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Abstract

Technology is integral to police departments, automating officer tasks, but inher-
ently changing their time allocation. We investigate this by studying ShotSpotter,
a technology that automates gunfire detection. Following a detection, officers are
dispatched to the scene, thereby reallocating their time. We leverage this shock to
officers’ time allocation using the rollout of ShotSpotter across Chicago police dis-
tricts to study the effects on 911 call response. We find substantial consequences—
officers are dispatched to calls slower (22%), arrive on-scene later (13%), and the
probability of arrest is decreased 9%. Consequently, police departments must eval-
uate their resource capacities prior to implementing technologies.
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1 Introduction

In the contemporary police department, technology possesses the potential to serve

as either a substitute or complement to human capital. In particular, police de-

partments are utilizing technologies both as substitutes, effectively functioning as

‘eyes-on-the-street’ through facial recognition and traffic cameras, as well as col-

laborative complements in targeting high-crime areas. These technologies are seen

as imperative for public safety moving forward, addressing the issues of both offi-

cer shortages and eroding public opinion of the police (Gallup, 2022). Nevertheless,

the integration of officers and technology systems is fundamentally reshaping the

nature of policing.

One quickly expanding and widely adopted police technology is ShotSpot-

ter—an acoustic gunfire detection technology that is currently implemented in over

150 cities world-wide. ShotSpotter’s primary intention is to rapidly dispatch po-

lice officers to violent crime scenes with the goal of reducing gun violence. The

technology utilizes an array of microphones and sensors placed on streetlights and

buildings that use machine learning algorithms to detect the sound of gunfire, tri-

angulate its location, and alert police officers for rapid response. Because of its

unique functionality, ShotSpotter bypasses the reliance on civilian reporting. In

effect, previous studies have utilized this feature of ShotSpotter as a measure of un-

derlying crime that is independent of reporting habits (Carr and Doleac, 2016, 2018;

Ang et al., 2021). Consequently, it has been estimated that only 12% of gunfire is

reported, leaving a significant portion of these occurrences unattended (Carr and

Doleac, 2016). Therefore, ShotSpotter offers a solution wherein police officers are

dispatched to additional instances of gunfire. In Chicago, the setting of this paper,
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this results in approximately 70 ShotSpotter-related dispatches each day, equating

to 75 hours of of�cer investigation time.1 This represents a two-fold increase in the

number of gun�re reports that require of�cers to engage in rapid response.2

However, reallocating resources to gun�re detection changes an of�cer's

time allocation. On one hand, this reallocation could be bene�cial—ShotSpotter

may place of�cers closer to locations that foster higher volumes of crime or pro-

vide valuable crime-reduction. In this situation, an of�cer's time of arrival may be

reduced and crime may be mitigated. On the other hand, these investigations of

previously unreported gun�re may incapacitate of�cers from attending to reports of

other crimes in the form of 911 calls—a lifeline for citizens in distress. Given that

there is little evidence suggesting that ShotSpotter is a productive crime reduction

tool (Mares and Blackburn, 2012; Choi et al., 2014; Connealy et al., 2024), this

may have far-reaching implications given the critical importance of 911 response

times which have been shown to alter the probability of crime clearance (Blanes i

Vidal and Kirchmaier, 2018) and victim injury (DeAngelo et al., 2023).3 Further-

more, response times may affect timely medical treatment, as emergency medical

personnel are required to delay their services until police arrive if their safety is

1A ShotSpotter investigation takes roughly 20 minutes to complete. While we cannot delin-
eate between the number of of�cers dispatched to the scene for our entire sample period, we �nd,
using another source of data from 2019-2023, that the average number of of�cers dispatched to a
ShotSpotter detection is approximately 3.35. On the other hand, a lower bound, assuming only one
of�cer dispatched to each ShotSpotter alert, would result in 23 total hours.

2This statistic is based on the average number of 911 dispatches relating to a `Shots Fired` report
and the average number of ShotSpotter dispatches post-implementation in all police districts.

3As discussed in Section 6, we independently test this claim and similarly �nd little evidence
of the technology being an effective gun-crime reduction tool. Moreover, in Section 7, we �nd
descriptive evidence that a 911 call may be more productive than responding to a ShotSpotter alert.
However, given the data limitations, we cannot truly verify whether ShotSpotter dispatches are more
or less productive than a 911 dispatch.
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compromised.4 Thus, while ShotSpotter is implemented with the intention of en-

hancing public safety, it may have unintended consequences that are socially costly.

In this paper, we utilize variation in timing from the staggered rollout of

ShotSpotter across Chicago police districts from 2016-2022 to estimate the causal

effect of ShotSpotter technology on the response times from 911 calls designated

as Priority 1—the most frequent call classi�cation in Chicago which pertains to

life-threatening and time-sensitive events. Using 911 call dispatch data from the

Chicago Police Department (CPD), we construct two measures of rapid response:

the time from a 911 call to when a dispatcher �nds an available police of�cer

for dispatch (Call-to-Dispatch) and the time from a 911 call to when the of�-

cer arrives on-scene (Call-to-On-Scene). By applying a staggered difference-in-

differences framework, we �nd that the implementation of ShotSpotter signi�cantly

increases both Call-to-Dispatch time and Call-to-On-Scene time by approximately

one-minute (22%) and two-minutes (13%), respectively. These estimates are robust

to a variety of sensitivity tests and estimators.

Moreover, we �nd that the delays in response times are driven by resource-

constrained periods, consistent with the hypothesis that ShotSpotter is affecting po-

lice of�cers' time constraints. We test this using days when there are fewer of�cers

on-duty and times of day with higher numbers of ShotSpotter detections. Each of

these subsets show larger effect sizes during these resource-constrained periods,

suggesting that ShotSpotter forces of�cers to make time trade-offs in favor of re-

sponding to ShotSpotter alerts. Consistent with this mechanism, response times

from other time-sensitive calls (Priority 2) are also increased, and in addition, time-

4This is found from the Chicago EMS System Policies and Procedures:https://chicagoems.
org/wp-content/uploads/sites/2/2017/08/2017-PP_APPROVED.pdf
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insensitive calls (Priority 3) show suggestive evidence of longer delays, providing

further evidence of heightened of�cer responsibilities.5

Consequently, these elevated response times come at a signi�cant cost. In

Section 5.3, we analyze the relationship between police response time and the like-

lihood of an arrest using both reduced-form estimates and an instrumental variables

(IV) framework, leveraging the ShotSpotter implementation as an instrument for

911 response times. The reduced-form estimates show that Priority 1 calls are 9%

less likely to have the perpetrator arrested, and this result holds in the IV approach,

which directly tests the impact of longer response times for ShotSpotter-induced de-

lays (compliers). These �ndings align with Blanes i Vidal and Kirchmaier (2018)

who attribute faster response times to higher crime clearance rates.

In addition to these unintended consequences, we also �nd little evidence

that ShotSpotter reduces gun violence or enhances police productivity beyond the

911 call system. In Section 6.1, we broaden the analysis to examine city-wide,

aggregate counts of gun-related arrests, clearance, and victimization that are not

restricted to 911 incidents. Importantly, none of these outcomes change signi�-

cantly post-implementation despite a marked increase in policing resources to gun-

incidents. These results align with other case studies in Chicago which do not �nd

ShotSpotter to be effective as a violence-reduction tool (Manes, 2021; Ferguson and

Witzburg, 2021; Connealy et al., 2024).

We contribute to a growing literature on the effect of technology on polic-

ing, the criminal justice system, and in a wider context, ef�cient workforce allo-

cation and policies. While previous studies have found positive effects of crimi-

5A detailed analysis of Priority 2 and Priority 3 calls is available in Appendix E. In the main text,
we focus on Priority 1 calls.
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nal justice and police technology in the form of algorithmic bail decisions (Klein-

berg et al., 2018), body-worn cameras (Zamoff et al., 2022; Ferrazares, 2023; Kim,

2019a), electronic monitoring (Williams and Weatherburn, 2022; Rivera, 2023),

military-grade equipment (Harris et al., 2017; Bove and Gavrilova, 2017), predic-

tive policing (Mastrobuoni, 2020; Jabri, 2021; Heller et al., 2022), and traf�c cam-

eras (Conover et al., 2023), we conversely �nd signi�cant unintended consequences

that are both �scally and socially expensive.6 As a consequence, our results pro-

vide further evidence that ef�cient allocation and effective policies are imperative

for better policing outcomes (Getty et al., 2016; Ba et al., 2021; Kapustin et al.,

2022a; Rivera and Ba, 2023; Adger et al., 2023), and on a larger scale, general

workforce productivity (Hsieh and Klenow, 2009; Fenizia, 2022).

More broadly, this study adds to the claim that police departments are

personnel-constrained, and potentially understaffed (Chal�n and McCrary, 2018).

Similar studies have explored the elasticity of crime with respect to police pres-

ence and generally �nd that increased police presence lowers crime (Levitt, 1997;

Chal�n and McCrary, 2018; Mello, 2019; Weisburst, 2019; Weisburd, 2021). Of

these works, the most related is Weisburd (2021), which leverages changes in po-

lice locations, prompted by service calls, to explore a reduction in the availability of

police of�cers that arises from increased demand for police of�cer time. However,

in contrast to Weisburd (2021), this study unpacks a mechanism which determines

response times, allowing us to explore how the time constraints of police of�cers

affect their availability to respond to crime. We �nd that when police resources are

stretched thin, the effectiveness of a police force to respond to crimes and arrest

6Chicago is estimated to spend approximately 8.9 million each year on ShotSpotter technology.
For comparison, a 2016 estimate put body-worn cameras at 6.5 million annually.
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perpetrators is diminished. As a result, our �ndings suggest that implementing a

personnel-intensive policy should be paired with an increase in of�cer availability,

achieved through hiring or redistributing responsibilities, in order to prevent under-

policing in communities.

The paper proceeds as follows: Section 2 provides background infor-

mation on dispatching procedures and implementation of ShotSpotter in Chicago,

Section 3 discusses the data, Section 4 describes the empirical strategy, Section 5

presents the main results, mechanism, and effect on arrest probability, Section 6

discusses ShotSpotter's effectiveness as a gun-crime reduction tool, and Section 7

concludes.

2 Background

2.1 ShotSpotter Technology and Implementation in Chicago

ShotSpotter is an acoustic gun�re technology that uses a network of microphones

and sensors on buildings and light-posts to detect gun�re sounds. These sounds are

used to triangulate the location of gun�re, which is then relayed to police depart-

ments to rapidly deploy police of�cers to the crime scene. Over the past decade,

this technology has seen signi�cant expansion and is now operational in over 150

cities globally. The rationale for adopting ShotSpotter is to enable police depart-

ments to respond to gun�re faster and with more geographic precision. Moreover,

the unique functionality of ShotSpotter allows police departments to bypass their

reliance on civilian reporting, which only accounts for approximately 12% of gun-

�re occurrences (Carr and Doleac, 2016). While previous studies support some of
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these rationales in the form of geographic accuracy (Piza et al., 2023) and faster

gun-related dispatch times (Choi et al., 2014), others have found little impact on

gun violence (Mares and Blackburn, 2012; Connealy et al., 2024) and case resolu-

tion (Choi et al., 2014).

The technology relies on machine learning algorithms to classify sounds

of gun�re.7 When a gunshot is detected, the sensors triangulate the location of the

noise and data/recordings of the incident are forwarded to ShotSpotter's Incident

Review Center. At this center, a human reviewer assesses the data and �ags for

false-positives. Once a gunshot is con�rmed, information regarding the location

and number of shots �red are shared with the police department, where dispatchers

then send of�cers to the scene. This entire process from gunshot noise to police

dispatch is known as aShotSpotter dispatch.

In Chicago, ShotSpotter technology has been implemented in 12 of the

22 police districts in order to respond to gun-related issues faster and with more

geographic accuracy.8 The staggered roll-out began in January 2017 in response

to the large in�ux in gun violence in 2016.9 ShotSpotter was �rst implemented in

the districts with the highest rates of gun violence and later implemented in less

7According to ShotSpotter's website, from 2019 to 2021, the aggregate accuracy rate across all
of their customers was 97% with a very small false-positive rate of approximately 0.5%, however
this has not been independently tested.

8In Chicago, the average population of a police district is approximately 100k. However, there
is substantial variance in size, ranging from approximately 60k-250k.

9This wide-scale adoption follows previous testing of select areas between 2003
and 2007, 2012, and again in 2016. However, to our knowledge, no district re-
ceived district-wide coverage during this trial period and the extent of testing was small
(https://www.cbsnews.com/chicago/news/chicago-police-testing-new-gunshot-detection-
technology/). Moreover, there appears to be no ShotSpotter dispatches in the data prior to
the of�cial dates. In an abundance of caution, we conduct a leave-one-out analysis and �nd that the
results are consistent.
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violent districts.10 The expansion ended in May 2018, with no further police dis-

tricts receiving the technology. Appendix Figure F1 shows the locations of the 12

police districts in Chicago that received ShotSpotter technology. As mentioned, the

areas where this technology is implemented (the South and West Chicago areas)

experience higher rates of gun crime, on average.

2.2 Dispatching 911 Calls and ShotSpotter Alerts in Chicago

In Chicago, the coordination of emergency 911 calls involves two entities: the Of-

�ce of Emergency Management and Communications (OEMC) and the Chicago

Police Department (CPD). The OEMC oversees 911 calls and dispatches police of�-

cers from the CPD. Each 911 call is prioritized on a scale of imminent danger/threat

ranging from Priority 1 (immediate dispatch) to Priority 3 (routine dispatch).11

When a 911 call is made, the call is received by an OEMC call-taker who

records the caller's information, assigns a call type that characterizes the incident,

and forwards this information to the dispatcher.12 Next, the dispatcher assigns the

event to an available CPD unit in the caller's police district. Once the scene has

been cleared, of�cers notify the OEMC and mark themselves as available for future

call assignments.

On the other hand, the coordination of ShotSpotter dispatches is a collab-

orative effort involving the OEMC, CPD, and the Strategic Decision Support Center

10Note that difference-in-differences relies on the assumption of common trends, not random
assignment of the rollout.

11Technically, there are six priorities ranging from Priority 0-5. However, Priority 0, 4, and 5 are
reserved for special cases such as police of�cers calling for emergency assistance, administrative
meetings, or alternate responses that do not need a �eld unit, respectively.

12Later in Section 3.1, we de�ne the beginning of a 911 call as the time when a call-taker assigns
a call-type. This is done rapidly and allows us to more closely target delays due to police of�cers.
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(SDSC). When gun�re is detected, ShotSpotter's headquarters sends vital informa-

tion such as the location, time, estimated severity, and amount of shots being �red

to the SDSC. The SDSC then synthesizes this information and noti�es the OEMC

to immediately dispatch a police of�cer to the location of the gun�re.13

Importantly, there is a clear distinction between 911 calls and ShotSpotter

dispatches. A 911 call is the result of a civilian reporting a crime, while a ShotSpot-

ter dispatch is a police dispatch to the location of a gun�re sound from ShotSpotter

sensors. The focus of this paper is 911 calls, which we show to be impacted by the

presenceof ShotSpotter dispatches.

Both 911 calls and ShotSpotter dispatches share a variety of procedural

similarities. For instance, each ShotSpotter dispatch is classi�ed with the same

distinction as a Priority 1 911 call, therefore necessitating immediate dispatch.14

Hence, both Priority 1 911 calls and ShotSpotter dispatches share the same dispatch

procedures and responding of�cers. Furthermore, the OEMC prioritizes both 911

calls and ShotSpotter dispatches to rapid response units and police of�cers within

the police district of occurrence.15 Only in rare circumstances are police of�cers

assigned to these emergencies outside their district.16

Despite the similarities, of�cers must follow additional operating proce-

dures when responding to a ShotSpotter alert. In particular, of�cers are instructed to

13Alternatively, of�cers can also receive ShotSpotter alerts directly on their phones or smart-
watches, without them �rst being �ltered through the SDSC and elect to respond to them this way if
they are not already responding to a call.

14Priority 1 calls account for roughly 43% of all 911 calls during the sample period.
15Speci�cally, dispatchers prioritize dispatching police of�cers within the beat they are assigned

to. Police beats are subsections within police districts.
16In particular, the dispatching order is in the following order of priority: rapid response unit or

beat unit from the beat of occurrence, tactical unit, rapid response sergeant, sector sergeant, tactical
sergeant, other �eld supervisor, and closest available unit.
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canvass a 25-meter radius for victims, evidence, and witnesses, report any de�cien-

cies in ShotSpotter data or alerts, and document if a case incident is ShotSpotter-

related. Interestingly, the average ShotSpotter-related dispatch resolves faster than

911 calls (20 minutes to 65 minutes respectively), thus questioning the productivity

of in comparison to a 911 call. In Section 7, we report descriptive evidence showing

that approximately 2.2% of all ShotSpotter dispatches result in an arrest, compared

to 3.5% of gun-related 911 calls prior to ShotSpotter implementation.

3 Data

3.1 Data Sources

The main sample contains several data sources from years 2016 to 2022 that are ob-

tained through Freedom of Information Act requests to the Chicago Police Depart-

ment (CPD). These data include dispatched 911 calls, sworn police of�cer shifts,

incidents of crime, arrest reports, and district-level ShotSpotter activation dates.

The CPD 911 call dispatch data encompasses all 911 calls that led to the

dispatch of a CPD of�cer. This administrative data is rich, containing information

on the time of the 911 call, the time an of�cer is dispatched to the scene of the crime,

and the time the of�cer arrives on-scene. Additionally, the data details the priority-

level of the call, a brief description, a block-level location, the �nal disposition, and

a case report number that links to arrests and incident reports.

Based on this information, we construct the two main outcome variables:

the time from the start of a 911 call to an of�cer being dispatched (Call-to-Dispatch)

and the time from the start of a 911 call to an of�cer's arrival (Call-to-On-Scene).
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We de�ne the start of the 911 call as the time that a 911 call-taker creates an event

number for the associated incident—an action that typically occurs immediately fol-

lowing the call being received. Notably, while Call-to-Dispatch contains no missing

data, approximately 45% of the Call-to-On-Scene information is missing. This is

due to of�cers failing to report when they arrive at the scene (OIG, 2023). However,

we present the main results for when we can observe both outcomes in Section 5,

and also report that both outcomes are highly correlated in Appendix A. For the

remainder of the paper, unless otherwise speci�ed, the results are presented using

the entirety of Call-to-Dispatch observations.

These two measures of rapid response capture separate degrees of police

availability. First, if an of�cer is too busy, they will be delayed or unable to be dis-

patched. In particular, the of�cer will not be classi�ed as available to take Priority

1 calls on the Computer Aided Dispatch (CAD) system, and a dispatcher will not

assign them to a call. This increase in time would be observed as a higher Call-

to-Dispatch time and is a function of the coordination between the dispatcher and

an individual police of�cer. On the other hand, Call-to-On-Scene—which captures

both the dispatch time and the time an of�cer takes to arrive on-scene— may in-

crease independently of Call-to-Dispatch time if, for example, an of�cer is located

farther away from their dispatch location.

The police shift data contains information on every start time, end time,

and district/beat assignment worked by CPD staff. We restrict the shift data to

include only police of�cers that are present for duty, and exclude administrative

positions and higher level managerial roles such as police lieutenants and police

chiefs. To assess of�cer availability, we construct the number of of�cer hours within

12



a police district-day. By using on the number of of�cer hours rather than the number

of shifts, we account for the possibility of overtime or early-leave.

The ShotSpotter activation dates indicate when each police district is

equipped with ShotSpotter technology. However, since the records provide only

the month of implementation, we rely on the raw data corresponding to ShotSpotter

dispatches to determine the speci�c activation day for each police district. Nonethe-

less, we observe several small discrepancies in the activation dates when comparing

to the number of ShotSpotter dispatches in District 6, 9, 10, and 15. In particular,

these districts have no ShotSpotter dispatches until several months after their of-

�cial activation date. Therefore, we adjust these four dates of activation to align

with the onset of ShotSpotter alerts. This adjustment ensures that the effects ob-

served are accurately attributed to police of�cers responding to ShotSpotter alerts.

However, as a robustness check, we estimate the results using the of�cial dates in

Appendix Figure F2 and �nd that the results remain consistent.

Figure 1 plots the monthly trend of dispatches relating to both ShotSpot-

ter and civilian reports of gunshots. In addition, the ShotSpotter activation dates are

plotted with dashed red lines. In this �gure, each police district exhibits an increase

in ShotSpotter dispatches as time progresses, a pattern which is likely due to the in-

creasing amounts of gun violence which began in the year 2020 (Grawert and Kim,

2023). Notably, this �gure also depicts a substantial increase in police resources

devoted to gun�re post-ShotSpotter implementation.
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3.2 Sample Restrictions

The main sample is restricted to dispatched 911 calls classi�ed as Priority 1—the

highest priority level.17 Priority 1 is de�ned as any situation that may involve an

imminent threat to life, bodily injury, or major property damage/loss. By includ-

ing only Priority 1 calls, the analysis focuses on calls that require the most time-

sensitive response. However, Appendix E analyzes lower-priority calls of Priority

2 and Priority 3.

As an important distinction, dispatched 911 calls do not include dispatches

for ShotSpotter gunshot detections. While ShotSpotter detections are classi�ed as

Priority 1 and responded with the same police units, these are not reported by civil-

ians.18 By implementing this restriction, we ensure that we are comparing similar

distributions of civilian reports of crime before and after the ShotSpotter rollout.

Four additional restrictions are implemented to reduce potential noise and

confounding factors in the response time data. First, observations with negative

Call-to-Dispatch or Call-to-On-Scene times are removed (0.03%). Second, due to

the sensitivity to outliers of the ordinary least squares estimator, Call-to-Dispatch

and Call-to-On-Scene outliers that exceed three standard deviations from the mean

are omitted (0.4% and 1.6%, respectively). Third, speci�c dates that coincide with

celebratory gun�re and �reworks are removed (e.g., January 1, July 4, and Decem-

ber 31) to ensure the results are not driven by these particular days. Last, since

911 dispatchers can combine calls that coincide directly with a ShotSpotter alert,

17Priority 0 is actually the highest level of priority, but this is a special case reserved for situa-
tions where police or �re�ghters are calling for assistance in life-threatening situations. These are
extremely rare, and make up only 0.01% of the top four priority dispatches.

18In some cases, ShotSpotter alerts can also be responded to by specialized tactical units which
do not respond to Priority 1 calls.
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we also remove any 911 call that is classi�ed as a call for “Shots Fired.” Impor-

tantly, the results remain robust to including each of these restrictions, as shown in

Appendix Figure F2.

3.3 Descriptive Statistics

Table 1 shows summary statistics of the main outcomes and other relevant variables.

All statistics are based on dispatched Priority 1 911 calls unless otherwise noted.

Panel A reports that the average Call-to-Dispatch time is roughly �ve minutes, while

the average Call-to-On-Scene time is approximately 13 minutes. Additionally, the

distribution of these outcomes are plotted in Figure 2 showing that response times

can be particularly lengthy (1+ hours) in rare cases. Furthermore, the probability of

making an arrest on a Priority 1 call is low, with an average of 3%.

In Panel B, Priority 2 and Priority 3 calls are reported to be less frequent

than Priority 1. Priority 2 calls are de�ned as those in which timely police action

has the potential to affect the outcome of an incident, while Priority 3 calls are

those in which a reasonable delay in police action will not affect the outcome of

the incident. Consistent with these de�nitions, Priority 2 and Priority 3 have slower

response times for both Call-to-Dispatch and Call-to-On-Scene measures.

Furthermore, statistics on the number of Priority 1 911 dispatches, ShotSpot-

ter dispatches, and number of of�cer hours, are reported in Panel C of Table 1—each

measured at the district-day level. The average number of Priority 1 dispatches

within each district-day is approximately 73, although these have considerable vari-

ability, with a maximum of 223. ShotSpotter dispatches are reported to be an av-

erage of approximately three per-district-day although this includes time periods
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and districts that do not necessary have ShotSpotter implemented. When restricting

the sample to only post-ShotSpotter implementation dates, the average number of

ShotSpotter dispatches in each treated district-day is six (� 70 city-wide). Finally,

due to the high level of crime in the South and West locations of Chicago, the pres-

ence of of�cers varies considerably across districts, ranging from as little as 231

of�cer hours to as many as 6,558 of�cer hours. We later analyze this heterogeneity

in Section 5.2 where we �nd longer response times when there are fewer of�cers.

4 Empirical Strategy

4.1 Baseline Speci�cation

To estimate the causal effect of ShotSpotter technology on police response times,

we estimate the following staggered difference-in-differences (DiD) equation using

ordinary least squares (OLS):

ResponseTimecdt = bShotSpotterdt + hc̃ + dd + gX f (t) + ecdt (1)

whereResponseTimecdt represents the Priority 1 Call-to-Dispatch or Call-to-On-

Scene time for callc, in police districtd, at timet. The treatment variable,ShotSpotterdt,

is a binary indicator equal to one if police districtd is equipped with ShotSpotter at

timet. The model includes �xed effects for call types (hc̃) and police districts (dd),

as well as a vector of time-varying controls (X f (t)) which consist of day-by-month-
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by-year and hour-of-the-day �xed effects.19 By including these terms, we control

for �xed differences across different call distinctions, police districts, and time pe-

riods. The error term isecdt. Moreover, standard errors are clustered by police

district (N = 22) to allow for serial correlation within districts, although we also re-

port wild cluster bootstrapped standard errors in the main results as recommended

by Cameron et al. (2008) since the number of clusters is below 30. Intuitively,

Equation 1 is comparing response times on days with ShotSpotter activated to days

without ShotSpotter activated, while accounting for the expected differences in call

types, police districts, and different times of the year and day.

4.2 Identi�cation

The coef�cient of interest in Equation 1 isb, which measures the average change

in response times between days with and without ShotSpotter technology. To iden-

tify b as a causal effect, there are several assumptions that must be satis�ed: re-

sponse times in ShotSpotter districts would have continued on a similar trend to

non-ShotSpotter districts in the absence of ShotSpotter, there is no change in 911

dispatching procedures post-ShotSpotter implementation, the distribution of 911

calls/dispatches did not change post-ShotSpotter, and there are no other changes

that coincide with the timing of ShotSpotter that may affect response times.

The �rst identi�cation assumption is that police districts that adopt ShotSpot-

ter would have continued to have similar response times to non-ShotSpotter districts

in the absence of adoption (i.e.,common trends). Speci�cally, ShotSpotter adoption

19Each 911 call is given a �nal dispatch code. When controlling for the type of call, we use the
�nal dispatch code as the distinction.
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must not be correlated with a systematic rise or fall in response times. To address

this concern, we estimate an event study framework given by the following model:

ResponseTimecdt =
24

å
i= � 12;
i6= � 1

b iShotSpotteridt + hc̃ + dd + gX f (t) + ecdt (2)

whereShotSpotteridt is a set of indicators that are set to 1 if ShotSpotter is adopted

i months from timet in district d. Each period is relative to the month before

ShotSpotter adoption. Twelve periods pre-ShotSpotter and 24 periods post-ShotSpotter

are estimated to maintain a balanced panel, and the �rst and �nal periods are binned

endpoints as described in Schmidheiny and Siegloch (2023).

Figures 3 and 4 show the event study estimations for Call-to-Dispatch

and Call-to-On-Scene response times, and display little visual evidence of an up-

ward or downward trend prior to the implementation. The error-bars represent

95% con�dence intervals, while the coef�cient estimates are reported in seconds.

We report two sets of estimates in this visualization: the two-stage difference-in-

differences imputation estimator (Gardner, 2021) and the OLS estimator. The two-

stage difference-in-differences estimator is robust to the negative weights which

arise in OLS estimates when there are heterogeneous treatment effects across groups

and over time in staggered designs (de Chaisemartin and D'Haultfoeuille, 2020;

Callaway and Sant'Anna, 2021; Goodman-Bacon, 2021; Athey and Imbens, 2022).

Unlike the estimators proposed in Sun and Abraham (2021) and Callaway and

Sant'Anna (2021), this estimator allows us to maintain the preferred day-by-month-

by-year �xed effects while simultaneously estimating monthly bins without aggre-
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gation. Moreover, this estimator allows for comparisons of treated units between

both never-treated and not-yet treated units. In each set of estimations, there ap-

pears to be little evidence of a trend prior to ShotSpotter implementation. We later

enhance this visual test in Section 5.1 (and more thoroughly in Appendix D) with

the sensitivity test described in Rambachan and Roth (2023) where we allow for

relaxations of the common trends assumption.

The second assumption states that there is no change in how police are

dispatched to 911 calls post-implementation. We �nd no indication that the operat-

ing procedures for 911 calls change within the sample period (CPD, 2016).

Third, we assess whether the distribution of 911 calls is changing post-

implementation. While the main �ndings are presented here, a detailed analysis

is available in Appendix B. First, we estimate whether the number of 911 calls

changes post-implementation using an event-study framework. Although the total

number of calls remains stable, there is evidence that Priority 1 calls may slightly

decrease (roughly two fewer calls). However, this reduction is likely toreduce

of�cers' responsibilities, rather than strain them. Second, we test for changes in

the likelihood of distinct call-types using a variation of Equation 1 with a binary

variable for each call-type as the outcome. This involves 112 hypothesis tests, with

p-values corrected for multiple hypothesis testing using the method by Benjamini

and Hochberg (1995). After correction, we do not �nd substantial evidence of

distribution changes, with only 2% of the call-types exhibiting signi�cant changes

in likelihood. Finally, as mentioned in Section 3.2, we remove any 911 call that

is classi�ed as a call for “Shots Fired,” since dispatchers can combine calls that

coincide with a ShotSpotter alert. Nevertheless, as shown in Appendix Figure F2,
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the results are robust when including these calls.

For the �nal assumption that there are no other changes that coincide

with ShotSpotter implementation, we discuss two initiatives that are implemented

at similar times as ShotSpotter: Strategic Decision Support Centers (SDSCs) and

Body Worn Cameras (BWC). A thorough discussion is available in Appendix C,

while the key takeaways are reported here. First, SDSCs have similar implemen-

tation dates to ShotSpotter with an average of 73 daysprior, although only 57%

of SDSCs are equipped with ShotSpotter as shown in Appendix Table C1. SD-

SCs are housed with software such as observation displays, geospatial predictive

policing software, and social media monitoring. However, only one of these tech-

nologies coincides with the SDSC roll-out (geospatial predictive policing), and the

others have been utilized in Chicago in years prior. While predictive policing soft-

ware may change of�cer patrolling patterns, and therefore affect response times,

Kapustin et al. (2022b) �nd that of�cers are responsive to the software recommen-

dations in only two of Chicago's police districts. In Appendix C, we estimate the

main results and the corresponding event studies while controlling for SDSC roll-

out dates, and report consistent �ndings with the main results.20 Second, BWCs are

also implemented near ShotSpotter dates, although the district-timing differs by an

average of 283 days. In Appendix Table C2, we control for the BWC implementa-

tion and �nd little differences from the main results. This aligns with intuition, as

body worn cameras have been found to affect complaints (Kim, 2019b; Braga et al.,

2022; Zamoff et al., 2022; Ferrazares, 2023) and stops (Braga et al., 2022; Zamoff

20In Section 5.2, we also present intensive margin estimates of ShotSpotter using the number
of ShotSpotter dispatches as identifying variation. This variation is less correlated with the SDSC
roll-out, and provides further evidence that ShotSpotter is causing the increase in response times.
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et al., 2022), but are unlikely to affect an of�cer's ability to rapidly respond.

5 Results

In this section, we present the main estimates on the effect of ShotSpotter on Priority

1 response times using Equation 1. We show that the results are robust across var-

ious speci�cations, estimators, sample selections, and sensitivity tests. Moreover,

we analyze dynamic effects and present evidence that ShotSpotter affects response

times by constraining of�cer resources. Last, we show that increased response

times lead to fewer perpetrators being arrested, thereby showing that ShotSpotter

has costly implications.

Figure 5 serves as an intuitive preview of the main results, plotting only

the raw data. We plot the average Call-to-Dispatch and Call-to-On-Scene times

within each police district before/after ShotSpotter implementation. Consistent

with the main results, districts that receive ShotSpotter show a substantial increase

in the average Call-to-Dispatch and Call-to-On-Scene times. Notably, there does

not appear to be signi�cant visual evidence that average response times are differ-

ent in districts that receive ShotSpotter in comparison to those that did not.

5.1 Main Results - Response Time Changes

Table 2 reports estimates from Equation 1 for Call-to-Dispatch (Panel A) and Call-

to-On-Scene (Panel B) response times, where each coef�cient estimate is reported

in seconds. Recall that Call-to-Dispatch and Call-to-On-Scene are the length of

time from when a 911 call is received to when a police is dispatched or subse-
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quently arrives at the scene, respectively. First, in Column 1 of Table 2, we estimate

Equation 1 with only the time and group �xed effects. We �nd a statistically sig-

ni�cant increase in Call-to-Dispatch and Call-to-On-Scene times of 64 seconds and

101 seconds, respectively. Remarkably, the Call-to-On-Scene estimates are an addi-

tional 40 seconds on top of the delays in �nding of�cers to dispatch. This suggests

that ShotSpotter may not be placing of�cers in areas closer to the majority of other

911 emergencies, whereby travel time may be reduced.

Column 2 of Panel A and Panel B report estimates from the preferred

speci�cation outlined in Section 4.2 where we supplement the model in Column

1 with controls for time-of-day and the type of 911 call. When including these

controls, the results for both response times are consistent, showing increases from

the mean of approximately 22% and 13%, respectively. In Column 3, we restrict

the observations to only those where we can observe both response times, as Call-

to-On-Scene is reported less frequently. The results show that this restriction yields

consistent conclusions, although we further explore this discrepancy in Appendix

A.

Given the staggered difference-in-differences research design, Column 4

reports estimates that are robust to treatment heterogeneity across groups and over

time using the two-stage difference-in-differences imputation estimator (Gardner,

2021). This estimator equally weights each district-date estimate, making it robust

to the bias from negative weighting in the presence of treatment effect heterogeneity

(Callaway and Sant'Anna, 2021; Goodman-Bacon, 2021; Athey and Imbens, 2022).

We opt to use this estimator since it allows for comparisons of treated units between

bothnever treated units and not-yet treated units and requires no aggregation, unlike
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similar approaches discussed in Callaway and Sant'Anna (2021). The estimates,

albeit slightly larger than the preferred speci�cation, remain consistent with the

main �ndings.

Furthermore, we consider spillover effects in Column 4 by including an

indicator variable (Border Activated) equal to one for any police district that is ad-

jacent to a ShotSpotter-activated district. In effect, the coef�cient on the indicator

for a neighboring ShotSpotter district measures the spillover impacts of the imple-

mentation. As reported in both Panel A and Panel B, there does not appear to be

evidence of spillover effects on response times. This result aligns with the standard

dispatching procedures discussed in Section 2.2, where of�cers are only dispatched

outside their beat/district of patrol in rare circumstances.

Next, to analyze the dynamic effects of ShotSpotter implementation over

time, we estimate an event study using Equation 2. We estimate this model using

both OLS and the Gardner (2021) robust estimator to account for potential treat-

ment heterogeneity across groups and time periods. Figure 3 and Figure 4, for Call-

to-Dispatch and Call-to-On-Scene respectively, show that the effect of ShotSpotter

implementation takes several months post-implementation to signi�cantly alter re-

sponse times. In each �gure, the red error-bars represent the 95% con�dence in-

tervals using OLS, while the blue error bars are derived from the Gardner (2021)

estimator. We attribute the delayed effect in response times to the increasing num-

ber of ShotSpotter dispatches that occur over time, as previously shown in Figure

1.

Importantly, these results are robust to a variety of sample selections and

sensitivity tests. First, Appendix Figure F2 shows estimations of Equation 1 relax-
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ing the four additional restrictions outlined in Section 3.2, in addition to omitting

year 2020 (Covid-19 pandemic), and using the of�cial activation dates from a Free-

dom of Information Act request rather than the observed beginning of ShotSpotter

dispatches. In each of these subsamples, the results remain consistent. Second,

we perform a leave-one-out analysis in Appendix Figure F3 where Equation 1 is

estimated 22 times, with each iteration excluding a unique police district. Given

that the results remain consistent in each iteration, we rule out the possibility that

these effects are driven by only one police district. Finally, in Appendix D, we

conduct analysis following Rambachan and Roth (2023) to illustrate the sensitivity

of the event study estimates to possible violations of parallel trends. Speci�cally,

we evaluate the degree of nonlinearity we can impose on a linear extrapolation

of the pre-treatment trend while maintaining a signi�cant post-treatment average

treatment effect. As explained further in Appendix C, we �nd that the average of

all post-implementation periods maintain their statistical signi�cance under both a

linear extrapolation of the pre-period and increasing amounts of non-linearity for

both response times.

5.2 Mechanism - Resource Constraints

In this subsection, we provide evidence that the longer response times associated

with ShotSpotter are a result of the allocation of scarce police resources. Recall

from Section 3.3 that post-implementation, there are approximately 70 ShotSpotter

dispatches each day in Chicago—a two-fold increase in the number of gun�re-

related incidents of�cers must respond to compared to pre-implementation. These

dispatches are resource-intensive, taking an average of 20 minutes each, which col-
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lectively amounts to roughly 75 hours of of�cer time allocated to ShotSpotter.21

To establish this link, we conduct three analyses to show that ShotSpotter creates

longer response time delays on both the extensive margin (implementation) and the

intensive margin (number of ShotSpotter dispatches).

First, on the extensive margin, we differentiate the effect of ShotSpotter

by of�cer watch schedules, which represent times when of�cers begin and end their

shift. This division allows us to examine periods with varying levels of ShotSpot-

ter dispatches, wherein of�cers may be more or less constrained by attending to

ShotSpotter investigations. Panel A of Figure 6 plots the distribution of ShotSpot-

ter dispatches by the hour of the day and corresponding watch. As shown in the

�gure, the nighttime shifts of Watch 1 (11:00pm - 7:00am) and Watch 3 (3:00pm

- 11:00pm) have signi�cantly higher counts of ShotSpotter dispatches than Watch

2 (7:00am - 3:00pm).22 In Panel B of Figure 6, we plot the coef�cient estimates

of Equation 1 by of�cer watch and show that watch times with higher levels of

ShotSpotter dispatches have longer response time delays. On the x-axis, each coef-

�cient estimate and 95% con�dence interval is plotted for the corresponding watch

number on the y-axis. For both outcomes, the effects correspond to the distribution

of ShotSpotter dispatches in Panel A; Watch 1 and Watch 3 exhibit effects that are

both statistically signi�cant and larger in magnitude than Watch 2. Moreover, while

the Call-to-On-Scene delays reach nearly 3 minutes in Watch 3, the Call-to-On-

Scene estimates are near-zero for Watch 2, and are not statistically signi�cant.

21As mentioned in the introduction, we calculate this using the average number of of�cers that
are dispatched to ShotSpotter detections over a sample period of 2019-2023 (roughly three of�cers).
Unfortunately, records retention schedules did not allow us to receive this data for our sample period.

22The typical police watches in Chicago last for 9 hours total with a 45-minute brie�ng to begin
the shift. We use 8-hour intervals to account for these brie�ngs.
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Second, also on the extensive margin, we show that the longer response

times are driven by district-days that have fewer of�cers on duty and, consequently,

fewer police resources. In Columns 2 and 3 of Table 3, we divide the sample by

the district-day median of of�cer availability, measured using the number of of�cer-

working hours. Column 2 (above median, less constrained) shows percentage in-

creases of 14% for Call-to-Dispatch and 8% for Call-to-On-Scene, while Column

3 (below median, more constrained) reports increases of 26% and 17% for Call-to-

Dispatch and Call-to-On-Scene, respectively.

Finally, on the intensive margin, we exploit the number of daily ShotSpot-

ter dispatches as an alternative source of variation to test whether more resources

devoted to ShotSpotter results in longer response times. To do so, we modify Equa-

tion 1 by aggregating the data to the district-day level, restricting the sample to only

ShotSpotter-implemented police districts and days of activation, and changing the

variable of interest from a binary treatment to a continuous count of the number of

ShotSpotter dispatches.23 In effect, this model measures the marginal effect of an

additional ShotSpotter dispatch on response times.

Column 4 of Table 3 shows that one additional ShotSpotter dispatch is as-

sociated with an increase in the average Call-to-Dispatch time of 6 seconds and an

increase in the average Call-to-On-Scene time of 8 seconds. These results are statis-

tically signi�cant at the 1% level. However, we note that these results are under the

assumption of a linear relationship between the number of ShotSpotter dispatches

and response times. We show the plausibility of this assumption in Appendix Figure

23The corresponding model isResponseTimedt = zShotSpotterDispatchesdt + dd + gt + edt
whereShotSpotterDispatchesdt is the number of dispatches attributed to ShotSpotter alerts in dis-
trict d at timet, dd are police district �xed effects, andgt are day-by-month-by-year �xed effects.
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F4 where we split the number of ShotSpotter dispatches into deciles and re-estimate

the model. Interestingly, we �nd that each response time increases monotonically

with ShotSpotter dispatches, which further suggests the incapacitation effect it has

on of�cers.

Taken together, these �ndings underscore the signi�cance of police re-

source allocation within a day. If ShotSpotter affects response times by overloading

of�cer responsibilities, then it is imperative to reallocate the appropriate amount of

staf�ng to times when ShotSpotter dispatches are more frequent.

5.3 Impact on Call Resolution

Although the �ndings demonstrate that ShotSpotter affects police of�cer response

times, we acknowledge that this may not yield detrimental consequences if it does

not reduce the likelihood of apprehending perpetrators. To address this concern,

we investigate changes in the arrest probability of 911 calls using two methods:

�rst, we estimate the reduced form where ShotSpotter implementation is the binary

treatment variable, and the arrest probability is the outcome variable.24 Second, we

employ an instrumental variables (IV) design where the ShotSpotter implementa-

tion is the instrument, Call-to-Dispatch is the endogenous variable of interest, and

Arrest Made is the binary outcome variable. By estimating an IV design, we esti-

mate the marginal effect of an extra second in dispatch delay on arrest likelihood for

only 911 calls that are induced to have a longer Call-to-Dispatch time by ShotSpot-

24We use two sets of arrest data which include arrests from the arrest database and case reports
that end in arrests. We merge this to the 911 dispatch data using incident report number as the
common identi�er (RD). Based on conversations with the Chicago Police Department, this is the
best way to map 911 calls to arrests.
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ter (compliers). This more precisely isolates the direct implication of ShotSpotter

response time delays on public safety, and moreover, is consistent with the reduced-

form estimates. To corroborate these �ndings, we examine the �nal disposition of

911 calls using both methods and �nd evidence that of�cers are more likely to report

dispositions that are consequential of a slower arrival.

Column 1 of Table 4 shows that the likelihood of an arrest made decreases

because of the ShotSpotter implementation. Panel A shows the reduced-form es-

timates while Panel B shows second-stage of the two-stage least squares (2SLS)

design—each multiplied by 100 for a percentage-point interpretation. In particular,

the reduced-form estimates in Panel A show that the arrest likelihood decreases by

9% relative to the mean and is statistically signi�cant at the 1% level. In Panel B,

the results from the 2SLS estimation show that the marginal effect of an additional

second of Call-to-Dispatch time results in a statistically signi�cant 0.004 percentage

point decrease in the likelihood of an arrest being made. Given the average increase

in Call-to-Dispatch time is approximately 60 seconds (�rst-stage), this results in an

average decrease of roughly 0.240 percentage points—consistent with the reduced

form. To assess the validity of these �ndings, we present the reduced-form esti-

mates using the Gardner (2021) estimator in Appendix Table F3 and additionally

plot the corresponding event study in Appendix Figure F5 to assess the plausibility

of the parallel trends assumption.25 For 2SLS, we report the ef�cient F-statistic

(Eff F-stat) from Olea and P�ueger (2013), and Anderson and Rubin (1949) con�-

dence intervals with corresponding p-values for weak instruments. In each of these

analyses, we �nd consistent results and little visual evidence of a pre-trend.

25In addition, we estimate the reduced form using logistic regressions rather than OLS. The results
are shown in Appendix Table F2. The results remain consistent.
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In Columns 2-4, we utilize the 911 call �nal dispositions and �nd evi-

dence that of�cers are more likely to report dispositions that are consistent with

increased response times. To begin, we analyze changes in the three most frequent

�nal dispositions which account for approximately 70% of all 911 calls: Other

Police Service (41%), No Person Found (21%), and Peace Restored (6%).26 Con-

sistent with response time delays, Column 3 in Panel A shows that of�cers are more

likely to report that a person is not found by 0.751 percentage points (3%). This

result is statistically signi�cant at the 5% level. Moreover, Column 4 of Panel A

demonstrates that there is a statistically signi�cant 0.558 percentage point reduction

(8%) in reports of peace being restored, thereby raising the notion that an of�cer

has arrived too slowly and there is no longer a con�ict to mitigate. In Panel B, each

of these columns are consistent in magnitude when estimating 2SLS, although only

Person Not Found has similar statistical inference.

Despite these corroborating results, we note that �nal dispositions are

of�cer-reported, and there may be instances where an of�cer does not carefully

delineate between codes (i.e., Person Not Found vs. Other Police Service). Hence,

while these results are in-line with slower response times, we advise these �nal

disposition results (Columns 2-4) be taken as suggestive.

26Each of these are dispositions in which an of�cer did not �nd what the initial service call was
for. For instance, a civilian may call for a domestic disturbance only for an of�cer to arrive and not
�nd any perpetrator. On the other hand, if an of�cer did �nd the perpetrator, they would report in
their �nal disposition the corresponding crime code. Appendix Figure F6 plots the estimates for all
other �nal disposition codes, which are particularly infrequent.
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6 Discussion

6.1 Is ShotSpotter an Effective Gun-Violence Reduction Tool?

Although previous sections have shown that ShotSpotter reallocates police resources

to the detriment of 911 calls, we now broaden the analysis to independently test

whether ShotSpotter contributes to a reduction in gun violence and enhances po-

lice productivity beyond the 911 call system. As mentioned in Section 2, while

ShotSpotter has been found to provide geographical accuracy (Piza et al., 2023)

and faster gun-related dispatch times (Choi et al., 2014), there is also evidence that

ShotSpotter has no impact on reducing gun violence (Connealy et al., 2024) and

fails to result in police action upon arrival (Ferguson and Witzburg, 2021; Manes,

2021).

In this subsection, we analyze whether ShotSpotter affectsaggregatecounts

of gun-related arrests, clearances, and victimization from across the city, regardless

of the relation to a 911 call. In doing so, we test whether ShotSpotter provides gun

regulation, results in valuable intelligence/evidence needed to solve crimes, or saves

lives from gun violence. The results show little evidence of these potential bene�ts,

thereby reconciling �ndings from other studies focusing on Chicago (Ferguson and

Witzburg, 2021; Manes, 2021; Connealy et al., 2024).

To begin, we construct a new data set which includes daily-level counts

of gun-related arrests, clearance, and victimization at the district-level. We de-

�ne an outcome as gun-related if the charge description contains the word `gun' or
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`�rearm'. Next, we estimate an event study framework similar to Equation 2:

Ydt =
24

å
i= � 12;
i6= � 1

b iShotSpotteridt + dd + gt + edt (3)

whereYdt is the outcome of interest in districtd in time t. Day-by-month-by-year

(gt) and district �xed effects (dd) are also included. Given the (non-negative) count

nature of the outcomes, we estimate Equation 3 using Poisson estimation in lieu of

OLS. Standard errors are clustered at the district level.

Figure 7 reveals no signi�cant changes in the aggregate counts of gun

arrests, gun crimes cleared, or gun victimization following the implementation of

ShotSpotter. For each outcome, we �nd few statistically signi�cant estimates and

minimal evidence of a lasting effect. This contrasts with a marked increase in police

allocation to gun-related incidents over this time period (Panel D), as re�ected in the

total number of 911 callscombinedwith ShotSpotter dispatches.27 Taken together,

despite the reallocation of resources to gun-related incidences, we do not �nd ev-

idence that ShotSpotter enhances productivity or mitigates gun violence through

arrests, clearances, or victimization.28

27As discussed more in Section 7, despite knowing the number of ShotSpotter dispatches across
the entire sample period (2016-2022), we do not know more information about what happens on
these dispatches aside from a small subsample (2019-2022) due to data restrictions. Chicago Police
Department claims further information prior to 2019 does not exist.

28This lack of ef�cacy in Chicago mirrors concerns expressed in other cities, such as New York
City, where the Comptroller Brad Lander has shared criticism that "the evidence shows that NYPD
is wasting precious time and money on this technology and needs to do a better job managing its
resources."
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7 Conclusion

In this study, we analyze the adoption of a policing technology that crowds out

police of�cer time and disrupts the availability of of�cers. We do so by exploring

the effect of ShotSpotter technology on two measures of rapid response: Call-to-

Dispatch and Call-to-On-Scene. Using a comprehensive dataset of all dispatched

911 calls over a seven-year period (2016-2022), we �nd that response times signi�-

cantly increase following the implementation of ShotSpotter in Chicago. Specif-

ically, we �nd that 911 dispatchers assign of�cers one-minute slower (Call-to-

Dispatch) and of�cers arrive on-scene approximately two-minutes later (Call-to-

On-Scene). These delays have signi�cant implications, as they reduce the likeli-

hood of resolving a 911 call with an arrest.

Furthermore, we �nd that ShotSpotter increases response times by re-

allocating scarce police resources from 911 calls to ShotSpotter-detected gun�re

alerts (ShotSpotter dispatches), resulting in a signi�cant time trade-off. Given the

substantial resources that ShotSpotter requires, police of�cers are forced to allo-

cate a signi�cant portion of their time to ful�ll ShotSpotter requirements, thereby

incapacitating them from attending to 911 calls. In particular, we show that the

effects are driven by times of day when there are fewer police of�cers on-duty and

when ShotSpotter dispatches are most frequent. On the intensive margin, we �nd

that each additional ShotSpotter dispatch results in a six-second increase in Call-

to-Dispatch time and an eight-second increase in Call-to-On-Scene time, showing

further evidence that ShotSpotter is creating a costly time allotment.

Moreover, we �nd little evidence of that ShotSpotter is generating sub-

stantial bene�ts outside the 911 call system. City-wide counts of gun-related ar-
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rests, clearance, and victimization, each show little evidence of a signi�cant change

post-implementation, thus calling into question ShotSpotter's effectiveness as a

crime-reduction tool. However, as a limitation of the analysis, we note that we

cannot directly evaluate the productivity of a ShotSpotter dispatch in comparison to

a 911 dispatch over the sample period.29 Despite this shortcoming, we utilize a sub-

set of the data (2019-2022) and �nd descriptive evidence that approximately 2.2%

of all ShotSpotter dispatches result in an arrest.30 As a benchmark, gun-related

911 calls in ShotSpotter districts prior to implementation result in an arrest approx-

imately 3.5% of the time. While this is suggestive of a comparative decrease in

productivity, we emphasize that an arrest is not the only productivity measure in a

dispatch; police may gather valuable intelligence at the crime scene, or the presence

of of�cers may produce a deterrence effect from subsequent crimes occurring in the

area (Chal�n and McCrary, 2017). As a result, while we provide robust evidence to

the cost of ShotSpotter implementation, further research is needed to understand the

productivity of ShotSpotter dispatches to perform a rigorous cost-bene�t analysis.

Hence, we cannot advocate for, nor against ShotSpotter, but aim to in-

form policymakers of the substantial unintended consequences that it, and similar

technologies, create. Given the analysis, we �nd that ShotSpotter creates a re-

source constraint problem where of�cers have too many responsibilities. However,

we cannot rule out the possibility that ShotSpotter may be an effective tool for

police departments that are suf�ciently staffed, yet recommend that police depart-

29Two reports from Chicago have raised concerns over ShotSpotter's productivity (Ferguson and
Witzburg, 2021; Manes, 2021)

30Of�cers were not required to report whether an arrest was associated to ShotSpotter until af-
ter February 2019 according to a Freedom of Information Act request for such information. This
number is found using the total number of distinct arrests that are associated with a ShotSpotter and
dividing by the number of ShotSpotter dispatches post-February 2019.
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ments carefully evaluate whether their operations can accommodate the intensive

resources that this technology requires in order to mitigate the consequences. In

Chicago, a back-of-the-envelope calculation shows that in order to eliminate the

on-scene time delays, 36% more of�cers are needed.31 This underscores the notion

that police technology such as ShotSpotter, as of now, can possibly act as a valuable

complement for police of�cers, but not as a perfect substitute.

31To calculate this, we estimate the speci�cation outlined in Section 5.2, replacing the
NumberSSTDispatchesdt with the number of of�cers within districtd at timet and the number of
of�cers within district d at timet squared. The marginal effect of an additional of�cer on response
times using this model is to 1.78 seconds increased in on-scene time. We then use the average
increase in Call-to-On-Scene from Column 2 of Table 2 (103.7) and divide by the 1.78 to �nd the
number of of�cers needed to negate this effect. Using the average number of of�cer hours (1277.86),
and dividing by 8 (the average shift time), we �nd the average number of of�cers within a district
(159.73). Finally, dividing the number of of�cers needed by the average number of of�cers within a
district gives the percentage increase (36%).
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Figure 1: ShotSpotter Alert Trends and Enactment Dates
Note: This �gure depicts police districts that are implemented with ShotSpotter technol-
ogy. Months are on the x-axis, while the y-axis is the number of ShotSpotter dispatches
aggregated to the monthly level. The table on the right shows the corresponding imple-
mentation date for ShotSpotter technology. In Chicago, 12 of the 22 police districts have
ShotSpotter technology. The dashed red line shows the implementation dates used in the
main results. In some cases, the implementation date we use differs from the date given
from the Chicago Police Department, since the ShotSpotter dispatches data does not align.
Analysis using public records date is shown in Appendix Figure F2. Prior to implementa-
tion, some districts may observe some ShotSpotter dispatches if sensors in a neighboring
district detect gunshots from afar. However, this is a rare occurrence.
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Figure 2: Distribution of Outcome Variables
Note: The two plotted variables are Call-to-Dispatch and Call-to-On-Scene. Call-to-
Dispatch is the time from a 911 call to when a police of�cer is dispatched to the crime
scene. Call-to-On-Scene is the time from a 911 call to the time a police of�cer arrives at
the scene of the reported crime. This sample excludes outliers that are greater than three
standard deviations from the mean for each outcome. Observations with response times
higher than 3000 seconds are binned. However, the main results remain consistent when
including these outliers, as shown in Appendix Figure F2. The dashed blue line repre-
sents the mean of Call-to-Dispatch time, while the dashed red line represents the mean of
Call-to-On-Scene time.
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Figure 3: Event Study (Call-to-Dispatch)
Note: This �gure shows the event study as speci�ed in Equation 2 for Call-to-Dispatch
times. Call-to-Dispatch is the amount of time from a 911 call to a police of�cer being dis-
patched to the crime scene. The x-axis denotes the number of months pre-/post-adoption
of ShotSpotter technology. The y-axis denotes the 95% con�dence intervals and point esti-
mates (in seconds). The red error-bars/points represent con�dence intervals/point estimates
from OLS estimation while the blue are using the Gardner (2021) two-stage difference-in-
difference estimator, which is robust to heterogeneous treatment effects in staggered adop-
tions. All pre-/post-periods are relative to the month before ShotSpotter adoption. Twelve
pre-periods (24 post-periods) are estimated, but only 11 pre-periods (23 post-periods) are
reported, as the -12 (+24) is a binned endpoint. Controls match the preferred speci�cation.
Standard errors are clustered at the district level.
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Figure 4: Event Study (Call-to-On-Scene)
Note: This �gure shows the event study as speci�ed in Equation 2 for Call-to-On-Scene
times. Call-to-On-Scene is the amount of time from a 911 call to a police of�cer arriving to
the crime scene. The x-axis denotes the number of months pre-/post-adoption of ShotSpot-
ter technology. The y-axis denotes the 95% con�dence intervals and point estimates (in sec-
onds). The red error-bars/points represent con�dence intervals/point estimates from OLS
estimation while the blue are using the Gardner (2021) two-stage difference-in-difference
estimator, which is robust to heterogeneous treatment effects in staggered adoptions. All
pre-/ post-periods are normalized by the month before ShotSpotter adoption. Twelve pre-
periods (24 post-periods) are estimated, but only 11 pre-periods (23 post-periods) are re-
ported, as the -12 (+24) is a binned endpoint. Controls match the preferred speci�cation.
Standard errors are clustered at the district level.

47



Figure 5: Average Outcomes in Police Districts
Note: Each police district is plotted on the y-axis, and the average of Call-to-Dispatch and
Call-to-On-Scene (seconds) is on the x-axis. In the top panel, police districts that receive
ShotSpotter technology are plotted. In the bottom panel, police districts that never re-
ceive ShotSpotter are plotted. All ShotSpotter-implemented districts have two distinctions:
ShotSpotter Active and ShotSpotter Inactive. The red lines correspond to periods prior to
ShotSpotter implementation, and the blue bars correspond to post-implementation. There
are 12 of 22 police districts in Chicago that receive ShotSpotter technology.
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Figure 6: Effect of ShotSpotter by Of�cer Watch Times
Note: This �gure shows that in times when of�cers are responding to more ShotSpotter
(SST) detections, their response times are slower. In Panel A, the number of ShotSpotter
dispatches are plotted by the hour of occurrence. The y-axis is the number of ShotSpotter
dispatches, while the x-axis the hour of the day. In Panel B, Call-to-Dispatch and Call-to-
On-Scene estimates using the speci�cation in Equation 1 are shown along with the 95%
con�dence intervals, split by of�cer watch. There are three main watches in Chicago:
Watch 1 (11:00pm-7:00-am), Watch 2 (7:00am-3:00pm), and Watch 3 (3:00pm-11:00pm).
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Figure 7: Event Study on Aggregate Outcomes (Poisson)
Note: This �gure shows the event study as speci�ed in Equation 3 for the district-level
outcomes of gun-related arrests, victimization, and clearance. All outcomes are counts, and
the estimation method is Poisson regression. Panel D shows the outcome of the number
of gun-related 911 dispatches (i.e., `person shot', `person with gun', and `shots �red')
combinedwith ShotSpotter dispatches. The x-axis denotes the number of months pre-
/post-adoption of ShotSpotter technology. The y-axis denotes the 95% con�dence intervals
and point estimates. All pre-/ post-periods are normalized by the month before ShotSpotter
adoption. Twelve pre-periods (24 post-periods) are estimated, but only 11 pre-periods (23
post-periods) are reported, as the -12 (+24) is a binned endpoint. Controls include day-
by-month-by-year and district �xed effects. Standard errors are clustered at the district
level.
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9 Tables

Table 1: Summary Statistics

Mean Std. Dev. Min Max N

Panel A: Priority 1 Outcomes:
Call-to-Dispatch 287.25 440.55 2.00 3,111.00 3,453,655

(4.79 mins) (7.34 mins) (0.03 mins) (51.85 mins)
Call-to-On-Scene 779.21 786.87 11.00 7,671.00 1,935,142

(12.99 mins) (13.11 mins) (0.18 mins) (127.85 mins)
Arrest Made 0.03 0.16 0.00 1.00 3,453,655

Panel B: Secondary Outcomes:
Call-to-Dispatch (Priority 2) 362.04 524.78 2.00 3,577.00 1,604,670

(6.03 mins) (8.75 mins) (0.03 mins) (59.62 mins)
Call-to-On-Scene (Priority 2) 964.45 901.10 14.00 6,615.00 776,284

(16.07 mins) (15.02 mins) (0.23 mins) (110.25 mins)
Call-to-Dispatch (Priority 3) 1,013.00 1,258.18 2.00 6,550.00 3,283,969

(16.88 mins) (20.97 mins) (0.03 mins) (109.17 mins)
Call-to-On-Scene (Priority 3) 1,915.38 1,820.18 10.00 11,702.00 1,226,065

(31.92 mins) (30.34 mins) (0.17 mins) (195.03 mins)

Panel C: Other Variables:
Priority 1 911 Dispatches 72.90 24.59 8.00 223.00 3,453,655
ShotSpotter Dispatches 2.95 4.17 0.00 57.00 3,453,655
Of�cer Hours 1,342.61 393.43 231.00 6,558.10 3,453,655

Note:
Units are in seconds unless otherwise noted. Data is at the call-level. Call-to-Dispatch represents the amount
of time from the 911 call to an of�cer dispatching to the scene. Call-to-On-Scene is the time from a 911
call to when an of�cer arrives on-scene. Priority 1 Call-to-On-Scene is missing approximately 45 percent
of on-scene times, although the results remain consistent when we can observe both response times. This
is discussed further in Appendix A. Arrest Made is and indicator equal to one if the 911 call resulted in
an arrest. Priority 1 refers to an immediate dispatch, Priority 2 a rapid dispatch, and Priority 3 a routine
dispatch. Priority 2 and 3 analysis, while not in the main text, is available in Appendix E. Priority 1 911
Dispatches is the number of Priority 1 dispatches at the district-day level. ShotSpotter Dispatches is the
number of dispatches due to ShotSpotter detections. Importantly, ShotSpotter Dispatches is also at the
district-by-day level and includes days in which ShotSpotter is not implemented. The average number
of ShotSpotter dispatches on post-implementation days is approximately 6. The average daily number of
ShotSpotter dispatches across Chicago once all 12 districts have implemented ShotSpotter is approximately
70. Note that New Years Eve/New Years Day/Fourth of July are excluded from the sample as these days
correspond with high amounts of celebratory gun�re. Of�cer Hours are the number of working hours sworn
police of�cers work at the district-day level.
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Table 2: Effect of ShotSpotter on Response Times (OLS)

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

Panel A: Call-to-Dispatch
ShotSpotter Activated 61.319** 64.074** 66.409** 71.696*** 61.363**

(21.840) (22.648) (23.566) (22.620) (21.892)
Border District Activated 21.535

(16.663)
Mean of Dependent Variable 287.246 287.246 271.420 287.246 287.246
Observations 3,453,655 3,453,655 1,935,142 3,453,623 3,453,655
Wild Bootstrap P-Value 0.012 0.018 0.014 0.015

Panel B: Call-to-On-Scene
ShotSpotter Activated 96.750*** 102.394*** 102.394*** 121.020*** 100.664***

(26.077) (28.649) (28.649) (27.646) (28.035)
Border District Activated 24.366

(17.710)
Mean of Dependent Variable 779.213 779.213 779.213 779.213 779.213
Observations 1,935,142 1,935,142 1,935,142 1,935,116 1,935,142
Wild Bootstrap P-Value 0.003 0.007 0.004 0.009

FE: Day-by-Month-by-Year X X X X X
FE: District X X X X X
FE: Call-Type X X X X
FE: Hour-of-Day X X X X
Gardner (2021) Robust X

Note:
* p < 0.1, ** p < 0.05, *** p < 0.01
Standard errors are clustered by district. All coef�cient estimates are in seconds. Shotspotter is acti-
vated in 12 of the 22 police districts in Chicago. Panel A shows results for Call-to-Dispatch while Panel
B shows results for Call-to-On-Scene. Column 1 reports only time and group �xed effects. Column
2 reports the preferred speci�cation from Equation 1, which includes hour-of-day and call-type �xed
effects. Column 3 includes only observations where both Call-to-Dispatch and Call-to-On-Scene can
be observed. Column 4 reports estimates using the Gardner (2021) estimator which is robust to het-
erogeneous treatment effects across groups and time periods in staggered designs. Due to its two-stage
method, some observations are dropped if unable to predict values in the �rst stage. Column 5 includes
Border District Activated which is an indicator for when a district is adjacent to a ShotSpotter imple-
mented district. Wild cluster bootstrap p-values using 999 iterations are also reported as the number of
clusters (22) is below the threshold of 30 put forth in Cameron et al. (2008). The bootstrap cannot be
performed using the Gardner (2021) estimator.
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Table 3: Effect of ShotSpotter on Response Times Mechanisms (OLS)

ShotSpotter Rollout ShotSpotter Dispatches

Of�cer Availability

Pooled > Median <= Median Pooled

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

Panel A: Call-to-Dispatch
ShotSpotter Activated 64.131*** 34.500** 85.180***

(22.379) (13.630) (27.959)
Number SST Dispatches 6.094***

(1.513)
Mean of Dependent Variable 281.890 239.951 323.077 269.365
Observations 3,582,560 1,775,086 1,807,474 47,933

Panel B: Call-to-On-Scene
ShotSpotter Activated 102.682*** 59.706*** 138.102***

(28.724) (21.061) (37.671)
Number SST Dispatches 8.023***

(1.842)
Mean of Dependent Variable 770.863 711.409 827.843 770.462
Observations 1,997,102 977,332 1,019,770 47,932

FE: Day-by-Month-by-Year X X X X
FE: District X X X X
FE: Call-Type X X X
FE: Hour-of-Day X X X

Note:
* p < 0.1, ** p < 0.05, *** p < 0.01
Standard errors are clustered by district. ShotSpotter Activated is a binary equal to one when a dis-
trict has ShotSpotter technology (extensive margin). Number SST Dispatches refers to the number
of ShotSpotter dispatches that occur within a district-day (intensive margin). All coef�cient esti-
mates are in seconds. Panel A reports results for Call-to-Dispatch while Panel B reports results for
Call-to-On-Scene. Of�cer availability is measured by number of of�cer hours within a district-day.
Column 2 corresponds to district-days that have of�cer hours above their district median (more of-
�cer availability), while Column 3 corresponds to district-days that have of�cer hours below their
district median (less of�cer availability). Analyses for Columns 1-3 are on the extensive margin, and
utilze call-level data. The coef�cients for these analyses are interpreted as average effects. Anal-
ysis for Column 4 is on the intensive margin, and the data is aggregated to the district-day level.
The coef�cients of interest for Column 4 are interpreted as marginal effects. We aggregate to the
district-day since the number of ShotSpotter dispatches is measured at the district-day. Because of
this, we cannot use call-level data to correctly identify the marginal effects. Moreover, we restrict
the sample to only post-implementation days for treated districts to ensure that only the intensive
margin, rather than extensive margin, is identi�ed. Further explanation of this model is given in
Section 5.3.
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Table 4: Effect of ShotSpotter on 911 Call Resolutions (OLS)

Most Frequent Final 911 Dispositions

Arrest
Made

Other
Police Service

No
Person Found

Peace
Restored

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

Panel A: Reduced Form
ShotSpotter Activated -0.238*** 1.056* 0.751** -0.558**

(0.068) (0.592) (0.316) (0.217)
Mean of Dependent Variable 2.553 41.047 21.367 6.283
Observations 3,453,655 3,453,655 3,453,655 3,453,655
Wild Bootstrap P-Value 0.002 0.039 0.002 0.001

Panel B: 2SLS (Second Stage)
Call-to-Dispatch -0.004** 0.016 0.012** -0.009*

(0.002) (0.013) (0.005) (0.004)
Mean of Dependent Variable 2.553 41.047 21.367 6.283
Observations 3,453,655 3,453,655 3,453,655 3,453,655
Eff F-Stat 8.004 8.004 8.004 8.004
AR Conf.Int [-0.012, -0.002] [-0.001, 0.092] [0.003, 0.029] [-0.031, -0.002]
AR P-Value 0.000 0.074 0.018 0.010

FE: Day-by-Month-by-Year X X X X
FE: District X X X X
FE: Call-Type X X X X
FE: Hour-of-Day X X X X

Note:
* p < 0.1, ** p < 0.05, *** p < 0.01
Standard errors are clustered by district. All coef�cient estimates and means are in percentages. The
dependent variable in Column 1 is an indicator equal to one if a 911 call resulted in an arrest. The
dependent variable in Columns 2-4 is an indicator equal to one if a 911 call resulted in Other Police
Service (Column 2), No Person Found (Column 3), or Peace Restored (Column 4). Columns 2-4
report the three most frequent 911 �nal dispositions: Other Police Service, No Person Found, and
Peace Restored. The �nal disposition is the �nal result of what happened on the 911 call. Panel A
shows the reduced form estimates of the ShotSpotter implementation, while Panel B shows the second
stage of a 2SLS regression where Call-to-Dispatch time is the endogenous variable, and ShotSpotter
implementation is the instrument. Hence, Panel B estimates show the marginal effect of an extra second
of Call-to-Dispatch on arrest probability for calls that are induced to have longer Call-to-Dispatch times
by ShotSpotter (compliers). First stage estimates are shown in the main results table where ShotSpotter
implementation results in ~60 second increase for Call-to-Dispatch times on average. In Panel A, Wild
cluster bootstrap p-values using 999 replications are also reported since the number of clusters (22)
is below the threshold of 30 put forth in Cameron et al. (2008). In Panel B, we report the effective
F-statistic (Eff F-Stat) from Olea and P�ueger (2013), and the con�dence intervals and corresponding
p-values from the Anderson and Rubin (1949) test which is robust to weak instruments.
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Appendix A Missing Call-to-On-Scene Data

In this appendix, we conduct analyses regarding the notable amount of data missing for

one of the key outcome variables, Call-to-On-Scene. Recall that Call-to-On-Scene denotes

the time interval between a 911 call and an of�cer's arrival at the scene of the incident.

While we �nd suggestive evidence that missing Call-to-On-Scene times are correlated with

ShotSpotter implementation, this section outlines several reasons to maintain con�dence in

the main results despite this limitation.

A.1 Reasons for Missing Data

First, we note that the underlying reason behind a missing Call-to-On-Scene entry is an

of�cer's failure to report to the dispatcher that they have arrived on-scene. This could be

due to an of�cer forgetting to report, or more likely, an of�cer being immediately engaged

on-scene. Importantly, we provide suggestive evidence that the latter is happening more

frequently post-implementation of ShotSpotter due to of�cers being more time-constrained.

In Panel A of Appendix Table A1, we estimate the preferred speci�cation from

Equation 1 on an indicator for a missing Call-to-On-Scene time and �nd suggestive evi-

dence of a correlation. Column 1 of Panel A reports a 3.5 percentage point increase in the

likelihood of missing Call-to-On-Scene when ShotSpotter is implemented, which is sta-

tistically signi�cant at the 10% level. However, Columns 2 and 3 show that this effect is

driven by times in which there are fewer of�cers on duty, implying that ShotSpotter may

be straining of�cers' time allotment. For instance, if an of�cer feels they have fallen be-

hind, they may disregard relaying to the dispatcher that they have arrived to the scene. If

this is the case, then the missing on-scene times may be larger than the non-missing times,

thereby suggesting that the main results are biased downward.
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A.2 Impact on Call-to-Dispatch Times

Second, we examine the impact of missing data on Call-to-Dispatch times—the time from

a 911 call to when an of�cer is dispatched to the crime scene. Notably, Call-to-Dispatch

times, a mechanism underlying Call-to-On-Scene times as discussed in Section 5, are 100%

reported.

To begin, we supplement Equation 1 with an interaction between ShotSpotter im-

plementation (ShotSpotter Activate) and an indicator for missing Call-to-On-Scene times

(Missing On-Scene).32 In doing so, we test whether there are differences in the effect of

ShotSpotter on Call-to-Dispatch times between cases with missing and no missing data.

Panel B of Appendix Table A1 reports no signi�cant change in Call-to-Dispatch times

when there is missing Call-to-On-Scene data. As shown across Columns 1-3, there is little

evidence that Call-to-Dispatch times differ in a missing data case. Speci�cally, the coef-

�cient on the interaction term is small and statistically insigni�cant. This result instills

con�dence that of�cers are likely still arriving on-scene at later times even in missing data

cases, as there appears to be no change in Call-to-Dispatch times when on-scene times are

missing.

A.3 Consistent Trends

Last, given that Call-to-Dispatch times are fully reported and there is no change when

Call-to-On-Scene times are missing, we plot the event study coef�cients from Figures 3

and 4 in Appendix Figure A1 which shows that there is a consistent time trend for each

outcome variable. The convergence in trends reinforces the notion that even when Call-

to-On-Scene data is absent, of�cers may still experience delays in reaching the scene due

to slower dispatching procedures. This consistent pattern underscores the reliability of the

32The �xed effects are also interacted with Missing On-Scene.
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Call-to-On-Scene �ndings.

Table A1: Analysis of Missing Call-to-On-Scene Data (OLS)

Of�cer Availability

Pooled > Median <= Median

(1) (2) (3)

Panel A: Missing Call-to-On-Scene
ShotSpotter Activated 0.035* 0.029 0.039*

(0.019) (0.019) (0.021)
Mean of Dependent Variable 0.440 0.447 0.432
Observations 3,453,655 1,725,816 1,727,839

Panel B: Call-to-Dispatch
ShotSpotter Activated 66.409*** 34.739** 92.687***

(23.293) (14.126) (30.051)
ShotSpotter Activated x Missing 0.101 0.895 -2.956

(33.317) (20.676) (42.251)
Mean of Dependent Variable 287.246 243.869 330.572
Observations 3,453,655 1,725,816 1,727,839

Note:
* p < 0.1, ** p < 0.05, *** p < 0.01
Standard errors are clustered by district. All coef�cient estimates are in seconds. In Panel A,
the table shows regressions on a binary variable equal to one if Call-to-On-Scene is missing.
Columns 2 and 3 are split by district-day medians of of�cer hours. In Panel B, Call-to-
Dispatch time, which contains no missing data, is estimated with an additional interaction
term which interacts Call-to-Dispatch time with the indicator for whether on-scene time is
missing. The coef�cient estimate on this term shows that that there is no difference in Call-
to-Dispatch time when there is missing on-scene data. Note that in these speci�cations, the
�xed effects are also interacted to get a similar interpretation as if there were two separate
regressions estimated. All controls utilized in these regressions are consistent with the
preferred speci�cation and are estimated using OLS.
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Figure A1: Event Study Point Estimates Trend
Note: This �gure plots the point estimates of the event study speci�cations in Equation 2
for both Call-to-Dispatch (blue) and Call-to-On-Scene (red). In effect, this �gure shows
that the trends for each of these outcomes are similar. The y-axis denotes the point estimate
in seconds, and the x-axis displays the number of months to ShotSpotter implementation.
Recall that Call-to-Dispatch has no missing data, while Call-to-On-Scene is approximately
45 percent missing. This �gure is intended to show that Call-to-Dispatch, a mechanism
underlying slower on-scene times, has a similar trend to Call-to-On-Scene, suggesting that
missing data may not be a substantial issue.
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Appendix B Changes in Call Distribution

In this appendix, we discuss two sets of analyses to test the assumption that call compo-

sition is stable post-implementation of ShotSpotter. First, we test whether the number of

911 calls changes. Second, we test whether certain call classi�cations are more common.

In each test, we �nd little evidence of a signi�cant change in the number of calls or call

composition.

B.1 Changes in the Number of 911 Calls

First, we test whether the number of 911 calls changes signi�cant post-implementation. It

is imperative that the number of calls is not increasing since this could result in the volume

of calls causing response time delays rather than ShotSpotter. To test this, we estimate an

event-study model using Poisson estimation, similar to Equation 3:

NumberCallsdt =
24

å
i= � 12;
i6= � 1

b iShotSpotteridt + dd + gt + edt (B0)

whereNumberCallsdt is the number of 911 calls in districtd at timet. Day-by-month-by-

year (gt) and district �xed effects (dd) are also included. Given the (non-negative) count

nature of the outcomes, we estimate Equation B0 using Poisson estimation in lieu of OLS.

Standard errors are clustered at the district level.

Figure B1 plots the event-study estimates for four outcomes: all 911 calls (Panel

A), Priority 1 calls (Panel B), Priority 2 calls (Panel C), and Priority 3 calls (Panel D).

Panel A shows that there is no signi�cant change in the total number of 911 calls post-

implementation which suggests that of�cers have a constant workload of call-volume. Pri-

ority 2 and 3 calls also exhibit similar results. However, there is evidence of adeclinein

the number of Priority 1 calls as shown in Panel B. We emphasize two points in light of this
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result: �rst, the decline is likely economically insigni�cant, as the DiD estimate translates

to an average of two-fewer calls—a sum that is unlikely to greatly affect of�cer availabil-

ity—and second, a decline in the number of calls results infewerof�cer responsibilities,

which would result inmoreof�cer availability. As shown in Table 3, when there are more

of�cers available, the effects of ShotSpotter on response times are decreased.

B.2 Changes in Call Composition

Second, in order to assess whether call composition is changing, we estimate whether the

likelihood of each 911 call-type changes post-implementation. We do this using a variation

of the baseline OLS speci�cation (Equation 1):

CallTypecdt = bShotSpotterdt + dd + gX f (t) + ecdt (B0)

whereCallTypecdt is a binary indicator equal to one for each call classi�cation for callc in

district d at timet.33 All other components of the model remain the same.

Since there are some infrequent call classi�cations, we combine any call-type

that does not appear in every year into one category, resulting in 114 �nal classi�cations.

Next, we estimate 114 iterations of Equation B0 with a different call-type as the binary

outcome variable. This results in 114 estimates of parameterb—the average change in

the probability of a call-type occurring post-ShotSpotter implementation. Given the large

number of hypothesis tests, we correct the p-values using the method outlined in Benjamini

and Hochberg (1995).

Figure B2 plots the corrected p-values from the 114 estimations of Equation B0

and shows that there is little evidence of signi�cant changes in call composition. In partic-

ular, only 3% of the call classi�cations show statistically signi�cant changes in likelihood

33Recall that we use the �nal dispatch code as the classi�cation for each call-type.
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which is in-line with expectations.
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