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Abstract: Gun and street group violence remains a serious problem in cities across the United States
and the focused deterrence strategy has been a widely applied law enforcement intervention to reduce
it. Although two meta-analytical studies concluded that the intervention had a significant effect on
violence, questions remain about how violence changes across space and time during and after the
intervention. This study applies novel geospatial analyses to assess spatiotemporal changes in gun
violence before, during, and after the implementation of Philadelphia Focused Deterrence. Emerging
hot spot analysis employing Space-Time cubes of ten annual time bins (2009–2018) at the Thiessen
polygon level was used to detect and categorize patterns. The analyses revealed a non-significant
decreasing trend across the ten-year period. Furthermore, there were ninety-three statistically
significant hot spots categorized into four hot spot patterns: fourteen new hot spots; twenty-three
consecutive; one persistent; and fifty-three sporadic. There was no evidence showing statistically
significant hot spots for the “diminishing” pattern. Knowledge of these patterns that emerge across
micro-locations can be used by law enforcement practitioners to complement data-driven problem
solving and fine tune these strategies and other place-based programming. Policymakers can use
findings to prioritize resources when developing complementary prevention and intervention efforts
by tailoring those efforts to the different emergent patterns.
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1. Introduction

Similar to many large urban areas, the city of Philadelphia, Pennsylvania, has experienced
persistent gun violence over the last few decades, and group-based or gang violence is believed
to be a significant contributor (Howell 2018; Lane 1989). In April 2013, the city implemented
a focused deterrence strategy (Braga and Kennedy 2021; Kennedy 2011), as an intervention
to reduce street group1-related gun violence. The Philadelphia Focused Deterrence strategy
was modeled on Boston’s Operation Ceasefire program and consisted of bringing police-
identified street group members into meetings where they were told to stop the shooting
and simultaneously offered services and assistance. If shootings did not stop, however, the
police would aggressively enforce a range of law enforcement levers across members of
the group deemed responsible for the shooting. These levers could include, but were not
limited to, outstanding warrant searches, arrests for illegal utilities or cable setups, and unpaid
child support. The message, along with consistent and sustained enforcement of levers,
should lead to noticeable and substantial increases in the perceived risk of apprehension
among both past offenders and potential offenders. Hence, this potentially swifter and more
certain-than-normal punishment should generate deterrent effects.

Today, the strategy is often referred to as the Group Violence Intervention (GVI) when it is
targeted to street groups (as opposed to individuals or drug markets). The National Network
for Safe Communities (NNSC), the organization guiding the strategy, reports that focused
deterrence has been implemented in over 60 cities since 2009 (National Network for Safe
Communities (NNSC) 2022). After two meta-analytical studies produced positive findings on
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focused deterrence models, including GVI, policymakers and scholars alike tend to label GVI
as “evidence-based” with regard to its success in reducing aggregate levels of violence in the
areas comprising the focal gangs (Braga and Weisburd 2012; Braga et al. 2018). For the most
part, evaluations that came after the meta-analytic results were published also found GVI to
be a success (Fox et al. 2022 [Tampa, Florida]; Braga et al. 2019 [Oakland, California]), although
at least one recent study found no reductions in gun violence after the implementation of it
(Leasure et al. 2023). An evaluation of Kansas City’s GVI intervention (Fox and Novak 2018)
found that although the strategy, implemented with fidelity, was able to significantly reduce
homicides and gun-involved aggravated assaults in the first year, the effect wore off after 12
months. Moreover, homicides returned to their pre-implementation levels in the second year
and by the third year, gun-involved aggravated assaults increased to levels higher than the
pre-implementation period.

In Philadelphia, the evaluation, published in 2019 (Roman et al. 2019), showed a
statistically significant reduction in aggregate shootings across South Philadelphia in the
24-month period after the implementation of the intervention (2013–2015) compared to
statistically matched neighborhoods, but there was inconsistent evidence of reductions
in shootings committed by the specific street groups targeted. The evaluators assessed
changes in group-level shootings in two ways: first, by comparing shootings in small
geographically focused areas associated with the 14 targeted groups against matched
comparison areas, and second, by assessing changes in shootings by the 14 groups (an
identified member of a given group was identified as the perpetrator) anchored by the
date each group first had members attend call-in notification meetings informing them
about the strategy. Although most of the statistical estimates were in the hypothesized
direction, they did not reach statistical significance. Moreover, descriptive analysis of the
average change in gang-identified perpetrator shootings revealed that four of the fourteen
targeted groups either increased their level of shootings after the implementation of the
intervention or there was no change (see Figure 1 in Hyatt et al. 2021). The Philadelphia
Focused Deterrence evaluators suggested that it should not be expected that all groups
respond the expected way to the intervention (i.e., stopped shooting) because the extent of
and duration of enforcement activities employed varied across street groups and members.
Furthermore, street groups, even those situated within the same neighborhoods, can have
very different characteristics and behaviors (Klein and Maxson 2006). The Philadelphia
evaluators stressed the importance of evaluation studies to embed researchers within law
enforcement agencies to extend the types of problem analyses that can inform ongoing
strategizing throughout the implementation of an intervention and to help understand any
unexpected findings. Without specifically studying the behavior of individuals touched
by the intervention, one should not infer from studies showing aggregate reductions in
violence after GVI that individual gang members and groups as a whole directly changed
their behaviors in response to the intervention (Braga et al. 2019; Roman 2021).

For any policing strategy that targets micro-places, careful analysis of geo-referenced
crime data with advanced techniques could help uncover patterns of violence over time that
uniquely inform strategy and the delivery of social services or other resources to enduring
hot spots of gun violence. Geographic analyses allow law enforcement to be more precise
in targeting places and/or “people within places” where there have been long histories of
violence. Violence is not only concentrated in places but also among offenders (Piquero
et al. 2007). Furthermore, crime is a networked behavior, meaning that the conduct of
criminal incidents is closely tied to the relationships between offenders and potential offenders
(Thornberry et al. 2003). Cities that implement GVI usually undergo a problem-solving process
and analyze homicide and gun crime data. This allows strategy leaders to focus on highly
active groups where gun violence has been most recently concentrated. GVI “audits” of
street groups and locations provide a means to assess group composition and membership
so that group-wide consequences following a shooting can be utilized. In other words, law
enforcement levers are used on all or most group members, regardless of involvement in the
shooting that prompted an enforcement action. (Ideally, however, the model suggests that if
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threats become credible enough, they do not need to be carried out because over time, group
members and potential offenders, and the community at large, would see laws being upheld
in a legitimate and procedurally just manner.)

Researchers who have access to intelligence data on groups and group members have
an advantage in the types of behavior change patterns they can examine when evaluating
targeted violence reduction strategies. For instance, Braga and his colleagues, who have
been studying outcomes related to GVI for over two decades, have had access to city-wide
group level and individual group member data that allow for a nuanced assessment of
changes in gun violence and recidivism by group and group member. Over the years, cities
such as Boston, Massachusetts and Oakland, California have been able to assess spillover
deterrent effects of GVI because they had knowledge of the street groups that were allied
or fighting against each other. Examining potential spillover effects with Boston’s GVI
strategy, Braga and colleagues (Braga et al. 2013) found that even if groups were not
directly targeted by GVI, there were vicarious benefits in that deterrence was operating
through the treatment of rivals and allies. Similarly, the authors of the Oakland, California
evaluation of GVI (Braga et al. 2019) found spillover deterrent effects of varying magnitudes
for vicariously treated groups. But it is also important to note that most evaluations of
GVI have not examined potential spillover effects nor assessed possible displacement of
violence. Hatten and Piza (2022, p. 129) remind us that this is typical of most evaluations of
targeted crime reduction programs, and in general, there is a “dark figure of displacement”,
where the true nature of the movement of crime after an intervention remains hidden or
unknown. They also encourage more comprehensive and systematic reporting of results of
evaluations because of the publication bias in policing interventions, where only studies
with positive results tend to be published, creating an inflated perception of program
effectiveness (Bowers et al. 2011).

Furthermore, theory suggests, and some studies have confirmed, that removing key
players involved in violence from a neighborhood can create opportunities for new rivalries
or spur street groups to expand their territories into new areas not heavily policed (Decker
and Pyrooz 2015; Lawton et al. 2005). These types of spatial and network changes will
not show up in statistical models that are only focused on the magnitude or frequency of
violent incidents. Furthermore, recent research indicates that change within high crime
clusters is remarkably rare within micro-places. Walter and colleagues (Walter et al. 2023b)
assessed yearly changes in crime across street segments in six cities, including Philadelphia.
Across the cities, change ranged from 1.1% of street segments in San Antonio to 6.8% of
street segments in Philadelphia.

Given the lack of studies assessing potential spatial changes in gun violence after
focused deterrence strategies have been implemented, coupled with the Philadelphia Fo-
cused Deterrence evaluation findings, indicating that a few of the groups did not appear to
change their shooting-related behavior (Roman et al. 2019) and there were stark differences
in social media usage and other characteristics across the targeted groups (Hyatt et al.
2021), the current study asks the following research questions: how do the hot spots of
intentional shootings that existed in the years before the Philadelphia Focused Deterrence
intervention in 2013 change after its implementation? More specifically, what were the
patterns of change over time? For instance, did any hot spots significantly diminish? Were
there any unexpected findings, such as new hot spots?

The target area for the intervention—South Philadelphia (see Figure 1)—was selected
by city leaders because of the enduring nature of street groups in the area, the strong
link between street groups and hot spots of gun violence, and long-standing and trusting
relationships between investigators from the police department and the District Attorney’s
Office who worked on South Philadelphia gun violence cases (more information on the
strategy and its history can be found in (Roman et al. 2020)). With the implementation of the
targeted gun violence reduction strategy, we hypothesize that the hot spots of gun violence
present before the intervention would become less hot over time or totally disappear. In
addition, because the intervention was focused on all actively violent street groups in
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the area, we also expect that there would be little displacement of gun violence to other
areas nearby (still within the large target area). A nuanced assessment of spatiotemporal
changes may provide results that offer some insight into whether street groups (and/or
individuals) changed their shooting behaviors and help stakeholders pinpoint areas for
continued, strengthened, or novel interventions. Outside of Philadelphia stakeholders,
practitioners, policymakers, and researchers may be interested in how techniques used in
this study can be applied in their jurisdictions and future evaluations of targeted policing
interventions.
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2. Methods

Spatiotemporal analytical techniques, described further below, were used to answer
the research questions as to how the hot spots of gun violence (i.e., intentional shootings)
changed over time during and after the intervention was fully implemented. The area
of study is the South Division of the Philadelphia Police Department (PPD), where the
intervention was implemented (see Figure 1). The South Division, bounded by South Street
to the North, the Delaware River to the east, and the Schuylkill River to the west, includes
three Police Districts (PDs) generally known as South Philadelphia. The intervention was
designed to reach all street groups in these PDs that were actively engaged in violence
within the two years before the strategy began (~2011–2012).

Publicly available shooting victim data from Philadelphia for 2008 to 2021 was down-
loaded from OpenDataPhilly.org. The relevant fields within the dataset include the date, time,
location, and x and y coordinates. Shootings are reported by the PPD at the victim level; hence,
each record represents one shooting victim. The areal unit used for this study is Thiessen
polygons (TPs), a geometric unit that contains all geographic space closest to its centroid

OpenDataPhilly.org


Soc. Sci. 2024, 13, 119 5 of 15

(street corners) than any other polygon’s centroid (Chainey and Ratcliffe 2005; Taniguchi et al.
2011). This unit of measure suits our theoretical and practical purposes in that street corners
and their contiguous blocks are central hubs of activity for street groups (Taniguchi et al. 2011;
Topalli et al. 2002), and shootings by street groups tend to cluster around their territories
(Gravel et al. 2023). The average size of a TP in South Philadelphia is roughly 0.02 square kilo-
meters. Research also shows that violence clusters at very small units—or micro-places—and
scholars recommend that corresponding violence reduction programming, including policing
efforts, be targeted in small areas with the most violence to deliver limited resources directly
to the areas most in need (Herrmann 2013; Taylor et al. 2011). The South Philadelphia target
area comprises 2783 TPs. The x and y coordinates for the shootings were used to aggregate
the shootings in TPs. Almost 97% of shooting victim data were successfully assigned a TP, an
acceptable hit rate (Ratcliffe 2004).

Spatiotemporal Analyses

Some important considerations in choosing a technique for spatiotemporal analyses
of hot spots include the purpose of hot spot analysis, sample size, scale of analysis, and
available software. There is no universal definition of a hot spot. He et al. (2022) describe
two meanings of the term “hot spot”: first, as places where crimes are concentrated, and
second, as places where there may be a statistically significant concentration of crimes. In
their view, the former lends itself to hot spot detection methods, such as hot spot mapping
and clustering techniques, while the latter lends itself to statistical measures, such as the
Spatial Scan Statistic, Local Moran’s I, and Getis-Ord Gi* statistics. In this study, we aim to
measure how shooting concentrations changed over time, necessitating a method that goes
beyond simple visual comparison. A second consideration here is the rare nature of gun
violence (and crime in general) and its uneven spatial distribution. It is not uncommon
to have many areas with zero counts next to areas with large crime numbers. The rare
nature of gun violence is even more pronounced and potentially problematic for statistical
analyses when using small geographic units.

We chose ArcGIS Pro and ran Getis-Ord Gi*-based (Getis and Ord 1992) optimized
hot spot analysis first to establish the significant hot spots and then utilized Space-Time
cubes to run emerging hot spot analysis. These techniques within ArcGIS Pro work with
rare event data that include many zeros across spatial units and can visually display a
range of potential changes in crime concentration over time. They were developed to
increase visualization and interpretability when examining changes across time and space.
A Space-Time cube is a 3D representation of a geographical area over time where the time
slices or “bins” represent the vertical, or z, axis and have values (in our case, shooting
victims). Statistical analyses can be performed on the Space-Time cubes. Optimized hot
spot analysis and emerging hot spot analysis techniques are relatively new and are available
through ArcGIS (An et al. 2015). The first step establishes spatial relationships, specified
by the user. We used queen contiguity, where two TPs have contiguity if they share an
edge or a boundary. Then, Getis-Ord Gi* statistics are calculated on each Space-Time cube,
identifying statistically significant hot spots (and/or cold spots) as assessed by z-scores and
p-values. To assess and evaluate temporal changes, emerging hot spot analysis relies on a
Mann–Kendall statistic that compares temporal trends in each bin to the null hypothesis of
no temporal change and then also combines the Getis-Ord Gi* and Mann–Kendall results
together to designate patterns into ordinal categories. These novel techniques have been
used in recent crime studies (Kortas et al. 2022; Nepomuceno and Costa 2019; Sweet et al.
2020; Vadlamani and Hashemi 2020) and in other fields (see, for example, Ashok et al. 2022;
Fatima et al. 2021; Mamiit et al. 2021; Morckel and Durst 2021; Van Der Zee et al. 2020;
Zerbe et al. 2022).

To answer the research questions, we first compare shooting victim hot spots in a
three-year pre-implementation period to a later three-year period corresponding to the
years in which Philadelphia Focused Deterrence was fully implemented (i.e., all street
groups were touched by the intervention), including the period when it was starting to
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unravel. Although Philadelphia stakeholders were designing the intervention in 2012,
the first call-in notification meeting did not take place until April 2013. Hence, this study
uses 2009 to 2011 as the pre-implementation period compared to 2015 to 2017 as the post-
implementation period. The hot spots were calculated based on the count of shooting
victims for each TP. We utilize statistics capturing both similarity and association, as these
measures are different; similarity captures how closely the spatial picture aligns across the
periods. The similarity statistic is regarded as a fuzzy probability, indicating that any pair of
corresponding features have the same significance level category. The associational measure
is a spatial fuzzy Kappa statistic that captures the strength of the statistical relationship
that underlies the comparison, somewhat like the use of a correlation coefficient. Fuzzy
methods were developed to compare maps with many small features (Dou et al. 2007). The
fuzzy Kappa measures the degree of agreement between two maps beyond what might be
expected by chance. Spatial fuzzy Kappa values will generally range from 1 to 0, where a
value of 1 signifies perfect agreement, and 0 indicates agreement equal to random chance.
Typically, researchers use measures of association when comparing maps of substantively
different features (e.g., crime rate and poverty); although this study is comparing the same
features (shooting victims) across different time periods, we use measures of similarity and
association to obtain a richer understanding of spatial changes in the clustering of shooting
victims at the TP level.

Second, to examine and categorize the patterns of hot spots over time across a ten-year
time span (2009 through 2018) that includes the two comparison periods, we utilized
emerging hot spot analyses where the changes are categorized into one of eight possible
hot or cold spot “patterns”. We chose this particular ten-year period because it comprises a
solid number of years before the implementation of the intervention when law enforcement
stressed the enduring nature of the South Philadelphia street groups and corresponding
hot spots as reasons for selecting the focused deterrence strategy for operation there. The
time span also includes full implementation years and a few years when the strategy was
slowing down and unraveling. This period consisted of the dismantling of the South
Philadelphia gang task force, no call-in notification meetings occurring, and the new
Philadelphia District Attorney, who took office in January 2018, firing the head of the Gun
Violence Task Force (the point person for the strategy) and everyone in the office closely
associated with focused deterrence.

The patterns that can be detected through the emerging hot spots analysis are shown
in Table 1. These analyses are descriptive and explorative; they are not intended to suggest
causal mechanisms as a result of focused deterrence. All hot spot statistics were calculated
in ArcGIS Pro (version 3.1.2).

Table 1. Definitions of eight possible hot and cold spot patterns; emerging hot spot analysis.

Pattern Definition

New Location identified as a statistically significant hot (cold) shooting spot but
not previously identified as a significant hot (cold) spot.

Consecutive
Location with a single uninterrupted run of statistically significant hot
(cold) spot bins in final time steps. Except for the final run, the location was
never a significant hot (cold) spot.

Intensifying

The location has been a statistically significant hot (cold) spot for 90% of
the time in a 10-year span. In addition, the intensity of clustering of high
shooting victim counts for each time period increased (decreased) overall,
and the increase (decrease) was significant.

Persistent
The location has been a statistically significant hot (cold) spot for 90% of
time step intervals, with no discernible trend indicating an increase or
decrease in the intensity of clustering of shooting victims over time.
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Table 1. Cont.

Pattern Definition

Diminishing

The location has been a statistically significant hot (cold) spot for 90% of
the time step intervals, including the final time step. In addition, the
intensity of clustering in each time step is decreasing (increasing) overall,
and the decrease (increase) is significant.

Sporadic
Location is an on-again then off-again hot (cold) spot. Less than 90% of
time step intervals have been statistically significant hot (cold) spots and
none of the time step intervals have been significant cold (hot) spots.

Oscillating

A statistically significant hot (cold) spot for the final time step interval that
has a history of also being a significant cold (hot) spot during a prior time
step. Less than 90% of the time step intervals have been statistically
significant hot (cold) spots.

Historical The most recent time period is not hot (cold), but at least 90% of time step
intervals have been significant hot (cold) spots.

Notes: This table is derived from information provided by ESRI, which can be found at https://desktop.arcgis.
com/en/arcmap/latest/tools/space-time-pattern-mining-toolbox/learnmoreemerging.htm (accessed on 11 Oc-
tober 2023). All mentions of “significant” represent statistical significance.

3. Results
3.1. Distribution of Shooting Victims across the Target Area and Time–Descriptive Results

Table 2 displays the distribution of shootings by TP in the study area. Shootings are a
relatively rare occurrence for most TPs. A little over 80% of TPs experienced zero shooting
victims between 2009 and 2018. Less than 1% of TPs had six or more shooting victims.
Figure 2 shows the annual mean number of shootings in TPs across the ten-year time frame.
Interestingly, a visual inspection of the graph shows a downward trend in the mean of
shootings within TPs before the intervention began, with a slow upward trend after the
implementation of Philadelphia Focused Deterrence, but it does not reach its 2010 high of
0.062 victims per TP.

3.2. Comparison of the Pre-Implementation Period to the Post-Implementation Period

The maps in Figure 3a,b show the locations of hot and cold spots produced for each
three-year period comparing pre-intervention shooting victim hot spots with those present
in the latter part of the strategy’s tenure (post-implementation). The darkest colored
areas are statistical hot spots defined using the strictest confidence level (99th percentile).
Table 3 displays the comparison statistics generated from the production of the two maps
in Figure 3. The top row of the table shows the similarity and association statistics when
including the map areas that are not statistically significant hot or cold spots versus the
bottom row that compares only the hot and cold spot areas that met the significance level
thresholds (at least 90th percentile confidence level).

Table 2. Number of shootings in Thiessen polygons, South Philadelphia, PA, 2009 to 2018.

N of Shootings N of TPs % Cumulative %

0 2246 80.70 80.70
1 298 10.71 91.41
2 106 3.81 95.22
3 61 2.19 97.41
4 30 1.08 98.49
5 18 0.65 99.14
6 13 0.47 99.60

7–9 10 0.36 99.96
10+ 1 0.04 100.00

Total 2783 100 100.00

https://desktop.arcgis.com/en/arcmap/latest/tools/space-time-pattern-mining-toolbox/learnmoreemerging.htm
https://desktop.arcgis.com/en/arcmap/latest/tools/space-time-pattern-mining-toolbox/learnmoreemerging.htm
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Figure 2. Mean of shooting victims in Thiessen polygons, South Philadelphia, PA, 2009 to 2018.
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Figure 3. Results of optimized hot spot analysis comparing focused deterrence pre-intervention and
post-intervention periods, South Philadelphia, PA. (a) shows the pre-intervention period (2009–2011);
(b) shows the post-intervention period (2015–2017).
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Table 3. Similarity and association statistics comparing shootings across two time periods, South
Philadelphia, PA.

Comparison Comparison Settings Similarity Expected Similarity Spatial Fuzzy Kappa

Pre-implementation vs.
post-implementation All features 0.886 0.726 0.583

Significant features only 0.479 0.219 0.333

Notes: Pre-implementation period = 2009–2011; post-implementation period = 2015–2017; the spatial fuzzy Kappa
statistic is the association between the hot spot analysis variables, calculated by scaling the similarity value by its
expected value.

The similarity statistic for the significant features indicates that roughly half the
significant features changed in their density between the pre-implementation and the
post-implementation periods. A visual inspection of Figure 3 suggests there were many
areas that experienced changes. For instance, the hot spot that was east of Broad Street in
the pre-intervention map greatly diminished in the post-implementation period, with only
14 TPs deemed a hot spot in the area east of Broad Street. The pre-implementation hot spot
in the far northeast section of the map, spanning three TPs east of Delaware Avenue, is not
present at all in the post-implementation period. The large hot spot west of Broad Street
appears to have shrunk on its southeasterly edge by the post-intervention period but grew
on the northwestern side (west after the intervention). In addition, there is a statistically
significant cold spot in the pre-intervention period, but this cold spot is not present in the
post-intervention period. The second analysis—categorizing the hot spot patterns that
emerge over a ten-year period—was designed to help make sense of the changes, increasing
interpretability; the results are discussed below.

3.3. Spatiotemporal Patterns

The Space-Time cube aggregated the locations of shooting victims into 2783 TPs over
ten time step intervals representing calendar years (i.e., 2009 through 2018). Of the 2783
locations, 92 (3.31%) contain at least one shooting victim for at least one time step interval.
The emerging hot spot analysis calculates the nonparametric Mann–Kendall statistic to test
for increasing or decreasing trends by evaluating count values for the locations in each
one-year time step interval. The overall trend statistic showed a decreasing trend in South
Philadelphia during the ten-year time frame, but it did not reach statistical significance
(Mann–Kendall statistic = −1.43, p < 0.152). A look back at Figure 2 might provide insight
into why this statistic did not reach statistical significance—the annual mean (i.e., average)
of shootings, which had been decreasing early on in the time series across all of South
Philadelphia, began to increase midway through the time series (but never reached the high
mean seen at the beginning in 2009 and 2010). Table 4 summarizes the patterns detected.
Of the eight possible hot/cold patterns in the categorization schema (see Table 1), the
analysis revealed ninety-three hot spots categorized into four patterns: fourteen new hot
spots; twenty-three consecutive; one persistent; and fifty-three sporadic. There were no
cold spots.

Table 4. Hot spot categories across Thiessen polygons, 2009–2018, South Philadelphia, PA (N = 2783).

Pattern Type n (%)

New hot spot 14 (0.5%)
Consecutive hot spot 23 (0.8%)

Persistent hot spot 1 (0.0)
Sporadic hot spot 54 (1.9)

No pattern detected 2691 (96.7)

The output map of these categorical representations is shown in Figure 4 (panels a
and b). To assess which categories are present vs. absent, the map’s legend includes all
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possible categories, but only the four patterns mentioned above emerged. As a reminder,
the ten-year period begins roughly three years before the first call-in notification meeting
was held (with representatives of at least four street groups attending) and concludes in
December 2018, the year when Philadelphia Focused Deterrence had fully ceased to operate
(although it was slowly tapering off from late 2016 through 2017).
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Figure 4. Emerging hot spot analysis using Thiessen polygons, South Philadelphia, PA. (Panel (a)
shows the full view; panel (b) shows the zoomed-in view).



Soc. Sci. 2024, 13, 119 11 of 15

In addition to no cold spot patterns, the following hot spot patterns did not occur:
intensifying, historical, diminishing, or oscillating hot spots. A visual inspection of the
map reveals that the 14 new hot spot TPs were generally spread near locations that had
hot spots west of Broad Street in the pre-implementation period (Figure 3). There are no
new hot spots east of Broad Street. The one persistent hot spot identified is located west of
Broad Street and is surrounded by consecutive and sporadic hot spots, with at least three
new hot spots on the outer edges of the associated large cluster. There is a large cluster
comprising seven TPs in the northern region of the target area, with each TP characterized
as consecutive. Overall, considering the changes in light of expected findings for a place-
based and targeted gun violence reduction strategy, these findings include positive changes
but also reveal new locations and some generally stable micro-locations of shootings. The
findings are discussed in more detail in the discussion.

4. Discussion

This study sought to examine the extent to which the spatiotemporal patterns of
shootings changed during and after the implementation of Philadelphia Focused Deterrence
in South Philadelphia. We asked: What patterns emerged? Did any hot spots significantly
diminish? Were there any unexpected findings, such as new hot spots? We hypothesized
that the intervention would be associated with diminishing hot spots over time and little
movement of hot spots (i.e., new hot spots appearing in other locations). An emerging
hot spot analysis technique was employed to identify Space-Time clusters and categorize
changes in clusters to facilitate interpretation. The analysis considered a wide range of
patterns that can potentially occur. Apart from a “no-pattern detected category”, the
method used tests 16 possible categories—providing a nuanced assessment of both hot and
cold changes—that could show positive movement representing fewer, less dense, and less
stable areas of gun violence, or negative outcomes with regard to gun violence, signifying
stable, more, more dense areas, or potential displacement of gun violence.

Of the sixteen possible patterns that can be detected by the analytical technique, only
four were evident, and all were related to hot spots (versus cold)—“new”, “consecutive”,
“persistent”, and “sporadic”. We hypothesized that we would see diminishing hot spots
(i.e., where an area is a significant hot spot for 90% of the intervals but the intensity of the
clustering in each time step is decreasing significantly) or other patterns related to areas
becoming less hot/ intense. Although the current results did not show any statistically
significant diminishing hot spots, with the exception of the four new hot spots and one
persistent hot spot, the patterns that emerged across the ten-year period were generally
positive. There were no intensifying or historical hot spots, indicating that micro-locations
did not significantly gain more density (i.e., more shootings) over time or stay consistently
hot, except for the most recent time bin/year (2018), respectively.

With regard to finding no (zero) diminishing hot spots, it is possible that a diminishing
pattern would be detected if six-month time bins had been used instead of one-year time
bins or if the time span for the emerging hot spot analysis ended before 2018, during a
time when the intervention was operating with strong fidelity. By late 2018, the City of
Philadelphia had a new mayor (whose tenure began in 2016) and a new district attorney
(i.e., local prosecutor). At that time, city leaders had begun to discuss how to revitalize the
strategy and start anew.2

The generally positive findings should be coupled with potentially negative results
showing the emergence of 14 new hot spots. As mentioned in the results section, some
of these new locations were edges of areas that were statistically significant hot spots in
the pre-intervention period (Figure 3). These spatial changes could be indicative of the
displacement of shootings. It is important to note that a new hot spot does not necessarily
signify shootings in the focal polygon depicting the pattern type; it could be indicating a
high “local mean” for that bin because the designation of a hot spot takes into consideration
its Space-Time neighbors. Although not shown, the underlying data reveal that six (6) of
the fourteen focal TPs designated “new” hot spots had zero shootings across the ten-year
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period; instead, it is the adjacent TPs that experienced the increase over time. Nevertheless,
the designation of “new” represents a significant increase in the mean number of shootings
in the latter year of the time series, likely worthy of stakeholders scrutinizing the increase
for intervention purposes (assuming multiple shootings are not linked to one mass shooting
event). In one of the TPs designated a new hot spot, there had been one shooting in each of
the three early years in the time series (2011 through 2013), but then the TP experienced
zero shootings until 2018 when it had four shootings in 12 months and then one in 2019.
Because the measure of shootings represents the number of victims, it may be that these
four shootings were tied to one criminal event. Regardless, the three shooting incidents in
such a small area (roughly 0.02 square kilometers) across three years should have warranted
attention by public safety leaders in the early years of the time frame. Perhaps sustained
investment at that time could have prevented the resurgence of gun violence in later years,
regardless of whether violence was displaced via mechanisms involving the same actors or
new actors and behaviors not tied to groups or group members. Recognizing diminishing
patterns early allows for proactive measures to sustain the positive trend, and there are
various ways to do so, including addressing root causes, engaging with the community, or
adjusting policing strategies. Importantly, the simple-to-understand data fields generated
by the emerging hot spot analysis (e.g., basic descriptive statistics on the polygon units)
can be used by public safety strategists interested in fine-tuning interventions or new
strategizing and resource provision at micro-locations.

Because we cannot be certain that any crime trends, the movement of hot spots or the
emergence of new hot spots detected in the current study resulted from (i.e., was caused
by) the intervention, future evaluative studies of policing interventions should couple
descriptive analyses, such as those with a rigorous quantitative and qualitative assessment
of displacement. Mixed method study designs help contextualize results from findings
showing that displacement likely occurred. Nevertheless, descriptive analyses can play
a critical role in understanding the dynamics of gun violence, guiding interventions, and
informing and prioritizing policy choices. Descriptive analyses also provide a valuable
starting point for further research. For instance, deep historical analyses of time series that
span longer than a decade, including predictive risk analyses, may help uncover distinctive
factors that can be addressed by prevention efforts. In addition, extending analyses to
the entire city or comparing with other cities can further an understanding of the factors
associated with gun violence risk and resiliency.

In addition to the current study’s inability to infer causality, other limitations should
be mentioned. First, the measure of shooting victims used in the analyses comprises all
shootings in the target area, not a subset of shootings tied to gang motivations and/or
members. Hence, the changes and patterns that emerged over time capture all motives and
individuals engaged in shooting behavior, not just individuals affiliated with street groups.
Relatedly, we did not have access to street group set spaces (i.e., territories of activity/core
spaces where the groups hang out), which would have enabled us to put forth new theories
for hypothesis testing about street group processes of the particular street groups targeted
by focused deterrence. We do know, however, according to the prior evaluations, that
four of the street groups (out of fourteen) that were targeted and received the intervention
continued shooting at the same rate or even at higher levels after the implementation of
the intervention. The picture that emerges from the analyses herein generally comports
with those findings, showing changes in the positive direction but also some negative.
In Philadelphia, most group/gang-related information is considered “intelligence” infor-
mation by Pennsylvania law, and hence, law enforcement agencies tightly restrict (and
sometimes deny) research access to group/gang data. Furthermore, Philadelphia’s law
enforcement agencies do not include “gang-related” as an official motive in public data on
homicides and shootings, and hence, any attempt to collect this information likely means
new or prospective data collection and/or time-consuming city-level processes to set up
data sharing agreements. Most urban police agencies across the United States similarly
protect and restrict access to these types of data elements (Katz 2003).
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Even without access to Philadelphia street group motives, membership, and set space
data, the current findings reveal informative patterns. The different patterns highlight how
policing strategies could benefit from micro-level analyses, such as the ones included here.
This type of nuanced categorization can help law enforcement agencies tailor interventions
to better address the different pattern types. Different strategies may be needed to address
violence that is on the rise, persistently high, or showing signs of decline. Even though
group-based crime is very difficult to observe and measure, the current study’s small-area
analyses, using Thiessen polygons, generated a range of pattern types, reminding us, as
past studies have done (see, for instance, Brantingham et al. 2019; Walter et al. 2023a;
Weisburd et al. 2013), that examining changes in violence at very small spatial scales is
critical to understanding and addressing criminal behavior and street groups.
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Notes
1 We use the terms “street group” to denote groups of teenagers and young adults engaged in typically group-based violence, that

tend to be loosely structured, often with informal roles of leadership. This definition sets these groups apart from more organized
groups such as drug trafficking organizations, or motorcycle gangs. Not all members of street groups engage in violent behavior.
They most often have transient leadership and membership. In some aspects, this term can be used interchangeably with “street
gangs”. In Philadelphia, local leaders referred to these groups as “gangs”.

2 https://www.inquirer.com/news/philadelphia-focused-deterrence-david-kennedy-group-violence-intervention-20191206.html
(accessed on 18 December 2022).
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