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Abstract
Objectives This research evaluates the impact of an implementation of a place-based
police-directed patrol intervention—originally based on the Data Driven Approaches to
Crime and Traffic Safety (DDACTS) model—on violent crime in Flint, Michigan,
USA.
Methods We utilize recent advances in synthetic control methods to implement a
retrospective quasi-experimental design across seven separate intervention areas, pro-
ducing a counterfactual estimate of what would have happened to violent crime had the
intervention never been implemented. We use survey weight calibration to produce
counterfactual intervention areas using comparison block groups in Flint, and account
for treatment diffusion by using comparison block groups from Detroit.
Results The synthetic control method calibrated a set of weights to exactly match the
intervention hot spots to counterfactuals from Flint and Detroit. Although basic trend
analyses suggested declines in violent crime in the treatment areas, the synthetic
controls raised questions about treatment effects. Specifically, the Flint comparison
revealed an unexpected increase in aggravated assaults associated with the intervention,
whereas the Detroit comparison suggested a similar effect but also possible reduction in
robberies.
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Conclusions This evaluation presents mixed findings regarding the effect of the inter-
vention on violent crime. Inconsistent program effects may be attributable to incon-
gruences between the program as implemented and the prescribed DDACTS model on
which it was based. The findings also suggest the need for future research to investigate
potential differential effects of directed patrol on specific types of violent crime. The
synthetic control method provides a powerful means for counterfactual estimation in
retrospective evaluations.

Keywords Synthetic control . Quasi-experimental design . Place-based policing .

Directed patrol . Program evaluation

Introduction

A robust body of theoretical and empirical research indicates that crime, particularly
serious violent offending, is spatially concentrated into relatively small geographic
units (Braga et al. 2010; Brantingham and Brantingham 1993; Groff et al. 2010;
Weisburd 2015). This research has informed the development and implementation of
a variety of hot spots policing strategies, in which police resources are focused on
increased activities in the areas where crime is the most densely concentrated (Sherman
and Weisburd 1995). Evaluations of hot spots policing strategies have produced
promising results, suggesting that their deployment can enhance the effectiveness of
police in reducing violent crime (Braga 2005; Braga et al. 2014; Skogan and Frydl
2004). The evidence of hot spots policing effectiveness is a welcome development for
law enforcement agencies faced with increasing demands for services, limited re-
sources, and the need to make the most of effective use of available assets (Braga
et al. 2014; Hardy 2010).

To date, police agencies have utilized a variety of tactics within hot spots, including
concentrating traditional police activities within hot spots (e.g., directed patrol, firearm
seizures) (McGarrell et al. 2001; Sherman and Rogan 1995), or engaging in problem-
oriented policing designed to address the underlying conditions of crime (Braga and
Bond 2008; Braga et al. 2014). Recently, Data Driven Approaches to Crime and Traffic
Safety (DDACTS) has been forwarded as a new operational initiative which aligns with
the former strategy, utilizing highly visible traffic enforcement (i.e., increased visible
directed patrols focused on using traffic stops to target contraband (McClure et al.
2014; Weiss 2013)) within empirically generated hot spots as a means to reduce violent
crime and traffic accidents simultaneously (NHTSA 2014; Weiss 2013). In the face of
limited resources, the synergy of crime control and traffic safety opens the possibility of
a more efficient and effective allocation of resources (McClure et al. 2014). Based on a
limited number of evaluations, the DDACTS program has been rated as Bpromising^
by crimesolutions.gov (2016).

The current study describes a rigorous impact evaluation of a place-based directed
patrol intervention in Flint, Michigan. Although the program was originally conceptu-
alized to be grounded in the DDACTS model, several deviations in practice resulted in
a more traditional directed patrol intervention aimed at reducing violent crime. We
utilize recent advances in synthetic control estimation (Robbins et al. 2017; Saunders
et al. 2015) to implement a retrospective, quasi-experimental design. The synthetic
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control method is an alluring tool for producing counterfactuals in the retrospective
evaluation of place-based policing programs, where randomization was not built into
the planning of the intervention (Braga 2010), or is impractical in that the target areas
are generated due to their abnormally high crime rates. We will outline the logic of the
DDACTS program that was intended to be implemented in Flint, describe the devia-
tions from the model in practice, and describe the synthetic control approach used to
estimate treatment effects.

Background

Development of data-driven approaches to crime and traffic safety (DDACTS)

Traffic enforcement and crime prevention have traditionally been thought of as separate
entities. In the late 1930s, the rapid emergence of motorized vehicles and associated
traffic problems in many cities, and the belief that general patrol officers lacked the
training and skilled supervision to adequately handle traffic enforcement, led to the
creation of specialized traffic units in police departments across the United States
(Kreml 1954; Weiss 2013). The proliferation of these specialized units reinforced the
practice of regarding traffic safety and general crime control as distinct, separate
activities undertaken by police (Weiss 2013). However, in contemporary policing,
increasing demands for services, growing operational costs, and limited resources in
many jurisdictions, has resulted in a growing need for law enforcement agencies to
prioritize the allocation of police resources. These pressures have led many law
enforcement agencies to primarily focus their resources on crime while traffic safety
has become a secondary issue (IACP and NHTSA 2001; NHTSA 2014).

DDACTS is an innovative strategy that uses a problem-oriented policing approach
to reduce both crime and traffic incidents in areas where the two overlap, allowing law
enforcement to address both problems simultaneously despite limited resources. The
DDACTS strategy involves geographically and temporally plotting locations of crimes
and motor vehicle crashes to identify places and times where these incidents have a
high occurrence of overlap. Once identified, law enforcement focuses special attention
on these areas using high-visibility traffic enforcement to deter crime, traffic violations,
and motor vehicle crashes (NHTSA 2014).

The development of DDACTS guiding principles can be traced through the evolu-
tion of several initiatives grounded in the attempt to strengthen law enforcement’s role
in traffic safety and promote the crime control effects that can be achieved through
traffic enforcement. Notably, in the late 1990s and early 2000s, the National Highway
Traffic Safety Administration (NHTSA), along with the International Association of
Chiefs of Police (IACP), advocated the secondary benefits of traffic enforcement as a
way to fight crime by disrupting criminals who use motor vehicles during the com-
mission of a crime (e.g., robbers, drug traffickers, car thieves). It was argued that traffic
safety initiatives were no less important than those for gang violence, narcotics, and
violent crimes, and should be given serious consideration by law enforcement execu-
tives. In advocating for traffic safety to become a core value of law enforcement
agencies, the IACP and NHTSA contended that departments would see a number of
benefits, including the reduction of crash injuries and fatalities, and the reduction of
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criminal activity where traffic enforcement was heaviest (IACP and NHTSA 2001).
These ideas were implemented in the Strategic and Tactical Approaches to Traffic
Safety (STATS) program, leading to a push for the role of traffic enforcement and for
data to be the driving force for strategic decision making (Weiss 2013: 18). Using
STATS as a guide, in 2008 DDACTS was developed to B…provide a dynamic,
evidence-based problem-solving approach to crashes and crime^ (NHTSA 2014: 1).

Components of the DDACTS model

A number of key elements drive the DDACTS model. First, DDACTS uses a place-
based policing strategy. This emphasis on proactively reducing opportunities for crime
at places compares to a reactive strategy focused on responding to crimes after they
occur. The focus is shifted from the people involved in crime to the contexts of criminal
behavior (Weisburd 2008; Weisburd et al. 2010), an approach that is more efficient than
focusing on targeting individuals and provides more stable targets for intervention
(Skogan and Frydl 2004; Weisburd 2008). Recent research in Indianapolis has sup-
ported the notion that both violent and property crime are significantly associated with
traffic crashes (Carter and Piza 2017).

Second, in addition to focusing on the specific places where crime and traffic crashes
intersect, the DDACTS model draws on research illustrating the positive crime control
effect of directed, high-visibility traffic enforcement (Cohen and Ludwig 2003; Kubrin
et al. 2010; McGarrell et al. 2001; Sherman and Rogan 1995; Stuster et al. 1997; Weiss
and Freels 1996; Weiss and McGarrell 1999). Directed patrol is one such strategy
which involves assigning officers to high-risk areas to engage in proactive investiga-
tions and enforcement of suspicious activities. Some of the most promising research on
directed patrols involves their impact on gun violence. Evaluations of directed patrol
programs in Kansas City, Indianapolis, and Pittsburgh involved police patrols that
focused on illegally carried firearms (Cohen and Ludwig 2003; McGarrell et al.
2001; Sherman and Rogan 1995). Cohen and Ludwig (2003), for example, argued that
the positive findings from directed patrol studies are a result of increased police
presence in the target areas whereby the high visibility of officers and focus on illegal
gun carrying deterred high-risk people from carrying or using guns in public, in turn
reducing gun violence in the communities. These findings are corroborated by Ratcliffe
et al. (2011) in Philadelphia, who observed deterrent effects stemming from increased
police visibility in designated hot spots. However, it is important to note that meta-
analytic reviews have suggested that simply increasing police presence has produced
mixed effects on a variety of outcomes, including gun violence and calls for service
(Braga et al. 2014).

Researchers suggest targeted traffic enforcement offers several benefits, outside of
altering driver risk perceptions and driving behavior (e.g., Stanojević et al. 2013;
Yannis et al. 2007): First, the high-visibility of law enforcement serves as a general
deterrent for crime (Thomas et al. 2008). If there is a notable difference in enforcement
activity in the targeted area, the perceived risk of getting caught for a crime increases
(Ratcliffe et al. 2011). Second, it disrupts organized crime by making it riskier to use
vehicles in the course of engaging in illicit activities (Worden and McLean 2009).
Offenders may be less likely to use a vehicle if they think officers will find evidence of
illegal activity during a stop (NHTSA 2014; Weiss 2013). Finally, a more visible law
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enforcement presence gives members of the community an increased sense of safety
which may improve police–community relationships and build collective efficacy
(Hardy 2010).

The final element driving the DDACTS model is the emphasis on the use of crime
mapping and data to identify the places where targeted traffic enforcement may be
needed. By using a data-driven process to identify hot spots, law enforcement can
easily justify allocation of police resources to those areas and consistently monitor the
strategy’s progress to determine if and when it needs to be modified (Hardy 2010;
NHTSA 2014). According to Weiss (2013), crime mapping can help law enforcement
agencies better understand how crimes and crashes are related and can be a useful tool
for demonstrating to the public where crime in a community is occurring and subse-
quent results from the implementation of DDACTS.

The directed patrol (DDACTS) implementation in Flint

Flint, Michigan, USA, is a post-industrial, Midwestern city of approximately 100,000
residents. Over the last three decades, the city has experienced deleterious effects of
deindustrialization and globalization, resulting in considerable loss of employment
opportunities, particularly in the automobile industry (Matthews 1997). The population
peaked at nearly 200,000 residents in 1960, and, by the late 1970s, over 80,000 people
were employed in the automobile industry. By 2010, the population had declined to
102,000 and less than 8000 worked in the automobile industry. The result of this
significant population loss and high unemployment has been a reduction in tax revenue,
strained public resources, and high rates of crime and violence. Efforts to control the
growing violent crime problem have been hampered by a significant decline in the city
budget and a corresponding reduction in the size of the police force. The Flint Police
Department (FPD) experienced close to a 50% reduction in personnel, from 242 sworn
officers in 2003 to 122 by 2011. This period also saw an increase in violent crime, nearly
doubling from 12.2 violent crimes per 1000 people in 2003 to 23.4 per 1000 in 2011.

The Flint DDACTS initiative was developed as part of the State of Michigan’s Secure
Cities initiative, which sought to reduce high rates of violent crime in the cities of Detroit,
Flint, Pontiac, and Saginaw, and later expanded to otherMichigan cities. The Secure Cities
initiative represented an effort of the Governor’s Office, through theMichigan State Police
and the Michigan Department of Corrections, to provide state resources to local commu-
nities experiencing high levels of violent crime as well as budgetary constraints on local
public safety resources. The specific strategies varied across the target cities and were
developed in consultation between local and state officials.

The Flint strategy was an adaptation of the DDACTS model, a central component of
which was the designation of Michigan State Police (MSP) directed patrols in high
violent crime areas as identified by a data-driven selection process. However, Flint
DDACTS represented a modified (or partial) implementation of the DDACTS strategy
in two ways. First, the concentration of violent crime, and not the overlap of violent
crime and traffic accidents, was the major determinant of hot spot identification. From
the outset, the program staff were clear that the explicit purpose of the initiative was to
address violence. A dedicated Geographic Information Systems (GIS) staff person at
MSP performed spatial analyses of violent crime data in Flint to determine whether and
where violent crime hot spots existed. Individual violent crime incidents were geocoded
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and linked to street segments. A measure of spatial autocorrelation (Moran’s I) was
used to initially identify clusters of street segments with a relatively high number of
violent incidents. Within these clusters of street segments, those with consistent rates of
violence (i.e., repeated incidents within a relatively high violence area) were identified
as statistical focus areas. This process was referred to internally as repeat locations
analysis. Once the focus areas had been identified, dedicated GIS staff coordinated with
crime analysts to expand the small clusters of street segments to encompass nearby
street segments. This was done to create larger geographic areas which would be
patrolled by specific MSP enforcement units.

Second, although the term Bhot spots^ was employed by DDACTS staff, these were
relatively larger geographic areas similar to a police precinct, and were consequently
much larger than intervention areas utilized in other place-based policing programs
(e.g., Saunders et al. 2015). Following the initial identification of hot spots, spatial
analysis of violent crime incidents occurred on a continual basis, suggesting the
emergence of new statistical focus areas and the displacement of crime from original
hot spots. The program response to these trends was the identification of new hot spots
and the expansion of existing hot spots. The program staff rationale for the enlarged
intervention areas concerned providing officers with geographic areas amenable to
directed patrols. At the outset of the Flint DDACTS implementation (January 2012),
MSP had identified five violent crime hot spots and dedicated 14 h per day to
enforcement activities. By the end of the observation period (December 2013), a total
of 7 hot spots were identified and a unit of 33 troopers and 5 full- or part-time sergeants
was devoted to program operations. Patrols specific to the program were included in all
shifts, to the extent that program activities were occurring in at least one hot spot on a
daily basis. To these extents, the Flint DDACTS program is more accurately framed as
a directed patrol initiative.

The MSP directed patrol initiative represented a significant increase in police patrols
in the hot spot areas. Discussions with the Flint Police Department (FPD) and MSP
officials indicated that the selection of the directed patrol strategy was based on the
belief that FPD’s limited patrol resources had resulted in minimal proactive patrol, with
FPD officers largely reactively responding to calls-for-service. FPD did maintain
normal patrol levels in the hot spot areas, and thus the MSP directed patrols represented
an increase of police patrols into these hot spot zones as opposed to a replacement of
local patrols. As such, the strategy represented an infusion of state police-directed
police patrols in the context of very limited local patrol resources.

Initial findings and evaluation challenges

The initial results of the Flint directed patrol initiative were promising. MSP maintained
detailed activity data from the troopers involved in the program, and it was clear that it
was implemented with significant intensity. For example, there were over 22,000 traffic
stops between January 1, 2012 and March 2014. The hot spot areas experienced over
600 traffic stops per month. The traffic stops were to be based on probable cause, with
the goal of identifying contraband and fugitives, with the most common actions
involved during stops being verbal warnings (95 per 100 stops), misdemeanor and
felony arrests (14 per 100 stops), fugitive arrests (17 per 100 stops) and citations (2 per
100 stops). Nearly three-quarters of the traffic stops occurred in the hot spot areas,
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though this also indicated spillover to surrounding non-intervention areas. This diffu-
sion was likely due to the manner in which hot spots were operationalized—as large,
expanding areas within which MSP units were assigned to patrol.

Preliminary, unconditional analyses of overall trends suggested a decline in violent
crime within the hot spot areas. Violent crime (homicide, aggravated assaults, robber-
ies, criminal sexual conduct, weapons offenses) declined 19% in the hot spot areas,
while during the same period, the remainder of the city experienced a 7% decline in
violent crime. The declines for robberies were even more pronounced (26%) during a
time that the remainder of the city experienced a 2% decline.

Although these overall declines were quite promising, the picture became more
convoluted when considering the appropriateness of the available counterfactuals. The
preliminary analysis suggested that three threats to internal and construct validity were
plausible explanations for the results (Shadish et al. 2002). First, as the intervention
areas were chosen purposefully, selection bias between the intervention and comparison
areas appeared likely. Second, as violence was declining throughout the entire city
during the intervention, some form of endogenous change may have accounted for the
observed declines. Third, the presence of program activities in the comparison areas of
Flint opened the possibility of treatment diffusion, which could also contribute to the
decline in violence throughout the city. This study extends these earlier analyses to
provide a more rigorous test of whether the preliminary, promising descriptive violent
crime trends were the result of the intervention.

The current inquiry

Analytic framework

Producing synthetic control weights

We implemented recent advances in synthetic control methodology proposed by
Robbins et al. (2017), which is put forward as a means of producing a counterfactual
estimate of a treatment effect. Specifically, let Yijt represent the value of outcome i (of I
total outcomes) at time t in block j, whereas Yijt(1) represents the observed outcome in
the presence of an intervention, and Yitj(0) the same value in the absence of treatment.
Under a counterfactual model, the causal effect of the intervention on the outcome
would be calculated as αijt = Yijt(1) − Yijt(0), or the difference between counterfactual
outcomes. This further implies

Y ijt ¼ Y ijt 0ð Þ þ αijtDjt; ð1Þ

where Djt is equal to 1 when a given block was receiving an intervention at time t, and
takes on a value of zero otherwise. However, since for any block receiving the
intervention the value Yitj(0) is unobservable, both that value and the treatment effect
(αitj) must be approximated.

The synthetic control method attempts to achieve such approximation by estimating
a vector of weights, wj, which, when applied to potential comparison areas to the
treatment (the Bdonor pool^), produce a counterfactual comparison area which
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collectively resembles the treatment area prior to the onset of the intervention, in terms
of both outcomes over time and baseline covariates. Using the notation provided by
Robbins et al. (2017), consider J total blocks, where J0 is the number of blocks in the
donor pool, and the remainder (j = J0 + 1,…, J) represent the blocks in the intervention
area, and T total time periods, where T0 represents pre-intervention time periods.
Restricting to pre-intervention time periods t ∈ (1,…, T0), synthetic control methods
estimate a set of weights which produce equivalence in outcomes between the aggre-
gate comparison and treatment areas, or

∑
j¼1

J 0

wjY ijt ¼ ∑
J

j¼ J 0þ1
Y ijt ð2Þ

for t < = T0. When weights satisfying (2) are applied, the synthetic control estimator for
the average post-intervention treatment effect for outcome i can be approximated by

α̂̂i ¼ 1

T−T0
∑
J

j¼ J 0þ1
Y ijt− ∑

j¼1

J 0

wjY ijt

 !
ð3Þ

where the first component of Eq. 3 serves to average treatment effects over post-
intervention time points. Although several variations on synthetic control have been
proposed in recent years (Abadie et al. 2015; Saunders et al. 2015), the logic of the
approaches and estimation of treatment effects are similar, but vary in terms of how the
synthetic control weights are optimized, and the research problems to which they can
be applied. In this instance, to evaluate the impact of the Flint Directed Patrol
intervention on violence, we implemented the synthetic control approach outlined by
Robbins et al. (2017). This approach applies methods from the analysis of complex
survey designs to estimate both synthetic control weights and subsequent treatment
effects. The logic of this approach considers the intervention area as the population, and
the donor pool of comparison areas as a sample that will be weighted to reflect the
properties of the population.

Specifically, consider pre-intervention time points t ∈ (1,…, T0) and a data structure
using a wide format matrix X, where each row is a vector of all outcomes at all pre-
intervention time points, including an intercept and baseline covariates (R) for block j, or

X j ¼ 1; Y 1 j1;…; Y 1 jT0 ; Y 2 j1;…; Y 2 jT0 ;Y Ij1;…; Y IjT0 ;R
0
j

� �0

; ð4Þ

From this data structure, a vector of outcome, intercept, and covariate totals across the
intervention blocks (tx) is calculated (see Eq. 5 below) and utilized as a vector of population
totals. Consistent with the logic of the synthetic control weights in Eqs. 2 and 3, a set of
sampling weights (wj) for the donor pool is then calibrated so that the weighted totals for the
comparison are exactly equivalent to the intervention blocks, such that

tx ¼ ∑
J

j¼ J 0þ1
X j ¼ ∑

j¼1

J 0

wjX j ð5Þ
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This weight calibration is accomplished by utilizing the generalized raking proce-
dure implemented by the calibrate function in the survey package in the R statistical
computing environment (Deville et al. 1993; Lumley 2014; R Core Team 2016).
Constrained by the conditions set in Eq. 5, the generalized raking procedure solves
for a set of weights which minimizes

∑
j¼1

J 0

d jG wj=d j
� � ð6Þ

where dj is a set of initial weights, and G(∙) is a truncated linear distance metric in that
G(x) = (1/2)(x − 1)2 for x ≥ 0. Following Robbins et al. (2017), we set initial weights to
scale the comparison to the comparison blocks to the treatment area, or dj = (J − J0)/J0.
The resulting weights for the comparison blocks are strictly positive, and all interven-
tion blocks are given a weight of 1 prior to export to long-format data for analysis,
where each row is a block j at time t (see Robbins et al. 2017 for additional details).

Treatment effect estimation and inference

As outlined by Robbins et al. (2017), the synthetic control estimator is implemented
using weighted least squares (WLS), and fit separately for each outcome of interest. For
outcome i, the long-format data are restricted to post-intervention time periods and the
following model is fit,

Y ijt ¼ βit þ α̂̂iDjt þ ∈ ijt ð7Þ

in which βit is a fixed effect indicator for each time period, ∈ ijt is an error term, Djt is a
treatment indicator (i.e., intervention at time t = 1; else = 0) and α̂i is the synthetic
control estimate of the treatment effect. WLS is utilized over regression models more
specifically designed for discrete count outcomes because under a linear model the
value α̂i will be equivalent to the desired synthetic control estimator identified in Eq. 3,
while this may not be the case when utilizing Poisson or negative binomial regression
(Robbins et al. 2017).1 Further, the primary rationale for utilizing WLS is to produce an
estimate of the variance of α̂i which accounts for the design effect implicit in the
weights (Robbins et al. 2017). We implemented this model using the svyglm function
(in the R package survey) (Lumley 2014) in order to estimate the variance of the
synthetic control estimator via Taylor series linearization, and calculate a test statistic
for the estimator.

Specifically, to test the null hypothesis that the intervention effect for outcome i is
equal to zero (H0i : α̂i ¼ 0Þ, Robbins et al. (2017) suggest a test statistic based on a
two-sided z test,

1 It is important to note that the implications of the distributional misspecification in applying WLS to count
outcomes are mitigated through the use of permutation tests (described later). For peace of mind, we replicated
the analyses for Hotspot 1 using negative binomial regression, and the substantive conclusions were
unchanged from the WLS analyses. However, the variance estimates produced by WLS were somewhat
more conservative than the negative binomial regression models.
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Ẑ̂i ¼ α̂̂iffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
V̂ar̂ α̂̂ið Þ

q
0
B@

1
CA

2

ð8Þ

Further, in instances where there are multiple outcomes of interest, an omnibus test
statistic can be generated to test the compound null hypothesis that all intervention

effects are equal to zero. This statistic is calculated as the sum of Ẑi for all outcomes I,
thus standardizing the treatment effects across each outcome,

Ẑ̂
� ¼ ∑

I

i¼1
Ẑ̂i
� �2 ð9Þ

Although a naïve p value can be generated for individual Ẑi by assuming the statistic
was sampled from a normal distribution, the omnibus test statistic does not have an
assumed sampling distribution (Robbins et al. 2015), and instead must be computed via
a placebo test.2

Indeed, in the original synth formulation, Abadie et al. (2015) suggested the use of a
permutation-based placebo method, which was adapted by Robbins et al. (2017) for
interventions applied to micro-level units. A sampling distribution for the test statistics
identified in (8) and (9) is approximated by calculating the same test statistics across
random permutations of the study areas. Specifically, the indices for the J total blocks in
the study are randomly sorted, and the first J – J0 blocks (the number of intervention
blocks) are considered as a placebo intervention area (i.e., a mixture of units which
obviously were not an actual intervention area), and the remainder as the comparison to
the placebo area. Synthetic control weights for the comparison areas are estimated in
the same manner as described above, and subsequently applied to estimate treatment
effects and test statistics. Test statistics are calculated across 1000 (K) random permu-
tations of the original study blocks, creating a distribution of treatment effects observed
had the intervention been assigned to the blocks at random (Carsey and Harden 2014).

The results of the permutation tests can then be used to estimate p values for the
individual and omnibus test statistics for the actual treatment area.3 The logic of this test
is that if the intervention were responsible for the observed differences between the
intervention areas and their synthetic controls, then we should observe that only a very
small proportion of placebo regions obtain test statistics as large as or larger than the
actual intervention area (Carsey and Harden 2014). That is, we can calculate the
permutation p value as

2 It is worth noting that Robbins et al. (2017) also propose a Wald-type omnibus test which can approximate
an omnibus p value without the use of placebo tests. However, as the authors note, the computation of the
quantities necessary for this statistic is non-trivial. We use the original permutation-based omnibus statistic
(Robbins et al. 2015) in its place.
3 Indeed, Robbins et al. (2015) note that the significance of the omnibus statistic can only be assessed via
comparison to a distribution of permutation values. This is because of the potential for the omnibus statistic to
simply continue to grow as more outcomes are included. Assuming this value was sampled from a normal
distribution would have an increased type I error rate.
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p perm:ð Þ ¼ #k : Zk ≥Z
� �

K
ð10Þ

in which Z is the individual or omnibus test statistic for the actual intervention area (see
Eqs. 8 and 9, above), Z k is the same test statistic for permutation k, and K is the total
number of permutations (Robbins et al. 2017). Calculating p values in this manner has
several benefits, including compensating for the distributional misspecification neces-
sitated by applying survey methods to the present case, providing an intuitive means to
describe the compatibility of the observed effects with the null hypothesis (Wasserstein
and Lazar 2016), and reducing to classical inference as if the intervention has been
randomized (Abadie et al. 2015; Rosenbaum 2005).

Data and comparisons

Flint comparison donor pool In order to assess the impact of the directed patrol
intervention on violent crime in Flint, the research team paired geocoded incident-
level violent crime data provided by MSP with block-level data from the 2010
Census. The violent crime data captured homicides, aggravated assaults, and
robberies from January 2010 to end of year 2013 (n = 7983 total offenses). With
January 2012 serving as the onset of the intervention period, the crime data
covered 24 months pre- and post-intervention, and the Census data covered static
pre-intervention indicators. In Flint, there were 3005 blocks, with 1117 incorpo-
rated into program hot spots (37.2%) and 1888 outside of the intervention areas.
As it was implemented in practice, the Michigan State Police initially identified
five hot spots, and later expanded to seven over the course of the program.
Relative to other implementations of place-based violence prevention programs,
the hot spots utilized in the Flint program were quite large and could be consid-
ered as standalone interventions. For instance, the High Point Drug Market
Intervention took place in five separate neighborhoods, comprising 145 blocks
in total, with an average size of 29 blocks (Corsaro 2013; Saunders et al. 2015).
Comparatively, Flint hot spots ranged from 13 to 364 blocks, with an average hot
spot size of 160 blocks, and follow-up periods ranged from 6 to 24 months.
Because of the variable start points for the hot spots, they are treated as seven
separate interventions, with overall effects computed via meta-analysis (see
below).

Utilizing an alternate donor pool from Detroit Analysis of program process docu-
ments and raw crime trends in Flint indicates several threats to internal and construct
validity. Over the course of the intervention, nearly one-quarter of the total program
traffic stops took place outside the designated hot spots.4 This contamination threat is
not eliminated by the use of the synthetic control method described here, as it is more
accurate to say that using the Flint comparison donor pool insinuates comparing the
program hot spots to a synthetic control that received a diluted intervention (Shadish
et al. 2002).

4 It should be noted that the traffic stops were much more densely concentrated within the hot spots (9.6
monthly traffic stops per square mile outside the hot spots, compared to 73.8 within the hot spots).
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In order to guard against the impact of treatment diffusion, we drew on an
alternate donor pool from the city of Detroit. Although substantially larger in
terms of both land area and population than Flint, both cities are structurally
similar. Stemming in part from the flight of the automotive industry in the
1980s, both have experienced similarly high rates of population loss (Jacobs
2004), poor public health outcomes (Grady and Enander 2009), concentrated
disadvantage and violence (Matthews 1997). Despite the difference in size
between the two cities, a strength of the synthetic control method is that the
estimated weights will favor blocks in Detroit which more closely resemble the
blocks in the Flint hot spots. In this case, the Detroit comparison will produce
synthetic hot spots that were not subject to treatment diffusion.5 The Detroit
alternative donor pool consists of 13,097 blocks with 54,387 total offenses.

Analysis plan

In the analyses that follow, we apply this synthetic control approach to evaluate the
impact of the Flint directed patrol intervention. Because the seven program hot spots
are relatively large, and have different starting points and follow-up times, we treat
them in the analysis as seven separate interventions. First, we examine the quality of
balance between the designated hot spots and their synthetic control regions across
outcomes and block-level covariates. We then estimate and visualize the treatment
effect utilizing the placebo-based permutation method described above. The effect of
the program is tracked across the post-intervention period by manipulating the maxi-
mum follow-up duration (Robbins et al. 2017; Saunders et al. 2015). An overall picture
of the treatment effect is produced by using a fixed effects meta-analysis to pool the
effects from each hot spot.

Results

Outcome and covariate balance quality

The target areas for the program hot spots were originally selected because of their
distinctively high rates of violence within Flint. Unsurprisingly, the available
comparison blocks within Flint were substantively different from the intervention
areas in terms of pre-intervention levels of outcomes and covariates (see Table 1).
In order to reduce the plausibility of selection bias, synthetic control weights were

5 Our contention is not that virtually any intervention for a given city could successfully draw a comparison set
of blocks from some other city. Rather, in the present case, Detroit is uniquely situated to act as a
counterfactual donor pool to Flint, due to the cities' geographic proximity, shared socioeconomic history,
and violent crime levels (Jacobs 2004; Matthews 1997). Further, it is important to note that, although Detroit
was part of the Secure Cities Initiative, it did not receive the same DDACTS/directed patrol intervention as in
Flint during the study period. Instead, the Detroit program involved embedding Michigan Department of
Corrections community corrections agents within the Detroit Police Department, and provided additional
Michigan State Police personnel to supplement homicide detectives. The State Police did conduct vehicle
patrols in Detroit but these did not involve the intensity or the geographic hot spot focus of the Flint DDACTS/
directed patrol initiative.
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calibrated and applied to the Flint comparison blocks for each individual hot spot.6

As the weights create a counterfactual intervention area that represents the treat-
ment area in aggregate, descriptive totals for hot spot 1 before and after the
application of synthetic control weights are displayed in Table 2. The BAfter^
column in Table 2 demonstrates the quality of the resulting synthetic control
areas—the weighted Flint comparison blocks now exactly match the pre-
intervention characteristics of the patrol blocks in aggregate.7

6 Specifically, two sets of weights are estimated for each comparison (Flint and Detroit). The first set balances
on the individual outcomes, and the second set balances on the aggregated total violence outcome. The two
sets were estimated so that both the individual and aggregated outcomes would have corresponding synthetic
controls which exactly matched the hot spots (i.e., the weights for the individual outcomes do not guarantee an
exact match for the aggregated outcomes). Descriptive statistics for the weights presented in the following
sections describe the individual outcome weights, given that these will have a larger variance and correspond-
ing design effect.
7 Table 2 displays weighted totals for outcomes and covariates across blocks in hot spot 1 and comparisons
(estimated using svytotal). It should be noted that the weighted outcome and covariate means between the hot
spot and comparison areas were also equivalent (produced using svymean).

Table 1 Pre-intervention block averages for outcomes and demographics across hot spots and unweighted
comparisons

Hot
spot 1

Hot
spot 2

Hot
spot 3

Hot
spot 4

Hot
spot 5

Hot
spot 6

Hot
spot 7

Flint
comparison

Detroit
comparison

Outcomes

Total violence 2.640 1.917 2.923 2.117 3.048 0.913 1.740 0.905 2.150

Homicides 0.049 0.074 0.077 0.053 0.095 0.019 0.052 0.021 0.047

Aggravated
assaults

1.821 1.233 2.845 1.404 2.175 0.583 1.052 0.578 1.284

Robberies 0.769 0.610 0.000 0.661 0.778 0.311 0.636 0.306 0.818

Covariates

Total
population

45.775 36.282 75.385 45.035 58.524 35.194 43.065 28.938 53.714

Households 17.297 13.595 26.077 16.655 22.333 14.563 17.883 11.797 20.289

Housing units 22.508 18.083 32.769 22.129 32.095 18.175 21.779 14.540 26.264

Families 11.352 8.702 20.769 9.971 15.397 8.485 10.247 6.553 12.271

Males 15–21 3.002 2.411 4.462 2.228 2.683 1.534 2.056 1.715 3.398

Black 42.698 30.347 62.692 7.772 44.016 6.350 4.429 14.085 44.253

Hispanic 0.720 0.801 2.000 4.509 1.937 1.505 2.338 1.165 3.655

White 1.533 4.401 10.154 32.439 10.317 26.136 35.584 13.068 5.825

Vacant HU 5.212 4.488 6.692 5.474 9.762 3.612 3.896 2.743 5.975

Renter--
occupied HU

7.497 6.380 18.615 7.734 13.794 6.417 7.221 5.110 9.944

Female-headed
HH

6.662 4.883 15.462 4.199 11.032 3.282 3.779 2.894 6.354

Total blocks 364 326 13 171 63 103 77 1888 13,097

HH households, HU housing units
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In addition to balancing the baseline pre-intervention characteristics of the
comparison areas to match the intervention hot spots, the synthetic control cali-
bration also balances trends in outcomes over the pre-intervention period (see Left
panels of Fig. 1). As noted by Robbins et al. (2017), by using micro-units such as
blocks, some crimes occur so infrequently that there is an excess of zeros within
both intervention and comparison blocks across time periods (e.g., homicides each
month). When this occurs, the method may be unable to produce non-negative
synthetic control weights. To compensate, we aggregated the monthly aggravated
assaults and robberies in each block to quarters, and aggregated the homicides
over the entire pre-intervention period. The quarterly trends for total violence,
aggravated assaults, and robberies will be equivalent between the intervention hot
spots and their synthetic control, but homicides will only be exactly equivalent in
terms of pre-intervention totals.

To compensate for contamination and endogenous change threats to validity, similar
procedures were followed with the Detroit comparison (see Tables 1, 2). As with the
Flint comparison, these blocks were substantively different from the program hot spots
prior to the intervention. Following the application of synthetic control weights, each of
these comparison regions were indistinguishable from the observed pre-intervention
characteristics of the hot spots.

Table 2 Pre-intervention totals for hot spot 1 and comparisons before and after application of synthetic
control weights

Outcome/covariate Hot spot 1 Flint comparison Detroit comparison

Before After Before After

Outcomes

Total Vvolence 961 1708 961 28,153 961

Homicides 18 40 18 621 18

Aggravated assaults 663 1091 663 16,815 663

Robberies 280 577 280 10,717 280

Covariates

Total population 16,662 54,635 16,662 703,489 16,662

Households 6296 22,273 6296 265,725 6296

Housing units 8193 27,452 8193 343,975 8193

Families 4132 12,372 4132 160,707 4132

Males 15–21 1093 3237 1093 44,499 1093

Black 15,542 26,592 15,542 579,588 15,542

Hispanic 262 2199 262 47,876 262

White 558 24,672 558 76,286 558

Vacant HU 1897 5179 1897 78,250 1897

Renter-occupied HU 2729 9648 2729 130,233 2729

Female-headed HH 2425 5463 2425 83,216 2425

Total blocks 364 2641 364 13,097 364

HH households, HU housing units
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Effect of DDACTS on violent crime

Applying the synthetic control weights for the Flint comparison, we first plotted the
quarterly trends for total violence, aggravated assaults, and robberies across the entire
study period (Fig. 1).8 Hot spot 1, receiving the most intensive intervention activities, is
presented as an example (analogous plots for other hot spots available from the
authors). The panels on the left present the trends in quarterly crime counts for hot
spot 1 and its synthetic controls across the study period. The overlap of these trends
prior to the onset of the intervention demonstrate the quality of the synthetic control
produced by the survey calibration method. The panels on the right represent the
difference between the hot spot and the synthetic control, where values over the
zero-line represent an increase in violence attributable to the intervention, and values
below the line represent decreases in violence. The gray lines represent the analogous
treatment–control differences for each of the 1000 placebo regions, representing the
permutation generated sampling distribution of treatment effects.

Synthetic control treatment effects across hot spots and post-intervention periods for
the Flint Comparison are presented in Table 3. The results suggest a largely null effect
across hot spots, with treatment effects for the actual program hot spots statistically
indistinguishable from the placebo regions. Indeed, consistent with the trends for hot
spot 1 visualized in Fig. 1, the onset of the intervention appeared to be associated with
an increase in violence, which then dissipated over time. However, these trends were
within the range of effects produced by the placebo hot spots. Hot spot 4 is the
exception to this trend, where the intervention was associated with increases in
aggravated assaults across the entire post-intervention period. It is also important to
note that this analysis indicates that violence displacement from one hot spot to another
is an unlikely explanation for the observed null effects (Cornish and Clark 1987). It
does not appear that a suppressive treatment effect in a hot spot at one point in time was
followed by a criminogenic effect in another hot spot at a later point in time.

The estimated treatment effects and permutation p values for the Detroit comparison
are presented in Table 4. Relative to the Flint-based comparison, many of the outcome
trends remained non-significant. However, estimated effects in hot spots 1, 2, and 4
suggest a relatively stronger increase in aggravated assaults, which reduce in size
toward the end of the observation period. The robbery trends indicate a suppressive
effect for the program, which grew as the intervention period unfolded. The magnitude
of these effects on post-intervention crime trends is displayed in Table 5, where the
program hot spots experienced increases in aggravated assaults from 17 to 46%,
relative to their Detroit-based synthetic controls. In contrast, hot spots 1 and 5 experi-
enced decreases in robberies ranging from 15 to nearly 30%.

To gain a picture of the overall impact of the program across hot spots, we used a
fixed-effects meta-analysis to pool the treatment effects for all hot spots across their
entire post-intervention periods. A fixed-effects model is appropriate in this instance
because we are attempting to estimate an overall Btrue^ effect for the hot spots

8 We focus on aggravated assaults and robberies, and do not plot homicides due to their relative infrequency,
the fact that the synthetic control weights only balance on the total number of homicides over the pre-
intervention period, rather than at individual quarters, and the largely null impacts for the program on
homicides.
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comprising the overall intervention, rather than assuming that these effects were
sampled from a set of similar evaluations that have yet to be conducted (Viechtbauer
2010). Further, the use of fixed-effects models can be supported by the effect hetero-
geneity indicator, τ2, which quantifies variance in treatment effects across the individual
hot spots. These analyses were implemented using the metainc function in the meta
package in R (Schwarzer 2007).

The treatment effects across the individual hot spots are combined in Table 5. The
fixed-effect meta-analysis suggested little heterogeneity in effects for overall violence,
homicides, and robberies. However, the meta-analysis indicates that when using the

Fig. 1 Violent crime trends in directed patrol hot spot 1 and synthetic controls (left), and treatment–control
differences (right)
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Table 3 Treatment effect estimation across hot spots, post-intervention period, and outcomes; synthetic hot
spots generated using Flint blocks

Time Outcome Hot spot
1

Hot spot
2

Hot spot
3

Hot spot
4

Hot spot
5

Hot spot
6

Hot spot
7

Est. (p) Est. (p) Est. (p) Est. (p) Est. (p) Est. (p) Est. (p)

6 Mo
post--
intv.

Total
violence

0.046
(0.356)

0.025
(0.290)

0.254
(0.315)

0.145
(0.005)

0.160
(0.218)

−0.051
(0.067)

0.050
(0.217)

Homicides 0.003
(0.542)

−0.003
(0.481)

0.037
(0.902)

0.001
(0.708)

0.016
(0.589)

−0.003
(0.330)

−0.005
(0.568)

Aggravated
assaults

0.042
(0.322)

−0.012
(0.515)

0.308
(0.191)

0.191
(0.000)

0.149
(0.193)

−0.043
(0.045)

0.055
(0.094)

Robberies 0.014
(0.406)

0.027
(0.058)

0.063
(0.358)

−0.033
(0.173)

0.035
(0.400)

−0.003
(0.877)

−0.002
(0.903)

Omnibus test
[Ẑ

�
(p)]

1.655
(0.580)

3.876
(0.241)

4.477
(0.761)

28.693
(0.007)

3.240
(0.632)

15.622
(0.289)

6.386
(0.578)

12 Mo
post--
intv.

Total
violence

0.045
(0.252)

0.027
(0.179)

0.219
(0.280)

0.101
(0.007)

0.074
(0.461)

0.001
(0.959)

–

Homicides −0.002
(0.749)

−0.000
(0.877)

0.016
(0.908)

0.004
(0.197)

0.002
(0.708)

−0.001
(0.868)

–

Aggravated
assaults

0.044
(0.151)

−0.000
(0.995)

0.318
(0.153)

0.127
(0.001)

0.090
(0.290)

−0.014
(0.375)

–

Robberies 0.017
(0.159)

0.012
(0.233)

−0.006
(0.901)

−0.014
(0.437)

0.016
(0.640)

0.012
(0.386)

–

Omnibus test
[Ẑ

�
(p)]

2.829
(0.318)

0.958
(0.749)

3.011
(0.835)

24.853
(0.028)

1.036
(0.737)

1.172
(0.723)

–

18 Mo
post--
intv.

Total
violence

0.028
(0.430)

0.028
(0.108)

0.276
(0.101)

0.066
(0.035)

0.066
(0.474)

0.006
(0.670)

–

Homicides −0.002
(0.720)

0.001
(0.813)

0.003
(0.978)

0.003
(0.239)

0.003
(0.679)

−0.002
(0.453)

–

Aggravated
assaults

0.035
(0.161)

0.006
(0.623)

0.354
(0.054)

0.091
(0.000)

0.076
(0.309)

−0.000
(0.998)

–

Robberies 0.008
(0.494)

0.008
(0.315)

0.010
(0.788)

−0.014
(0.371)

0.020
(0.543)

0.005
(0.677)

–

Omnibus test
[Ẑ

�
(p

1.643
(0.530)

0.880
(0.748)

5.170
(0.666)

19.789
(0.012)

1.120
(0.705)

1.021
(0.782)

–

24 Mo
post--
intv.

Total
violence

0.020
(0.475)

0.038
(0.017)

0.237
(0.076)

0.061
(0.020)

0.058
(0.458)

– –

Homicides 0.000
(0.945)

0.000
(0.927)

0.002
(0.992)

0.001
(0.490)

0.005
(0.307)

– –

Aggravated
assaults

0.024
(0.248)

0.017
(0.131)

0.261
(0.066)

0.080
(0.000)

0.076
(0.247)

– –

Robberies 0.007
(0.706)

0.012
(0.100)

0.008
(0.784)

−0.009
(0.489)

0.004
(0.895)

– –

Omnibus test
[Ẑ

�
(p)]

0.847
(0.744)

3.229
(0.249)

4.264
(0.687)

17.760
(0.007)

1.984
(0.500)

– –

Intervention blocks 364 326 13 171 63 103 77

% Weight from other
hotspots

30.2% 34.4% 72.4% 22.9% 46.2% 28.0% 28.7%

Post-intv. observations 24 Mos. 24 Mos. 24 Mos. 24 Mos. 24 Mos. 18 Mos. 6 Mos.

Note: Bold indicates p < 0.05. All p-values based on two-sided tests calculated from permutation-generated
placebo groups. Omnibus test based on individual outcomes only, not including total violence
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Table 4 Treatment effect estimation across hotspots, post-intervention period, and outcomes—synthetic
hotspots generated using Detroit blocks

Time Outcome Hot spot
1

Hot spot
2

Hot spot
3

Hot spot
4

Hot spot
5

Hot spot
6

Hot spot
7

Est. (p) Est. (p) Est. (p) Est. (p) Est. (p) Est. (p) Est. (p)

6 Mo
post-intv.

Total
violence

0.055
(0.048)

0.043
(0.036)

0.314
(0249)

0.132
(0.007)

0.285
(0.042)

−0.093
(0.124)

0.000
(0.999)

Homicides 0.003
(0.468)

0.001
(0.809)

0.036
(0.871)

−0.002
(0.615)

0.018
(0.484)

−0.006
(0.249)

−0.000
(0.484)

Aggravated
assaults

0.081
(0.002)

0.036
(0.037)

0.337
(0.184)

0.175
(0.000)

0.277
(0.033)

−0.001
(0.986)

−0.035
(0.549)

Robberies −0.014
(0.235)

0.016
(0.174)

0.017
(0.793)

−0.017
(0.432)

0.027
(0.534)

−0.086
(0.146)

−0.010
(0.724)

Omnibus test
[Ẑ

�
(p)]

12.908
(0.052)

5.843
(0.161)

3.500
(0.907)

19.162
(0.129)

7.975
(0.495)

5.747
(0.310)

1.938
(0.711)

12 Mo
post-intv.

Total
violence

0.034
(0.111)

0.026
(0.113)

0.227
(0.267)

0.074
(0.047)

0.118
(0.207)

−0.033
(0.263)

–

Homicides 0.004
(0.144)

0.002
(0.409)

0.017
(0.759)

0.000
(0.947)

0.006
(0.309)

−0.001
(0.614)

–

Aggravated
assaults

0.068
(0.000)

0.037
(0.008)

0.343
(0.108)

0.138
(0.000)

0.145
(0.094)

0.005
(0.822)

–

Robberies −0.019
(0.048)

0.000
(0.989)

−0.007
(0.885)

−0.028
(0.192)

0.003
(0.908)

−0.037
(0.186)

–

Omnibus test
[Ẑ

�
(p)]

16.627
(0.009)

7.205
(0.054)

3.649
(0.802)

23.198
(0.007)

3.153
(0.378)

1.443
(0.687)

–

18 Mo
post-intv.

Total
violence

0.011
(0.538)

0.015
(0.283)

0.258
(0.134)

0.042
(0.147)

0.094
(0.290)

−0.044
(0.047)

–

Homicides 0.004
(0.098)

0.002
(0.239)

0.009
(0.732)

0.001
(0.789)

−0.001
(0.922)

−0.001
(0.589)

–

Aggravated
assaults

0.044
(0.006)

0.029
(0.018)

0.341
(0.060)

0.089
(0.000)

0.114
(0.154)

−0.005
(0.819)

–

Robberies −0.023
(0.010)

−0.007
(0.319)

0.010
(0.767)

−0.022
(0.163)

0.012
(0.716)

−0.038
(0.073)

–

Omnibus test
[Ẑ

�
(p)]

15.067
(0.007)

6.190
(0.069)

5.029
(0.706)

12.541
(0.021)

1.667
(0.608)

3.029
(0.349)

–

24 Mo
post-intv.

Total
violence

−0.011
(0.488)

0.009
(0.454)

0.179
(0.172)

0.022
(0.405)

0.052
(0.522)

– –

Homicides 0.004
(0.053)

0.001
(0.452)

0.016
(0.587)

0.000
(0.833)

0.002
(0.752)

– –

Aggravated
assaults

0.029
(0.013)

0.026
(0.011)

0.240
(0.098)

0.068
(0.003)

0.089
(0.231)

– –

Robberies −0.031
(0.000)

−0.011
(0.074)

−0.003
(0.934)

−0.032
(0.033)

−0.014
(0.593)

– –

Omnibus test
[Ẑ

�
(p)]

21.807
(0.004)

7.641
(0.039)

4.274
(0.654)

11.471
(0.019)

1.356
(0.628)

– –

Intervention blocks 364 326 13 171 63 103 77

Post-intv. observations 24 Mos. 24 Mos. 24 Mos. 24 Mos. 24 Mos. 18 Mos. 6 Mos.

Bold indicates p < 0.05. All p values based on two-sided tests calculated from permutation-generated placebo
groups. Omnibus test based on individual outcomes only, not including total violence
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Flint-based comparison, the intervention was associated with significant increases in
overall violence (+18%) and aggravated assaults (+33%). When using the Detroit
comparison blocks, the intervention was associated with a similar increase in aggra-
vated assaults (+26%), and a decline in robberies (−24%).9

Discussion

The impact of the Flint directed patrol intervention on violent crime

Although recent initiatives have offered highly focused traffic enforcement as a means
to enhance traffic safety and reduce criminal activity in designated geographic areas,
there has been little research evaluating the impact of such initiatives on reducing
violent crime. The current effort sought to estimate the effect of a traffic enforcement
based directed patrol intervention—originally grounded in the data-driven approach
emphasized in DDACTS—on violent crime via the use of a rigorous synthetic control
analysis. These analyses suggested that the intervention produced inconsistent results—
when utilizing blocks from Flint to form a comparison, largely null program effects
were observed. However, when blocks from Detroit were utilized to create compari-
sons, we observed that the directed patrol program was associated with a null effect on
homicides, an initial increase in aggravated assaults which dissipated with time, and a
decrease in robberies which grew with time.

Interpreting the results from these analyses is both perplexing and intriguing, as at
this point there are few similar evaluations for comparison, and contrast between the
evidence suggesting a gradual decline in robbery but an initial increase in aggravated
assaults is difficult to explain. An evaluation of DDACTS in Shawnee, Kansas
observed a decrease in robberies in the intervention area, though the effect was non-
statistically significant, perhaps due to the small number of robberies in the jurisdiction
(Bryant et al. 2014). The Shawnee study did not consider aggravated assaults. A meta-
analysis of hot spots policing interventions by Braga et al. (2014) found that increased
traditional policing tactics were associated with an overall reduction in violence, but
gives little context on whether effects should be expected to vary across offenses. For
the most part, prior directed patrol studies are of limited value in dissecting this effect as
most are focused solely on firearm violence, or have not distinguished impact by type
of crime. One exception to the latter is the research of Rosenfeld et al. (2014) in St.
Louis, but their findings were in contrast to the present results. They found that directed
police patrol decreased gun assaults but not robberies with a gun. Theoretically, most
researchers have attributed the effects of directed patrol on violent gun crime as being
consistent with specific deterrence and situational crime prevention, both of which
emphasize the increased risk for illegal gun carrying (Sherman and Rogan 1995). Why
directed patrol would have a differential impact on robbery in contrast to aggravated
assault, much less why the results would be different in Flint and St. Louis, is difficult
to explain, but may be attributable to the more focused intervention areas in St. Louis
relative to the Flint directed patrol program.

9 A random-effects meta-analysis, consistent with the approach used by Saunders et al. (2015), produced
identical results.
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The findings of a possible reduction for robbery do have research precedence in an
early study of the association between traffic stops and violent crime. Sampson and
Cohen (1988) examined robbery rates across 171 U.S. cities in 1980 to study the
impact of proactive policing on robbery. Although not a study of directed police patrol,
Sampson and Cohen used a measure of arrests per police officer for driving under the
influence and disorderly conduct as their indicator of proactive policing. There was
considerable variation across the 171 police departments, with an average arrest rate per
officer ranging from 0.47 to 20.38. The results indicated more proactive policing
resulted in reduced robbery rates. They interpreted this as being consistent with both
a direct effect on offender perceptions through control of disorder and incivilities as
well as an indirect effect through a change in the risk of arrest (Sampson and Cohen
1988). Similarly, an early directed patrol study in Pontiac, Michigan, observed that
Btargeted crimes,^ including robberies, declined significantly (Cordner 1981). These
previous findings and interpretations align with the gradual effect of the Flint program
on robberies observed in this study. Further, an additional study observed a decline in
gun robberies as a result of directed patrol, as the Indianapolis directed police patrol
study examined two different models of gun-focused directed patrol. However, the
declines were observed for robberies and gun assaults, as well as gun homicides
(McGarrell et al. 2001).

More commonly, the directed patrol studies have tended not to distinguish program
effects on robbery from assaults. Cohen and Ludwig’s (2003) study in Pittsburgh found
that assault-related gunshot injuries significantly declined in the directed patrol treat-
ment areas. These results are consistent with the Rosenfeld et al. (2014) study, but they
are silent on the impact on robbery. The Kansas City Gun Experiment examined the
category gun crimes as well as specific effects on homicides, shots fired, and drive-by
shootings (Sherman and Rogan 1995). They found that the overall gun crime category
as well as the sub-categories all experienced declines, but they did not distinguish gun
assaults and armed robberies from these other categories.

In summary, prior studies find evidence of a differential impact on robberies and gun
assaults, whereas some studies find declines in one crime type but no impact on the
other. We are not, however, aware of studies finding a decline in one crime category but
an increase in the other. Further, the observed Bincrease^ in aggravated assaults is
particularly perplexing given prior research and theoretical considerations. Theoretical-
ly, both deterrence theory and situational crime prevention would seem to predict a
consistent impact on aggravated assaults and robberies as a result of saturated police
presence within the Flint intervention areas. Alternatively, the gun assault results could
be consistent with defiance theory (Sherman 1993), in which increased police patrols
could lead to negative interactions between police and citizens and trigger defiance. For
instance, Haberman et al. (2016) observed that higher perceptions of procedural
injustice within violent crime hot spots in Philadelphia were associated with lower
public satisfaction with police. The intervention strategy in Flint, providing intense
traffic enforcement which rarely resulted in a citation, would reasonably serve to
enhance such perceptions of procedural injustice. However, why such interactions
would result in increased assaults but reduced robberies is unclear and unanticipated
given prior research (e.g., Cohen and Ludwig 2003; Rosenfeld et al. 2014). Future
research may benefit to combine official record analysis with surveys of local residents
to better understand perceptions of the intervention.
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One possible explanation is that the observed initial increase in aggravated assaults
is due to some manner of endogenous change in aggravated assaults that the directed
patrol program would have been unlikely to impact. Theoretically, if directed police
patrols are expected to suppress aggravated assaults, we would anticipate a larger
impact on such assaults in public spaces and perhaps no or reduced impact on assaults
occurring in private spaces, such as domestic violence incidents. To explore whether
such distinctions in type of assaults could help explain the results, we utilized National
Incident-Based Reporting System data to conduct supplementary analyses of city-wide
trends in aggravated assaults occurring in residential and non-residential locations. The
data indicated that Flint experienced a sharp increase in residential aggravated assaults
in early 2012 that was not observed in Detroit. These residential assaults later declined.
The results suggest that this increase in residential assaults, less likely to be affected by
the program, may have produced the unexpected finding of an increase in aggravated
assaults in Flint, particularly when using the Detroit synthetic comparison. This
particular interpretation would be more consistent with the program having a null,
instead of positive, impact on aggravated assaults.

Limitations

There are several noteworthy limitations, both in terms of the program being
evaluated and the design that was utilized by the research team. First, the nature
of program implementation should be considered in interpreting and generalizing
from the results. The contrast of these findings and those of other directed patrol
evaluations (e.g., Cohen and Ludwig 2003; Rosenfeld et al. 2014) could reflect the
broad definition of hot spot as it was applied in the Flint program. The target areas
were considerably larger than those utilized in other place-based interventions, and
larger than the conceptualization of hot spots in much of the existing literature
(Braga and Weisburd 2010; Saunders et al. 2015). Even though MSP conducted
significant program activities within the designated target areas, the absolute size
of these sites may have served to dilute the dosage of the intervention. For
instance, Ratcliffe et al. (2011) partially attribute the success of the Philadelphia
Foot Patrol Experiment to the concentrated spatial dosage of the Philadelphia
program, relative to earlier experiments. Indeed, Ratcliffe et al. (2011) juxtapose
their findings to an earlier foot patrol experiment in Flint (Trojanowicz 1986), in
which the patrol effectiveness was reduced following the expansion of the inter-
vention areas. It is also possible that certain subsections of the hot spots experi-
enced more beneficial outcomes. However, the consistency of estimated effects
across the multiple intervention areas, regardless of the number of blocks, casts
doubt on this possibility. Due to the precinct-sized intervention areas, it is more
appropriate to generalize the effects of the Flint intervention to other directed
patrol programs, as opposed to place-based hot spots policing programs more
generally.

Similarly, it is important to note that, although the Flint program was originally an
interpretation of the DDACTS model, there were significant divergences from
DDACTS in practice (NHTSA 2014). The Flint directed patrol implementation was
focused almost entirely on enforcement activities within violent crime hot spots, as
opposed to places of overlap between violent crime and traffic accident hot spots. A
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focus on the latter would likely have produced much more focused intervention sites.
This reiterates the point that the Flint intervention areas may have been too large to
allow for the level of focused police activity required for a consistent reduction in
violence (Skogan and Frydl 2004). To this extent, we urge caution in generalizing these
findings to future DDACTS implementations—to do so opens the possibility of
conflating a treatment effect with a specific level of treatment (Shadish et al. 2002).
At a minimum, these findings suggest that policing research should be more specific in
conceptualizing and measuring the impact of policing interventions on specific crime
types. This is apparent in the current findings of inconsistent impacts on aggravated
assaults and robberies but also in the review of prior studies of similar directed patrol
studies. The tendency has been to highlight the pattern of declines in violent crime
associated with directed patrol interventions in high gun crime areas. This study raises
the possibility of inconsistent effects across different violent crime types.

Concerning the adequacy of the methods used to evaluate the intervention, the
synthetic control method is designed to act against selection bias threats to internal
validity for retrospective quasi-experimental designs (Shadish et al. 2002). However,
the counterfactual can only be based on observed characteristics, and, as such, is limited
by the data available, and the possibility of unobserved confounders. Consistent with
previous research, we have used a set of block-level characteristics expected to be
associated with aggregate violence with the cities (Robbins et al. 2017; Saunders et al.
2015). As with any quasi-experiment, we cannot rule out the possibility that unob-
served differences between the intervention areas and their synthetic controls are
responsible for the findings observed here. Further, the effect of unobserved con-
founders could be compounded if these indicators also vary between the Flint and
Detroit comparisons. However, in contrast to other studies using external controls (e.g.,
Rudolph et al. 2015), the interaction of unobserved indicators and comparison sites is
likely to be minimal given the geographic proximity and shared socioeconomic history
between Flint and Detroit.

Additionally, and as with random assignment to treatment, synthetic control cannot
rule out other plausible threats to validity. Consistent with other place-based policing
interventions, the Flint program encountered issues with boundary adherence and
contamination (Sorg et al. 2014; Weisburd 2005), in which nearly one-quarter of all
program-related traffic stops took place outside any designated intervention areas.
Accounting for this diffusion is important in that even small doses of directed patrol
activities can result in significant impacts on crime (Telep et al. 2014), which could
potentially account for the null effects observed using the Flint comparison. In order to
counter the diffusion of the DDACTS intervention outside of the hot spots, we drew on
an alternative donor pool of blocks from Detroit, a larger but demographically and
economically similar city that was not subject to the intervention. This analysis
suggests a suppressive effect for the Flint program on robberies, but enhanced the
positive effect on aggravated assaults observed using the Flint comparison. In the
absence of a synthetic control design, it would be possible that the differences between
the Flint and Detroit comparisons are due to differential maturation, in which a
decreasing trend in Flint is compared to an increasing trend in Detroit, which would
have persisted even without the intervention. However, the use of synthetic control
guards against this possibility by exactly matching the pre-intervention outcome trends
between the hot spots and the Detroit-based synthetic control.
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Methodological utility of synthetic control

When the goal of an evaluation is to determine whether the program was responsible
for observed variation in outcomes, a randomized controlled trial remains the gold
standard (Shadish et al. 2002). However, the evaluation of place-based policing
initiatives are often not amenable to such designs, as the intervention sites may be
purposefully generated based on their distinctive levels of violence or other crimes
(Braga 2010), or the evaluation may be initiated after the program activities have taken
place (Braga et al. 2011). In these cases, evaluators and program stakeholders can
benefit from the application of quasi-experimental designs utilizing high-quality coun-
terfactuals. The family of synthetic control approaches (Abadie et al. 2015; Robbins
et al. 2017; Saunders et al. 2015) represents a powerful tool for generating counterfac-
tual treatment units when randomization is not possible, or the evaluation is retrospec-
tive in nature. In the current inquiry, we implemented the synthetic control approach
described by Robbins et al. (2017), in which weights were calibrated via survey
methods. When these weights were applied to the available comparison units, the result
was a synthetic treatment unit which exactly matched the designated intervention areas
in regard to pre-intervention outcomes and covariates, providing an estimate of what
would have happened to the outcome in the absence of the intervention. Compared to
previous implementations of synthetic control (Abadie et al. 2015), specific features of
Robbins et al.’s (2017) implementation were well suited to the current evaluation,
particularly the ability to incorporate numerous micro-level units and multiple out-
comes of interest.

Relative to the synthetic control approaches outlined by Abadie et al. (2015) and
Saunders et al. (2015), this method differs in that the others do not guarantee that
weights will be estimated which produce an exact match between the actual treatment
unit and the synthetic treatment unit, although the correspondence may still be very
strong (see Saunders et al. 2015: table 1 and fig. 1). Although the Robbins et al. (2017)
method will produce weights that provide an exact match on observed pre-intervention
outcomes and covariates, it is possible that no weights can be obtained that would
satisfy this condition (see Eqs. 5 and 6). As such, depending on the number of pre-
intervention time periods, outcomes, covariates, and donor pool units, it cannot be
assumed a priori that an exact solution using the Robbins et al. (2017) method exists.
Those authors note that the method appears more feasible when there is a relatively
larger number of possible comparison units. In these instances, it would be possible to
use the Saunders et al. (2015) method to minimize treatment–control differences, in lieu
of an exact match.
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