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Abstract

Baltimore’s homicide rate fell by roughly 60% between 2022 and 2025, an exceptional
decline among large U.S. cities. At the start of this period, Baltimore launched a strat-
egy that concentrated police and social service resources on a small set of people thought
to be driving group-involved gun violence. The approach—“focused deterrence”—has
been implemented in some form by cities across the U.S. The strategy was introduced
first in the Western police district, one of the highest-violence communities in the U.S.
Relative to comparable Baltimore neighborhoods, we estimate that within 18 months
shootings and homicides in the Western district fell by roughly one third and carjack-
ings by about 40%, with no spillovers elsewhere in the city. These gains came without
expanding overall enforcement: total arrests were flat even as arrests for serious vio-
lent crimes rose sharply, indicating that the strategy redirected police authority toward
serious violence rather than widening the net of the justice system. Person-level and
qualitative evidence point to deterrence, incapacitation, services, and community mes-
sengers’ legitimacy as contributing channels, with no single mechanism explaining the
bulk of the decline. The social value of the averted violence is roughly 35 times the
program’s first-year spending. Citywide, Baltimore’s homicide rate over this period
was about 25% below a synthetic counterfactual built from other large cities. The tim-
ing of Baltimore’s homicide decline and the absence of a larger-than-expected drop in
other violent crimes are consistent with the expansion of focused deterrence across the
city and a broader shift toward a targeted, partnership-based response to group vio-
lence. Baltimore’s experience offers an important blueprint for how cities can achieve
reductions in gun violence at scale.
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1 Introduction

Almost 21,000 Americans were victims of gun homicide in 2021 (Gramlich, 2023). The total

number of gun assault victims that year, including non-fatal shooting victims, is likely closer

to 100,000 (Cook et al., 2017). The most disadvantaged neighborhoods in American cities—

with predominantly Black and Hispanic populations—bear the greatest economic, social,

and psychological burdens from gun violence (Cullen and Levitt, 1999; Cook and Ludwig,

2000; Sharkey and Sampson, 2010). In some of these neighborhoods in recent years, young

men faced a higher risk of gun homicide than did U.S. combat soldiers at the height of the

Iraq war (Del Pozo et al., 2022).

Policing remains the primary means by which cities respond to gun violence. Hiring more

officers and allocating them to higher-crime areas have been repeatedly shown to reduce crime

and violence, including homicide.1 Yet every interaction with a police officer carries risks,

including the risk of injury to a citizen or an officer (Weisburst, 2019a) and an arrest. Some

of these police actions undoubtedly yield considerable public safety benefits. But others

may not, including many low-level arrests, for which the public safety benefits are likely to

Wade are currently compensated under that contract; Struhl is a party to the contract but draws no compensation from
it. Braga is a principal investigator on the GVRS contracts but has received no compensation under them since 2022; his
only related payments, for two summer months in 2021 and 2022, supported the initial problem analysis, assessment, and
strategy development that preceded the launch of GVRS. We extend our deep appreciation to the dedicated individuals and
organizations working to improve public safety in Baltimore: Mayor Brandon Scott, the late former Deputy Mayor Anthony
Barksdale, and Assistant Deputy Mayor Sam Johnson; the Mayor’s Office of Neighborhood Safety and Engagement (MONSE),
including Director Stefanie Mavronis, former Director Shantay Jackson, GVRS Chief Terence Nash, and the MONSE GVRS
team; the Baltimore Police Department (BPD), including Commissioner Richard Worley, former Commissioner Michael
Harrison, the Operations Bureau, Colonel Robert Velte, the Crime Strategies and Intelligence Division, and especially the
Group Violence Unit; the Baltimore City State’s Attorney’s Office, including State’s Attorney Ivan Bates, Deputy State’s
Attorney Tom Donnelly, and the Major Investigations Unit; and Youth Advocate Programs, Inc., Roca, and Baltimore’s
community “moral voice” partners. All have been pivotal partners in this collaborative pursuit. We are also indebted to the
BPD and Baltimore City Information & Technology for providing data access and supporting open science, and to the many
BPD personnel who helped us better understand the data. We gratefully acknowledge Vaughn Crandall, Reygan Cunningham,
Marina Gonzalez, David Kennedy, and David Muhammad for their strategic guidance and support. We thank Jens Ludwig,
John MacDonald, and Emily Owens for very helpful comments. Finally, this work would not have been possible without
research team members who contributed at various stages, including Ciara Tenney, Alexa Mason, and Deborah D’Orazi. The
findings and conclusions reported here are solely the responsibility of the authors.

1 See, e.g., Evans and Owens (2007); Chalfin and McCrary (2018); Mello (2019); Weisburst (2019b); Chalfin
et al. (2022); Braga and Bond (2008); Ratcliffe (2004); Braga et al. (2019a). For summaries of this
literature, see Nagin (2013), Chalfin and McCrary (2017), McCrary and Premkumar (2019) and, most
recently, Chalfin (2025).

2



be especially low (Mas, 2006; Harcourt and Ludwig, 2006; Cho et al., 2024; Bacher-Hicks

and de la Campa, 2021) and possibly negative.2 The negative externalities of aggressive

and indiscriminate enforcement actions such as abusive and disrespectful encounters (Tyler

et al., 2015), unlawful stops and searches (Fagan and Davies, 2000), and excessive arrests

(Vitale, 2021) are also borne by the same neighborhoods that suffer most from gun violence,

leading them to be simultaneously over-policed and under-protected (Leovy, 2015).

How can a social planner reduce gun violence in the most affected communities while

minimizing the costs of broad-based enforcement? A key insight is that gun violence is

highly social, often occurring within groups of interconnected people (Papachristos et al.,

2012; Green et al., 2017; Bruhn, 2021). These groups are relatively small and usually span a

small number of communities within a city (Papachristos et al., 2013), and their composition

is often known to the police and to the outreach organizations that operate in those commu-

nities. This shared visibility makes it possible to concentrate both law enforcement attention

and social service delivery on the same small set of people, with the potential to generate a

sizable multiplier effect. On the enforcement side, deterring group members from engaging in

violence, or incapacitating them through arrest and detention when they do, can potentially

reduce gun violence without the need for broad-based enforcement activity. With respect to

social services, targeting outreach, transitional jobs, housing assistance, and other supports

to the same group—and delivering them through community messengers whose legitimacy

with group members often exceeds that of law enforcement—can offer credible alternatives

to violence and reinforce the deterrent message. Such a “double dividend,” in which crime

and incarceration are both reduced (Durlauf and Nagin, 2011), has been a goal of criminal

justice policymaking that has, thus far, remained elusive in national data characterized by

stark tradeoffs, with more police presence and staffing leading to a modest gain in public

safety but with considerably more low-level arrests (Chalfin et al., 2022; Jabri, 2021).

Strategies of this kind—commonly grouped under the label “focused deterrence”—have

2 Prosecuting people for non-violent misdemeanor offenses and detaining them in jail for the duration of
their case can increase criminal behavior (Leslie and Pope, 2017; Dobbie et al., 2018; Agan et al., 2023).
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been implemented widely and studied extensively by criminologists, with mostly promising

results (Braga et al., 2026).3 Yet the existing evidence on these strategies’ area-level ef-

fects comes from settings in which credible counterfactuals for the treated area are scarce,

and it has had little to say about three questions central to evaluating the policy: whether

such strategies change the broader composition of enforcement activity, which mechanisms—

deterrence, incapacitation, the take-up of services, and the legitimacy of community messengers—

account for any public safety gains, and how the strategies engage the people they target.

A smaller set of studies—including nine randomized controlled trials—test interventions

that apply the principles of focused deterrence to people rather than to groups (e.g., Davis

et al., 2025; Ariel et al., 2019; Ready et al., 2023; Aboaba et al., 2026). While most of the

studies report promising effects, by randomizing across people these trials are designed to

estimate only a partial equilibrium effect—of reducing one person’s violence holding fixed

the behavior of everyone else—rather than the general equilibrium effect of reducing violence

across an entire network or an entire community. The two can differ: because shootings

cluster in networks and propagate through retaliation (Papachristos et al., 2012; Green et al.,

2017), preventing one shooting can also prevent the retaliatory shootings that it would

otherwise have set off. Critically, like many social services interventions, the interventions

are usually implemented at small scale, treating far too few people for an area-level analysis

to be adequately powered. More broadly, even person-level interventions with well-identified

effects—such as programs featuring cognitive behavioral therapy for high-risk youth and

adults (Heller et al., 2017; Bhatt et al., 2024)—have seldom been shown to reduce violence

at the scale of a community or city, leaving open whether gains measured one person at a

time aggregate to population-scale reductions.

This paper seeks to determine whether a focused, group-based strategy can reduce gun

violence at real-world scale—in an entire high-violence urban community, and possibly even

an entire city. The strategy we study is not specific to its setting: it follows a focused

3 We use the term “focused deterrence” to be consistent with the broader literature, but discuss in Section 4.2
its theory of change, which includes mechanisms beyond deterrence.
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deterrence framework that cities across the U.S. have implemented in some form, though with

widely varying fidelity—a point we return to in assessing what makes the approach replicable.

Our setting has credible within-city counterfactuals, and we draw on administrative data of

unusual granularity: person-level records of police enforcement actions and of service receipt,

together with information identifying which subjects were targeted for communication and

which were targeted for arrest. Interviews and focus groups with subjects in the treated

community complement the administrative data. Together, these data let us speak not only

to whether such a strategy reduces gun violence, but also to how it reshapes the broader

composition of enforcement and to evidence on the roles that deterrence, incapacitation,

services, and community legitimacy appear to play in producing its effects—roles that the

area-level focused deterrence literature has had little ability to examine.

Our setting is Baltimore’s Western police district, one of the highest-violence communities

in the United States. Baltimore’s annual homicide rate has been at or near the 95th percentile

among U.S. cities with populations of at least 250,000 for most of the past six decades, with a

particularly stark upward divergence beginning in 2015 (Figure 1). By 2021—the year before

the strategy launched—its homicide rate of 58 per 100,000 residents was the second highest

among large U.S. cities. The Western district of Baltimore is among the most disadvantaged

communities in the U.S.—and one of the most widely recognized as such.4 At the time

of the intervention, more than one third of households in the Western district lived below

the poverty line and 36% of the district’s housing units were vacant, with many buildings

boarded up and in visible disrepair. In the years before this strategy’s adoption, the Western

district’s homicide rate was the fifth highest among 323 police districts across 27 large U.S.

cities (Figure 2). When including non-fatal shootings, the number of people shot or killed

annually in the Western district in those years amounted to 0.5% of its population and an

even higher proportion among the community’s young men.

4 Much of West Baltimore, including the Western district, is the setting for David Simon’s acclaimed series
The Wire (2002–2008) and The Corner (2000), whose portrayals of concentrated poverty, vacancy, and
gun violence brought the area national attention.
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Against this backdrop, the Group Violence Reduction Strategy (GVRS) was launched

in January 2022 in the Western district. GVRS is a collaboration between the Mayor’s

Office, the Baltimore Police Department (BPD), local and state prosecutors, and several

non-profit and community-based organizations. At a high level, the strategy involves three

parts: identification, notification, and action. First, a series of weekly meetings led by BPD

identifies people at high risk of committing a shooting or being the victim of one. Then, a

team of people—usually a combination of a detective, an outreach worker and a community

member—notify the person, either during an individual visit or as part of a group “call-

in,” that they are at risk of being involved in a shooting and that they have become a

focus of GVRS and law enforcement. GVRS then acts on two fronts: people are connected

to outreach organizations that can refer them to services ranging from housing assistance

to transitional jobs, while those suspected of having committed acts of gun violence are

targeted for arrest and prosecution. In addition, BPD increased police presence in housing

developments with a high concentration of GVRS subjects and worked with prosecutors to

investigate and develop criminal cases against those continuing to engage in violence.

We estimate the effects of GVRS on public safety and enforcement activity in the West-

ern district. Though the Western district has historically had the highest rates of homicide

in Baltimore, other areas of the city have broadly similar levels of gun violence and therefore

have the potential to be appropriate counterfactuals. Adopting the synthetic difference-

in-differences estimator of Arkhangelsky et al. (2021) as our preferred estimator, with syn-

thetic controls (Abadie et al., 2010) and difference-in-differences as alternatives in robustness

checks, we construct counterfactuals from areas of Baltimore that had, at the time, not yet

been exposed to GVRS. Since Baltimore has only nine police districts, we follow Kapustin

et al. (2022) and improve the quality of our counterfactuals by estimating models at the level

of smaller police beats or “posts.”

We find that GVRS caused the rate of people being shot or killed in the Western district

to decrease by approximately a third, and carjackings to decline by about 40%, over the 18
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months after its introduction. There is no detectable change in property crimes or assaults

more generally, consistent with the empirical regularity that such crimes are more common

and less concentrated among a small group of offenders than homicides and shootings. The

results are robust to differences in the set of donor areas from which counterfactuals are

constructed and the estimation method used. Importantly, we find no evidence that these

crimes spilled over to other parts of Baltimore, including areas adjacent to, or with pre-

existing ties to targeted groups in, the Western district.

Despite generating such a large decline in gun violence, the strategy does not appear

to have caused an increase in overall enforcement. We detect no effect on total arrests in

the Western district, including arrests for non-violent offenses and drug crimes. In contrast,

GVRS is estimated to have increased arrests for serious violent crimes by 81%, and to have

increased the violent crime clearance rate from about 8% to 10%. Taken together, these

patterns suggest that GVRS redirected the use of police authority in the Western district—

toward serious violence and away from the high-volume routine enforcement that drives most

exposure to the criminal justice system.

We complement this area-level analysis with a person-level analysis of GVRS subjects’

subsequent arrests, matched to observationally similar controls drawn from the broader Bal-

timore population. The pattern of arrests differs sharply by referral type. Subjects referred

for communication, rather than targeted for arrest, show no detectable change in arrest rates

relative to controls in the period immediately after referral. Subjects targeted for arrest, by

contrast, show an order-of-magnitude increase in arrest rates in the quarter of referral—

driven principally by weapons and drug distribution charges, consistent with the strategy’s

focus on group-involved violence—and a modestly elevated arrest rate one quarter later,

indicating that most arrest target subjects are released within the same quarter and remain

visible to law enforcement.

Interviews and focus groups with GVRS subjects in the Western district complement

the administrative data analysis. Participants describe a sharp increase in perceived risk of
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apprehension following GVRS contact, prompting changes in their day-to-day routines and

social ties; a credible link between communication and follow-on enforcement that supported

deterrence; meaningful uptake of services that helped reshape behavior and identity; and a

role for community “moral voice” messengers in bridging the legitimacy gap between law

enforcement and group members.

Finally, to assess whether these effects can plausibly account for Baltimore’s recent homi-

cide decline—a roughly 60% drop between 2022 and 2025 that outpaced most other major

U.S. cities and has become the subject of national headlines—we conduct a cross-city anal-

ysis using monthly crime data from the Real-Time Crime Index. We find that Baltimore’s

homicide rate from 2022–2025 was approximately 25% below a synthetic counterfactual con-

structed from other large U.S. cities, while its non-fatal violent crime rate tracked the counter-

factual closely. The Western district effect we estimate, mechanically scaled by the district’s

∼16% share of Baltimore’s homicides, would account for about a fifth of this 25% devia-

tion.5 The remainder is consistent with GVRS’s subsequent expansion to additional districts

and with a broader citywide reorientation toward focused, partnership-based responses to

group-involved violence that may have followed. The cross-city analysis cannot, on its own,

isolate the contribution of GVRS and this broader shift from other contemporaneous changes

in Baltimore’s policing or environment. Read together with the within-Baltimore evidence,

however, the cross-city results are consistent with GVRS—and the citywide shift it may

have catalyzed—accounting for a meaningful share of Baltimore’s recent historic homicide

decline.

2 Prior literature

2.1 Focused deterrence

The strategy of focused deterrence was first developed in Boston, Massachusetts in the mid-

1990s as a response to ongoing youth gun violence that had its roots in the receding crack

5 This scales our precisely estimated homicide and non-fatal shooting effect; the homicide-only effect is
similar in magnitude but less precise. See Section 9.
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cocaine epidemic (Kennedy et al., 1996, 2001). The so-called “Boston Gun Project” convened

a working group of law enforcement, social service, community and academic partners to

analyze the underlying conditions associated with the persistence of youth gun violence

in the city. The analysis found that the bulk of youth homicides were driven by ongoing

disputes among a very small number of gang members who were very well known to the

criminal justice system (Kennedy, 1997). The inter-agency working group developed and

implemented Operation Ceasefire, a focused, law enforcement-led strategy which had the

goal of preventing gang members from continuing to engage in gun violence (Kennedy, 1997).

When outbreaks of gang-involved shootings erupted, the working group concentrated its

enforcement capacity on holding the offending groups accountable for their violent behavior,

while street outreach workers and community members attempted to convince gang members

to stop shooting and take advantage of available services and opportunities.

A hallmark of the Boston strategy was the direct communication of incentives and dis-

incentives to the targeted audience through informal street conversations with specific gang

members and formal “call-ins” of the offending groups (Kennedy, 1997). It was thought to

be critically important for gang members to understand that shootings triggered the ac-

tions of the working group (i.e., demonstrating a “cause and effect” relationship between

their engaging in gun violence and law enforcement scrutiny). Maintaining the credibility

of these communications required robust enforcement responses by police, prosecutors, and

corrections officials, as well as the availability of appropriate services and opportunities for

individuals who wanted to step away from violent gang life. Large reductions in gun vi-

olence immediately followed the implementation of Operation Ceasefire in Boston (Braga

et al., 2001).

The success of the Boston experience inspired several U.S. cities to adopt a similar focused

deterrence approach to address violent group offending, including Los Angeles (Tita and

Abrahamse, 2004), New Orleans (Corsaro and Engel, 2015), Oakland (Braga et al., 2019b),

and Philadelphia (Roman et al., 2019). In addition to these group violence interventions,
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the principles of focused deterrence have also been used to reduce repeat offending by violent

individuals (Papachristos et al., 2007; Ariel et al., 2019) and control disorderly street drug

markets (Saunders et al., 2015).

The potential efficacy of a more tailored approach to law enforcement is supported by

several theoretical perspectives. Most directly, deterrence strives to reduce crime by changing

potential offenders’ perceptions of official action and of the associated risk of sanctions (Cook,

1980; Nagin, 2013). As such, effective deterrence necessarily involves both advertising and

persuasion (Zimring et al., 1973). Potential offenders need to know the punishment risks they

face and need to believe that these risks are genuine.6 As a result, focused deterrence places a

premium on effective communication with potential offenders. Focused deterrence programs

also attempt to create a more certain and swift sanction environment through the creative

application of existing enforcement capacity and legal authority (Kennedy, 1997). When

responding to a violent gang in a particular jurisdiction, authorities can “pull all available

enforcement levers” such as warrant service, review and follow-up on open investigations,

drug market disruption, civil code and traffic enforcement, monitoring closely and perhaps

enhancing probation and parole conditions, more vigilant prosecutorial attention to all legal

liabilities, and so forth (Braga and Kennedy, 2021).

Beyond attempting to maximize the deterrence value of law enforcement, these programs

also try to control violence by mobilizing informal social control, enhancing police legiti-

macy, and reducing crime opportunities through situational crime prevention. Focused de-

terrence strategies emphasize the importance of engaging and enlisting community members.

Community-based action in focused deterrence strategies helps remove the justifications used

by offenders to explain away their responsibility for the targeted behavior. In call-ins and

on the street, community members effectively invalidate the excuses for criminal behavior

by challenging the norms and narratives that point to racism, poverty, injustice, and the

like (Braga et al., 2001). Community members work with law enforcement and social service

6 While theoretically obvious, deliberate communication with potential offenders has been neglected in
practice (Kennedy, 1997).
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agencies to (1) set basic rules for group-involved offenders such as “don’t shoot guns” and (2)

alert the conscience of these offenders by appealing to moral values inherent in taking the

life of another, causing harm to their neighborhood, or the pain that would be experienced

by their mothers if they were killed or sent to prison for a long time in a far-away location

(Kennedy, 2011).

2.2 Evaluation evidence

An ongoing systematic review suggests focused deterrence programs reduce serious violence.

The most recent iteration of the systematic review identified 50 controlled evaluations (41

quasi-experiments and nine randomized controlled trials) of focused deterrence programs

(Braga et al., 2026). The overall meta-analysis suggested that focused deterrence was as-

sociated with a statistically significant 23% crime reduction in treatment groups relative to

control groups. The largest impacts were produced by the gang and group-violence reduction

programs. Meta-analysis of the nine randomized experiments suggested focused deterrence

generated a smaller 16% crime reduction.

The randomized controlled trials have generally tested the efficacy of interventions fea-

turing elements of focused deterrence applied to individual offenders as opposed to gangs or

groups. The findings of four recently completed studies are briefly summarized here. Davis

et al. (2025) cluster-randomize detained youth in the Cook County, IL Juvenile Detention

Center to either receive or not receive focused deterrence-based youth outreach forums prior

to release. They report a 20% reduction in returns to detention and an 18% reduction in

total arrests for treated youth in the post-release period, including 43% and 40% reductions

in arrests for violent and drug offenses, respectively. Ariel et al. (2019) compare re-arrest

rates for “prolific offenders” in Sacramento, CA, some of whom were randomly assigned to

be visited by police officers and delivered a deterrence message—including that they would

be subject to regular, unannounced visits—and provided a referral to obtain services. They

find that the treatment group had a lower re-arrest rate in the 12 month outcome period

relative to the control group, a difference that is marginally statistically significant. Ready
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et al. (2023) test a similar police-led notification program targeting high-rate offenders in

Melbourne, Australia, in which treated individuals were warned of enhanced enforcement

consequences if they continued offending and offered social services if they sought to desist;

the authors report statistically significant reductions in subsequent arrests for the treatment

group relative to controls. Finally, Aboaba et al. (2026) study the effects of attending group

meetings (“notification forums”) that deliver a deterrence message, as some parolees in New

York State were randomly required to do as part of their release requirements. They find

that parolees assigned to attend notification forums were less likely to experience parole

violations within six months relative to the control group, but there were no statistically sig-

nificant differences in any or violent felony arrests. Furthermore, in the New York City site

where some neighborhoods were randomly assigned to hold notification forums for parolees,

they detect no difference in neighborhood-level crime rates between treatment and control

neighborhoods, although the small sample size makes it difficult to rule out moderate-sized

effects.

None of the interventions studied in the above randomized trials were designed to leverage

the group dynamics that group-based focused deterrence sets out to exploit. Gun violence

in these settings is sustained by retaliation cycling through tightly connected groups. In-

terrupting it most effectively likely requires reaching the groups as units rather than only

some of their members. By engaging high-risk people individually—typically embedded in

networks that otherwise go untreated—these interventions are unlikely to generate the mul-

tiplier effects, and the at-scale reductions in violence, that concentrating on entire groups

can produce. The one randomized evaluation of a group-based focused deterrence program

is Denley (2023), who uses a cluster-randomized design to evaluate a group violence inter-

vention implemented in the West Midlands, UK and targeting organized crime groups. He

finds that members of organized crime groups assigned to receive the intervention were 35%

less likely to be arrested in the post-implementation period than members of control groups.

While encouraging, the relevance of the program and its evaluation to U.S. urban gun vi-
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olence is unclear, given substantial differences in the targeted population and institutional

context.

3 Institutional setting

This section provides context on our setting: the city of Baltimore and its Western police

district. We first describe the crime, arrest, and sociodemographic patterns in Baltimore and

the Western district. Then we provide a brief summary of the social and political context

at the time GVRS was launched.

3.1 Baltimore & the Western district

In 2021, 334 people were killed in homicides in Baltimore, the vast majority with guns.

Another 724 people were victims of non-fatal shootings. Baltimore’s homicide rate of 58

per 100,000 that year was over eight times higher than the U.S. homicide rate (6.9) and

approximately double that of Chicago (29.6). Among U.S. cities with more than 250,000

residents, Baltimore’s homicide rate was surpassed in 2021 by only that of St. Louis. And

2021 was not an isolated year: as Figure 1 shows, Baltimore’s homicide rate has tracked

at or near the 95th percentile of U.S. cities with more than 250,000 residents for most of

the past six decades, with a sharp upward shift starting in 2015, the year Freddie Gray was

killed by Baltimore police officers in the Western district.

The Western district, where GVRS was implemented, has long been the highest-violence

area within Baltimore—and among the highest-violence places in the country. In 2021, 52 of

Baltimore’s homicide victims and 112 of its non-fatal shooting victims were in the Western

district—approximately 16% and 15% of the citywide totals, respectively, despite the district

comprising roughly 5% of the city’s population (Table 1). Among 323 police districts in a

set of 27 large U.S. cities, the Western district’s homicide rate in the years preceding GVRS

was the fifth highest, surpassed only by two districts in St. Louis, one in Louisville, and one

in New Orleans (Figure 2). This pattern of intense, geographically concentrated violence in

Baltimore was consistent in the seven years prior to the launch of GVRS in 2022. Figures 3
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and 4 compare annual rates of reported crimes and arrests, respectively, in the Western

district to those in the rest of Baltimore over this period. The Western district saw higher

rates of reported crimes than the rest of the city. Yet this gap was greatest for acts of

gun violence: rates of homicide and non-fatal shooting victims in the Western district were

roughly three times higher than those in the rest of the city, compared to two times higher

or less for other types of crimes. Enforcement activity, as measured by arrest rates, was also

significantly higher in the Western district than in the rest of Baltimore.

Table 1 reports several sociodemographic characteristics for Baltimore and the Western

district drawn from the 2017–2021 American Community Survey 5-year estimates. The

Western district comprises approximately 5% of Baltimore’s population. Relative to the rest

of the city, people living in the Western district are much more likely to be Black (93% vs.

61%) and in households below the poverty line (36% vs. 20%). Median household income in

the Western district is approximately half that of the city as a whole ($30,938 vs. $60,891),

and, strikingly over 36% of housing units in the Western district are vacant.

3.2 Social and political context preceding GVRS

Baltimore has previously tried to implement several variants of focused deterrence to address

persistently high rates of homicide during the late 1990s and again in the mid-2010s. Be-

ginning in 1998, Baltimore developed and implemented a focused deterrence strategy, called

Operation Safe Neighborhoods, which targeted violent groups in a drug market area in the

Park Heights neighborhood. Despite some promising initial violence reductions, the strategy

was dismantled due to political infighting, resistance to operational changes, and obstruction

by some of the partnering agencies (Kennedy, 2011). Between 2014 and 2015, Baltimore im-

plemented a precursor to GVRS in the Western district. Once again, after some promising

initial reductions, the strategy was discontinued following upper management turnover, lack

of governance and accountability structures, and inadequate development of social service

capacity and community engagement (National Network for Safe Communities 2016). The

2015 death of Freddie Gray at the hands of Baltimore police officers in the Western district
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and subsequent social unrest effectively ended the pilot program.

Baltimore’s near record level of gun violence in 2019, and debates over the city’s inability

to implement and sustain a violence reduction strategy to address it, were core issues in the

mayoral election race that year. Then President of the City Council Brandon Scott pledged

to fully support the adoption of a focused violence reduction strategy as part of his election

platform. Immediately following his June 2020 election as the Democratic nominee in the

citywide elections, presumptive Mayor-Elect Scott engaged the Crime and Justice Policy Lab

at the University of Pennsylvania for technical assistance in the design and implementation

of a such a strategy. In 2021, the Western district was selected as the initial implementation

site based on data showing that it experienced the largest number of combined homicides

and shootings between 2015 and 2020 among the city’s nine police districts.

The University of Pennsylvania’s Crime and Justice Policy Lab completed a problem

analysis in mid-2021 of homicides and shootings in the Western district to guide initial

operations. The analysis revealed a strong overlap between victim and offending populations:

both were mostly Black (>95%), male (>80%), ages 16–34 (>70%), and well known to

the criminal justice system (>81% had prior criminal justice involvement with a mean 12

prior arrests). Most homicides stemmed from interpersonal disputes that involved members

of gangs, drug trafficking organizations, robbery crews and other criminally active groups

(70%). At the time of the problem analysis, the Western district had 18 criminally active

groups with an estimated 615–735 members representing about 2% of its population. Some

groups were more engaged in violence than others; one group, operating out of the Poe

Homes housing development, was thought to be responsible for at least 13 shootings in the

18 months between January 2020 and June 2021.

In 2021, the Mayor’s Office, BPD, and community partners continued laying the ground-

work for GVRS. The Mayor’s Office of Neighborhood Safety and Engagement (MONSE)

developed contracts with Roca, Inc. and Youth Advocate Programs, Inc. (YAP) to serve

as the strategy’s primary street outreach and service providers. Case management systems
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were adopted to monitor service uptake by treated individuals. Commitments from other

local, state, and federal law enforcement agencies to support GVRS operations were secured.

A specialized Group Violence Unit (GVU) was set up, staffed with 30 detectives, led by

a lieutenant, and trained in the required investigation, suppression, and partnership work

needed to implement GVRS. MONSE partnered with the Baltimore Community Mediation

Center (BCMC) to support initial community engagement work in the Western district and

elsewhere in the city. MONSE and BCMC held a series of listening sessions with residents on

GVRS and recruited community members, such as clergy and local anti-violence activists,

to serve as “community moral voice messengers” to support communications with targeted

groups and individuals.7

4 Intervention

The implementation of GVRS in the Western district has been constantly evolving since

its launch in 2022. This section first summarizes, at a high level, the three parts of the

intervention—identification, notification, and action (the latter encompassing both support-

ive services and focused enforcement)—and then describes how this strategy might poten-

tially reduce violence. Finally, we document how the implementation of GVRS in the Western

district unfolded.

4.1 GVRS components

Identification BPD holds weekly meetings with other law enforcement agencies including

federal law enforcement (“shooting reviews”) to discuss shooting incidents in the Western

district involving suspected group members. An output of these shooting reviews is the

identification of group members or their associates who become the focus of GVRS activities.

We refer to these individuals as GVRS subjects, and they can be further divided into two

groups.

The first group of GVRS subjects are those thought to be at high risk of committing

7 In 2022, the BCMC partnership ended as MONSE strengthened its staffing to continue community en-
gagement work.
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a shooting, or being a victim of one in the near future. This could include as a non-fatal

shooting victim in a focal incident or as a relative or friend of a shooting victim, who could

potentially be considering retaliation. These individuals are referred for communication

(communication referrals).

The second group of GVRS subjects are those suspected of having committed or been

involved in committing a recent shooting or another serious violent crime. This includes sus-

pected offenders in a focal incident or in another recent violent crime. These individuals are

targeted for investigation and, depending on the evidence uncovered, arrest (arrest targets).

Notification A separate weekly coordination meeting, held after the shooting review, is

attended by BPD, MONSE, members of the community who can convey its “moral voice”

and representatives of the two outreach organizations that are part of GVRS: Roca and

YAP. This meeting is used to determine the best way to reach a communication referral.

Most often, this is done via an individualized meeting (“custom notification”) that includes

a detective, an outreach worker, and a community member.8 Less often, this is done as part

of a group “call-in.” In either case, the strategy calls for a direct contact with the person,

rather than an indirect contact such as leaving behind a letter or a message with a friend or

relative.

The message delivered by the GVRS team consists of four parts. First, the GVRS subject

is told that they have been identified as being at high risk of being involved in a shooting.

Second, they are told that engaging in violence will bring focused law enforcement attention

upon them. Third, a local community member conveys to the subject their disapproval of

gun violence and the harm it is inflicting on the community, and encourages the subject

to take advantage of services. Finally, a Roca or YAP outreach worker discusses with the

subject the services and opportunities available to them.

8 In some cases, such as when the GVRS subject is part of an active and ongoing investigation or is directly
an arrest target, a custom notification may involve only a detective. Referred to as “law enforcement only”
custom notifications, these can happen following an arrest and while the GVRS subject is in custody.
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Action Notification is paired with action on two fronts—supportive services and focused

enforcement—calibrated to each subject’s referral type and conduct. The two embody the

strategy’s “carrots and sticks”: services offer credible alternatives to violence, while enforce-

ment raises the cost of continuing it.

Supportive services. Through Roca and YAP, GVRS subjects—predominantly those re-

ferred for communication—are offered low-barrier, non-judgmental services and supports

ranging from intensive mentorship and crisis management to counseling and cognitive be-

havioral therapy, employment and licensing assistance, education and vocational training,

emergency relocation, microgrants, and stipends. A Roca or YAP outreach worker is typi-

cally introduced during the notification itself and continues to engage the subject afterward

in an ongoing relationship that aims to provide a credible alternative path away from vio-

lence. Because these services are delivered through community-based organizations whose

legitimacy with group members often exceeds that of law enforcement, they also reinforce

the credibility of the strategy’s broader message.

Focused enforcement. A key part of GVRS is enforcement activity. In some cases, enforce-

ment is directed at a group suspected of carrying out shootings and results in coordinated

arrests of multiple group members (a “group takedown”), usually following a prolonged in-

vestigation by BPD and a prosecuting agency such as the State’s Attorney’s Office. In other

cases, enforcement is directed at individual subjects. In addition to efforts directed at groups

or individuals, the GVU and other BPD units sometimes engaged in suppression activities

designed to increase police presence in areas with a high concentration of GVRS subjects,

such as certain housing developments where groups linked to shootings operate.

To coordinate these efforts and lend credibility to the focused attention described in com-

munications to GVRS subjects, BPD holds monthly “strategic enforcement” meetings with

other law enforcement partners, such as the State’s Attorney’s Office and federal agencies.

The goal of these meetings is to discuss and establish investigative priorities, strengthen

ongoing cases and determine the appropriate venue for prosecuting them (state vs. federal

18



court).

4.2 Theory of change

The focused deterrence literature suggests—though does not firmly establish—that the pri-

mary mechanism through which the strategy works, consistent with its name, is deterrence.

The idea is that through the use of both “carrots” and “sticks”—services meant to steer peo-

ple away from violence and threats of enforcement if they fail to do so, respectively—people

who would otherwise be at high risk of becoming involved in violence—mainly as offenders,

but potentially also as victims—will take steps to reduce that risk.

Under the umbrella of deterrence, there are at least three related but distinct ways that

this strategy can generate effects. First, the custom notifications and call-ins—with their

message of greater law enforcement scrutiny—could have the intended effect on the people

receiving them, deterring them from engaging in violence due to a heightened perception

that they will be caught and punished if they do so. Second, suppression efforts that focus

law enforcement attention on GVRS subjects and the places where they spend their time

could also generate a deterrence effect. Third, both of the previous pathways for generating

deterrence could create spillover effects on people connected to GVRS subjects.

How quickly any such deterrent effect can take hold depends on how offenders come

to perceive the enforcement they face. Canonical models of deterrence assume potential

offenders are well informed about the risk of sanctions, yet deterrence operates through

perceived risk, which need not track actual enforcement closely (Nagin, 2013). In practice,

offenders must infer the prevailing enforcement regime from experience—their own and their

peers’—which can be slow and noisy, especially when the underlying probabilities are low.

Detecting on one’s own that the odds of arrest for a violent crime had risen would require

observing many arrests across one’s network. By communicating the change in enforcement

directly to those at highest risk, GVRS aims to short circuit this learning: rather than waiting

for offenders to infer a tougher environment from accumulated experience, it tells them,

credibly and immediately, that the regime has changed. To the extent deterrence operates

19



here, this acceleration of beliefs—and not only the underlying change in enforcement—may

be central to it.

However, there are also mechanisms other than deterrence through which GVRS can

affect violence. The first and most obvious of these is incapacitation. This follows from

the fact that a key component of GVRS is enforcement activity against people suspected of

having committed shootings, with the intention of arresting and prosecuting them. Indeed,

110 GVRS subjects were arrested as part of GVRS enforcement efforts during the 18-month

study period (Table 3). The second mechanism is behavioral change that is due not to

deterrence, but rather to the rehabilitative services offered to GVRS subjects, 90 of whom

took them up. A growing literature suggests that some social services, particularly those

featuring elements of cognitive behavioral therapy designed to teach people to recognize

problematic thinking that can lead to harmful behavior, can substantially reduce violence

involvement among participants (Heller et al., 2017; Blattman et al., 2017, 2023; Bhatt et al.,

2024).

4.3 Implementation of GVRS in the Western district

Our description of how GVRS unfolded in the Western district draws on records that GVRS

maintains for each subject and each contact event with them. These records contain each

subject’s initial referral date and type (communication referral or arrest target), subsequent

direct communications with their date and subtype (full custom notifications including ser-

vice providers, law enforcement only notifications, and call-ins); service connections through

Roca and YAP, with the categories of services delivered (such as counseling and cognitive

behavioral therapy, employment assistance, education and vocational training, emergency

relocation, and stipends); and arrest events with their date and the type of arrest (group

takedown or other GVRS-related arrest). Subjects can also be linked to specific groups or

named takedowns.

On-the-ground implementation of GVRS began in January 2022 with efforts to commu-

nicate the strategy’s message to subjects. Focused initially on a group operating in the Poe
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Homes housing development, the intervention began with custom notifications directed at

Poe Homes group members. This was followed by a takedown of a subset of Poe Homes

group members in March 2022 that resultied in the indictment of 11 targeted individuals

on a variety of violent, gun and drug charges. Later, in September 2022, eight members of

the Poe Homes group participated in a formal call-in. Subsequent takedowns are listed in

Appendix Table A.1.

Table 2 reports baseline characteristics of the 276 GVRS subjects whose first referral

was in the Western district prior to July 2023. The data are broken out by initial referral

type (179 communication referrals and 97 arrest targets). The subjects are nearly uniformly

young Black men whose average age at the time of referral was 31. They have substantial

prior involvement with the criminal justice system: 81% had at least one prior arrest in

BPD records before their GVRS referral, 57% had at least one prior arrest specifically in the

Western district, and the average subject with any prior arrest record had 6.3 prior arrests

on file. Communication referrals and arrest targets are similar on most of these dimensions

but differ sharply on prior victimization: communication referrals are two and a half times

as likely as arrest targets to have ever been shot (30% vs. 12%) and five times as likely

as arrest targets to have been shot in the year before referral (20% vs. 4%), reflecting the

strategy’s use of recent shooting victimization as a marker of elevated risk for inclusion in

the communication referral pool.

Table 3 summarizes activities directed toward these subjects, overall and separately by

initial referral type. Roughly 70% of all GVRS subjects, and 85% of the communication

referrals, received some type of direct communication—almost always a custom notification

rather than a call-in. Eight subjects participated in the only call-in to occur during the

study period, the event involving members of the Poe Homes group in September 2022.

Service uptake was concentrated among communication referrals: of the 90 GVRS sub-

jects who took up services through Roca or YAP, 81 were communication referrals. The

most common service category was counseling and life coaching, including cognitive behav-
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ioral therapy (86 subjects). Smaller numbers received employment and licensing help (30),

education and vocational training (24), and stipends or emergency relocation help (13).

Finally, about 40% of all GVRS subjects, and nearly all of the arrest targets, were arrested

as part of GVRS enforcement. Most of these arrests occurred as part of group takedowns

rather than individual targeted arrests.

5 Effects on crime, enforcement, and reporting in the Western dis-

trict

This section estimates the effects of GVRS on rates of reported crime, arrests, and willingness

to report crime to the police in the Western district. To do this, we estimate counterfactual

outcomes for the Western district using observed outcomes from other areas of Baltimore

that did not implement GVRS. Our willingness-to-report measure follows the approach of

Ang et al. (2025), comparing 911 calls to acoustically-detected gunfire from ShotSpotter. We

focus on effects during the 18-month period starting from the launch of GVRS in January

2022 through June 2023. The evaluation priod ends in mid-2023 because Baltimore’s police

district boundaries were redrawn in July 2023, complicating our ability to implement the

estimation strategy we describe below in later time periods. We also look for evidence of

spatial spillover effects on reported crime rates in areas adjacent or otherwise linked to the

Western district.

5.1 Data

To conduct this analysis, we use four types of administrative data to build a panel dataset of

reported crimes, arrests, 911 calls and incidents of gunshots detected by ShotSpotter for each

area in Baltimore over time. Baltimore is divided into nine police districts, which are further

divided into 126 “posts,” which are smaller police beats within each district. To have greater

flexibility in estimating counterfactual outcomes for the Western district, we aggregate data

to the post by calendar quarter level.
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Reported crimes We use publicly available data on crimes reported to BPD.9 We ag-

gregate these data into counts, at the post-quarter level, for four crimes that commonly

involve the use or threat of firearms against a person: 1) homicides and non-fatal shootings,

2) aggravated assaults, 3) robberies, and 4) carjackings.10 Due to potential under-reporting

of some crimes in earlier years (including non-fatal shooting victims), we only use reported

crime data from January 2015 onward.

Arrests We use non-public arrest data from BPD. Each record in these data is a criminal

charge associated with an arrest made by BPD officers. Our goal is to first categorize

each charge using its standardized Criminal Justice Information System (CJIS) code when

available, or using a pair of free text charge description fields entered by BPD officers when

the CJIS code is missing.11 We then use these categorized charges to construct several

arrest-level measures aggregated to the post-quarter level from January 2015 onward.

Our broadest measure is total arrests, the count of all custodial arrests in a post-quarter.

We further divide arrests by whether they involve a charge for a violent index crime: homi-

cide, aggravated assault, sexual assault, robbery, or carjacking. Violent index crime arrests

are arrests with at least one charge for such an offense. Non-violent index crime arrests are

arrests where none of the charges are for violent index crimes; these are arrests over which

officers may have greater discretion. Among the non-violent index crime arrests, we further

isolate drug arrests, defined as arrests with charges for drug possession or drug distribution.

Finally, to capture the intensive margin of enforcement targeted at violent offending, we

construct a violent index crime clearance rate, defined at the post-quarter level as the ratio

of violent index crime arrests to reported violent index crimes.12

9 https://data.baltimorecity.gov
10We count victims of homicides and non-fatal shootings, and incidents of aggravated assault, robbery, or

carjacking. Victims of non-fatal shootings are often reported twice in the public crime data: once as non-
fatal shooting victims, and once as aggravated assault victims. In these cases, to keep our crime categories
mutually exclusive and avoid double-counting, we retain only the reported non-fatal shooting victims.

11For CJIS codes, see https://mdcourts.gov/district/chargedb.
12This is a “quasi-clearance rate” measure because individual arrests cannot be reliably linked to the specific

reported crimes they resolve in these data, so we instead compute the ratio of arrests in a post-quarter to
reported crimes in the same post-quarter.
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There are 167,413 BPD arrests from January 2015 through June 2023. Geographic infor-

mation in the arrest data is often incomplete: 90,586 (54%) of these arrests have no street

address recorded—predominantly arrests served by the BPD Warrant Section (35%) and the

Central District—and so we drop them from this analysis because they cannot be assigned

to a post.

911 calls and ShotSpotter incidents We use non-public data from BPD on 911 calls and

shooting incidents identified by ShotSpotter, an acoustic gunshot detection system deployed

in some parts of Baltimore. Following Ang et al. (2025), we use these data to construct

a proxy measure of the public’s willingness to report crime to the police, computed at the

post-quarter level as the ratio of 911 calls to ShotSpotter incidents.13 The intuition behind

this measure is that ShotSpotter detects the volume of gunfire in an area independent of

the public’s willingness to report; holding the underlying rate of gunfire fixed, an increase

in willingness to report would push the calls-to-incidents ratio up (more public calls per

acoustically-detected incident), while a decrease would push it down. ShotSpotter coverage in

Baltimore is, however, incomplete: large portions of the Northern, Northwestern, Southern,

and Southeastern districts register essentially no incidents over the entire January 2019

through June 2023 window, indicating that the system was not deployed in those areas

(Appendix Figure A.3). For analyses involving ShotSpotter data, we therefore restrict the

dataset to posts that recorded at least one ShotSpotter incident in every quarter of that

window (25 posts).

5.2 Estimation strategy

We estimate the effects of GVRS in the Western district by constructing counterfactual out-

comes from areas of Baltimore that did not receive the intervention. Adopting the notation

of Arkhangelsky et al. (2021), let Yidt be an outcome—for example the rate of homicide and

shooting victims per capita—observed in post i in district d in quarter t. A binary measure

13ShotSpotter data are not available before January 2019, so this measure begins in January 2019. We
restrict 911 calls to those made by the public, removing “on view” calls for service generated by officers in
the field.
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of whether GVRS was active in a district in a given quarter is Wdt ∈ {0, 1}. Consider esti-

mating for the Western district d∗ the average treatment effect on the treated (ATT) τd∗ of

GVRS, which launched in t = T d∗
post. Our panel dataset consists of N posts observed for T

quarters, with the first Nd∗
tr posts being those in the Western district d∗ (treated) and the

remaining Nco = N − Nd∗
tr being those in districts that did not have GVRS during the 18-

month post-intervention period (control, or donors), and where Wd∗,t = 1 for t = T d∗
post, ..., T

and Wdt = 0 otherwise.

Estimating τd∗ in this setting is non-trivial. The Western district has both the high-

est levels of violence in Baltimore historically and experienced different trends in violence

than the rest of the city in the years preceding GVRS’s launch. Figure 3 presents rates of

four crimes that are our focus throughout—homicides and non-fatal shootings, aggravated

assaults, robberies, and carjackings—in the Western district and the rest of Baltimore, be-

fore and after GVRS launched. Even within the pre-treatment period, the gap between the

Western district and the rest of Baltimore as a whole is far from constant: it widens and

narrows in different ways across these four outcomes and across time, with especially sharp

movement in robberies around the onset of the pandemic. A similar pattern is observed for

arrest rates (Figure 4), with secular declines over many years across the city and notably

sharp changes in drug enforcement around the onset of the pandemic.

The standard two-way fixed effects difference-in-differences (DID) estimator absorbs time-

invariant level differences between treatment and donor units, but it assumes that their

outcomes would have evolved in parallel in the post-treatment period in the absence of

treatment. This parallel trends assumption is hard to defend in our setting given how clearly

the Western district and the rest of Baltimore diverge on some outcomes in the pre-treatment

period. The synthetic controls (SCM) estimator (Abadie and Gardeazabal, 2003; Abadie

et al., 2010, 2015) chooses donor unit weights to match the treated unit’s pre-treatment

outcome path but, because it omits unit fixed effects, must absorb level differences through

the weights themselves. This can leave it sensitive to differential pre-treatment trends—
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particularly when, as for several of our outcomes, the pre-treatment period spans distinct

regimes separated by events like the COVID-19 pandemic.

We therefore use synthetic difference-in-differences (SDID) (Arkhangelsky et al., 2021)

as our preferred estimator. SDID solves:

(τ̂ sdidd∗ , µ̂, α̂, β̂) = argmin
τ,µ,α,β

{
N∑
i=1

T∑
t=1

(Yidt − µ− αi − βt −Wdtτ)
2 ω̂sdid

i λ̂sdid
t

}
. (1)

SDID combines features of both DID and SC. Like DID, it includes unit fixed effects αi,

making the estimator robust to time-invariant level differences between the treated unit and

the donor pool. Like SC, it assigns donor weights ω̂sdid
i chosen to approximately match the

treated unit’s pre-treatment outcome trajectory, subject to constraints against extrapola-

tion; because the unit fixed effects already absorb time-invariant level differences, the SDID

weights need only match pre-treatment trends rather than levels.14 Crucially, and unlike

either DID or SCM, SDID introduces time weights λ̂sdid
t that give greater emphasis to the

pre-treatment quarters in which donor outcomes most resemble the post-treatment period.

The combination of donor and time weights is intended to make the estimator more robust

to deviations from parallel trends than either set of weights alone, including in settings where

pre-treatment outcomes contain structural breaks.15 Note that, while the Western district

d∗ contains multiple posts (Nd∗
tr > 1), these are averaged together to form a single treated

unit (Yd∗,t =
1

Nd∗
tr

∑Nd∗
tr

i=1 Yidt) prior to the estimation of donor weights, as is typically the case

in applications of SC and SDID.

DID and SCM can each be viewed as special cases of SDID. Both impose uniform time

weights (λ̂sdid
t = 1/Tpre). DID also imposes uniform donor weights (ω̂sdid

i = 1) while retaining

unit fixed effects. SC allows donor weights to vary but lacks unit fixed effects. We report

14The papers establishing the SCM method emphasize that donor weights are chosen to minimize differences
in pre-treatment covariates with the treated unit, where the covariates can include, but are not limited to,
pre-treatment outcomes. In practice, as Klößner et al. (2018) note, many researchers include the entire
pre-treatment outcome path among the covariates, which renders other covariates irrelevant for which
weights are chosen. Lacking detailed covariates on our donor units, we adopt this approach as well.

15We implement SDID using the sdid package in Stata (Pailañir and Clarke, 2023).
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SCM and DID estimates alongside SDID as robustness checks in Section 5.4. As we show

there, our headline conclusions are robust to estimator choice for nearly all outcomes; the

only outcomes for which SDID and DID diverge meaningfully are robberies and drug arrests

not co-charged with a violent index crime, both of which exhibit a pronounced structural

break around the COVID-19 pandemic in Baltimore, as shown above. SDID’s time weights

load heavily on the post-pandemic pre-period, reconstructing a counterfactual that tracks

the Western district’s actual pre-treatment trajectory just before GVRS launched, while

DID’s uniform time weighting averages across two distinct regimes and inflates the implied

pre-versus-post change. We view this as supporting our choice of SDID as our preferred

estimator.

The SDID specification above delivers a single aggregate ATT averaged over the post-

treatment window. To examine the dynamics of the effect quarter by quarter and to assess

pre-treatment fit, we additionally report estimates following the event-time SDID extension

of Ciccia (2024).16 The standard event-study translation used in difference-in-differences—

interacting treatment with a series of relative time dummies in a single regression—does not

carry over directly to SDID. The time weights λ̂sdid
t are estimated using only pre-treatment

outcomes and are calibrated to make a single λ̂-weighted pre-treatment average comparable

to the post-treatment average, useful for estimating the aggregate τ̂ sdidd∗ . Putting period-

specific treatment indicators on the right-hand side of equation 1 would tie the post-treatment

coefficients to this single calibration, and would similarly tie any pre-treatment coefficients

to the same λ̂-weighted reference that the aggregate estimate uses.

We therefore construct period-by-period event-time estimates by holding the donor weights

ω̂sdid
i and time weights λ̂sdid

t from equation 1 fixed and substituting one quarter at a time as

the post-treatment period in the SDID estimator. The period-r estimate is the ω̂-weighted

gap between the Western district and the donor pool at quarter T d∗
post+r, minus the λ̂-weighted

average of that gap over the pre-period.17 For post-treatment event times r ∈ {0, 1, . . . , 5},
16We implement event-time SDID using the sdid_event package in Stata.
17Formally, τ̂sdidd∗,r =

(
Yd∗,Td∗

post+r −
∑

i ω̂
sdid
i Yi,Td∗

post+r

)
−

∑
t<Td∗

post
λ̂sdid
t

(
Yd∗,t −

∑
i ω̂

sdid
i Yi,t

)
. Neither set of
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the construction decomposes the aggregate τ̂ sdidd∗ exactly: the τ̂ sdidd∗,r average back to τ̂ sdidd∗ . For

pre-treatment event times r ∈ {−1,−2, . . . ,−12}, the same construction yields placebo esti-

mates that compare the SDID gap at an individual pre-treatment quarter to its λ̂-weighted

pre-period average. Plotted together (e.g., Figure 6), the placebos provide a visual check

on pre-treatment fit: systematically detectable values would constitute evidence that the

synthetic counterfactual fails to track the Western district’s pre-treatment trajectory.

In addition to the choice of estimator, we must choose a donor pool of non-treated

posts. We start with a donor pool that consists of all Baltimore posts outside of the Western

district. Because we are interested in estimating the effects of GVRS over an outcome window

of 18 months starting in January 2022, and because GVRS launched in the Southwestern

district in January 2023 (precluding its posts from being viable donors after that point), we

exclude posts in the Southwestern district from the donor pool throughout the analysis. As

a robustness check, we further exclude all posts adjacent to the Western and Southwestern

districts as well as all posts in the Central district, where pre-existing ties between groups

in those areas and in the Western district raise the possibility of spatial crime spillover.

For inference, we compute clustered bootstrap standard errors from 500 iterations, given

the robust performance of bootstrap inference for SDID and related methods (Arkhangelsky

et al., 2021). We adjust our inference procedure to account for estimating the effects of

GVRS across our four reported violent crime outcomes (homicides and non-fatal shootings,

aggravated assaults, robberies, and carjackings) by reporting Benjamini-Hochberg-adjusted

q-values (Benjamini and Hochberg, 1995) alongside the bootstrap p-values. These q-values

control the false discovery rate across this family of tests.

5.3 Results

We present below our estimates of the effects of GVRS on rates of reported violent crime,

possible geographic displacement of crime to other areas, arrest patterns, and willingness to

weights is re-estimated for any event time; standard errors come from a clustered bootstrap that re-runs
the full SDID estimation, including weight optimization, on each resample.

28



report crime to police in the Western district, concluding with a discussion of robustness.

Violent crime Table 4 reports our main results: SDID estimates of the average treatment

effect of GVRS on rates of homicide and non-fatal shooting victims, carjackings, aggravated

assaults, and robberies in the Western district, with both bootstrap p-values and Benjamini-

Hochberg-adjusted q-values across these four outcomes.

The clearest effects are on homicide and non-fatal shooting victims and on carjackings—

the two offenses with the strongest theoretical and ethnographic link to the group-involved

violence GVRS was designed to deter (Jacobs and Cherbonneau, 2023). Rates of homicide

and non-fatal shooting victims fell by 39 per 100,000 over the 18-month window—30% of

the implied counterfactual—with a bootstrap p-value of 0.009 and an FDR-adjusted q-value

of 0.038, comfortably surviving a 5% false discovery rate control across our five tests.18

Carjackings fell by 15 per 100,000, or 39% of the counterfactual mean; this estimate is

statistically significant before adjusting for multiple testing (p = 0.054), but falls just short

of conventional significance thresholds after adjustment (q = 0.11).

We find no statistically detectable effects on aggravated assaults or robberies. Both point

estimates are modest relative to their counterfactual means (+7.9% and −5.5%, respec-

tively), and both are far from conventional significance thresholds (p = 0.22 and p = 0.63,

respectively).

Figure 6 plots quarterly SDID event-time coefficients and 95% confidence intervals for

these four outcomes. For both homicide and non-fatal shooting victims and carjackings, all of

the post-treatment coefficients are negative throughout the 18-month outcome window, with

some of them being statistically significant. The results for aggravated assaults and robberies

are less clear. For aggravated assaults, the last post-treatment coefficient estimate is positive,

implying an adverse effect. For robberies, the pattern of post-treatment coefficient estimates

suggest an initially beneficial effect that attenuates over time. Across all four outcomes,

18Effects estimated separately for homicide victims and non-fatal shooting victims are -27% (p = 0.121) and
-32% (p = 0.028) of their implied counterfactuals, respectively.
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the pre-treatment coefficients show no systematic trend that would raise concerns about a

violation of the parallel trends assumption.

We show in Section 5.4 that the homicide/shooting and carjacking estimates are robust

to alternative donor pools, inference procedures, and to replacing SDID with either SCM

or DID. The robbery estimate is less stable: DID and SCM produce sizable negative effect

estimates, while SDID does not. We argue in Section 5.4 that this discrepancy reflects a

pandemic-era structural break in robbery rates in Baltimore’s donor districts, which SDID’s

time weights are designed to absorb but which the equal time weighting of DID and the

level-matching of SC do not fully reconcile with the Western district’s own pre-treatment

trend.

Spatial crime spillovers Next, we consider the possibility that these reductions in homi-

cide and non-fatal shooting victims and carjackings were the result of these crimes being

displaced to other areas of Baltimore. While there is now a great deal of evidence—including

from randomized experiments of hot spots policing interventions—that offenders tend to be

strongly tied to place and do not shift seamlessly to other locations (Weisburd et al., 2006),

a small number of papers have found evidence of spatial crime spillovers in response to a

shift in law enforcement presence (Blattman et al., 2021).

Figure 5 plots annual counts of homicide and non-fatal shooting victims, carjackings,

aggravated assaults and robberies in different areas of Baltimore. The figure considers two

candidate areas where spatial crime spillovers due to GVRS might occur: the Central district

(which has known social ties to groups operating in the Western district) and posts that

border the Western and Southwestern districts. Several patterns are worth noting. First,

the levels of most violent crimes in Baltimore did not change dramatically immediately after

the launch of GVRS in 2022. Relative to 2021, homicide and non-fatal shooting victims and

robberies were slightly lower, while aggravated assaults were slightly higher. The exception

is carjackings, which rose substantially in 2022, consistent with a nationwide trend in recent

years (Robertson, 2022). Second, with the possible exception of carjackings, we see little
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evidence that violent crime increased in the Central district or neighboring posts in 2022. To

more formally test for spatial crime spillovers, Appendix Table A.2 reports SDID treatment

effect estimates on the same set of crimes in these potential spillovers areas, analogous to the

main results in Table 4. All of the point estimates are negative, consistent with crime having

decreased in these areas relative to the counterfactual. However, none of the estimates are

statistically significant.

Arrests Next, we consider the effects of GVRS on enforcement activity, as measured by

arrests. We are interested in testing two distinct theories for how enforcement may have

contributed to the estimated reductions in violent crime reported above. First, police may

have expanded the intensity of broad-based, routine enforcement, which could have a “net

widening” effect of sweeping more people into the criminal justice system. Second, police

may have concentrated their enforcement activity on violent offending specifically. Table 5

reports SDID treatment effect estimates for six arrest-related outcomes, grouped into two

panels that speak to these two theories in turn.

Panel A shows no detectable increase in broad enforcement activity. The point estimate

for total arrests in the Western district is a decline of 11 per 100,000 per quarter (2.0% of

the counterfactual post-period mean), far from statistical significance (p = 0.82). Arrests

with charges that do not include a violent index crime—a category of arrests that officers are

typically thought to have greater discretion over whether to make—show a similarly imprecise

null (−24 per 100,000 per quarter, or −4.9%, p = 0.61). For a subset of these arrests where

officer discretion may play a particularly large role—drug possession or distribution arrests

that are not co-charged with a violent index crime—the estimated effect is negative but not

statistically significant (p = 0.40). Taken together, the Panel A results are inconsistent with

GVRS having widened the net of routine enforcement in the Western district and rule out

large increases in total, non-violent index crime, or discretionary drug arrests.19

19GVRS itself generated approximately 123 arrests in the Western district during the 18-month post-
intervention window. The fact that total arrests did not rise therefore implies that these direct GVRS
arrests were offset by declines in other categories.
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Panel B shows a sharp increase in enforcement targeted at violent index crime. Arrests

with charges that include a violent index crime rose by 31 per 100,000 per quarter, an 81%

increase relative to the counterfactual post-period mean (p = 0.001). This pattern appears

to be driven by an increase in aggravated assault arrests (+19 per 100,000 per quarter, or

+47%, p = 0.019).20

The effect on violent crime arrests, on its face, appears to be very large but this estimate

must be interpreted in light of the fact that the few of these crimes are cleared and so the base

rate is very low. Referring to the final column of Panel B, the 81% increase in violent index

crime arrests increased the violent index crime quasi-clearance rate, defined as the ratio of

arrests to reported crimes, by just 2.8 percentage points—from a counterfactual post-period

mean of 0.076 (or roughly one arrest per 13 reported violent index crimes absent GVRS)

to an observed post-period rate of 0.104 (roughly one per 10), an effect that is marginally

statistically significant (p = 0.079).21 As such, the effect of GVRS on violent crime clearances

is best thought of as large in percentage terms but nevertheless as only a modest change in

the probability that a violent crime is solved through an arrest. Taken together, the Panel A

and Panel B results are consistent with GVRS having redirected enforcement—away from

the high-volume, routine arrest categories that generate most exposure to the criminal justice

system and toward serious violence—without scaling up arrests overall.

20Appendix Figure A.2 plots quarterly SDID event-time coefficients and 95% confidence intervals for violent
index crime and aggravated assault arrests. Neither outcome exhibits a systematic pre-treatment trend:
the 12 quarterly placebo coefficients are individually close to zero and none are statistically distinguishable
from zero. The two post-treatment profiles differ in ways that are informative. For violent index crime
arrests (top panel), all six post-treatment point estimates are positive and of similar magnitude through
the first year of the intervention, with modest attenuation over the final two quarters. For aggravated
assault arrests (bottom panel), the point estimate is largest in the launch quarter (the first quarter of
2022) and declines gradually thereafter. In both cases the effect appears immediately upon the launch of
GVRS rather than emerging gradually, consistent with a rapid reorientation of enforcement toward violent
offending.

21We refer to this as a “quasi-clearance rate” because we cannot link individual arrests to the specific reported
crimes they resolve in our data; we instead compute the ratio of violent index crime arrests in a post-
quarter to reported violent index crimes in the same post-quarter. This ratio can exceed one in finite
periods, but it is informative about the intensive margin of enforcement relative to reported offending.
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Willingness to report gunfire Finally, we leverage data on ShotSpotter incidents and

911 calls to estimate whether GVRS affected willingness to report crime to the police. This

outcome is important for two reasons. First, if GVRS eroded residents’ willingness to engage

with the police—for example, by generating friction in the course of enforcement actions or

by signaling a heightened risk of unwanted police contact for bystanders—then this may be

an additional cost of the strategy. Second, if GVRS reduced willingness to report, then the

decline in reported crime that we observe could have occurred absent any real reduction in

gun violence.

To assess this, we draw on data from the city’s ShotSpotter acoustic sensor network,

which is reporting-independent, and on 911 call records, which are reporting-dependent.

Comparing the two lets us separate movement in actual gunfire activity from movement

in reporting behavior, in the spirit of Ang et al. (2025). Table 6 reports SDID treatment

effect estimates over the same 18-month post-treatment window for four outcomes, computed

on the donor pool restricted to posts that were continuously inside the ShotSpotter sensor

footprint from January 2019 through June 2023 (see Section 5.1). The resulting estimates

should be interpreted as the effect of GVRS in the Western district relative to covered areas

of Baltimore, not relative to the city as a whole.

The first three columns all point in the same direction. ShotSpotter incidents in the

Western district fell by 8.6% relative to the counterfactual (59 fewer incidents per 100,000 per

quarter), directionally consistent with the 30% reduction in homicide and non-fatal shooting

victimizations documented above, though substantially smaller in percentage terms and not

statistically significant at conventional levels (p = 0.18).22 The estimate for rounds detected

per 100,000 is much noisier and not statistically significant (−3.8%, p = 0.69), but is not

inconsistent with the incident-level decline. 911 calls to the Baltimore Police Department fell

by 9.1% (2,572 fewer calls per 100,000 per quarter), an effect that is marginally statistically

22The gap in percentage terms partly reflects the much higher base rate of ShotSpotter incidents, which
include gunfire that does not result in physical victimization, than of homicide and non-fatal shooting
victims. As a result, a reduction in the number of homicide and non-fatal shooting victims of a given
magnitude will yield a smaller percentage change in ShotSpotter incidents.
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significant (p = 0.056) and could in principle reflect either fewer underlying incidents to

report or reduced willingness to call.

The critical diagnostic is the ratio of 911 calls to ShotSpotter incidents, following the

measure used by Ang et al. (2025). If willingness to report fell—that is, if Western district

residents responded to acoustically-detected gunfire by calling 911 less often—then this ratio

would fall, with each detected incident generating fewer public calls. In fact, the 911 call

decline is matched by a similar-magnitude percentage decline in ShotSpotter incidents, so

the calls-to-incidents ratio is virtually unchanged: the point estimate is +0.28, or +0.5% of

the counterfactual mean, and is essentially indistinguishable from zero (p = 0.97). We read

this near-exact null as strong evidence against the interpretation that the observed declines

in reported violent crime and 911 calls in the violent crime analysis above are an artifact

of reduced public engagement with the police; acoustically-detected gunfire and public calls

moved in lockstep, as would be expected if the underlying rate of gun violence fell without

any change in reporting behavior.

5.4 Robustness

We test the robustness of our findings to two key estimation decisions: the choice of estimator

(SDID, SCM, DID) and the choice of donor pool of non-treated police posts. Appendix

Figures A.4 and A.5 report the full grid of point estimates and 95% confidence intervals for

each outcome in Tables 4 and 5, respectively. For most outcomes, the three estimators and

two donor pool choices deliver similar magnitudes and the same sign. The two outcomes

where the estimators diverge meaningfully are robberies and drug arrests not co-charged

with a violent index crime. The remainder of this subsection explains why this happens and

why SDID is our preferred estimator in this setting.

Consider robberies first. The top panel of Figure A.1 plots the Western district’s actual

quarterly robbery rate alongside the counterfactual trajectories implied by DID and SDID,

with SDID’s estimated time weights shaded in gray on a secondary axis.23 Both Baltimore’s

23The implied counterfactual for the Western district at date t under estimator s ∈ {DID,SDID} is Ŷ s
d∗,t =
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and the Western district’s robbery series see a structural break in 2020: both series have

a higher mean in 2015–2019, then stabilize at a lower level from 2020 onward through the

post-treatment period. SDID assigns greater weight to pre-treatment time periods in which

the donor units’ outcomes resemble those in the post-treatment period; in practice, this ends

up assigning approximately 70% of the weight in 2020–2021. As a result, SDID’s implied

counterfactual is anchored to the later pre-treatment periods and tracks the actual Western

district trajectory closely just before GVRS launched. In contrast, because DID weights

all 84 pre-treatment periods uniformly, the larger resulting difference between the pre- and

post-treatment periods drives down the implied counterfactual and inflates the DID point

estimate.

To isolate the role of SDID’s time weights, we re-estimate DID on a pre-period restricted

to 2020–2021. The restricted DID ATT for robberies is −5.4% (p = 0.64), essentially iden-

tical in magnitude to the main-specification SDID estimate (−5.5%). With a common pre-

treatment period that avoids the structural break, DID and SDID agree; the full DID esti-

mate is an artifact of the 84-month uniform pre-period averaging across two distinct regimes.

The story for drug arrests not co-charged with a violent index crime is qualitatively

similar, and the structural break more extreme. Arrests in Baltimore fell by nearly half from

2015–2019, driven by particularly steep drops in more discretionary arrests for offenses like

drug possession and disorderly conduct that bottomed out in 2020 and have remained at

historically low levels. This structural break is visible in the bottom panel of Figure A.1.

As with robberies, DID’s uniform weighting implicitly assigns more weight to earlier pre-

treatment periods when drug arrest rates were much higher, while SDID explicitly assigns

greater weight to later pre-treatment periods when drug arrest rates were much lower. As a

result, relative to the SDID point estimate (−16%), the magnitude of the DID point estimate

Y
pre,λ̂s

d∗ +
∑

i ω̂
s
i

[
Yidt − Y

pre,λ̂s

i

]
, where the sum is over donor posts i; ω̂s
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is artificially inflated (−56%). Restricting DID’s pre-period to 2020–2021 nearly closes the

gap fully (−13%).

6 Effects on GVRS subjects

To better understand the mechanisms through which GVRS may affect violent crime rates

in the Western district, we estimate the intervention’s effects on arrests and serious vic-

timization among GVRS subjects. We first identify people who are observationally similar

to GVRS subjects among a pool of potential controls—people who are not GVRS subjects

themselves and who had not been previously arrested in the Western district—and then

leverage the panel nature of our data to estimate event study specifications that compare

changes in outcome rates among GVRS subjects and their matched controls relative to a

reference period just before the subjects were identified for the intervention.

6.1 Data

The person-level analysis uses three types of administrative data: GVRS contact records,

person-level arrest records from BPD, and homicide and non-fatal shooting victimizations.

GVRS contacts Records maintained by GVRS contain information on each subject and

on the contact events the program initiates with them; we describe these records and sum-

marize the activities they capture in Section 4. For our person-level analysis, the most

important fields in these data are those capturing the date on which each subject was first

identified for the intervention—either first referred for communication or first targeted for

arrest—as well as the dates of any GVRS-recorded arrests. Because subjects are identified

on an ongoing basis during BPD’s weekly shooting reviews, each subject has their own first-

referral date. Since our arrest and victimization data run through June 30, 2023, we focus

the analysis on GVRS subjects identified in 2022 so that we can observe at least two quarters

of outcome data for each of them. Of the 276 GVRS subjects whose first referral was in the

Western district before July 2023, 173 were identified in 2022. This excludes 15 who were

identified in 2021 during the preparation for the intervention’s official launch the following
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year, and 88 who were identified in the first six months of 2023.

Arrests and victimizations We use non-public, linked, person-level data from BPD

on the universe of arrests (from 2011 through June 30, 2023) and homicide and non-fatal

shooting victimizations (from 2017 to June 30, 2023) in Baltimore. These data also contain

basic demographic information about people such as race, age, and sex. We supplement

BPD’s arrest data with arrest events recorded in the GVRS contact file, harmonized into

a single “any arrest” indicator. This is necessary because indictment-warrant arrests served

against GVRS targets—typically the apprehensions made during takedowns—are not always

entered into BPD’s internal arrest viewer and are therefore absent from the linked person-

level arrest data, even when the GVRS contact records show that an arrest occurred.24 Our

person-level arrest outcomes use this harmonized measure throughout.

6.2 Estimation strategy

We estimate the effects of GVRS on its subjects by matching each subject to one or more

observationally similar controls and then estimating an event study specification on the

resulting panel dataset, following the approach of Smith et al. (2019).

We begin by building a stacked panel dataset. Let t0 represent the date in 2022 on which

one or more GVRS subjects were identified for the intervention. For each unique t0, we

construct a panel of GVRS subjects identified on t0 together with all candidate controls—

people never identified for GVRS, never homicide victims, and not previously arrested in the

Western district before t0—and stack these t0-specific panels together.

We identify matched controls separately within three strata of GVRS subjects, given

differences between their underlying populations and in the treatments directed at them:

(1) communication referrals who had a non-fatal shooting (NFS) victimization in the 90

24To construct the harmonized indicator, we match each GVRS-recorded arrest event to the nearest BPD
arrest record for the same subject within ±1 day using greedy bipartite matching (with a small set of
hand-verified exceptions for matches at wider gaps). GVRS-recorded arrest events with no matching BPD
arrest record are treated as additional arrest events. Of the 157 raw GVRS-recorded arrest events in our
data, six records containing information indicating that they were not actually arrests are excluded; of the
remaining 151, 99 collapse into BPD records and 52 enter the harmonized measure as GVRS-only arrests.
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days preceding their referral, (2) communication referrals who did not, and (3) arrest target

referrals.25 Within the two communication referral strata, candidate controls must satisfy

the same recent-NFS condition as their stratum’s treated subjects.

Let X t0
i = {X t0

1,i, ..., X
t0
k,i} be a vector of k characteristics for person i defined relative

to time t0. The characteristics include 90-day quarterly counts of prior arrests by charge

type and of NFS victimizations.26 The four quarters immediately preceding t0 (quarters

-1 through -4) are deliberately excluded from the matching specification; we hold them

out as a placebo window over which to test for conditional parallel trends in our event

study below.27 Limiting our stacked panel to one stratum together with the corresponding

candidate controls, we estimate the propensity to be assigned to the GVRS treatment, Ti = 1,

using ordinary least squares (OLS):

Ti = βX t0
i + αZi + γt0 + εi.

In addition to the matching variables X t0
i , we control for demographic characteristics (Zi)

including race, age (in 10-year bins, plus a 60+ bin and a missing-age indicator), and sex.

The identification date fixed effects (γt0) ensure estimation occurs within stacks of the panel,

i.e., among groups of people for whom X t0
i is defined relative to a common date. Using

the resulting fitted propensity scores T̂i, for each GVRS subject i = 1, . . . , N , we calculate

the absolute difference with each candidate control i′ (∆T̂ii′ ≡ |T̂i − T̂i′ |), rank candidates in

25Stratifying communication referrals on recent NFS victimization is necessary because a sizeable share of
communication referrals were recently victimized; without the stratification, the matched-control com-
parison would be confounded by the mechanical correlation between recent victimization and selection
into communication referral. We do not impose an analogous restriction within the arrest target stratum,
where the recent victimization rate is much lower.

26The charge categories we use are: homicide, sexual assault, robbery, carjacking, aggravated assault, simple
assault, Part 1 non-violent crimes, weapons, drug possession, drug distribution, disorderly conduct, and
other offenses. The time bins prior to t0 are 90-day quarters: each of quarters 5 through 16 prior to referral
contributes a separate count per charge type and for NFS victimizations, plus a single count covering all
events at 17 or more quarters prior to referral. For example, a single element of Xt0

i is the count of person
i’s arrests that included a drug possession charge in the eighth quarter (i.e., 631–720 days) before t0.

27We have also estimated effects under a matching specification that additionally includes the four held-out
quarters, and find similar results; see Appendix Table 7 and accompanying discussion.
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ascending order of ∆T̂ii′ , and keep up to 100 controls i′ within a caliper of 0.01 (∆T̂ii′ ≤ 0.01).

After identifying up to 100 matched controls, i′, for each GVRS subject, i, we estimate

an event study specification using weighted OLS:

∆Yii′t =
∑

r∈{−4,−3,−2,0,+1}

βrT
r
it + εit,

where ∆Yii′t ≡ Yit−Yi′t is the difference in the outcome of interest between a GVRS subject

and one of their matched controls in quarter t relative to t0, T r
it is an indicator for whether

the GVRS subject was identified for the intervention r quarters ago, and r = −1 (the quarter

immediately before referral) is the omitted reference period. The coefficients of interest are

βr, and we focus on β0 and β+1, the post-referral effects on the GVRS subject’s outcome

relative to that of their matched controls, analogous to intent-to-treat (ITT) effect estimates.

The remaining coefficients (β−4, β−3, β−2) cover the four-quarter pre-referral window held out

from matching; statistically detectable values would constitute evidence against conditional

parallel trends. Because each GVRS subject can have a different number of matched controls,

we ensure that each subject contributes equally to the estimation by assigning each pair-

quarter observation a weight equal to one over the number of matched controls assigned

to that subject. We compute heteroskedasticity-robust standard errors clustered at the

GVRS subject level. Our outcomes are an indicator for any arrest in the quarter (using the

harmonized BPD/GVRS arrest measure described above) and an indicator for any homicide

or NFS victimization in the quarter.

The identifying assumption for our matching difference-in-differences estimator is con-

ditional parallel trends: that, conditional on the matching variables, treated subjects and

their matched controls would have followed parallel trajectories in the absence of treatment

(Heckman et al., 1998; Smith and Todd, 2005). Because our matching specification holds out

the four quarters immediately before referral, the post-treatment coefficients we estimate at

quarters 0 and +1 rest on a parallel trends test that the matching procedure does not have
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the information to mechanically satisfy.

6.3 Results

Our analysis sample comprises GVRS subjects whose first referral was in the Western district

and occurred in 2022 (N = 163), matched via propensity score to candidate controls drawn

from the broader Baltimore population. Appendix Table A.3 traces the funnel from the

broad sample of all Western district GVRS subjects with a first referral before July 2023

(the descriptive sample of Table 2) down to the matched analysis sample.

Table 7 reports baseline characteristics of these 163 GVRS subjects alongside their

matched controls, separately for the three matching strata: 13 communication referrals with

a recent NFS victimization, 90 communication referrals without one, and 60 arrest targets,

matched to 79, 6,302, and 4,766 controls, respectively. The propensity score matching pro-

duces well-balanced samples on the matching variables—prior arrests by charge type and

NFS victimizations measured in 90-day bins beginning five quarters before referral. In the

two larger strata, the share of GVRS subjects with any arrest more than one year before

referral matches almost exactly the share among their matched controls, and average prior

arrest counts by charge type are similarly close. The two groups are broadly balanced on

demographics as well, though GVRS subjects average one to two years younger than their

matched controls and are slightly more likely to be Black—reflecting the difficulty of perfectly

matching a young, almost-uniformly-Black treated group to a more heterogeneous candidate

pool, even after conditioning on demographics in the propensity score. The four quarters

immediately preceding referral, which the matching procedure deliberately holds out, show

somewhat larger differences—most visibly in the small recent-NFS communication referral

stratum, where 46% of GVRS subjects had any arrest in the year before referral compared

to 20% of their matched controls. We use these held-out quarters as a placebo test for

conditional parallel trends in the event study below.

40



Effects on arrest Figure 7 (top row) plots quarterly event study coefficients on an indi-

cator for any arrest, with corresponding ATTs reported in Panel A of Table 8. The pattern

differs sharply between the two referral types.

For communication referrals (top-left panel), the post-treatment coefficients are small

and statistically indistinguishable from zero: the ATT at the quarter of referral is +0.01

(s.e. 0.04), and at the subsequent quarter it is essentially zero (s.e. 0.05). The placebo

coefficients in the held-out window are similarly small, consistent with the matching suc-

cessfully balancing pre-trends in this stratum. Read literally, this null might suggest that

the deterrence-focused messaging communication referrals received does not translate into

a measurable change in their arrest rates. We caution against this interpretation on two

grounds. First, the estimate is too imprecise to speak to a decrease in arrests of any plausible

magnitude: with a counterfactual quarterly arrest rate of roughly 7% and standard errors of

4–5 percentage points, the smallest decrease detectable at conventional power—about 11–13

percentage points—exceeds the counterfactual arrest rate itself, so even a complete cessation

of arrests among these subjects would not register as statistically significant. The design can

detect only large increases in arrests, of the kind that heightened enforcement scrutiny might

produce. Second, even a genuinely unchanged arrest rate is consistent with reduced offend-

ing if communication referrals changed their behavior in ways that lowered offending while

simultaneously increasing law enforcement scrutiny; and our short post-treatment window

may in any case miss longer-run shifts. The qualitative evidence in Section 7 is consistent

with reduced offending among these subjects.

For arrest targets (top-right panel), the contrast is dramatic. The ATT in the quarter of

referral is +0.74 (s.e. 0.06, p < 0.001), corresponding to roughly an eleven-fold increase rela-

tive to the matched-control mean of 0.07. The pattern of charges underlying this spike is in-

formative, though it can be characterized only for the roughly four-fifths of these arrests that

appear in BPD’s records with charge detail; the remainder are indictment-warrant apprehen-

sions recorded only in the GVRS contact data, whose underlying charges we do not observe
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and which plausibly include serious violent offenses. Among arrests with recorded charges,

weapons and drug distribution charges together account for the overwhelming majority of

the increase, with simple assault, aggravated assault, and homicide charges contributing

smaller but meaningful shares. Property and disorderly conduct charges, and other offense

categories, do not contribute appreciably. This concentration in serious gun- and drug-

trafficking offenses is consistent with GVRS’s stated focus on group-involved violence rather

than a broad-based enforcement push.

The arrest target ATT at the subsequent quarter is +0.12 (s.e. 0.05), substantially smaller

than the quarter of referral effect but positive and statistically distinguishable from zero. Two

features of this estimate are informative. First, if arrest target subjects were incapacitated

for a prolonged period due to pretrial detention or post-conviction incarceration following

their arrest, then their arrest rates in the subsequent quarter would be mechanically lower

than those of their matched controls and the ATT would be negative. The fact that the

subsequent quarter ATT is positive instead suggests that most arrest target subjects are

released within the same quarter and remain at risk of subsequent enforcement contact.

Second, the persistence of an elevated arrest rate one quarter after referral is consistent with

continued GVU enforcement attention on these subjects—for example, follow-on indictment

warrants in extended group cases or additional arrests of subjects whose initial takedown is

recorded in our data on its arraignment date but whose remaining co-defendants are picked

up over the following weeks.

Effects on shooting victimization Figure 7 (bottom row) plots the same event study

coefficients for an indicator of homicide or NFS victimization in the quarter, with corre-

sponding ATTs in Panel B of Table 8. We find no statistically detectable effects of GVRS

on shooting victimization for either communication referrals or arrest targets over the post-

treatment window. The point estimates are uniformly small in magnitude—under two per-

centage points in absolute value across cells—and confidence intervals comfortably include

zero. The placebo coefficients in the held-out pre-treatment window are similarly small and
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provide no evidence against parallel trends.

Two design features bear on the interpretation of these victimization estimates. First, a

subset of communication referrals are subjects who experienced a NFS victimization in the

90 days preceding referral; matching is conducted within this substratum, and the result-

ing analysis combines those with recent shooting victimizations and those without. Both

communication referrals and their matched controls in the recent-victimization substratum

mechanically register a NFS in the quarter prior to referral (this drives the peak in this quar-

ter visible in Appendix Figure A.6, but since both groups have this in common it contributes

nothing to the post-treatment ATT). Second, pre-period shooting victimizations in our data

are non-fatal by construction, since people who were homicide victims before a given referral

date are excluded from the matching pool; post-treatment values include both fatal and non-

fatal events. With these features in mind, the appropriate interpretation of these estimates

is that we cannot detect any change in subsequent homicide or NFS victimization for either

referral type over the available post-treatment window.

7 Interviews and focus groups with GVRS subjects

We complement the quantitative analyses above with qualitative evidence drawn from inter-

views and focus groups with GVRS subjects in the Western district. The aim is exploratory:

to characterize the mechanisms through which the intervention may have shaped subjects’

behavior—deterrence and incapacitation, social service delivery, and community involvement

and procedural justice—and to surface interpretations that the administrative-data analyses

cannot.

7.1 Data and method

Qualitative interviews and focus groups were conducted with GVRS subjects in the Western

district to develop a better understanding of how the intervention may have changed their

violent behavior. In consultation with Roca and YAP, purposive sampling was used to

select gang members who were targeted by GVRS, received custom notifications, and were
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actively participating in social service programs. Two focus groups were held with GVRS

service recipients: one with Roca clients (N = 6) and one with YAP clients (N = 6). Semi-

structured individual interviews were completed with an additional twelve clients (six from

each organization). Data collection occurred between January and March 2024; interviews

and focus groups typically lasted 60–90 minutes and were audio-recorded and professionally

transcribed with participant consent.

Qualitative data were managed and analyzed using NVivo 14 software to facilitate sys-

tematic coding and retrieval of key insights. Interview and focus group transcripts were

analyzed using a two-stage thematic coding process (Saldaña, 2021). “Open coding” was

used to identify initial emergent themes in participant narratives. This was followed by

“focused coding” explicitly organized around five key GVRS components: deterrence, inca-

pacitation, social service delivery, community involvement, and procedural justice. The goal

of this two-stage analytic strategy was to provide some exploratory insights on how these

program components may have influenced the behavior of GVRS subjects. The perceptions

of a small number of people in a purposively selected sample are not necessarily representa-

tive of the broader population of GVRS subjects. As such, ample caution is needed when

making inferences about focused deterrence violence reduction mechanisms based on these

data.

7.2 Findings

Deterrence and incapacitation Interview participants consistently reported that GVRS

implementation immediately increased their perceived risk of apprehension. After learn-

ing that they were “on the radar” for GVRS attention, interview subjects reported quickly

changing their normal routines to evade possible law enforcement surveillance. As Marcus

described:

I came home one day and my Dad was like some people from the city came by

here looking for you... I ain’t gonna lie, as soon as I heard that that shit had me
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paranoid for real... So I started cutting myself from everybody, for real. Even

stopped going to the store by my house cause I ain’t want them to catch me out

there.

As suggested by this quote, short-run simple evasion activities evolved into more strategic

network avoidance (Fader, 2021), a calculated form of risk management with the potential

to reconfigure social connections that facilitate violence. As subjects developed further

knowledge of their enhanced punishment risks, many made deliberate decisions to distance

themselves from specific high-risk associates and avoid locations vulnerable to police surveil-

lance.

For GVRS subjects already under state supervision (probation, parole, or pretrial mon-

itoring), the changes in perceived risks were particularly pronounced. These individuals,

already navigating restrictions on their behavior, experienced GVRS as an additional layer

of scrutiny that significantly amplified their punishment risk calculations. Andre described

his experience receiving a custom notification while at his parole office:

When they hit me with that letter at the parole office, that really woke me up.

My [parole officer] was sitting there while they were reading it, so I knew it

wasn’t no joke. I left out of there knowing I had to move different... not that

I was moving crazy or nothing, but I had to cut certain people off. I told my

girl I can’t even go to certain parts of the city no more. I used to be out on

Pennsylvania Ave heavy, but after I got that letter, I ain’t step foot over there...

My PO already told me one dirty urine or one wrong person in the car with me,

and I’d [get violated]... now I got these GVRS people watching too?

The direct communications of apprehension risks for continued violent behavior were

supported by follow-up enforcement actions as needed. Arrests and subsequent prosecution

provided tangible evidence that the GVRS enforcement threats were credible. Beyond de-

terrence, these actions also removed people who were likely to commit shootings and be shot
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by rivals from the street. As suggested by Jason, GVRS incapacitation efforts involved a

deliberate, methodical approach to building cases against targets that was more robust than

previous routine enforcement actions in the Western district:

I feel like the police are going harder to catch people... I’ve been seeing a lot more

people going to jail. Just because they’ll let you go on a three or four month run,

but they’ve been watching you the whole four months, just racking up evidence...

then they’ll come get you that last fifth month. A couple of my boys went down

just like that...

Participants further recognized that their past actions might already be documented,

creating greater concern that accumulated evidence could trigger future enforcement. This

understanding seemed to further increase perceptions of apprehension risk, as individuals

could no longer rely on the absence of immediate consequences as evidence of successful

evasion. After a GVRS investigation resulted in the apprehension of his close friend, Deon

observed, “He got life... he ain’t never coming home... I got lucky. I [was only] locked up for

a gun.”

The impact of these targeted removals extended beyond individual deterrence and inca-

pacitation to create structural voids in violent networks. When key members were arrested

and incarcerated, their absence disrupted established patterns of coordination, leadership,

and decision-making within their groups. Interview participants suggested that targeted

groups attempted advanced novices within their groups to replace those removed; however,

it was difficult to do so in the wake of enforcement actions. These individuals often lacked

the experience, connections, and credibility of their predecessors, further weakening group

capacity for coordinated violence. Further, as multiple targeted individuals altered their

routines—reducing their presence in high-risk locations, limiting their social connections,

and disengaging from violent conflicts—changes in their behavior rippled outward, disrupt-

ing the very social networks that sustain street violence. In effect, GVRS did not simply
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deter and incapacitate individuals; it seemed to destabilize the broader ecology of violence

in the Western district.

Social service delivery Street outreach workers and social service agencies provided an

important complement to GVRS enforcement efforts by connecting subjects to concrete ser-

vices and opportunities. These tangible offerings provided practical alternatives to persisting

in risky illegal street economic activity that made them vulnerable to GVRS sanctions. As

Jermaine described:

They can get you anything you need, if you come in and you don’t have a GED,

they help you get that. If you want to work, they can help you with certifica-

tions... They got a lot of resources. Even if they don’t offer the programs, they

will definitely put a good word in and connect you somewhere else if they see

that you’re serious. They’re going to put their faith and their hope in you and

push you, but they going to also leave enough room for you to feel as though

that you did it yourself... when something is handed to you too easy, you feel

like it’s not yours. But they just set you up so you can set yourself up. That’s

what I like about them.

Beyond addressing underlying individual needs such as employment, housing, education,

and substance abuse counseling, interview participants viewed services as facilitating transi-

tions into new social networks that reinforced disengagement from violence. Tyrell described

how this process worked:

This program gave me more of an appreciation for surrounding myself with people

who want the same as you... and not just people who want something from you.

They basically teach us to be around people that want to be something better in

life, not just being out in the streets... Now, I just try to surround myself with

more people that want the same as me or even better than me. I surround myself

with good people that got good mindsets...
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Tyrell’s insight reveals how programming provided an opportunity for mutual growth in

peer groups (“people that want the same as me or even better”) that collectively reinforced

behavioral change across multiple participants and addressed the relational vacuum that

often undermines individual attempts to disengage from street networks.

Participants reported that life coaching and cognitive behavioral therapy helped them

avoid negative thinking and make better life decisions. Therapists and street outreach work-

ers adopted a practical harm reduction approach that acknowledged the realities of danger-

ous environments while encouraging incremental behavioral changes by the GVRS subjects.

Darryl described this nuanced process:

Being at Roca made me look at violence different... it made me more conscious

of how I think about it. I’m not like how I used to be... I don’t feel like I’m going

to go kill somebody when there’s really not a real purpose or reason... But being

in the city we’re in, you always still gonna have some of that mindset... you can’t

really take that from us, because we’ve been seeing it our whole lives. It sounds

a little crazy, but when you grew up seeing so much... it’s hard to shake that

mindset... but here we learn to minimize it... to tame it.

Darryl’s reflection describes developing metacognitive awareness (“more conscious of how

I think about it”) that enabled greater behavioral regulation within his existing identity

framework. The idea of “taming” rather than eliminating violent impulses recognized that

exposure to violence creates deeply embedded cognitive patterns that cannot simply be un-

learned or denied. By focusing on regulation rather than replacement, these services created

space for participants to maintain aspects of street identity necessary for navigating their

environments while reducing the likelihood of perpetrating violence to deal with problems.

Community involvement and perceptions of legitimacy GVRS leveraged existing

community structures and relationships to reinforce anti-violence messages. Community

voices—including clergy, elders, returning citizens, and family members—provided local
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sources of informal social control and moral engagement that complemented law enforce-

ment interventions. As James described:

One of the older guys from my neighborhood was there, and he told me, ’These

people aren’t here to lock you up. They’re here to keep you safe. Hear them

out.’ And because it was him saying it, I actually listened.

This anecdote illustrates how community members not only exerted influence over the

willingness of GVRS subjects to participate in anti-violence programming but also bridged

the legitimacy gap between formal authorities and subjects with high levels of institutional

distrust. For people socialized to view law enforcement with suspicion, these community

voices provided alternative pathways to engagement that didn’t require immediate trust in

formal authorities. The phrase “because it was him saying it” highlights how message effec-

tiveness depends not only on content but on messenger credibility—a resource that commu-

nity members often possess in abundance within neighborhoods where official authority may

be contested.

Community participation at call-ins also seem to activate emotional and moral dimensions

of decision-making that formal deterrence messages do not address. Community members

described the trauma of persistent shootings on neighborhood well-being and expressed grave

concern over losing young people to senseless violence and to the criminal justice system.

The words of a mother who lost her son profoundly affected Michael:

She talked about raising her grandkids alone, how her son was gone, and how she

didn’t want to see any of us put our mothers through that same pain. That hit

different. I kept thinking about my own mom and what she would go through if

something happened to me.

The phrase “that hit different” suggests that these kinds of appeals activate different

appraisals of risks and rewards associated with continued violent behavior (e.g., “my mother

would suffer as a result of my actions” relative to “I would be punished for my behavior”).

49



All GVRS subjects expressed strong feelings of mistrust and cynicism towards the Baltimore

Police Department during interviews. Nevertheless, these subjects seemed to appreciate

that the GVRS represented a fundamentally different approach to violence prevention than

past enforcement efforts. Kevin described his evolution from initial rejection to a positive

acknowledgment:

When they first came at me with that letter I ain’t even want to hear it. Like,

here go the police again... But then the YAP lady came and started talking

about opportunities, about how they could help me get right... they let me know

the cops [are] watching me, they know what’s going on, but they also trying to

give me a chance to move different.

This acceptance seemed to stem from a key feature of the strategy that distinguished

it from previous law enforcement approaches: a respectful and transparent warning of stiff

enforcement in response to very specific behaviors (i.e., continued gun violence) coupled

with genuine offers of help and concern. The inclusion of non-law enforcement messengers

provided alternative sources of legitimacy that circumvented established distrust with the

criminal justice system.

The participants’ narratives described a bounded legitimacy granted to the GVRS ap-

proach: many GVRS subjects complied with the anti-violence message promoted by the po-

lice despite participants’ continued reports of abusive and overly aggressive police behavior

in other contexts. This specific, intervention-focused legitimacy created sufficient acceptance

of the procedural approach to violence prevention that facilitated GVRS subject engagement

with services, even without resolving broader concerns about policing practices. The legit-

imacy of the GVRS approach in the eyes of the treated group members seemed to bolster

the credibility of the deterrence message in a way that made service uptake more attractive.

Other studies that have found similar results highlight the importance of procedurally-just

communication of carrots and sticks in focused deterrence strategies (Papachristos et al.,

2007; Trinkner, 2019).
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8 Baltimore’s homicide and violent crime rates relative to peer

cities

The within-Baltimore empirical evidence presented in Sections 5 and 6 suggests that GVRS

substantially reduced gun violence in the Western district during its first 18 months of oper-

ation. GVRS implementation began to expand to other parts of Baltimore in the years that

followed, including the Southwestern district (January 2023), the Central district (January

2024), the Eastern district (April 2024), and the Southern district (July 2025).28 Over this

same window, Baltimore experienced a 60% decline in its homicide rate between 2022 and

2025, outpacing the homicide rate drop in most other U.S. cities. In this section, we compare

changes in homicide and violent crime rates in Baltimore and its peer cities over this period

and discuss how much GVRS may have contributed to any of those differences.

8.1 Data

Because the FBI’s National Incident Based Report System data are released with a con-

siderable time lag, we draw on monthly crime data from the Real-Time Crime Index, a

continuously updated platform that aggregates and standardizes reported crime statistics

from participating law enforcement agencies across the U.S.29 The estimation panel covers

the 32 quarters from January 2018 through December 2025 for the 252 municipal police

departments serving populations of at least 100,000 with complete homicide or violent crime

data over the window.30

We estimate effects on two outcomes: homicides and non-fatal violent index crimes (rape,

28Since the continued rollout of GVRS prioritized the areas in Baltimore with the highest levels of violence
and since a large portion of the city has now been exposed to the intervention, it is not possible to identify
a credible counterfactual to evaluate the broader city rollout of GRVS.

29The Real-Time Crime Index, developed by AH Datalytics, is publicly accessible at https://
realtimecrimeindex.com. Its data are not subject to some of the limitations of FBI Uniform Crime
Reports data during the transition to the National Incident-Based Reporting System and they allow us to
include 2025 in our analysis sample.

30We restrict to municipal police departments to maintain comparability with Baltimore’s jurisdictional
structure, dropping county sheriffs, state police, and other non-municipal agencies. We further drop
agencies with multi-month gaps in their crime series; single-month gaps are filled by linear interpolation.
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robbery, and aggravated assault). All outcomes are expressed as quarterly counts per 100,000

population, annualized (quarterly count ÷ population × 100,000 × 4). Separating homicides

from the other violent index crime components allows us to test whether any city-level

effect is concentrated in lethal and near-lethal violence, as the within-Baltimore evidence in

Section 5.3 would suggest.

8.2 Estimation strategy

We apply the same synthetic difference-in-differences (SDID) estimator used in our within-

Baltimore analysis (Section 5.2), but with U.S. cities (rather than Baltimore police posts)

as the units of observation. Baltimore is the single treated unit, with a treatment date

of January 2022, the launch of GVRS in the Western district. Donor units are the other

agencies in our panel.

Because the choice of donor pool can meaningfully affect SDID estimates with a single

treated unit, we estimate effects using two donor pool restrictions designed to retain agen-

cies with broadly comparable pre-treatment violence levels and population scale. First, we

restrict the donor pool to agencies with pre-2022 mean rates of the corresponding outcome

above the median across all eligible donors; this restriction keeps Baltimore in the upper

portion of the rate distribution where the available comparison units are themselves above-

average-violence cities.31 Second, we restrict the donor pool to agencies serving populations

of at least 250,000, ensuring that Baltimore (population approximately 565,000) is compared

to other large municipal jurisdictions.

Inference is based on placebo p-values computed by re-estimating the model treating each

donor unit as the treated unit in turn (500 placebo iterations).

8.3 Results

Table 9 reports the main SDID estimates. The estimated effect on Baltimore’s homicide

rate is large, negative and highly statistically significant using either of the two donor pools.

31Pre-2022 medians (excluding Baltimore) are 5.4 homicides per 100,000 residents and 432 non-fatal violent
index crimes per 100,000 residents, both annualized.
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Using the above-median pre-2022 rate donor pool (125 donor cities), Baltimore’s annualized

homicide rate over January 2022 through December 2025 was 13.6 per 100,000 below the

synthetic counterfactual—a 24.9% decline relative to the implied counterfactual mean of 54.6

per 100,000 (placebo p < 0.001). The estimate from the population-restricted donor pool (83

donor cities) is essentially identical: a decline of 13.5 per 100,000 (−24.7%, p < 0.001). The

top panel of Figure 8 plots Baltimore’s actual quarterly homicide rate alongside the SDID

counterfactual using the above-median donor pool. Prior to 2022, the two series demonstrate

similar trends and seasonality. However, starting in 2022, a gap opens up between Baltimore

and its synthetic comparison and widens through 2025. The pre-treatment fit is reasonable:

SDID’s time weights load principally on the second half of the pre-period, the years closest

to the treatment date, and over those quarters the actual and synthetic series track each

other closely.

The estimated effect on the non-fatal violent crime rate, by contrast, is small in per-

centage terms and statistically indistinguishable from zero in both donor pools. The point

estimates are −30 per 100,000 (annualized) in the above-median donor pool (−1.7% of the

counterfactual mean, p = 0.81) and −59 per 100,000 in the population-restricted donor pool

(−3.1%, p = 0.54). The bottom panel of Figure 8 shows that Baltimore’s non-fatal violent

crime trajectory tracks the synthetic counterfactual closely throughout the post-treatment

period, with no widening gap analogous to the one observed for homicides. The contrast

between the two outcomes mirrors the within-Baltimore findings of Section 5.3: in both the

cross-post and cross-city analyses, the clearest treatment effect appears in lethal violence

rather than in non-fatal violent index crimes.

Two patterns are worth noting about the magnitude of the city-level homicide effect.

First, the cross-city ATT (a ∼25% reduction in Baltimore’s overall homicide rate) is substan-

tially larger than what a Western district-only effect would mechanically produce at the city

level. The Western district accounts for roughly 16% of Baltimore’s homicides and non-fatal

shootings, despite containing only about 5% of the city’s population, so a 30% reduction in
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homicide and non-fatal shooting victims in the Western district alone (the within-Baltimore

ATT from Section 5.3) would translate into only a ∼5% citywide reduction. The fact that

the citywide ATT is much larger is consistent with the geographic expansion of GVRS to

additional districts after 2022 and the broader change in law enforcement culture that this

has produced. Second, the cross-city analysis cannot, on its own, isolate the contribution of

GVRS proper from any other contemporaneous changes in Baltimore policing or in the city’s

broader environment; the SDID estimate captures the full Baltimore-specific deviation from

the synthetic counterfactual, of which GVRS is one component. While other explanations

have been offered for Baltimore’s recent homicide decline, including a change in the elected

state’s attorney, the within-Baltimore evidence—that the homicide decline has been great-

est in the Western district—and the cross-city evidence—which shows that only homicides

fell in Baltimore and not violent crimes more broadly—is consistent with GVRS playing an

important role.

8.4 Robustness

Appendix Table A.5 reports SCM and two-way fixed effects difference-in-differences (DID)

estimates as robustness checks. The headline homicide finding survives the move to DID and

is in fact slightly larger in magnitude: the DID estimates are −16.8 per 100,000 (−29.1%,

p < 0.001) in the above-median donor pool and −17.1 per 100,000 (−29.5%, p < 0.001)

in the population-restricted donor pool. SCM, on the other hand, produces much smaller

homicide estimates that are not statistically distinguishable from zero (−4.6, p = 0.12 in the

above-median pool; −1.5, p = 0.66 in the population-restricted pool). For the non-homicide

violent crime rate, DID delivers small, negative, statistically insignificant estimates similar

to the SDID baseline (−7% of the counterfactual in both donor pools), while SC produces

large positive estimates of approximately +316 per 100,000 (+21%, statistically significant

in both donor pools)—i.e., the SC estimator implies that Baltimore’s non-homicide violent

crime rate exceeded its synthetic counterfactual by roughly a fifth over the post-treatment

window.
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The discrepancy between SCM and the other estimators reflects the same mechanics

described in Section 5.4 for the within-Baltimore analysis: SCM weights donor units to

match the treated unit’s pre-treatment level using only cross-sectional weights and no time

weights, which makes its counterfactual sensitive to structural breaks in the pre-period and

to whether the donor pool’s post-treatment trajectory diverges from the treated unit’s pre-

treatment trend. The non-homicide violent crime SCM counterfactual (∼1,491 per 100,000)

is far below the SDID counterfactual (∼1,838) and the actual Baltimore post-treatment

mean (∼1,807); the synthetic match is being constructed from donor cities whose violent

crime rates fell substantially over the post-period, generating a large positive treated-versus-

synthetic gap that is unlikely to reflect a genuine treatment effect on Baltimore. Because

both SDID and DID generate substantively similar conclusions for both outcomes—a large,

robust homicide effect and a near-zero non-homicide violent crime effect—we treat the SCM

estimates as informative about estimator sensitivity rather than as a competing substantive

finding.

A natural concern, given Baltimore’s elevated homicide rate in Figure 1, is that its decline

reflects mean reversion: homicide rates rose across many U.S. cities during 2020–2021, and

those that rose most might be expected to fall most thereafter. Two features of the data argue

against this reading. First, Baltimore had almost no pandemic-era homicide rate spike from

which to revert. Its annualized homicide rate averaged 57.9 per 100,000 in 2018–2019 and 60.0

in 2020–2021—an increase of about 2 per 100,000, negligible when compared to the swings

in many cities and to Baltimore’s own subsequent decline. Baltimore’s rate was persistently

high for years before the pandemic, so its post-2021 fall is a break from a long-standing level

rather than the unwinding of a transitory increase. Across donor cities, the post-2021 decline

is strongly predicted by the size of the 2020–2021 run-up, and Baltimore’s negligible run-up

would imply almost no reversion (Appendix Figure A.8). Second, although higher-homicide

cities did on average decline somewhat more after 2021—a mean-reversion gradient present in

our donor pool—Baltimore’s decline far exceeds what that gradient predicts. Regressing each
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donor city’s 2022–2025 change in homicide rate on its pre-2022 level yields a slope of about

0.11; at Baltimore’s pre-2022 rate this implies a decline of 6–8 per 100,000 against the roughly

18 observed, leaving Baltimore between 3.7 and 3.9 standard deviations below the fitted line

and with a larger raw decline than all but one of the 125 comparison cities (Appendix

Figure A.7). This conditional gap, about 10–12 per 100,000, is similar in magnitude to our

SDID treatment-effect estimate of 13.6, reflecting that the synthetic counterfactual already

nets out the common reversion. Finally, mechanical reversion would be expected across

violent crime categories, yet Baltimore shows no comparable deviation in non-fatal violent

crime (Section 8.3).

9 Discussion

Investments in law enforcement can be effective in reducing violence but can entail high

financial and social costs, including a widening of the net of the criminal justice system by

exposing larger numbers of people—including many low-level offenders—to the destructive

effects of arrests and prosecution (Chalfin, 2025). The fact that a small number of offenders,

often operating in groups, drive an outsize share of gun violence suggests that a more targeted

approach—one that concentrates both enforcement and social services on the people at

highest risk—has the potential to generate large public safety benefits while minimizing the

harms of aggressive and broad-based policing strategies (MacDonald, 2023).

We study the 2022 launch of a targeted strategy to reduce gun violence in Baltimore’s

Western police district, an area with among the persistently highest rates of gun violence

in the U.S. that has, in the past, appeared intransigent to efforts to reduce violence. The

approach uses a mixture of “carrots and sticks” to try to change the behaviors of people

thought to be at high future risk of carrying out shootings and, accordingly, the strategy

was implemented through the collaboration among law enforcement, community-based, and

social service organizations.

In the 18 months after the strategy was implemented in the Western district, the number
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of people shot and killed there declined by approximately one third, and carjackings by ap-

proximately 40%, compared to other areas of Baltimore that were, prior to the intervention,

equally challenged by endemic violence. We observe no evidence that violence spilled over to

other Baltimore communities outside of the Western district. Importantly, the large reduc-

tions in gun violence the strategy produced were not accompanied by a broad-based increase

in arrests in the Western district: total arrests, including for non-violent and lower-level

offenses, did not change relative to the counterfactual, ruling out a “net widening” expansion

of enforcement that would have swept additional people into the criminal justice system.

However, arrests for serious violent crimes rose and increased the clearance rate from about

8% to 10%. The evidence thus suggests that by focusing attention on the principal drivers of

violence, a combination of law enforcement and community partners can meaningfully reduce

gun violence, in part by redirecting enforcement toward serious violence rather than ramping

up enforcement for the community writ large. These effects mirror findings from research

on large-scale “gang takedowns” (Chalfin et al., 2021; Choe et al., 2026; Domínguez, 2026)

but, importantly, while gang takedowns deliver only the stick, this strategy tries to reduce

harm by warning others of the enforcement they will face if they continue offending, offering

low-barrier supportive services to those willing to step away from violence, and engaging

community members as key actors to prevent future violence.

With respect to the mechanisms behind the observed violence reductions, the evidence is

mixed and points to several channels operating together. From the administrative data, we

cannot detect a change in the likelihood of arrest among GVRS subjects who received only

communication. This null is largely uninformative about deterrence, however: the arrest rate

among these subjects is low enough that our estimates could not detect a reduction even if

their arrests had ceased entirely (Section 6.3). The administrative data can detect only large

increases in arrests, of the kind heightened enforcement scrutiny might produce, leaving the

deterrence channel to be assessed primarily through the qualitative evidence. By contrast,

we observe a sharp, immediate rise in arrest probability among subjects targeted for arrest,
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indicating an immediate incapacitation effect, though the lack of a sustained decrease in ar-

rests one quarter later suggests this effect may be modest in duration. Qualitative evidence

from interviews and focus groups with GVRS subjects points to behavioral change consistent

with deterrence—participants reported a heightened perception of apprehension risk and de-

liberate distancing from high-risk associates and locations—as well as meaningful uptake of

services that supported transitions away from violence and a central role for credible commu-

nity messengers, whose legitimacy with group members exceeded that of law enforcement,

in making both the strategy’s warnings and its service offers credible. The timing of the two

data sources may also bear on how to weigh them against each other. The administrative

data analysis follows subjects identified in 2022 through mid-2023, when GVRS’s outreach

and service infrastructure was still being built out, whereas the interviews and focus groups

were conducted in early 2024, after the program had matured. If the strategy’s effects on

subjects strengthened as that infrastructure developed, then the early administrative data

window may capture a less mature, less effective phase of the program than these accounts

reflect. Read together, the administrative and qualitative evidence suggest that deterrence,

incapacitation, services, and the legitimacy of community-based messengers each plausibly

contribute to the observed reductions, with the most direct quantitative evidence bearing on

incapacitation and the evidence on the remaining channels resting largely on subjects’ own

accounts.

The plausibility of a deterrence channel is reinforced by how weak the baseline enforce-

ment environment was. Absent GVRS, the clearance rate for violent index crimes in the

Western district is estimated to have been just 7.6%—more than nine in ten reported violent

crimes would not result in an arrest. GVRS raised it to 10.4%: an increase of 2.8 percentage

points but, against so low a base, a proportional increase of roughly 37%, alongside an 81%

rise in violent index crime arrests. Whether a shift of this kind alters behavior turns on

whether those at risk perceive it—and here the strategy’s direct communication is likely

central, conveying the changed enforcement environment immediately rather than leaving it

58



to be inferred slowly from accumulated experience (Section 4.2).

Two of these channels—incapacitation and the take-up of services—can be assigned rough

magnitudes. Neither, on its own, appears to account for the bulk of the reduction. Over the

18-month window, we estimate that GVRS averted approximately 71 homicide and shooting

victimizations in the Western district.32

Take the incapacitation channel first. The 110 people arrested directly through GVRS

enforcement during the 18-month study period represent about 0.4% of the Western district’s

population but roughly 16% of the estimated 615–735 active group members in the district

as of 2021.33 The risk borne by such individuals can be strikingly concentrated: Heller

et al. (2024) find that, among the 500 people at highest risk of being shot in Chicago,

13% were shot within 18 months. If the GVRS arrestees faced comparable risk and half

of the 110 were incapacitated over our 18-month outcome window, preventing their own

victimization alone would avert roughly 7 shootings—about a tenth of the 71—and the

true contribution is plausibly larger, since incapacitation would also forestall shootings these

individuals might have committed against others. The gang takedown literature points the

same way: Chalfin et al. (2021) and Choe et al. (2026) find that arresting roughly 0.1% of a

community’s population during a takedown—with no accompanying message or services—

produced substantial reductions in homicides and shootings, indicating that incapacitation

can be powerful even without the deterrence and service components GVRS adds.

Next, consider the services channel. Of the GVRS subjects, 90 took up services through

Roca or YAP, 86 of them receiving counseling or life coaching that often incorporated cog-

nitive behavioral therapy. The closest experimental benchmark is READI Chicago, which

offered up to 18 months of subsidized employment alongside cognitive behavioral therapy

to men at extremely high risk of gun violence involvement (Bhatt et al., 2024). We use the

32This applies the cumulative 18-month SDID estimate—a reduction of 39 homicide and shooting victims
per 100,000 residents per quarter—to the district’s population of roughly 30,600 over six quarters. The cor-
responding figure for calendar year 2022 alone, used in the benefit-cost calculation below, is approximately
57.

33This counts only arrests made directly through GVRS enforcement; it excludes any additional arrests the
strategy may have induced indirectly through its broader reshaping of enforcement toward serious violence.
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estimates for READI’s outreach-referred participants, who were identified much as GVRS

subjects are—through human judgment rather than by an algorithm or reentry status—and

we draw on the instrumental variables estimates, which recover effects on those who actually

took up the program, the analog of the GVRS subjects who engaged with services. Among

these participants, the control complier mean for shooting and homicide victimization was

0.132 over READI’s 20-month follow-up, which the program is estimated to have reduced by

0.056 per participant, a 43% decline. Scaling this effect to our 18-month window and applying

it to the 90 GVRS service recipients would avert on the order of four to five victimizations,

about 6% of the roughly 71 victimizations we estimate the strategy prevented. As in the

incapacitation calculation, this counts only participants’ own averted victimization and so

understates the channel: READI also cut these participants’ shooting and homicide arrests

by 79%, implying averted offending on top of averted victimization. Cutting the other way,

READI delivered a more intensive and sustained services package than most GVRS subjects

received, so applying its effects likely overstates what GVRS services alone could achieve.

We read these considerations as roughly offsetting.

Taken together, the two calculations point the same way: incapacitation and services each

plausibly account for a meaningful but minority share of the reduction—incapacitation about

a tenth, services somewhat less—and neither approaches the full decline. The sizable residual

is consistent with an important role for the deterrence channel that the administrative data

cannot capture (Section 6.3) and for the at-scale, network-level effects on which the strategy

is premised, reinforcing the reading that no single mechanism explains the reduction on its

own.

Beyond the within-Baltimore evidence, our cross-city analysis finds that Baltimore’s

homicide rate over the post-2022 period was approximately 25% below a synthetic coun-

terfactual constructed from other large U.S. cities, while its non-fatal violent crime rate

tracked the counterfactual closely.34 The citywide effect on homicide is much larger than

34The concentration of the cross-city deviation in homicide rather than in non-fatal violent crime is con-
sistent with the design of GVRS. The strategy targets patterned, group-involved violence—the kind that
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what would mechanically arise from a Western district-only effect of the magnitude we esti-

mate: the Western district accounted for roughly 16% of Baltimore’s homicides in 2021, so

a 30% Western-only reduction would translate into only a ∼5% citywide reduction.35 The

discrepancy is consistent with the geographic expansion of GVRS to additional districts after

2022 and with broader changes in how Baltimore polices group-involved violence that the

original strategy may have inspired. While the cross-city analysis cannot, on its own, isolate

the contribution of GVRS proper from other contemporaneous changes in Baltimore policing

or in the city’s broader environment, taken together with the within-Baltimore evidence it is

consistent with GVRS—and the broader citywide shift toward a focused, partnership-based

response to group-involved violence that it may have catalyzed—accounting for a meaningful

share of Baltimore’s recent historic homicide decline.

The strategy also appears highly cost-effective. Its dedicated hires and contracts were

budgeted at roughly $4.8 million for the 2022 pilot year in the Western district. But several

service lines were under-expended or never programmed during 2022—including transitional

employment, additional incentive funds, and parts of the relocation, microgrant, and stipend

budgets—so that actual first-year outlays came in lower, on the order of $3.5 million. The

program is small in absolute terms: the actual outlay works out to roughly $6 per Baltimore

resident and around one-tenth of one percent of the city’s $3.87 billion fiscal 2021 budget.

These amounts cover only the program’s dedicated spending; they exclude the BPD and

State’s Attorney personnel reallocated to GVRS from other duties, whose costs were largely

absorbed into existing budgets, and they reflect the 2022 pilot year rather than the full

18-month evaluation window. Matching the benefit calculation to this same first year, we

disproportionately results in lethal and near-lethal shootings. The broader non-fatal violent crime category
aggregates a much wider set of incidents, most of which fall outside the intended scope of GVRS, and the
non-fatal shooting subset is too small on its own to move the aggregate. We would not expect a strategy
focused on group-involved gun violence to produce a proportional reduction across the broader non-fatal
violent crime category.

35For this calculation we scale our combined homicide and non-fatal shooting estimate (−30%), which is
far more precisely estimated than the homicide-only estimate. The two are similar in magnitude—the
homicide-only ATT is −27%—but the homicide-only estimate is less precise (p = 0.12). The choice of
outcome for the population share is immaterial: the Western district accounted for 15.6% of citywide
homicides and 15.5% of citywide homicides and non-fatal shootings in 2021.
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estimate that GVRS averted approximately 57 homicide and non-fatal shooting victimiza-

tions in the Western district during 2022. Valuing each at $2.15 million puts the value of

averted gun violence at roughly $122 million: about 35 times actual first year spending, and

at least 25 times even the full budgeted amount.36 These benefits accrued disproportionately

to some of Baltimore’s most disadvantaged and socially isolated communities, and are if any-

thing conservative: they count only averted shootings, setting aside the strategy’s effects on

other crime and the broader social costs of violence.

With respect to the approach’s political and operational sustainability, several matters

are worth discussing. Focused deterrence strategies can be difficult to implement and, once

launched, challenging to sustain (Braga and Kennedy, 2021). Baltimore twice previously

discontinued focused deterrence programs that were generating some promising preliminary

impacts on serious violence. What distinguishes Baltimore’s recent experience from ear-

lier focused deterrence efforts—including Baltimore’s own—is not the underlying playbook,

which is well established, but the fidelity with which it was implemented. GVRS was not

simply a collection of interventions (custom notifications, services, and focused enforcement)

but an operating model for organizing violence reduction around a clearly defined popu-

lation and a disciplined management process: weekly violence reviews grounded in shared

analysis, cross-agency coordination, direct communication with high-risk people, services de-

livered through trusted community organizations, and focused enforcement aligned around

a common understanding of who was driving violence and why. Sustained leadership from

the Mayor and Police Commissioner helped hold these routines in place, and performance

indicators tracking activities and outcomes helped limit the implementation drift that ended

Baltimore’s earlier attempts and has undermined similar efforts elsewhere.

This bears directly on replicability. Because “focused deterrence” refers to a broad family

of programs, what jurisdictions do under that label can differ substantially from day to day,

and much of that variation—and, plausibly, much of the variation in measured effects across

36Based on the contingent valuation estimate of Ludwig and Cook (2001), $1.2 million in 1998 dollars,
inflated to 2022 dollars to match the budget year.

62



the prior literature—reflects management and process fidelity rather than the design of the

intervention itself. The encouraging implication is that the practices that produced high

fidelity implementation in Baltimore—shared problem analysis, recurring violence reviews,

cross-agency coordination, performance management, and a disciplined operating rhythm—

are ordinary and legible. They do not depend on conditions unique to Baltimore and can,

in principle, be adopted elsewhere; what they require is not exceptional local circumstances

but the sustained commitment to follow them, which Baltimore’s own earlier lapses suggest

is achievable but not automatic.
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11 Tables and Figures

Table 1: Sociodemographic characteristics of Baltimore and the Western district

Baltimore Western district

Population 592,211 31,017
Median age 37.0 40.6
% Black 60.9% 93.2%
Median household income 60, 891 30, 938
% below poverty 20.3% 35.9%
% Bachelor’s degree or higher 34.2% 9.2%
% vacant units 16.6% 36.0%

Note: American Community Survey 5-year estimates, 2017–2021. Western district figures are aggregated
from Census tracts using area-weighted apportionment.
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Table 2: GVRS subjects: baseline characteristics

All Communication Arrest
referrals referrals targets

N 276 179 97

Demographics
Age at referral 31.1 30.9 31.4
Black 1.00 0.99 1.00
Male 0.94 0.94 0.94

Share with a prior non-fatal shooting victimization
Ever before referral 0.24 0.30 0.12
In year before referral 0.14 0.20 0.04

Share with a prior arrest
Ever before referral 0.81 0.85 0.73
In year before referral 0.26 0.28 0.21
Ever before referral, Western district 0.57 0.64 0.44
In year before referral, Western district 0.13 0.16 0.07

Among those with a prior arrest, average number of:
Total arrests 6.3 6.5 5.9
Arrests with the following charge:

Homicide 0.1 0.1 0.1
Carjacking 0.0 0.0 0.1
Aggravated assault 0.2 0.2 0.2
Robbery 0.2 0.2 0.1
Simple assault 0.8 0.9 0.6
Drug possession 2.2 2.3 2.0
Drug distribution 1.7 1.7 1.6
Disorderly conduct 0.5 0.4 0.5
Weapons-related 0.8 0.9 0.6
Other 1.5 1.4 1.6

Note: The sample comprises GVRS subjects whose first referral was in the Western district and occurred
before July 2023, classified by the type of their first referral (communication referral or arrest target); the two
categories are mutually exclusive at the person level. Race is set to missing for subjects with no recorded race
in the arrest data; sex is set to missing for the small number of subjects whose recorded sex is unknown. Prior
non-fatal shooting victimizations and prior arrests are measured over the period preceding each subject’s
first referral; “in year before referral” refers to the 365 days before the referral date. The bottom panel
reports average arrest counts conditional on the subject having any prior arrest record in the panel.
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Table 3: GVRS subjects: activities

All Communication Arrest
referrals referrals targets

N 276 179 97

GVRS subjects receiving a direct communication
Any 192 152 40

Call-in 8 1 7
Custom notification 184 151 33

Full 96 93 3
Law enforcement only 90 60 30

GVRS subjects receiving services
Any 90 81 9

Life coaching, CBT, and other counseling 86 78 8
Employment and licensing help 30 27 3
Education and vocational training 24 22 2
Stipends and emergency relocation help 13 13 0

GVRS subjects arrested since first referral
Any arrest 150 55 95
Any GVRS-related arrest 110 15 95

Takedown 76 9 67
Other GVRS-related arrest 35 6 29

Note: The sample comprises GVRS subjects whose first referral was in the Western district and occurred
before July 2023. Subjects are classified by the type of their first referral (communication referral or arrest
target). Each cell reports the number of subjects who received the indicated activity at any point through
June 2023; subjects may receive multiple activities and so appear in multiple rows. Direct communications
include both call-ins and custom (in-person) notifications; custom notifications are further split between full
notifications (including service providers) and law-enforcement-only notifications. CBT refers to cognitive
behavioral therapy. “Takedown” arrests refer to coordinated multi-subject enforcement actions (see Appendix
Table A.1); “other GVRS-related arrests” refer to single-subject targeted arrests through the GVRS pipeline.
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Table 4: Estimated effects of GVRS on reported violent crime rates in the Western district

Homicide/shooting Aggravated
victims Carjackings assaults Robberies

Counterfactual post-period mean 130.8 39.7 366.3 160.4

ATT estimate -39.0∗∗∗ -15.3∗ 28.9 -8.7
(15.0) (7.9) (23.6) (18.1)

Percent change (vs. counterfactual) -29.8% -38.5% 7.9% -5.5%
Bootstrap p-value 0.009 0.054 0.222 0.629
FDR q-value 0.038 0.109 0.296 0.629

Note: Each column reports synthetic difference-in-differences (SDID) estimates of the average treatment
effect on the treated (ATT) of GVRS in the Western district, over the 18-month post-intervention window
from January 2022 through June 2023, for the indicated violent crime outcome. Outcomes are reported
crime rates per 100,000 residents at the post-quarter level. The counterfactual post-period mean is the
implied mean of the outcome in the Western district absent GVRS (observed post-period mean less the
ATT); the percent change is the ATT divided by this counterfactual mean. Standard errors (in parentheses)
and bootstrap p-values are from 500 clustered bootstrap iterations. FDR q-values are Benjamini-Hochberg-
adjusted across the four outcomes. The pre-treatment period is January 2015 through December 2021 (28
quarters). The donor pool is all posts in Baltimore excluding the Western and Southwestern districts; the
latter became GVRS-treated in January 2023 (N=97 donor posts). ∗p<0.10, ∗∗p<0.05, ∗∗∗p<0.01.
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Table 5: Estimated effects of GVRS on arrests and clearance rates in the Western district

Panel A: Estimated effects on broad enforcement
Non-violent Drug arrests

Total index crime (excl. violent
arrests arrests index)

Counterfactual post-period mean 548.7 493.1 182.5

ATT estimate -11.0 -24.1 -28.5
(48.0) (46.9) (34.2)

Percent change (vs. counterfactual) -2.0% -4.9% -15.6%
Bootstrap p-value 0.818 0.608 0.404

Panel B: Estimated effects on targeted enforcement
Violent Aggravated Violent

index crime assault index crime
arrests arrests clearance rate

Counterfactual post-period mean 37.9 40.6 0.076

ATT estimate 30.7∗∗∗ 19.1∗∗ 0.028∗
(9.5) (8.2) (0.016)

Percent change (vs. counterfactual) 80.8% 47.1% 36.8%
Bootstrap p-value 0.001 0.019 0.079

Note: Each column reports SDID estimates of the average treatment effect on the treated (ATT) of GVRS
in the Western district, over the 18-month post-intervention window from January 2022 through June 2023,
for the indicated arrest or clearance-rate outcome. Panel A groups three measures of broad enforcement
activity: total arrests, non-violent index crime arrests (any arrest whose charges do not include a violent
index crime), and drug arrests not co-charged with a violent index crime. Panel B groups three measures
of enforcement aimed at firearm-involved violence: violent index crime arrests (any arrest whose charges
include a violent index crime), aggravated assault arrests, and the violent index crime quasi-clearance rate
(the ratio of violent index crime arrests to reported violent index crimes; “quasi” because individual arrests
cannot be matched to the specific reported crimes they resolve). All arrest outcomes are rates per 100,000
residents at the post-quarter level; the quasi-clearance rate is a share. Standard errors (in parentheses)
and bootstrap p-values are from 500 clustered bootstrap iterations. The pre-treatment period is January
2015 through December 2021 (28 quarters). The donor pool is the same as in Table 4. ∗p<0.10, ∗∗p<0.05,
∗∗∗p<0.01.

73



Table 6: Estimated effects of GVRS on ShotSpotter incidents, 911 calls, and willingness to
report in the Western district

ShotSpotter ShotSpotter Calls-to-incident
incidents rounds 911 calls ratio

Counterfactual post-period mean 687.8 2064.3 28280.3 50.66

ATT estimate -59.2 -78.1 -2572.3∗ 0.28
(43.9) (197.8) (1347.7) (6.98)

Percent change (vs. counterfactual) -8.6% -3.8% -9.1% 0.5%
Bootstrap p-value 0.177 0.693 0.056 0.969

Note: Each column reports an SDID estimate of the average treatment effect on the treated (ATT) of GVRS
in the Western district, over the 18-month post-treatment window from January 2022 through June 2023, for
the indicated ShotSpotter or 911-call outcome. The first three outcomes are rates per 100,000 residents at
the post-quarter level; the final column is the unitless ratio of 911 calls to ShotSpotter incidents in the post-
quarter, following Ang et al. (2025). An increase in this ratio corresponds to more public reporting (more 911
calls) per acoustically-detected gunfire incident. Standard errors (in parentheses) and bootstrap p-values are
from 500 clustered bootstrap iterations. The pre-treatment period is January 2019 through December 2021
(12 quarters), set by the availability of ShotSpotter coverage in Baltimore. The donor pool is restricted to
posts with at least one ShotSpotter incident in every quarter from January 2019 through June 2023, a proxy
for being continuously inside the ShotSpotter sensor footprint, and additionally excludes the Southwestern
district which became GVRS-treated in January 2023 (N=25 donor posts). ∗p<0.10, ∗∗p<0.05, ∗∗∗p<0.01.
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Table 7: Baseline characteristics of GVRS subjects and their matched controls

Communication referrals: Communication referrals: Arrest
recent shooting victims not recent shooting victims targets

GVRS Controls GVRS Controls GVRS Controls

N 13 79 90 6,302 60 4,766

Demographics
Age at referral 29.1 29.9 30.3 32.3 30.5 31.9
Black 1.00 0.98 0.99 0.91 0.98 0.90
Male 0.85 0.88 0.92 0.86 0.93 0.89

In year before referral
Any non-fatal shooting victimization 1.00 1.00 0.00 0.01 0.05 0.02
Any arrest 0.46 0.20 0.26 0.19 0.25 0.20

Part 1 violent crime arrests 0.00 0.05 0.04 0.05 0.02 0.07
Part 1 non-violent-crime arrests 0.00 0.02 0.03 0.03 0.03 0.04
Simple assault arrests 0.15 0.02 0.08 0.06 0.03 0.06
Weapons-related arrests 0.00 0.11 0.18 0.06 0.12 0.07
Drug possession arrests 0.00 0.01 0.00 0.00 0.00 0.00
Drug distribution arrests 0.15 0.04 0.04 0.04 0.13 0.04
Disorderly arrests 0.00 0.00 0.02 0.00 0.00 0.00
Other arrests 0.38 0.01 0.18 0.07 0.12 0.07

More than 1 year before referral
Any non-fatal shooting victimization 0.00 0.05 0.13 0.10 0.10 0.10
Any arrest 0.62 0.72 0.81 0.81 0.72 0.71

Part 1 violent crime arrests 0.54 0.11 0.47 0.46 0.42 0.39
Part 1 non-violent-crime arrests 0.46 0.23 0.47 0.39 0.35 0.34
Simple assault arrests 0.23 0.19 0.67 0.61 0.47 0.47
Weapons-related arrests 0.38 0.31 0.63 0.56 0.35 0.40
Drug possession arrests 0.85 1.00 1.62 1.31 1.43 1.20
Drug distribution arrests 0.85 0.66 1.17 1.01 1.02 0.86
Disorderly arrests 0.08 0.12 0.43 0.25 0.45 0.28
Other arrests 0.92 0.58 1.11 0.86 1.03 0.82

Note: The sample is GVRS subjects whose first referral was in the Western district and occurred in 2022
and who were matched to at least one control, plus their propensity score-matched controls. Subjects are
stratified by first-referral type and recent non-fatal shooting (NFS) victimization: communication referrals
with at least one NFS victimization in the 90 days before referral; communication referrals without any
NFS victimization in that window; and arrest targets. Matching procedure described in Section 6.2. The
Controls columns report means over (treated, matched-control) pairs, so a control matched to multiple
treated subjects contributes once per match. The N row reports the count of unique subjects in each cell.
“In year before referral” aggregates the 1–90 and 91–365 day pre-referral windows used in matching; “more
than 1 year before referral” aggregates the 1–2 year, 2–3 year, 3–5 year, and 5+ year pre-referral windows.
Race is set to missing for subjects with no recorded race in the arrest data; sex is set to missing for the small
number of subjects whose recorded sex is unknown.
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Table 8: Estimated effects of GVRS referrals on person-level arrest and victimization

Communication Arrest
referrals targets

Panel A: Any arrest
Quarter of referral

Counterfactual mean 0.066 0.072
ATT estimate 0.013 0.738∗∗∗

(0.041) (0.062)
Quarter after referral

Counterfactual mean 0.070 0.075
ATT estimate -0.010 0.118∗∗

(0.048) (0.050)
N (matched treated) 103 60

Panel B: Homicide or non-fatal shooting victimization
Quarter of referral

Counterfactual mean 0.003 0.005
ATT estimate 0.016 -0.018

(0.014) (0.017)
Quarter after referral

Counterfactual mean 0.004 0.006
ATT estimate 0.026 -0.002

(0.017) (0.024)
N (matched treated) 103 60

Note: Each cell reports the average treatment effect on the treated (ATT) on the indicated outcome
for the indicated GVRS referral type, in the quarter of referral and the subsequent quarter. Estimated
using propensity score-matched difference-in-differences with up to 100 nearest-neighbor matches per treated
subject (with replacement) and a caliper of 0.01 on the linear-index propensity score. The propensity score
is fit on the matching sample using pre-referral covariates from five or more quarters before referral, holding
out the four quarters immediately preceding referral as a placebo window for testing of conditional parallel
trends. The counterfactual mean is the matched-control mean of the outcome at the indicated post-treatment
quarter, treated-id-weighted. Heteroskedasticity-robust standard errors (in parentheses) are clustered at the
GVRS subject. Results are robust to a non-holdout matching specification that uses pre-referral covariates
from all available quarters. ∗p<0.10, ∗∗p<0.05, ∗∗∗p<0.01.
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Table 9: Synthetic difference-in-differences estimates of Baltimore homicide and violent
crime rates relative to donor pool counterfactuals

Homicide rate Violent crime rate
(excl. homicides)

Panel 1: Donor pool: above-median pre-2022 rate
Counterfactual post-period mean 54.6 1837.5

ATT estimate -13.6∗∗∗ -30.3
(3.5) (126.5)

Percent change (vs. counterfactual) -24.9% -1.7%
Placebo p-value 0.000 0.810
N donor units 125 119

Panel 2: Donor pool: population ≥ 250K
Counterfactual post-period mean 54.5 1865.7

ATT estimate -13.5∗∗∗ -58.5
(2.4) (96.5)

Percent change (vs. counterfactual) -24.7% -3.1%
Placebo p-value 0.000 0.544
N donor units 83 77

Note: Each column reports SDID estimates of the average treatment effect on the treated (ATT) for the
indicated quarterly outcome, expressed per 100,000 population and annualized (quarterly count ÷ population
× 100,000 × 4). Baltimore is treated beginning January 2022. The unit of observation is an agency-quarter
from January 2018 through December 2025. Outcomes are constructed from monthly counts in the Real-
Time Crime Index. The estimation sample is restricted to municipal police departments serving populations
of at least 100,000, with single-month gaps in any component series filled by linear interpolation; agencies
with longer gaps in the relevant components are dropped from the donor pool. Each panel uses a different
donor pool. The counterfactual post-period mean equals Baltimore’s observed post-treatment mean less the
ATT; the percent change is the ATT divided by this counterfactual mean. Placebo p-values are computed
by re-estimating the model treating each donor unit as the treated unit in turn (500 placebo iterations).
∗p<0.10, ∗∗p<0.05, ∗∗∗p<0.01.
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Figure 1: Baltimore’s homicide rate vs. peer-city distribution, 1960–2025
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Note: Figure plots Baltimore’s annual homicide rate per 100,000 residents (solid line) against the 50th and
95th percentiles of the same outcome across U.S. cities with populations of at least 250,000 (dashed lines),
from 1960 through 2025. The vertical dashed line marks the 2021/2022 boundary, immediately preceding the
launch of GVRS in the Western district in January 2022. Sources: FBI Uniform Crime Reports (1960–2017)
and the Real-Time Crime Index (2018–2025).
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Figure 2: Homicides rates across police districts in major U.S. cities
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Note: Figure shows annual homicide rates per capita for all 323 police districts in a set of 27 major U.S.
cities, ranked from lowest to highest homicide rate. Homicide rates are calculated based on the median
number of annual homicides in each district over a 3- to 5-year period ranging from 2017 to 2022, depending
on the publicly available data for each city. The Western district in Baltimore ranks 5 out of 323, with only
two districts in St. Louis, one in Louisville, and one in New Orleans having a higher homicide rate. The
Southwestern and Eastern districts in Baltimore rank 7 and 10, respectively. The set of cities includes At-
lanta, Baltimore, Boston, Charleston, Charlotte, Chicago, Cleveland, Dallas, Detroit, Houston, Indianapolis,
Kansas City (Missouri), Los Angeles, Louisville, Memphis, Miami-Dade County, Milwaukee, Minneapolis,
Nashville, New Orleans, New York City, Philadelphia, Phoenix, San Francisco, Seattle, St. Louis, and Wash-
ington, D.C.
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Figure 3: Reported crimes per 100K in the Western district and the rest of Baltimore
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Note: Figure plots annual rates per 100,000 residents for the Western district and the rest of Baltimore,
for four reported crimes that commonly involve the use or threat of firearms against a person: homicide
and non-fatal shooting victims, aggravated assaults, robberies, and carjackings. Source: Baltimore Police
Department records. Rates shown for 2023 are calculated by doubling counts from January 1 through June
30. The vertical line marks the launch of GVRS in the Western district in January 2022.
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Figure 4: Arrests per 100K in the Western district and the rest of Baltimore
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Note: Figure plots annual arrest rates per 100,000 residents for the Western district and the rest of Balti-
more, for four arrest measures: total arrests, violent index crime arrests, non-violent index crime arrests, and
drug arrests not co-charged with a violent index crime (see Section 5.1 for definitions). Source: Baltimore
Police Department records. Rates shown for 2023 are calculated by doubling counts from January 1 through
June 30. The vertical line marks the launch of GVRS in the Western district in January 2022.
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Figure 5: Reported crimes by area of Baltimore, 2015–2022
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Note: Figure plots annual counts of homicide and non-fatal shooting victims, carjackings, aggravated as-
saults, and robberies in different areas of Baltimore. The Central district and posts neighboring the Western
and Southwestern districts are the areas most likely to experience spatial spillovers from the launch of GVRS
in January 2022.
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Figure 6: Estimated effects of GVRS on reported crime rates in the Western district
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Note: Figure plots quarterly SDID coefficients and 95% confidence intervals for rates of homicide and non-
fatal shooting victims, carjackings, aggravated assaults, and robberies in the Western district. Outcomes are
reported crime rates per 100,000 residents at the post-quarter level. Estimated using Ciccia’s sdid_event
package; see Section 5.2 for the construction of the post-treatment estimates and pre-treatment in-time
placebos. The dashed vertical line marks the pre/post boundary between 2021Q4 and 2022Q1 (the launch
of GVRS). Maroon markers (2022Q1 through 2023Q2) are quarterly ATT estimates over the 18-month post
window; gray markers (2019Q1 through 2021Q4) are in-time placebo estimates over the twelve quarters
preceding GVRS launch. Major x-axis ticks mark each year’s Q1; minor ticks mark Q2–Q4. The aggregate
18-month ATTs reported in Table 4 are not plotted here. The donor pool is all Baltimore posts outside the
Western and Southwestern districts. Confidence intervals are constructed from 500 bootstrap iterations.
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Figure 7: Estimated effects of GVRS referrals on person-level arrest and victimization
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Note: Each panel reports event study coefficient estimates and 95% confidence intervals from a propensity
score-matched difference-in-differences for GVRS subjects whose first referral was in the Western district and
occurred in 2022. Subjects are pooled across communication referrals (top row) and arrest targets (bottom
row); within communication referrals, subjects are further stratified by whether they had a non-fatal shooting
victimization in the 90 days before referral, with matching done separately within strata. Outcomes are an
indicator for any arrest (using a harmonized measure that combines BPD arrest records with GVRS-recorded
arrest events not appearing in BPD’s data; see Section 6.1) and an indicator for any homicide or non-fatal
shooting victimization in the quarter. Quarter −1 is the omitted reference. The dashed vertical line at −0.5
marks the pre/post boundary. Heteroskedasticity-robust standard errors are clustered at the GVRS subject.
Pre-period victimizations are mechanically non-fatal, since subjects who experienced a homicide before the
matched pair’s reference date are excluded from the matching pool; post-period values include both fatal
and non-fatal events.
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Figure 8: Synthetic difference-in-differences estimates of Baltimore homicide and violent
crime rates, above-median donor pool
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Note: Top panel: homicide rate. Bottom panel: violent crime rate excluding homicides. Each panel plots
Baltimore’s observed quarterly outcome (per 100,000 population, annualized) against the synthetic difference-
in-differences (SDID) counterfactual, constructed as a weighted average of donor agency outcomes. The grey
band along the bottom of each panel shows the SDID time weights, with taller bars indicating quarters that
receive greater weight in the counterfactual. The vertical dashed line marks the start of the treatment period
in January 2022. The donor pool consists of municipal police departments serving populations of at least
100,000 with a pre-2022 mean rate of the corresponding outcome above the median across all eligible donor
agencies. The note below each panel reports the cumulative ATT, the implied percent change relative to
the counterfactual post-period mean, the placebo p-value (500 iterations), and the number of donor units.
∗p<0.10, ∗∗p<0.05, ∗∗∗p<0.01.
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Figure A.1: Pre-period structural break in donor outcomes: SDID vs. DID implied coun-
terfactuals for the Western district
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Note: Each panel plots the Western district’s actual quarterly outcome (solid black, per 100,000 residents)
from January 2015 through June 2023 alongside the counterfactual trajectories implied by SDID (dashed
navy) and DID (dashed cranberry). The grey band along the bottom of each panel shows SDID’s estimated
time weights, with taller bars indicating quarters that receive greater weight in constructing the counter-
factual. The vertical dashed line marks the pre/post boundary at year-end 2021. See Section 5.4 for the
construction of the implied counterfactual under each estimator; the post-period mean gap between the
Western district’s actual outcome and the implied counterfactual recovers the estimator’s ATT. The donor
pool consists of all Baltimore police posts outside the Western and Southwestern districts, matching the
main specification. Top panel: robberies. Bottom panel: drug arrests not co-charged with a violent index
crime.

A-2



Figure A.2: Estimated effects of GVRS on violent index crime and aggravated assault
arrest rates in the Western district
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Note: Figure plots event-time SDID coefficients and 95% confidence intervals for rates of violent index
crime and aggravated assault arrests in the Western district. Outcomes are reported arrest rates per 100,000
residents at the post-quarter level. Estimated using Ciccia’s sdid_event package; see Section 5.2 for the
construction of the post-treatment estimates and pre-treatment in-time placebos. Event time 0 denotes the
first post-treatment quarter (the launch of GVRS in January 2022); the dashed vertical line at −0.5 marks
the pre/post boundary. Maroon markers at event times 0, 1, . . . , 5 are quarterly ATT estimates over the
18-month post window from January 2022 through June 2023. Gray markers at event times −1,−2, . . . ,−12
are in-time placebo estimates over the twelve quarters preceding GVRS launch. The aggregate 18-month
ATTs reported in Table 5 are not plotted here. The donor pool is all Baltimore posts outside the Western
and Southwestern districts. Confidence intervals are constructed from 500 bootstrap iterations.
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Figure A.3: ShotSpotter coverage of Baltimore police posts, 2019–2023
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Note: Figure shades each Baltimore police post by the fraction of quarters from January 2019 through
June 2023 (18 quarters) in which that post recorded at least one ShotSpotter incident. Posts shaded black
are those with at least one ShotSpotter incident in every quarter of the 18-quarter window. Posts rendered
in the blue gradient recorded a positive ShotSpotter incident in at least one but not all quarters of the
window, with darker shading corresponding to higher coverage. Posts left unshaded (near-white) recorded
zero ShotSpotter incidents over the entire window. Heavy black lines are Baltimore police district boundaries;
thin white lines separate posts. The covered posts form a contiguous zone centered on the Central, Eastern,
and Western districts; the Northwestern and Southern districts are essentially uncovered, and the covered
posts in Northern, Northeastern, Southwestern, and Southeastern appear only where those districts border
the core.
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Figure A.4: Robustness of 18-month ATT estimates on violent crime rates to the choice
of estimator and donor pool
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Note: Each panel plots 18-month ATT estimates for the indicated outcome from Table 4, expressed as a
percentage of the counterfactual post-period mean implied by that specification. Each panel contains six
point-and-whisker markers: three estimators—synthetic difference-in-differences (SDID), synthetic controls
(SC), and two-way fixed effects difference-in-differences (DID)—crossed with two donor pools. Filled navy
circles denote the “all posts” donor pool, which consists of every Baltimore police post outside the Western and
Southwestern districts. Open cranberry squares denote a restricted donor pool that additionally excludes the
Central district and posts in other districts that border the Western or Southwestern district boundary; this
restriction implicitly accounts for potential spatial spillovers to adjacent areas. The solid black horizontal
line in each panel marks zero; the dashed grey horizontal line marks the point estimate from the main
specification (SDID, all donors), corresponding to the ATT reported in Table 4. Whiskers are 95% confidence
intervals constructed from 500 clustered bootstrap iterations and rescaled to percent units using the same
counterfactual post-period mean. The pre-treatment window is January 2015 through December 2021 (84
months); the post-treatment window is January 2022 through June 2023 (18 months). See Section 5.4 for
discussion of the robberies panel, where SDID and SC/DID diverge.
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Figure A.5: Robustness of 18-month ATT estimates on arrest outcomes to the choice of
estimator and donor pool
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Note: Each panel plots 18-month ATT estimates for the indicated outcome from Table 5, expressed as
a percentage of the counterfactual post-period mean implied by that specification. Panels in the top row
correspond to Panel A of Table 5 (broad enforcement: total arrests, non-violent index crime arrests, drug
arrests not co-charged with a violent index crime); panels in the bottom row correspond to Panel B (targeted
enforcement: violent index crime arrests, aggravated assault arrests, violent index crime quasi-clearance rate).
Marker conventions, donor pool definitions, reference lines, confidence interval construction, and pre/post
windows are as in Appendix Figure A.4.
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Figure A.6: Outcome time series for GVRS subjects and matched controls
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Note: Each panel plots the unweighted average of the indicated outcome at each quarter relative to GVRS
referral, separately for GVRS subjects (red) and their propensity score-matched controls (blue). Sample,
matching procedure, and outcome definitions are as in Figure 7. The dashed vertical line at −0.5 marks the
pre/post boundary. Pre-period victimizations are mechanically non-fatal; post-period values include both
fatal and non-fatal events.
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Figure A.7: Baltimore’s homicide decline against the cross-city mean reversion gradient,
by pre-2022 level
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Note: Each open circle is a comparison city in the above-median pre-2022 homicide rate donor pool (125
cities); Baltimore is the filled cranberry diamond. The horizontal axis is each city’s mean annualized homicide
rate per 100,000 over 2018–2021; the vertical axis is the change in that rate between the 2018–2021 and 2022–
2025 periods. The navy line is the OLS fit through the comparison cities only (slope ≈ −0.11), capturing the
tendency for higher-homicide cities to decline more thereafter—a mean reversion gradient. At Baltimore’s
pre-2022 rate the fit predicts a decline of about 6 per 100,000, against an actual decline of 18, placing
Baltimore roughly 3.7 standard deviations below the fitted line and with a larger decline than all but one of
the 125 comparison cities. The dotted horizontal line marks zero change. Data, donor pool, and estimation
sample are as in Sections 8.1 and 8.2. See Section 8.4.
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Figure A.8: Baltimore’s homicide decline against the pandemic spike
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Pandemic spike: homicide rate, 2020-2021 vs 2018-2019 (per 100K)

Comparison cities Linear fit (comparison cities) Baltimore

Note: Each open circle is a comparison city in the above-median pre-2022 homicide rate donor pool (125
cities); Baltimore is the filled cranberry diamond. The horizontal axis is each city’s pandemic-era spike—
the change in annualized homicide rate per 100,000 between 2018–2019 and 2020–2021; the vertical axis
is the subsequent change between 2020–2021 and 2022–2025. The navy line is the OLS fit through the
comparison cities only (slope ≈ −0.52): cities with larger pandemic spikes saw larger subsequent declines,
the pattern expected under mean reversion. Baltimore’s spike was negligible (about 2 per 100,000), under
which the fit predicts a decline of roughly 2, against an actual decline of 19—placing Baltimore about 5
standard deviations below the fitted line. Because Baltimore’s homicide rate was persistently high before
the pandemic rather than transitorily elevated, its post-2022 decline cannot be attributed to the unwinding
of a pandemic spike. The dotted horizontal line marks zero change. See Section 8.4.

A-9



Table A.1: List of group/gang takedowns

Takedown District First arrest Last arrest Press conference Indictments

Poe Western March 2022 March 2022 N/A 11
Princess Plaza Western August 2022 August 2022 August 2022 12
Wick Squad Western October 2022 January 2023 January 2023 9
Baltimore + Bentalou Western March 2023 June 2023 March 2023 33
Carey Boyz Western June 2023 June 2023 June 2023 8

Note: Coordinated multi-subject group enforcement actions in the Western district during the 18-month
post-intervention window from January 2022 through June 2023. “First arrest” and “last arrest” are the
dates of the first and last arrests recorded in the GVRS contact data for each takedown. “Press conference”
is the date of the public announcement of the takedown, where one occurred. “Indictments” is the number
of subjects indicted as part of the takedown.
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Table A.2: Effects of GVRS on reported violent crime rates in potential spillover areas

Homicide/shooting Aggravated
victims Carjackings assaults Robberies

Counterfactual post-period mean 76.3 48.5 332.2 234.4

ATT estimate -1.6 -10.3 -2.3 -32.7
(13.1) (9.7) (23.6) (22.6)

Percent change (vs. counterfactual) -2.1% -21.2% -0.7% -14.0%
Bootstrap p-value 0.902 0.291 0.921 0.147
FDR q-value 0.921 0.581 0.921 0.581

Note: Each column reports SDID estimates of the average treatment effect on the treated (ATT) of GVRS
in the Central district and posts neighboring the Western and Southwestern districts, over the 18-month
post-intervention window from January 2022 through June 2023, for the indicated violent crime outcome.
Outcomes are reported crime rates per 100,000 residents at the post-quarter level. The counterfactual post-
period mean is the implied mean of the outcome in the potential spillover areas absent GVRS (observed post-
period mean less the ATT); the percent change is the ATT divided by this counterfactual mean. Standard
errors (in parentheses) and bootstrap p-values are from 500 clustered bootstrap iterations. FDR q-values are
Benjamini-Hochberg-adjusted across the four outcomes. The pre-treatment period is January 2015 through
December 2021 (28 quarters). The donor pool is all posts in Baltimore excluding the Western, Southwestern,
and Central districts and posts neighboring the Western and Southwestern districts (N=75 donor posts).
∗p<0.10, ∗∗p<0.05, ∗∗∗p<0.01.
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Table A.3: Sample selection for the GVRS person-level analysis

Communication referrals

Recent shooting Not recent shooting Arrest
victims victims Total referrals All

All Western district GVRS referrals through 2023Q2 32 147 179 97 276
Referred in 2022 (matching candidate set) 23 90 113 60 173

Matched to at least one control under holdout spec 13 90 103 60 163

Note: Each cell reports the number of GVRS subjects in the indicated subgroup at the indicated stage of
sample selection. The first row is the broad sample used in the baseline descriptives table (Table 2): GVRS
subjects whose first referral was in the Western district and occurred before July 2023. The second row
restricts to subjects referred in 2022, defining the matching candidate population (we require subjects to be
referred in 2022 to ensure at least 6 months of post-referral observation given that arrest data ends June
30, 2023). The third row further restricts to subjects who were matched to at least one control under the
holdout propensity score procedure described in Section 6.2; this is the analysis sample used in the event
study (Figure 7) and the ATT table (Table 8). Communication referrals are split by whether the subject
experienced a non-fatal shooting victimization in the 90 days before referral, the criterion used to stratify
communication referrals in the matching procedure. Subjects flagged as both communication and arrest
first-referral types contribute to both columns; the All column reports unique subjects.
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Table A.4: Baseline characteristics of GVRS subjects and the full pool of candidate controls

Communication referrals: Communication referrals: Arrest
recent shooting victims not recent shooting victims targets

GVRS Controls GVRS Controls GVRS Controls

N 23 602 90 114,287 60 114,307

Demographics
Age at referral 28.0 33.5 30.3 43.2 30.5 43.1
Black 1.00 0.51 0.99 0.73 0.98 0.73
Male 0.91 0.48 0.92 0.72 0.93 0.72

In year before referral
Any non-fatal shooting victimization 1.00 1.00 0.00 0.00 0.05 0.01
Any arrest 0.30 0.13 0.26 0.06 0.25 0.06

Part 1 violent crime arrests 0.00 0.05 0.04 0.02 0.02 0.02
Part 1 non-violent-crime arrests 0.04 0.02 0.03 0.01 0.03 0.01
Simple assault arrests 0.13 0.04 0.08 0.03 0.03 0.03
Weapons-related arrests 0.04 0.04 0.18 0.01 0.12 0.01
Drug possession arrests 0.00 0.00 0.00 0.00 0.00 0.00
Drug distribution arrests 0.09 0.02 0.04 0.01 0.13 0.01
Disorderly arrests 0.00 0.00 0.02 0.00 0.00 0.00
Other arrests 0.35 0.04 0.18 0.02 0.12 0.02

More than 1 year before referral
Any non-fatal shooting victimization 0.04 0.05 0.13 0.02 0.10 0.02
Any arrest 0.78 0.45 0.81 0.92 0.72 0.92

Part 1 violent crime arrests 0.74 0.18 0.47 0.16 0.42 0.16
Part 1 non-violent-crime arrests 0.57 0.17 0.47 0.22 0.35 0.22
Simple assault arrests 0.61 0.30 0.67 0.44 0.47 0.43
Weapons-related arrests 0.48 0.23 0.63 0.16 0.35 0.16
Drug possession arrests 1.70 0.71 1.62 0.60 1.43 0.60
Drug distribution arrests 1.17 0.43 1.17 0.20 1.02 0.20
Disorderly arrests 0.13 0.14 0.43 0.16 0.45 0.16
Other arrests 1.13 0.43 1.11 0.60 1.03 0.60

Note: The sample is GVRS subjects whose first referral was in the Western district and occurred in 2022,
plus the full pool of candidate controls available to the matching procedure (see Section 6.2). Subjects are
stratified by first-referral type and recent non-fatal shooting (NFS) victimization: communication referrals
with at least one NFS victimization in the 90 days before referral; communication referrals without any
NFS victimization in that window; and arrest targets. The candidate control pool excludes anyone with a
Western-district arrest record before the treated subject’s referral date and applies the same NFS condition
as the corresponding treated stratum (for the communication-referral strata). Because pre-referral covariates
depend on the referral date, the pool is constructed in a stacked panel across referral dates: a control who
satisfies the inclusion criteria under multiple referral dates contributes one observation per qualifying date.
The Controls columns report means over these stacked pool observations, and the N row reports the count
of unique subjects in each cell. “In year before referral” aggregates the 1–90 and 91–365 day pre-referral
windows; “more than 1 year before referral” aggregates the 1–2 year, 2–3 year, 3–5 year, and 5+ year pre-
referral windows. Race is set to missing for subjects with no recorded race in the arrest data; sex is set to
missing for the small number of subjects whose recorded sex is unknown.
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Table A.5: Alternative estimators: synthetic control and difference-in-differences estimates
of Baltimore homicide and violent crime rates relative to donor pool counterfactuals

Homicide rate Violent crime rate
(excl. homicides)

Panel 1: SC, donor pool: above-median pre-2022 rate
Counterfactual post-period mean 45.6 1491.2

ATT estimate -4.6 316.0∗∗
(3.0) (141.3)

Percent change (vs. counterfactual) -10.2% 21.2%
Placebo p-value 0.119 0.025
N donor units 125 119

Panel 2: SC, donor pool: population ≥ 250K
Counterfactual post-period mean 42.5 1491.1

ATT estimate -1.5 316.1∗∗∗
(3.3) (120.3)

Percent change (vs. counterfactual) -3.4% 21.2%
Placebo p-value 0.661 0.009
N donor units 83 77

Panel 3: DID, donor pool: above-median pre-2022 rate
Counterfactual post-period mean 57.8 1946.4

ATT estimate -16.8∗∗∗ -139.2
(3.4) (160.6)

Percent change (vs. counterfactual) -29.1% -7.2%
Placebo p-value 0.000 0.386
N donor units 125 119

Panel 4: DID, donor pool: population ≥ 250K
Counterfactual post-period mean 58.1 1953.4

ATT estimate -17.1∗∗∗ -146.3
(3.1) (133.7)

Percent change (vs. counterfactual) -29.5% -7.5%
Placebo p-value 0.000 0.274
N donor units 83 77

Note: Companion to Table 9, reporting estimates from the synthetic control (SC) and standard two-way
fixed effects difference-in-differences (DID) estimators in place of synthetic difference-in-differences. Each
column reports the average treatment effect on the treated (ATT) for the indicated quarterly outcome,
expressed per 100,000 population and annualized. Sample, treatment date, and outcome construction are
as in Table 9. Placebo p-values are computed by re-estimating the model treating each donor unit as the
treated unit in turn (500 placebo iterations). ∗p<0.10, ∗∗p<0.05, ∗∗∗p<0.01.
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