), in Los Angeles in 1992
(Enos et al. 2019), and across the United States in 2020.



Clemmon’s death in Nashville, the “Dollar Tree Incident” in Phoenix), changing police jurisdiction (Damon
Grimes death in Detroit led to the city terminating the Michigan State Police’s patrol of certain neighbor-
hoods), mediation from the Department of Justice (Willie McCoy’s death in Vallejo), and even sparking state
legislation to change use of force rules (Stephon Clark’s death in Sacramento led to ”Stephon Clark’s law”).

Finally, in some, but not all, incidents, there was considerable lag between the incident itself and its
becoming a major political issue (for example, the City of Chicago under Mayor Rahm Emmanuel stifled news
of the Laquan MacDonald shooting for months, probably to protect Emmanuel’s re-election prospects (Glawe
2016), until a judge ordered the release of dashcam footage) or the salience of the issue may have waxed
and waned with major events, such as indictment decisions,which reignite and intensify anger towards the
police. Often“the outrage at the police action seems always to be redoubled when there are failures to arrest,

to charge, to convict and to criminally punish the police who cause injuries and death” (Zimring 2017, 166).

4 Media coverage and defining the treatment period

The occasional discrepancy between an event of police brutality and its publicity raises the issue of how
to measure when the treatment occurred, since the brutality event and its diffusion to the public are not
necessarily coterminous (Desmond et al. 2016). Moreover, the duration of the impact is not obvious; when
a scandal occurs, for how long is legitimacy most heavily impacted, and how quickly do effects dissipate?!!
To provide a principled answer to the question of treatment duration, I examined the landscape of online
search interest and media coverage for some prominent police brutality incidents. The logic is that police
legitimacy is most damaged — and an effect is most likely evident — during and just following periods where
scandal is salient.

To measure and track the salience of brutality incidents, I collected data on Google Searches for the names
of police brutality victims using Google Trends in the media markets where these events occurred. Google
Trends provides a relative metric of how often individuals are searching for words or phrases overall and
in specific geographic media markets. However, it does not provide absolute measures of interest, instead
scaling to 100 the week and term during the search period with the most interest and re-scaling all other days
as a percentage of the maximum item (Google Trends n.d.). Hence, to measure interest in police brutality
incidents, I benchmark searches related to the brutality incident with searches for the President and a local
or state political leader.

To validate Google Trends in the impacted metropolitan area as a sensible metric of salience, I bench-

Hprevious scholarship provides one upper-bound for the duration of impact. African Americans in St Louis county reported reduced
police legitimacy just after the death of Michael Brown, but attitudes bounced back to approximately prior levels in the subsequent
wave of the survey, six-months later (Kochel 2015).



marked it to television coverage and digital media coverage in the Stephon Clark case. To do this, I hand
collected digital media coverage of the killing of Stephon Clark from the the newspaper of record Sacra-
mento Bee and websites of each of the major local news channels: abc10.com, sacramento.cbslocal.com, and
krertv.com. I also obtained local television coverage data in the greater San Francisco market from GDELT’s
Television Explorer, which obtains captions from TV broadcasts saved on the Internet Archives Television
News Archive.(GDELT n.d.)'? These three metrics of salience are shown in Figure 2. The top panel shows
Google Trend search interest in Stephon Clark in the Sacramento-Stockton-Modesto media market alongside
search interest in Donald Trump and then-mayor of Sacramento Darrell Steinberg. The middle plot shows
mentions of Stephon Clark in the San Francisco media market’s four major local television news stations
(local affiliates of ABC, CBS, FOX), showing the same patterns. I draw two inferences from this; first, Google
search interest, television coverage, and the publication dates of digital news stories about the Stephon Clark
incident are highly interrelated. Second, at its peak, salience was quite high, with search interest equaling
about quadruple that of search interest in President Donald Trump. Third, salience of the event peaked 1-2
weeks after Clark’s death and decayed very quickly thereafter (reaching near-zero by 5 weeks), though there
was an aftershock of interest following the non-indictment of the officer who killed Clark.

Having established Google Trends as a reasonable metric, I present Google search trends for six additional
brutality incidents (Figure 3). These are (1) Terrence Cruthcer (top left), (2) Atatiana Jefferson (top right),
(3) Freddie Gray (middle left), (4) Philando Castile (middle right), (5) Laquan Mcdonald (bottom left), and
(6) Mike Brown (bottom right). As with the Stephon Clark case, each incident sharply peaked in the first
one or two weeks just following the incident becoming public, and coverage declined substantially shortly
thereafter—falling to near-zero within four or five weeks of news becoming public. In Laquan McDonald’s
case, search interest abruptly spiked when dashcam footage was released (which is when news of the incident
first became widespread) and dissipated within about four weeks. For some incidents (Philando Castile,
Michael Brown), a second wave of interest followed a salient legal event (a failure to hold the perpetrator
accountable), while others showed no such bi-modality.

The takeaways from these analyses are that the brutality incidents studied are salient events, but their
presence in the media is relatively short-on the order of 3-6 weeks following the incident’s first coming to
light. This period of high salience is the period when any effect on behavior is most likely. In all instances,
peak salience occurred in the weeks just after the brutality event came to light. In several instances, inter-
est was multimodal, with renewed interest and search activity following particular legal events, typically
non-indictments and acquittals. Consequently, for three major incidents where search interest shows clear

bimodality after the judicial system fails to punish the officers involved in the incidents — the fatal shootings

12Unfortunately, these data did not contain TV coverage from the Sacramento local television markets during the relevant time period.



Figure 2: Search interest, digital media, and television coverage of the police killing of Stephon Clark.
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Figure 3: Search interest and media coverage of incidents.
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of Michael Brown, Philando Castile, and Stephon Clark — I include both the date that news of the incident
became public as a treatment date, and separately include the date of the major event of the criminal jus-
tice system, effectively treating these non-indictments (in the Brown and Clark cases) or acquittal (in the
Philando Castile case) as separate, additional incidents. This decision does not substantively change any

conclusions.

5 Do 911 calls decline after brutality incidents?

I now turn to the central question of this paper: do well-publicized brutality incidents cause citizen crime
reporting to decrease? Complicating these analyses, 911 call data is messy and heterogeneous, with the bulk
of calls stemming from non-emergencies, non-crimes, and accidents (Antunes & Scott 1981). Cities also
vary widely in the manner and detail of data reporting. To boost comparability across cities and hone-in on
citizen crime reporting, main analyses focus on four common citizen initiated call types: assault, burglary,
theft, and gunshots.!® These call types have desirable properties. First, they track the key concept of citizen
crime reporting — they are crimes which typically become known to police via reporting initiated by citizens
(rather than discovered by police). Second, they are sufficiently common to allow statistical analyses. Assault
is the most common violent crime, theft is the most common property crime, and burglary is the second most
common property crime. Finally, theft, assault and burglary are crime types of low to medium severity crimes
and fall in the medium-range of crime reporting, as offense severity is a strong predictor of crime reporting
(Skogan 1976). In 2018, 29% of thefts, 43% of assaults and 48% of burglaries were reported to the police
(Morgan & Oudekerk 2019).'% Consequently, theft, burglary, and assault are crimes where movement after
brutality incidents is likely. In addition to being fairly common and substantively important, gunshot calls
provide a unique analytic opportunity to benchmark changes in citizen reports against acoustic measures
of shots fired (Carr & Doleac 2016, Renda & Zhang 2019). Plots of the daily 911 calls for each crime type
before and after each incident are shown in Appendix Figures A1 — A4.

Where possible, I spatially join calls to their 2010 Census Block Group (CBG) to estimate heterogeneous
effects by the racial composition of neighborhoods. Following Desmond et al. (2016), I categorize a CBG
as a White or Black neighborhood if more than 65% of residents belong to that racial group in the 2010
Census.'® For Seattle and Los Angeles, the most precise geolocation in the call data was police precincts,

so the centroid coordinates of police precincts were used as call locations. For the other cities, call data

13See Appendix Table Al for a detailed breakdown of the call categories used in each city.

14This compares with 63% of robberies, and 80% of motor vehicle thefts (Morgan & Oudekerk 2019).

158alt Lake City, Sacramento, Santa Rosa, Seattle, Tempe, Phoenix, and Vallejo do not have any Black neighborhoods by this defini-
tion. Minneapolis has just 4 Black neighborhoods out of 420 CBGs, so I do not estimate separate effects for Black neighborhoods in
Minneapolis.
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included latitude and longitude coordinates, spatial coordinates from a projected coordinate system which I
could transform into latitude and longitude coordinates, or (in the cases of Santa Rosa and Vallejo for some
years and Fort Worth, Phoenix, San Francisco, and Tulsa for all years) address data which I geocoded to

geographic coordinates using the ArcMap “USA_LocalComposite” Geocoder.

5.1 Evidence from parametric regression

Next, I estimate a set of panel regression models — separately for assault, burglary, larceny, and gunshot
calls — to test whether calls changed in the weeks following the brutality incidents compared to a placebo
series of weeks in that city from a different year.!° I estimate the model on subsets of days ranging from 2
weeks (14 days) to 8 weeks (56 days) before and after the brutality event date in both the “treated” year
and “control” year. For the analysis of all neighborhoods, all 25 city-incidents are included. Analyses subset
to Black neighborhoods include only those incidents in Baltimore, Chicago, Cincinnati, Detroit, Fort Worth,

Hartford, Los Angeles, New Orleans, St. Louis, and Tulsa. The model is specified as follows:

log(Calls + 1),;; = a; + BijAfter;; + [2;Treated;; + r'Treated - After + ¢;

where i indexes day and j indexes city-incident. The dependent variable log(Calls + 1),; is the natural
logarithm, plus one, of calls on day i for city-incidentj. I use the natural logarithm because the raw number
of calls differs significantly between cities of different sizes, while the logged scales are more comparable
(logarithmic scales also allow expression of treatment effects in terms of percentage changes). «; represents
a city-incident level “fixed-effect”, 8, j is a vector of coefficients representing the average change in log calls
after the treated date (in any year), (2] is a city-incident vector of coefficients representing the average
change in log calls during the treated year (compared to the control year), and 7 is the quantity of interest
representing the average change in calls after. Standard errors are clustered by incident.!” This is a straight-
forward test that 911 crime reporting calls decline after brutality incidents. If the 7 parameter is negative
and statistically reliable, that is evidence in favor of H1. Otherwise, the evidence is not consistent with H1.

I first present the results using 5 weeks (35 days) before and after each incident in both the control and
treated years (Table 1). This results in 3640 observations: 140 days (70 treated, 70 control) for each of 26
incidents (including non-indictments) for which I have 911 call data. For each of calls for assault, burglary,

larceny and gunshots, the estimate for changes in log calls after the brutality incident relative to the placebo

16Typically the previous year, though in San Francisco (Jessica Williams case) it is the subsequent year because I do not have 911
calls from the previous year. I thank Wesley Skogan for suggesting the idea of a “control year.” Sullivan & O’Keeffe (2017) uses a similar
empirical strategy to study the 2014-2015 work stoppage by New York City police officers.

17Implemented via the felm function in R’s Ife package.
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Table 1: Difference-in-Differences Estimate at 5 Weeks in all neighborhoods (Incidents/Events = 26)

Dependent variable:
log(Calls + 1)
Assault  Burglary  Larceny  Gunshots

Treated - After 0.01 0.07* 0.02 —0.04
(0.02) (0.04) (0.03) (0.05)
Observations 3,640 3,640 3,640 3,640
Adjusted R? 0.89 0.87 0.88 0.72
Residual Std. Error (df = 3611) 0.32 0.36 0.32 0.53
Note: *p<0.1; **p<0.05; ***p<0.01

year is not statistically distinguishable from zero. For assault, it is a narrowly estimated zero. Point estimates
for other crime types hover around zero, with the point estimate for burglary calls slightly above zero. Figure
4 plots the difference-in-differences estimator over varying subsets of weeks around the date of the incident:
from 2 weeks to 8 weeks. For all crime types, point estimates hover around zero, and none are statistically
significantly below zero. Moreover, relatively precise estimates suggest that the data is not consistent with
large declines in calls. For assault and larceny calls, confidence intervals at most date intervals rule out any
declines exceeding about 5%; for burglary calls — with point estimates consistently above zero, though not
statistically significantly above zero — confidence intervals rule out any declines exceeding about 3% of calls.
Gunshot calls are estimated somewhat less precisely (there are fewer of such calls), and confidence intervals
rule out any declines exceeding about 10% of calls. Overall, these estimates do not support H1, as there
is not evidence of an average decline in crime reporting for any crime type in the weeks following salient
brutality events.!®

However, the effect of brutality events could be heterogeneous by neighborhood characteristics. I explore
this possibility by estimating the same models separately for Black neighborhoods (Census Block Groups with
> 65% Black populations). This analysis has less statistical power than the overall estimates, because many
cities that experienced brutality incidents do not have any Black neighborhoods according to this definition,
as indicated previously.'® Estimates and confidence intervals for the change in calls in Black neighborhoods
are shown in Figure 5. As with previous estimates among all neighborhoods in all cities, there is little
evidence of a large decline in 911 calls in Black neighborhoods; indeed, for no week or crime type was there

a statistically significant decline in calls. For assault and burglary calls in Black neighborhoods, estimates

181 also estimate a random slopes model using the same differences-in-differences design, with results reported in Appendix Figures
A5 and A6. This allows the impact of brutality events to vary across cities and cases. The overall effect is clustered around zero (Figure
A5), though there is some heterogeneity across incidents (Figure A6). One consistent pattern is increased calls, across all crime types,
in Baltimore relative to the average incident.

19Consequently, there are only 12 city-incidents subset to Black neighborhoods: Baltimore, Chicago, Cincinnati, Fort Worth, Hartford,
Nashville, Los Angeles, New Orleans, St Louis (death of Michael Brown), St Louis (nonindictment of Officer Darrell Wilson), Tulsa, and
Detroit.
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Difference-in-Differences (All Neighborhoods)
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Figure 4: Difference-in-difference estimates from Equation 1 are shown, with 95% confidence intervals,
from separate regressions varying the call type and the number of weeks pre/post incident. Coefficients are
transformed to express percentage changes in calls (1 — exp(7))
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Difference-in-Differences (Black Neighborhoods)
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Figure 5: Difference-in-difference estimates from Equation 1 are shown, with 95% confidence intervals, from
separate regressions varying the call type and the number of weeks pre/post incident. These estimates are
subset to Black neighborhoods (Census Block Groups with > 65% residents). Coefficients are transformed to
percentage changes.

tended to be positive but not statistically different from zero. For larceny calls, at very narrow bandwidths
(2-3 weeks), estimates were negative, but they converged to near-zero after 5 weeks. Gunshot calls again
had more uncertainty, but point estimates consistently exceeded zero and were statistically significant at
2 weeks. Generalizing across all crimes and date bandwiths, the lower bound on the confidence intervals
for these estimates tend to rule out declines of more than 5%. Overall, these estimates do not support the
hypothesis that 911 calls declined in Black neighborhoods after salient brutality events, contrary both to H1

and H2.20

5.2 Evidence from randomization inference

The second set of statistical analyses consist of random permutation tests. Intuitively, these tests compare

the change in 911 calls in the days following brutality incidents with the change in calls following all other

20 Appendix Figure A10 shows results subset to White neighborhoods only, finding no evidence of decreased calls for any subset of
crime type or week. Estimates including 2-3 weeks pre/post incident show statistically significant increases in gunshot calls in White
neighborhoods, though estimates center around zero as additional weeks are included.
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dates for which I have call data. Randomization inferences provide distribution-free “exact inferences”
about the hypotheses under consideration; that is, they do not appeal to asymptotic properties or references
to hypothetical distributions. Instead, the reference point for a “statistically significant” difference comes
from the data. In addition to these general properties, randomization inference has particular advantages in
this context. First, it preserves the temporal clustering of treatment, which necessarily involves a series of
consecutive days that may be correlated with one another in a complex way (e.g. crime sprees) (Cooperman
2017). Second, it is more robust than asymptotic methods to “leverage” from a few influential observations
that contribute to greater than nominal rejection rates (Young 2019) and outliers have loomed large in the
study of brutality incidents on citizen crime reporting (Zoorob 2020). Another advantage of this approach
is that allows the impact of brutality incidents on calls to vary across incidents (heterogenous treatment
effects).

I start by analyzing each brutality incident and crime type separately to obtain unit-level inferences for
the ”sharp-null” of no effect of each brutality incident on each crime type. This hypothesis implies that that
the change in calls after brutality incidents would have been exactly the same had no brutality incident
occurred, and, conversely, the the change in calls on all other days would have been the same had any
brutality incident occurred. If the data make this strong “sharp-null” hypothesis surprising or unlikely, there
is evidence of an effect on 911 calls.

As Rosenbaum et al. (2002) suggests, I first adjust the data on observable covariates. Specifically, I
control for seasonality and day of week, which both could plausibly impact call trends. To do this, I subtract
the total calls observed on each day by the predicted call counts from a negative binomial regression with
only month dummies and day of the week dummies. Then, I estimate an ordinary least squares regression

as follows:

Calls; = TAfter + SDay of Week + ¢ D

with i indexing days and data ranging from 30 days before and after the brutality incident and Calls
representing the residualized daily call data.?! Next, I estimate this same equation labeling as treated all
feasible dates for which I have call data; this generates a reference distribution of the change in calls with
which to compare Ty,1q1it- I use this reference distribution to estimate whether the change in calls observed
after brutality incidents stands out from ordinary days—and, in particular, whether the change in calls stands

out as a decrease relative to the distribution of days. Because the hypotheses are uni-directional, I choose

21Because the de-seasonalized call counts can be negative, I cannot estimate negative binomial regressions on the de-seasonalized
data. In robustness tests, I estimate these models with bandwidths of 15 days and 45 days. In other robustness tests, I do not
deseasonalize the data and run negative binomial regressions on the raw count data. Substantive conclusions are the same.
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to use a one-tailed hypothesis test, where an observed change in calls below the 10th percentile provides
evidence in favor of H1. I carry out this process for each brutality incident and type of crime (burglary,
assault, and gunshots).

To illustrate this procedure, I first present the results for one city and crime type: burglary 911 calls
in New Orleans after the shooting of Wendell Allen (Figure 6). The randomization procedure obtains a
distribution of placebo treatment effects which I compare with the actual change in calls after the brutality
event. The dashed red line — indicating the coefficient representing the change in calls after the event date
(Torutality) — falls just above the median day, indicating that the change in burglary calls was not atypical.

Using the same procedure, I calculate the estimated effects, and parametric 95% confidence intervals
(plus/minus two standard deviations), for all brutality incidents and crime types, plotted in Figure 7. The
vast majority of incidents and crime types are clustered around no effect. In Baltimore, there is a large and
statistically significant increase in assault, burglary, and gunshot 911 calls (but not larceny calls). For just 4
the of 104 incidents and crime types is the estimate negative and confidently different from zero. Overall,
this analysis does not provide evidence consistent with H1.

By treating each brutality incident as a sample from a superpopulation of brutality incidents (Imbens
2004, 6), I use the information from this sample of brutality incidents to make inferences about the average
impact of brutality incidents. I plot the exact one-tailed p-value for each crime type in Figure 8, with
estimates sorted by magnitude. Under the null hypothesis, the treatment effects are expected to follow a
standard uniform distribution (indicated by the dashed diagonal line). If H1 is correct, unit treatment effect
should tend to fall below the diagonal line. However, this is not the observed pattern; most points are
close to the line and, if anything, there is a kink above the line, suggesting an increase in calls.??> 1 used
the Kolmogorov-Smirnov test to formally estimate whether the observed distribution of p-values includes
smaller values than would be expected from a uniform distribution. The test does not find evidence of this
(DT ~0.02, p~ 0.93).2°

An alternative estimation strategy avoids asymptotic inferences and uses a simulated reference distribu-
tion of standard uniform distributions with the same number of observations as randomization tests (in this
case 4 times 26 incidents/non-indictments, or 104). Simulating from 1 million standard uniform distribu-
tions, I calculated the proportion of observations that were less than 0.1 — or statistically significant at the

one-tailed o = 0.1 level used above. This provides a reference distribution with which to compare the ob-

22As 1 detail later, the spike in 911 calls during the Baltimore unrest following Freddie Gray’s funeral explains some of the upward
tendency.

23Implemented using the ks.test(x, “punif”, “greater”) function from the stats package in R. Formally, this tests the alternative hypoth-
esis that the cumulative distribution function (CDF) for the distribution of the p-values is greater than (lies above) the CDF of a standard
uniform distribution. Other goodness of fit tests yield the same conclusion (e.g. Wilk-Shapiro test for Uniform [0, 1] distribution in the
EnvStats package.)
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New Orleans (Wendell Allen), Burglary
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Figure 6: This plot shows the reference distribution of treatment effects. The red vertical line indicates the
change in calls on the day of Allen’s death. Black lines indicate the 2.5% and 97.5% of coefficients.
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Figure 7: This plot shows the randomization distribution point estimates and parametric confidence intervals
for analyses of all neighborhoods. Each point and confidence interval corresponds to a city-incident and
crime type. The vast majority of incidents cluster around zero, consistent with no effect. Baltimore’s burglary,
assault, and gunshot calls appear to have increased.
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Figure 8: Each point estimate represents a treatment effect estimate p-value from the randomization infer-
ence procedure. If police brutality incidents have no effect on citizen 911 calls, this distribution of treatment
effects will be uniformly distributed (approximately along the diagonal line); if incidents decrease 911 calls,
points will fall below the line. This figure is inspired by a similar figure in Ho & Imai (2006).
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Figure 9: The histogram shows the density of the proportion of statistically significant observations for
one-million simulated standard uniform distributions, with solid black vertical lines denoting the 2.5th and
97.5th percentiles. The dashed, red vertical line indicates the observed proportion of statistically significant
brutality incidents in this sample. The observed value falls clearly in the center of the distribution, indicating
that the results are consistent with no effect of brutality incidents on changes in seasonally-adjusted 911
calls (0.68 of samples have at least as many statistically significant observations as the observed).
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served sample of statistically significant observations. Intuitively, some proportion of draws from a standard
uniform distribution will, by chance, be less than < 0.1-in expectation, 10% of them. If the observed share
of statistically significant observations exceeds expectations from chance, that provides evidence in favor of
H1. However, as Figure 9 shows, the proportion of statistically significant observations in this sample falls
within what would be expected by chance, with 72% of simulated distributions having at least as many
statistically significant observations as observed. There is also no evidence of a decrease in calls at other
timescales; using 15-day or 45-day bandwidths, the share of simulated distributions having at least as many
statistically significant observations as observed is 83% and again 72%, respectively.

As before, I perform the same randomization inference analysis subset to Black neighborhoods. Figure
10 shows the coefficients, and 95% parametric confidence intervals, for the changes in calls in Black neigh-

borhoods. The vast majority of coefficients cluster around zero, consistent with no effect. Again, Baltimore
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Figure 10: This plot shows the randomization distribution point estimates and parametric confidence in-
tervals for analyses subset to Black neighborhoods, defined as Census Block Groups with Black residents
exceeding 65% of the population. Each point and confidence interval corresponds to a city-incident and
crime type. The vast majority of incidents cluster around zero, consistent with no effect. Most estimates
hover around zero; Baltimore’s burglary, assault, and gunshot calls appear to have increased.

has a large increase burglary calls. This analysis provides little support for H1 or H2.

5.3 Evidence from police incidents

As an additional robustness check, I explore how the number and demographics of people who report crime
to the police changes after brutality incidents, using granular crime reporting data from Dallas (analyzing
the impact of the September 6, 2018 killing of Botham Jean, a Black man, in his apartment by an off-duty
police officer) and New York City (analyzing the impacts of the July 17, 2014 fatal choking of Eric Garner
by NYPD officer Daniel Pantaleo and the December 3, 2014 non-indictment of Pantaleo). These incident
data contain the date of the report, demographic information about crime victims, and the circumstances
which led them to report their crimes to the police. Because the data are at the individual-level, this analysis
is immune to any ecologic biases that may hinder inference in the previous analyses. For example, even

within a Census Block Group that is 75% African American, it is possible that many 911 calls are made
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by non-Black individuals. This could introduce bias if, for example, the impact of brutality incidents on
911 calling behavior is mediated by racial context (perhaps non-Black individuals in predominantly Black
neighborhoods are much more likely to call 911 after brutality incidents). However, these data have their
own limitations; namely, they are limited to just two cities and to crime victims whose calls to the police led
to a police incident report.

H1 and H2 predict, respectively, that citizen-reported crimes to the police will decline after brutality
incidents and that these declines will be steeper for Blacks than Whites. I test this for each of crime victims
who reported assaults, burglaries, and thefts.?* First I inspect plots showing the 7-day moving averages of
the number of crime reporters who are categorized as White, Black, or Hispanic. Appendix Figure A11 shows
the composition of crime reporters for Dallas (left) and New York City (right) after the respective brutality
incidents, with the death of Eric Garner and the nonindictment of Pantaleo each indicated. Across almost
all racial groups and crime types, there do not appear to be substantial changes in the number of reported
crimes around the time of these incidents. In Dallas, there is a decline in assault reports for Black victims in
the days following the death of Botham Jean, but declines of similar magnitudes are apparent in many other
parts of the time-series.?®

I formally test whether reports of crimes to the police declined after these incidents using the permutation
test approach elaborated in Section 5.2. That is, I first de-seasonalize the daily count data by regressing
daily incident count on month dummies in a negative binomial regression. Then I estimate the change in
de-seasonalized crime reports thirty days after the brutality incident compared to thirty days before, and
compare this change in calls with the distribution of coefficients for all other dates. I use this procedure
separately for each crime type (larceny, assault, and burglary) and separately for White victims, Black victims
Hispanic victims, and overall.

Results are shown in Figure 11 and also in Appendix Table A2. Across all races of crime victims, and
across all crime types, there is no statistically significant evidence that crime reports declined more after
brutality incidents in comparison with the changes observed on other days. This is consistent with the
previous results from 911 calls. That the results using individual-level crime victim data are consistent with

the previous results serves to mollify concerns of ecological bias.

24New York City distinguishes between Hispanic Blacks and Hispanic Whites; I categorize both as Hispanic. In New York City, I omit
reported crimes of assaults against police officers as these are substantively different from citizen crime reports.

25As plotted in Appendix Figure A12, the age and gender composition of crime reporters also do not seem to change after these
incidents.
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Figure 11: This plot illustrates the results from the randomization inference procedure using individual-level
police incident data. Point estimates represent the change in deseasonalized crime reports 30 days after the
incident, compared to 30 days before, with 95% asymptoptic confidence intervals.
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5.4 Evidence from Shotspotter sensors

Measuring objective crime incidence is challenging because crimes generally become known to the police
only when citizens choose to report them (Reiss 1971). One potential threat to inference is that the rev-
elation of police brutality incidents causes an abrupt increase in crime. If this is the case, the general
null-findings I have reported could be concealing a decrease in the proportion of crimes reported. To in-
vestigate this possibility, I compare objective reports of gunshots from acoustic sensors to citizen 911 call
reports for gunshots before and after brutality incidents using Shotspotter incident data shared by the Jus-
tice Technology Lab.2® This analysis provides a direct test of whether citizen crime reporting and objective
crime incidence diverges after brutality incidents. However, it has two major limitations. First, the analysis
is necessarily limited to gunshot reporting, and decisions about reporting gunshots may operate differently
from reporting other crimes (like burglary and assault). Second, the accuracy of Shotspotter data has been
questioned (Fraga 2018).

This analysis requires a sample of cities which have experienced a recent brutality incident, report police
calls for services data, and employed Shotspotter technology during the weeks around the brutality incident.
These cities are Sacramento (the related incident being the killing of Stephon Clark), St. Louis (Mike Brown),
and Minneapolis (Jamar Clark, Philando Castile, and Justin Damond). For each city, I first plot the daily
difference between gunshot 911 calls and Shotspot incidents 30 days and 90 days before and after the
brutality incident. Then, for each city, I estimate an interrupted time-series model regressing gunshot 911
calls on Shotspotter gunshot incidents. This is a day-level negative binomial regression with the linear part

of the model specified as follows:

Gunshot Calls;, = 3, + yShotspot, + 81 After; + TAfter; - Shotspot, + ¢ 2

where 3y is an intercept representing the predicted daily number of gunshot calls prior to the brutality
incident, v represents the association between Shotspotter incidents Gunshot 911 Calls on day ¢ for days
prior to the brutality incident, /3; represents the average change in Gunshot 911 Calls after the brutality
incident, and 7 represents the change in the association between Shotspotter incidents and gunshot 911
calls after the incident. The quantity of interest is 7; if 7 is negative, it indicates that there are fewer gunshot
911 calls per gunshot event after the brutality incident.

Figure 12 shows the results of these analyses. Plots on the left show loess-smoothed curves of the daily

difference between 911 gunshot calls and Shotspot incidents estimated 30 days before/after the brutality

26 Available for download at http://justicetechlab.org/shotspotter-data/. Shotspotter is an acoustic sensor technology which detects
the sound of gunshots used by many city police departments. These data have been used by scholars to explore the effect of juvenile
curfews on gun violence (Carr & Doleac 2018).
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Figure 12: Left column shows a loess smoothed plot of the daily differences between 911 gunshot calls
and Shotspotter incidents over the previous and subsequent 30 days; middle columns shows the same for
90 days pre/post. Right column shows plots of the coefficient 7 representing the change in association
between Shotspotter incidents and gunshot 911 calls at varying bandwidths (a negative binomial regression
coefficient and 95% confidence interval).
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event, and plots in the middle column show this over a 90 day period before and after. There do not appear
to be any substantial changes after the brutality incident. Plots on the right show the negative binomial
coefficients and 95% confidence intervals for 7 from equation 2 in separate regressions including data from
between 10 and 75 days before-and-after the incident. The estimates hover around zero and are never
statistically distinguishable from zero, indicating that the association between citizen-reported and objective
measures of shots fired did not change after the brutality incident.

Next, as in Section 5.2, I use a randomization inference procedure to assess whether citizen 911 calls for
gunshots declined after brutality incidents by comparing it with the changes in 911 calls observed after all
other dates. However, I also adjust for daily Shotspot incidents. That is, I estimate the following regression
equation, with i indexing 30 days before and 30 days after each incident, for all feasible dates of overlap

between the Shotspot data and police 911 call data:

Calls; = TAfter; + SShotspots, + € 3)

As before, I attempt to make the data more comparable before performing the randomization inference
(Rosenbaum et al. 2002). I do this by first using a negative binomial regression to regress 911 gunshot
calls on indicators for the day of week, month, and three holidays that Carr & Doleac (2016) notes have
an outsized number of gunshot 911 calls and Shotspot incidents in the US: New Year’s Eve (December 31),
New Year’s Day (January 1), and American Independence Day (July 4). However, the adjusted results were
often numerically unstable, with very large standard errors. Consequently, I estimate the permutation test
for changes in daily gunshot 911 calls conditional on daily Shotspot incidents both with and without the
adjustments on observables (month and day of week). These results are shown in Table 2, with results
shown first without adjustments for seasonality and day of week (i.e., controlling for daily shotspots only)
and, below, after adjusting for seasonality, day of the week, and the three holidays. Unadjusted results
are reported in terms of incident rate ratios (obtained through negative binomial regression), while results
adjusted for covariates are in units of raw calls (and estimated by OLS). The results are generally consistent
with no effect at conventional statistical levels. Using the de-seasonalized approach only, the randomization
inference p-value for the impact of Philando Castile’s death on 911 gunshot calls is negative and marginally

significant (one-tailed p ~ 0.07).
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Table 2: Results from the permutation test procedure on changes in gunshot 911 calls, conditional on
Shotspot incidents. In parenthesis is the city providing the 911 call and Shotspot data used in these analy-
ses (note that Darrel Wilson killed Michael Brown in nearby Ferguson and Jeronimo Yanez killed Philando
Castile in nearby Falcon Heights). Tau represents the change in calls (if not de-seasonalized) or incident rate
ratio (if de-seasonalized) for 30 days after the incident, compared to 30 days before, controlling for Shotspot
incidents. p is a one-tailed randomization p-value equal to the percentile of the treatment effect within the

distribution of placebo treatment effects.

Incident Date Tau p (one-tailed) Deseasonalized
Death of Philando Castile (Minneapolis) 2016-07-06  0.82 0.26 No
Death of Justine Damond (Minneapolis) 2017-07-16  0.82 0.26 No
Death of Stephon Clark (Sacramento) 2018-03-18 0.88 0.32 No
Death of Joseph Mann (Sacramento) 2016-09-20 0.92 0.37 No
Death of Jamar Clark (Minneapolis) 2015-12-15 0.98 0.51 No
Philando Castile, acquittal of Jeronimo Yanez (Minneapolis) 2017-06-16  1.00 0.54 No
Death of Michael Brown (St Louis) 2014-08-09 1.10 0.67 No
Michael Brown, non-indictment of Darren Wilson (St Louis) 2014-11-24 1.13 0.74 No
Death of Philando Castile (Minneapolis) 2016-07-06 -6.55 0.07 Yes
Death of Jamar Clark (Minneapolis) 2015-12-15 -4.88 0.10 Yes
Death of Stephon Clark (Sacramento) 2018-03-18 -0.08 0.46 Yes
Death of Michael Brown (St Louis) 2014-08-09 0.90 0.58 Yes
Death of Joseph Mann (Sacramento) 2016-09-20 0.70 0.58 Yes
Michael Brown, non-indictment of Darren Wilson (St Louis) 2014-11-24 1.66 0.63 Yes
Death of Justine Damond (Minneapolis) 2017-07-16  0.80 0.66 Yes
Philando Castile, acquittal of Jeronimo Yanez (Minneapolis) 2017-06-16 1.68 0.75 Yes

5.5 Civil unrest and the case of Baltimore

Baltimore - the killing of Freddie Gray — stands out relative to other incidents because of a consistent increase
in calls, especially burglary calls, across all methodological approaches and kinds of neighborhoods. This
appears to be because of the unrest that followed Gray’s funeral, culminating in a state of emergency, curfew,
and activation of the Maryland National Guard. Mass demonstrations and rioting sparked by his death from
injuries sustained during police custody resulted in a surge of 911 calls that strained the city’s dispatch
resources (Links et al. 2015). Figure 13 illustrates this unprecedented but short-lived spike in calls at the
end of April 2015 across neighborhoods in Baltimore. Levels of burglary calls at the end of April 2015 far
exceed volumes of calls during any other period between January 2015 and December 2018. After three
days of extremely high levels of burglary calls at the height of unrest, however, call volumes returned to
normal. Appendix Figure A13 illustrates this jump using the randomization inference approach: the weekend
of Freddie Gray’s funeral corresponds with an unprecedented (relative to any other period in Baltimore)
increase in 911 calls for assault and burglary calls. This likely represents a brief period of elevated changes

in crime incidence, not crime reporting conditional on crime incidence.?” That a brutality incident provoked

27Section 5.4 explores this distinction in more detail by analyzing citizen gunshot 911 calls alongside acoustic sensor measures of
gunshot incidence for a subset of cities. I find little evidence that the share of gunshot incidents that are reported to police changes
after brutality incidents.
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Figure 13: Changes in burglary calls in Baltimore after Freddie Gray.
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changes in crime victimization (and especially looting) may not be an idiosyncratic event, as police violence
has long been known to precipitate unrest (Kerner 1968, 68-70). Hence, while 911 calls tend not to change
after brutality incidents, the case of Baltimore illustrates that a substantial minority of cases may experience
increases in citizen crime reporting during periods of resulting unrest. Indeed, many cities experienced
surges of 911 calls during unrest following the killing of George Floyd in May 2020. In Chicago, police
received 65,000 911 calls (Goudie 2020) — 50,000 more 911 calls than a typical day — during heavy protests
on Sunday May 31, with “well over 10,000 calls for looting” (Spielman 2020). In Long Beach, California,
daily calls more than tripled from an average 1,700 calls per day to 4,700 calls on May 31st (Puente 2020).
In Philadelphia, “Police have been getting thousands of more 911 calls in recent days, many for burglaries,

looting, vandalism and large crowds” (Martinez-Ville & Stamm 2020).

6 What does no effect reveal about citizen crime reporting?

Contrary to theoretical and empirical expectations, citizen crime reporting did not decline after brutality
incidents. I review two potential explanations for these null findings: (1) that instrumental considerations
drive reliance on police independent of their legitimacy and (2) ceiling effects on legal cynicism.

First, instrumental concerns may supersede police legitimacy in the decision to report crime. Costs and
benefits play an important role in choosing to mobilize the police (Skogan 1984); “When citizens call the
police, they are often seeking personal gain” (Reiss 1971, 69). Disadvantaged individuals who disproportion-
ately experience crime victimization and call 911 “may have few places to turn for assistance aside from the
police...rendering perceptions of the police less relevant” in the decision to report crime (Slocum 2018, 538).
Consistent with this, residents of racially-segregated, economically disadvantaged neighborhoods where neg-
ative encounters with the police — and especially women in these neighborhoods (Desmond & Valdez 2013)
— produce disproportionate numbers of 911 calls (Hagan et al. 2018). Distrust of law enforcement can coex-
ist alongside demands for police protection from crime (Carr et al. 2007, Fortner 2015, Bell