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Abstract

Purpose – A considerable amount of police evaluation research focuses on innovative approaches to reduce
crime at places. This is hardly coincidental; policing and place-based scholars have found crime is highly
concentrated, and when police focus on these places, they can prevent and reduce crime. The regularity of such
findings ledWeisburd (2015) to assert the existence of a “law of crime concentration.”Given that bold assertion,
the authors test whether the law of crime concentration is generalizable to one of the most common public
safety concerns that police handle—traffic crashes.
Design/methodology/approach – To determine whether the law of crime concentration applies to traffic
crashes, the authors examined crash locations and times in all counties in Utah across four years. Following
and expanding onWeisburd’s methods, the authors calculate the bandwidth of concentration for these crashes
and analyze various types by severity and possible explanations for variations in crash concentrations across
the state.
Findings – A small proportion of street segments and intersections experience a disproportionately high
number of crashes, and the degree of concentration of crashes may be even higher than that of crime. Further,
there are variations in the levels of crash concentration across counties and in the severity of injuries resulting
from the crashes.
Practical implications – Place-based criminologists and policing scholars have not often explored traffic
crashes in their analyses. Yet, traffic problems take up a significant amount of law enforcement time and
resources and are often priorities formost law enforcement agencies. Givenwhat the authors know from traffic,
policing and crime and place research, targeted approaches at micro traffic crash hot spots can be beneficial for
public safety prevention.
Originality/value – This study is the first to explore the application of Weisburd’s Law of Crime
Concentration to traffic crashes. Given that police spend a significant amount of time and resources on traffic-
related problems in their jurisdiction, finding more effective, evidence-based approaches to address this public
safety concern should be a high priority for police and researchers alike.

Keywords Evidence-based policing, Crash prevention, Crime concentration, Environmental criminology,

Traffic crashes, Traffic law enforcement, Hot spots

Paper type Research paper

Introduction
A great deal of police evaluation research focuses on innovative approaches to reduce crime
at places. This is hardly coincidental, as there is a substantial overlap between policing and
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place-based scholarship, crime prevention and crime analysis. Place-based and
environmental criminologists continue to find that crime concentrates geographically at
specific “micro” locations, and when the police focus on these places, they can effectively
reduce crime. The regularity of these findings led Weisburd (2015) to declare the
concentration of crime so common that it can be considered a “law.”

Assertions of laws or general theories are rare in criminology and naturally prompt
questions about their universality and application to various public safety issues that
communities face. One significant public safety concern much less explored in crime, place
and policing research is traffic accidents and crashes. Traffic problems are a significant part
of how the police spend their time and resources. Does the law of crime concentration
generalize to traffic crashes? Are traffic crashes similarly and highly concentrated at micro
places such that most traffic crashes occur with a very small proportion of street segments? If
so, does this alsomean that place-based theories and interventions applied in policing to those
micro places are also relevant to traffic problems?

In this study, we are the first to explore the generalizability of Weisburd’s Law of Crime
Concentration to traffic crashes. We do so by analyzing all crashes in every county in Utah
and calculating crash concentration in similar ways as Weisburd for each jurisdiction. If the
law is applicable, the implications for preventing traffic crashes are significant, given what
traffic scholars have already discovered about causes and interventions for crashes and
fatalities and what we know about policing and public safety prevention more generally.

The law of crime concentration and traffic crashes
Scholars of policing, environmental criminology, and crime and place have continued to build
strong theoretical and empirical support for a simple but powerful generalization: crime and
disorder concentrate geographically at specific locations (see Eck et al., 2007; Groff et al., 2010;
Johnson and Bowers, 2004; Madensen and Eck, 2008; Park and Lum, 2021; Sherman et al.,
1989; Smith et al., 2000; Weisburd and Eck, 2018; Weisburd et al., 2004; Weisburd et al., 2012,
2016; Wikstr€om et al., 2012). Moreover, even within seemingly socioeconomically
homogenous neighborhoods or communities, crime patterns exhibit high levels of street-
by-street variations (see Gill et al., 2017; Hibdon, 2013; Sherman et al., 1989; Weisburd and
Amram, 2014; Weisburd and Green, 1995; Weisburd et al., 2004, 2009, 2012, 2016; Wheeler
et al., 2016). Studies have also shown that these micro-geographic concentrations of crime are
likely stable over many years (Andresen et al., 2017; Curman et al., 2015; Groff et al., 2010;
Weisburd et al., 2004).

This corpus of research led Weisburd (2015) to assert in his Sutherland Address for the
American Society of Criminology the existence of a “Law of Crime Concentration.” He noted
that study after study has shown that crime tends to concentrate “within a narrow bandwidth
of percentages for a defined cumulative proportion of crime” (p. 132). He found that when
reverse ranking street segments from those with the most to the least crime (see Sherman
et al., 1989), about 50%of crimewas concentrated in just 4.2–6%of larger cities’ highest crime
street segments. He also confirmed the preliminary finding byHibdon (2013) that crimemight
be even more concentrated in less-populated cities he examined. Between 2.1 and 3.5% of
street segments held 50% of crime at street segments in less populated places. These findings
have also not been limited to the United States, suggesting the law holds in other countries
(see, e.g. Curman et al., 2015, in Vancouver; Weisburd and Amram, 2014, in Tel Aviv-Jaffa;
Jaitman and Ajzenman, 2016, in five Latin American cities; Park and Lum, 2021, in all cities,
towns and counties in the England and Wales) [1].

Environmental and crime and place scholars posit that the reasons for these
concentrations—especially at very specific locations even within seemingly
socioeconomically homogenous communities—are likely a combination of intersecting
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routines activities, environmental factors and physical structures at those places that create
opportunities for crime (Brantingham and Brantingham, 1993; Eck et al., 2007; Sherman et al.,
1989; Weisburd et al., 2012, 2016). Something about this intersection seems to draw crime and
disorder to it, rather than that intersection two blocks away. Such research goes hand-in-hand
with evaluation studies that have found that when communities and law enforcement
agencies target these crime and disorder concentrations at specific places with problem-
solving, proactive or community-oriented interventions, they can reduce and prevent crime at
those locations (for reviews of this research, see Braga et al., 2019; Lum and Koper, 2017;
National Research Council, 2004; National Academies of Sciences, 2018).

Assertions of laws and generalized theory are rare in criminology and naturally prompt
questions about their universality and generalizability. The crime concentration research has
focused almost exclusively on crime (e.g. violence, property crime, thefts, frauds) and
disorders (e.g. vice, public intoxication, noise, graffiti, minor juvenile delinquency). However,
one significant public safety concern often ignored in this research (and policing studies more
generally) has been traffic crashes and fatalities (including those involving pedestrians). This
omission is unwarranted for several reasons. According to the CDC, traffic crashes are the
leading cause of death in the United States for people under 55 [2] and a significant public
safety concern, particularly after the COVID-19 pandemic [3]. Traffic-related concerns are one
of the most frequent types of 911 calls for service from citizens that the police receive.
Examining computer-aided dispatch data from nine police agencies, Lum et al. (2022) found
that traffic-related calls for service averaged 17%of all calls and could be as high as a quarter
of all calls in some agencies. To put this in perspective, traffic calls to the police are, on
average, 13 timesmore frequent than calls related tomental health concerns, three timesmore
than calls for violence and 1.6 times more than calls related to property offenses. Traffic
enforcement is also one of the most common activities that uniformed patrol officers
proactively engage in when not responding to 911 calls (see Lum et al., 2020). In total, a large
portion of public safety expenditures are devoted to responding to traffic problems or
enforcing traffic safety laws.

Extensive transportation research has already found that traffic accidents and crashes
occur more frequently in certain places and times and has also explored the behavioral
routines and environmental causes and correlates of traffic crashes. Some of these studies
focus on larger place and time units, such as higher-density city centers (Alkhadour et al.,
2021; Dezman et al., 2016; Rahman et al., 2020; Zhang et al., 2022) or during congested traffic
hours (Li et al., 2020; Plug et al., 2011; Zhang et al., 2022). However, a large body of
transportation research examines specific behavioral and environmental factors contributing
to crashes. This corpus of knowledge is too large to do justice to here, but several meta-
analyses illuminate this point. Behavioral factors contributing to crashes have included
speeding and aggressive driving (NHTSA, 2022; Su et al., 2023), impaired driving (Elvik,
2013), sleepiness (Bioulac et al., 2017), poor decisions and distracted driving (Shaaban and
Ibrahim, 2021), texting (Caird et al., 2014), lack of familiarity with the location (Intini et al.,
2019) and other errors (e.g. de Winter and Dodou, 2010). Environmental factors such as road
conditions (Høye and Hesjevoll, 2020), weather (e.g. Saha et al., 2016), lighting (Elvik, 1995),
signage (Fisher et al., 2021a, b) or the presence of road calming interventions (Elvik, 2001) also
can increase (or decrease) the probability of crashes at specific locations. Scholars have also
explored the complex interactions between these behavioral and environmental factors (e.g.
Alarifi et al., 2018; Bassani et al., 2020; Cai et al., 2018; Castro et al., 2012; Wang et al., 2017).

Traffic studies in many ways mirror the crime concentration (and intervention)
scholarship in criminology and policing. The research supporting the law of crime
concentration also indicates that “everyday” behaviors and environmental conditions
contribute to crime occurring at specific places (Felson and Boba Santos, 2009). Given these
theoretical parallels, wemight hypothesize that traffic crashes spatially concentrate similarly
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to crime. Some research behind the Data-Driven Approaches to Crime and Traffic Safety
“DDACTS” program supports this possibility (with caveats—see Wu and Lum, 2019; Wu
et al., 2021). DDACTSwas developed by a partnership between the National Highway Traffic
Safety Administration (NHTSA) and components of the Department of Justice and
implemented in several communities starting in 2008 (Cournoyer, 2011; NHTSA, 2013,
2014). Underpinning DDACTS was the theoretical proposition that those involved in traffic
violations and crashes may also be more likely to be involved in crime and disorder
(Michalowski, 1975) and that hot spots of traffic crashes also tended to be hot locations for
crime (Carter and Piza, 2018; Giacopassi and Forde, 2000; Kuo et al., 2013; Stuster, 2001). The
idea behind DDACTs was that analysis could show the co-location of crime and traffic
incidents, which might justify highly visible traffic enforcement initiatives that could combat
both (Burch and Geraci, 2009). We do not discuss the merits (and challenges) of the DDACTS
program here, but note the parallels others have tried to make between the geographic
patterning of crime and traffic accidents in the context of the generalizability of the law of
crime concentrations.

On the other hand, driving is ubiquitous, and the number of possible road segments and
intersections in which a crash could occur could be argued as much more extensive than
places where crime could happen. Perhaps intersecting behavioral and environmental factors
are less spatially discerning (or more widespread) than the opportunities leading to crime and
disorder. For example, while traffic accidents and crashes might occur at certain places,
perhaps that concentration is lower than that of crime (e.g. instead of 50% crashes in 5%of all
segments and intersections, they are in 20%). This leads us to the question of this inquiry:
Would the law of crime concentration also apply to traffic crashes?

Data and method
To explore this question, we examined all crashes within each of the 29 counties in Utah, [4]
where traffic crashes and fatalities have been a significant concern. Between 2019 and 2021,
fatalities involving vehicles, motorcyclists and pedestrians increased, only slightly declining
in 2022 [5]. As with many states, a significant portion of Utah’s public safety budget focuses
on traffic safety. In the first quarter of 2023 (at the time of writing), the US Department of
Transportation had invested $3.2m in funds for six road safety projects in Utah (Williams,
2023a). Utah also contains many small towns and rural areas. As NHTSA’s National Center
for Statistics and Analysis (NCSA) has reported, rural locales often have higher crash
fatalities per capita than their urban counterparts, and Utah is no exception (NCSA, 2022; see
also Hasson, 1999). Traffic safety concerns have prompted several communities and leaders
in Utah to call for more attention to reducing vehicle crashes (see, e.g. Bree, 2022; Park, 2022;
Williams, 2023b).

We examine crashes across an entire state because doing so allows us to test Weisburd’s
law in heterogeneous jurisdictions that fall under similar traffic laws and mandates.
Weisburd’s law (as applied to traffic crashes) would assert that the narrow bandwidth of
concentration would apply to different types of jurisdictions (i.e. suburban, urban, rural and
mixed-use communities), with different levels of traffic crashes and severity of crashes, and
consistently from year to year. Appendix 1 displays several characteristics of each of the 29
counties in Utah, showing high variations in population density, numbers of street segments
and intersections, crash frequencies at both street segments and intersections, and median
length of street segments. As such, Utah’s 29 counties vary significantly in geography and
demographics, providing an excellent opportunity to examine the generalizability and
application of Weisburd’s law to traffic crashes.

This study uses Utah’s Department of Transportation (UDOT) crash data from its Traffic
and Safety Division to calculate the concentrations of crashes in each county in the state [6].
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This data provides the precise location of each recorded crash (latitude and longitudinal
coordinates); the factors that contributed to each crash and injury (e.g. drunk driving, teenage
driver involved, night dark condition or not wearing a seatbelt); and the severity of the injury
resulting from each crash. We group crashes into three categories for our analysis: (1) all
crashes, (2) low-severity injury crashes (LSI) and (3) high-severity injury crashes (HSI). LSI
crashes include those with no injury, possible injury or suspected minor injury. HSI crashes
include events where a severe injury or fatality was recorded. In addition, we examine four
(rather than one) years of crash data to determine if concentration levels are stable across
multiple years.We chose themost recent years inwhich datawere available thatwould not be
impacted by the significant disruption in driving routines brought on by the COVID-19
lockdowns of 2020 and 2021. In total, we included 252,485 crashes from 2016 to 2019 for our
analysis [7].

LikeWeisburd, we calculate crash concentrations at street segments created using arcs in
a geographic information system [8]. These arcs are portions of streets or roads separated by
intersecting streets. Highways or interstates were segmented by ramps, exits or other merge
points. However, we also separately calculate the concentration of crashes at intersections,
given that many occur at intersections. To determine the number of traffic crashes at every
street segment and intersection in Utah, we geocoded [9] each crash location to the street
segment or intersection where it occurred, using street networks provided by the Utah
Geospatial Resource Center.[10] The crash datawas verymappable; only 15 crashes could not
be geocoded for this analysis.

We summed the total number of events at each street segment or intersection and ranked
the segments and intersections frommost to least crashes.We then calculated the cumulative
percentage of crashes in that ranking (a calculation initially developed by Sherman et al.,
1989). This cumulative percentage then allowed us to calculate what proportion of
intersections or segments held 25%, 50%, 75% and 100% of all crashes for each of the 29
counties and each year examined. We repeated these calculations for LSI and HSI crashes to
determine if the law of crash concentrations also holds for minor and more severe crashes.

Results
Overall concentrations for all crashes
Table 1 shows, for all crashes, the average percentage of street segments or intersections in
which each proportion of crashes is concentrated across the 29 Utah counties (see Appendix 2
in the supplemental material for the specific concentrations for each Utah county fromwhich
this table derives). The minimum and maximum percentages reveal the range of these
concentrations across the 29 counties. Counterintuitively, the minimum percentage reflects
the “highest” or “tightest” concentration (crashes are within that percentage of segments or
intersections), and the maximum percentage reflects the opposite (the county in which traffic
crashes are the most dispersed—albeit still very concentrated).

% Of all crashes
Percentage of street segments Percentage of intersections

M (%) SD (%) Min (%) Max (%) M (%) SD (%) Min (%) Max (%)

25% 0.14 0.08 0.02 0.36 0.17 0.11 0.04 0.46
50% 0.52 0.30 0.06 1.15 0.56 0.37 0.10 1.42
75% 1.70 1.06 0.25 4.03 1.56 1.18 0.21 4.02
100% 6.88 5.50 1.33 22.91 5.53 6.59 0.25 23.73

Note(s): M 5 mean. SD 5 standard deviation
Source(s): Table by authors

Table 1.
Average crash
concentration
calculations for 25%,
50%, 75%and 100%of
all crashes across
29 Utah counties
(2016–2019)
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Table 1 reveals four provocative findings. First, on average, crashes are incredibly
concentrated in Utah.All crashes (100%) in the state’s counties from 2016 to 2019 occurred in
just 6.9% of the street segments in Utah and 5.5% of street intersections. This concentration
is especially evident when examining 75% of total crashes: the vast majority of crashes in
Utah occur in less than 2% of the entire state’s street segments and intersections. Second,
Table 1 illustrates thatWeisburd’s law generally applies to traffic crashes. The bandwidth of
concentrations across the 29 counties, reflected in the minimum and maximum values, is
fairly narrow, except when examining 100% of all crashes. For example, using Weisburd’s
(2015) and Sherman et al.’s (1989) “50%” threshold, concentrations range from 50%of crashes
occurring in 0.06–1.15% of street segments and between 0.10 and 1.42% of all intersections.
The bandwidth for 75% of all crashes is 0.25–4.03% of street segments and 0.21–4.02% of
intersections. To put this into perspective, in Beaver County, 75%of all of its crashes between
2016 and 2019 can be linked to just 20 street segments and 28 intersections. Third, these
concentrations also appear stable over the four years (more on this later). And fourth (and
most interesting), these stable concentration levels appear even more concentrated than
Weisburd’s crime concentration findings. For example, if looking at 50% of crashes, our
concentrations appear to be at least five times (if not many more times) more concentrated
than crime, a hyper-concentration that persists over four years.

Whether a bandwidth of 0.06–1.15% for 50% of all crashes at street segments would be
considered “narrow” is a debate already discussed by Park and Lum (2021). If traffic crashes
are already naturally highly concentrated (which they are, even at the 100% threshold),
“narrowness” may be relative. Perhaps of more practical importance is what might explain
the variations that we see across counties. For our analysis here, we examine whether the
population density of a county might predict differences in crash concentrations [11].
Figure 1(a-d) plots the concentrations (for 25, 50, 75 and 100%, respectively) of all crashes at
streets and intersections against the overall population density of counties as denoted from
highest population density (ranked “1”) to lowest density (ranked “29”), from left to right.
R-squared values in each graph represent the correlation between the levels of crash
concentration and population density in a nonlinear regression model.

Figures 1c and 1d show higher R-squared values than Figures 1a and 1b, supporting the
argument that population density can explain the variations of crash concentrations,
especially when we use the 75% or 100% of all crashes threshold (R2 5 0.61 for street
segments andR25 0.84 for street intersections) and 100% (R25 0.86 for street segments and
R2 5 0.92 for street intersections) of crashes. At 25% or 50% of all crashes, correlations
between concentration statistics and population density are lower but still substantial,
especially for intersections. But overall, Figure 1 indicates that the less population dense a
jurisdiction is, the more concentrated crashes are (i.e. more crashes are concentrated in an
even smaller number of street segments and intersections).

Crash concentration by severity of injury
Additional insights are revealed about the spatial concentration of traffic crashes comparing
traffic crashes by injury severity. Table 2 displays the average crash concentration
calculations for LSI and HSI crashes for 25%, 50%, 75% and 100% of each type of crash at
street segments and intersections across the 29 Utah counties (Appendix 3 provides the
specific calculations for each of the 29 counties for LSI and HSI).

Table 2 shows the similarities between concentrations of all crashes and LSI crashes,
given that LSI crashes constitute approximately 98% of all crashes in the dataset. However,
HSI crashes are evenmore highly concentrated than LSI (and all) crashes. This may be due to
HSI crashes (n5 5,652) being rarer than their LSI counterparts (n5 246,844). But even if they
are rarer, this finding is interesting, given that other rare crime events (e.g. homicide) are
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Percentage of street segments Percentage of intersections
Crash M (%) SD (%) Min (%) Max (%) M (%) SD (%) Min (%) Max (%)

25% of . . .
All crashes 0.14 0.08 0.02 0.36 0.17 0.11 0.04 0.46
LSI crashes 0.14 0.07 0.02 0.30 0.17 0.11 0.04 0.46
HSI crashes 0.08 0.04 0.02 0.18 0.08 0.07 0.01 0.26

50% of . . .
All crashes 0.52 0.30 0.06 1.15 0.57 0.37 0.10 1.42
LSI crashes 0.51 0.30 0.06 1.15 0.56 0.37 0.08 1.42
HSI crashes 0.22 0.12 0.05 0.58 0.22 0.21 0.02 0.67

75% of . . .
All crashes 1.70 1.06 0.25 4.03 1.56 1.18 0.21 4.02
LSI crashes 1.67 1.06 0.25 4.01 1.54 1.19 0.17 4.04
HSI crashes 0.44 0.25 0.14 0.98 0.40 0.43 0.04 1.43

100% of . . .
All crashes 6.88 5.50 1.33 22.91 5.53 6.59 0.25 23.73
LSI crashes 6.71 5.47 1.30 22.74 5.44 6.54 0.21 23.51
HSI crashes 0.65 0.38 0.22 1.55 0.58 0.66 0.04 2.28

Note(s):M 5 mean. SD 5 standard deviation
Source(s): Table by authors
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sometimes believed to be more distributed in space than more common events (e.g. auto
thefts). For crashes, fatal events are more highly concentrated and, therefore, perhaps even
more predictable than, for example, homicides. We return to this discussion later.

As with all crashes, population density may explain some of these patterns in LSI and HSI
crashes. Figure 2 shows that the concentrations of LSI vary significantly across counties by
different population densities at 75% and 100% concentrations compared to HSI (see Figures
2c and 2d). In counties with higher population density, LSI crashes have more proportions of
street segments that hold 75% and 100% of crashes than counties with lower population
density. Figure 2d shows this is especially true when considering all LSI crashes, not just the
top 25% of high-crash segments. This was less the case with all HSI crashes, which did not
seem as influenced by population density. This means relatively fewer street segments
generated HSI across the counties, regardless of population density. The concentration of
crashes with LSI and HSI on street intersections exhibits similar patterns as those on street
segments (not shown).

Stability of crash concentration across time
As with crime concentrations (see Weisburd et al., 2004), places where crashes concentrate
may be the same over time as they exhibit stable features that make them more prone to
crashes. We emphasize that we do not replicate Weisburd et al.’s (2004) trajectory analysis
here, and it is possible that the locations of the small proportion of street segments in which
most crashes occur change from year to year. We calculated yearly crash concentrations for
25%, 50%, 75% and 100% across the 29 counties for 2016, 2017, 2018 and 2019 for street
segments and intersections.While the data is too voluminous to display, we graphically show
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our calculations for 75% of all crashes at street segments and intersections in Figure 3 to
emphasize our point (figures for 25, 50 and 100% of all crashes look similar) [12]. Figure 3
shows that the level of crash concentration remains stable (and highly correlated across
jurisdictions) over the four years of data we collected for each county.
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Discussion and practical applications
Our analysis confirms thatWeisburd’s law of crime concentration doesn’t just apply to crime
and disorder; the lawmay also apply to traffic crashes. While the variability in concentration
(and the explanations for this variability) might make Weisburd’s law more of an equation
than a law (Park, 2019), the similarities are nonetheless striking. Indeed, traffic crashes may
be even more highly concentrated than crime and disorder. Further, these concentrations
appear stable over four years of traffic crash data.

These results are provocative for several reasons. Most practically, the police and other
public safety groups working on traffic safety can identify the 1–2% of street segments or
intersections (or less) in an entire county where most crashes will occur. In some counties in
Utah, this might be 20 or fewer places. Targeting those places (or the routine activity journeys
that lead to those crash sites—see Koper et al., 2021) for traffic law enforcement and prevention
activities would be the most efficient and strategic way for public safety agencies to expend
their resources for this problem. As with crime, transportation scholars have extensively
analyzed possible interventions to prevent and deter traffic accidents and crashes. Again, we
will not do justice to that large body of literature here, but we point to several systematic
reviews and evaluations of these interventions, from traffic calming approaches (Bunn et al.,
2003; Elvik, 2001), improving lighting (Elvik, 1995), licensing policies (Porchia et al., 2014), speed
cameras (Høye, 2014), road safety campaigns (Phillips et al., 2011) and other deterrence-based
approaches (see, e.g. Barnum and Nagin, 2021; Simpson et al., 2020; Stanojevi�c et al., 2018), to
name a few. Applying the evidence-base of traffic enforcement, prevention and deterrence,
much more strategically and specifically to the small number of street segments and
intersections where almost all crashes occur, seems like a straightforward solution.

.Unfortunately, the reality of implementing this solutionmay prove challenging. It is unclear
whether most police agencies strategically and systematically target their traffic enforcement
at places where traffic crashes concentrate. Lum et al. (2020) found that proactive patrol
activities are often characterized by high levels of individual officer discretion, low supervision
or guidance and are not driven by strategic intelligence. This is also true for traffic enforcement
activities (Wu and Lum, 2019; Wu et al., 2021). Additionally, the extensive evidence-base
developed by transportation scholars ismost likely not incorporated into academy, field or even
specialized law enforcement training (Lum and Koper, 2017). Because of this reality of traffic
prevention proactivity, it is also unclear whether policing, as practiced, has a measurable effect
on mitigating highly predictable traffic crash concentrations. Further, the lack of strategic
approaches to traffic crashes and the high levels of discretion in traffic enforcement may not
only lead to prevention ineffectiveness but also to racial and ethnic disparities found in traffic
stops, a problem well documented (see, e.g. Baumgartner et al., 2018; Brown and Frank, 2005;
Engel and Calnon, 2004; Fagan and Davies, 2000; Farrell and McDevitt, 2006; Lundman and
Kaufman, 2003; Pierson et al., 2020; Smith and Petrocelli, 2001).

Reducing the harms from traffic crashes and doing so without increasing the harms of
disparity in police activity may require agencies to pay much sharper attention to the very
specific and small number of locations we have identified in this study and think carefully
about how to approach them using the evidence-base for traffic crash prevention that already
exists. The differences in crash concentrations by population density and street segment
length also indicate that analysis and approaches used in urban environments may not be
transferable to rural ones, further emphasizing a problem-solving approach. As Clary (2018)
and Koper et al. (2021) have discovered, prevention strategies for rural HSI and fatal crashes,
for example, may need to start in places that are not the crash location but an origin locale,
such as a town bar.

This study is partially limited by the sample size of crashes at street segments and
intersections, especially within a single year. This also hinders the HSI and LSI analysis
because HSI crashes are rare. Future studies on spatial autocorrelation between HSI and LSI
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would provide more insight into low- and high-severity crash locations for prevention
strategies. Other crash concentration calculation methods (e.g. Lorenz curve, Gini coefficient
or Poisson distribution) could also be calculated for traffic crash concentration and yieldmore
insights. Additionally, the levels of spatial crash concentration variations may be larger or
smaller based on the boundaries of jurisdictions (spatial units) because the geographic
characteristics of jurisdictions impact crash concentration calculations. The four-year
temporal analysis may also be a relatively short time to measure temporal variations of
crashes, and COVID-19 changed driving routines (at least temporarily) in 2020 and 2021.
More analysis of those years would be helpful. Ultimately, more information on the specific
environmental and routine activities that contribute to crashes at the specific places identified
would be helpful to public safety agencies targeting these locations.

However, even with these limitations, the findings not only support Weisburd’s law, but,
more practically, emphasize to communities and the public safety agencies that serve them
that crashes can be predicted and prevented by taking a strategic, evidence-based and
targeted hot spots approach that relies on existing research knowledge in both the
transportation and policing arenas.

Notes

1. Some have questioned Weisburd’s law, arguing that concentrations may result from how they
are calculated (see, e.g. Hipp and Kim, 2017; Oliveira et al., 2017). Park and Lum (2021) also
pondered whether the bandwidth of crime concentrations could be characterized as “narrow”
given the variations that they discovered across multiple jurisdictions (although those
variations still indicated high levels of spatial concentration of crime). But generally, there has
been broad agreement that large proportions of crimes and disorders appear to be concentrated
in a much smaller number of streets or small places.

2. See https://www.cdc.gov/injury/features/global-road-safety/index.html.

3. See https://www.gao.gov/blog/during-covid-19-road-fatalities-increased-and-transit-ridership-
dipped.

4. The selection of Utah as the study location is purposeful, as the first author is a research partner
with public safety agencies in this state.

5. See https://udot.utah.gov/connect/2023/01/05/udot-and-dps-release-2022-traffic-fatality-numbers/.

6. Utah crash reports encompass incidents involving injuries, fatalities or property damage exceeding
$2,500 (see https://highwaysafety.utah.gov/crash-data/)

7. The total number of crashes (252,485) slightly differs from the total number of crashes at street
segments and intersections listed inAppendix 1 (252,683) due to including crash counts that overlap
on street segments connecting to other counties, such as interstate highways.

8. See https://support.esri.com/en-us/gis-dictionary/arc.

9. The authors used ArcGIS Pro 2.5 using the Utah Coordinate System of 1983 Central Zone.

10. See https://gis.utah.gov/data/transportation/roads-system/. If a crash coordinate did not fall on a
street segment or location on this roads map, it was geocoded to the closest segment or intersection
as determined by ArcGIS.

11. The authors could have just as well used average street segment length, given that Park (2019) has
found a strong negative correlation between a jurisdiction’s population density and average street
segment length. This strong negative correlation also exists in Utah’s counties (r5�0.58, p < 0.001).

12. Piute, Daggett and Wayne counties are excluded from Figure 3(b) due to the small number of
crashes at intersections in those counties.
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Appendix 2

Street Intersection
County 25% 50% 75% 100% 25% 50% 75% 100%

SALT LAKE 0.19 0.94 3.90 22.91 0.36 1.22 3.98 23.73
DAVIS 0.13 0.52 2.34 15.78 0.29 1.07 3.38 17.09
WEBER 0.25 1.15 4.03 16.86 0.46 1.42 4.02 18.95
UTAH 0.10 0.58 2.59 15.24 0.36 1.24 3.81 17.29
CACHE 0.21 1.07 3.79 14.52 0.36 1.20 3.53 15.86
WASHINGTON 0.21 0.78 2.56 9.80 0.21 0.71 2.06 9.75
WASATCH 0.17 0.65 2.11 9.70 0.19 0.70 2.36 7.70
SUMMIT 0.24 0.75 2.20 9.79 0.12 0.44 1.58 6.33
MORGAN 0.13 0.34 0.84 4.26 0.18 0.41 0.99 1.63
SANPETE 0.19 0.70 2.15 5.77 0.23 0.90 2.40 4.06
IRON 0.12 0.46 1.48 5.67 0.13 0.45 1.31 4.44
CARBON 0.25 0.97 2.93 7.94 0.17 0.62 1.63 4.48
SEVIER 0.07 0.27 1.00 4.06 0.12 0.46 1.26 2.24
TOOELE 0.12 0.46 1.87 7.13 0.07 0.23 0.88 4.05
BOX ELDER 0.13 0.48 1.77 8.81 0.19 0.79 2.27 5.96
UINTAH 0.11 0.49 1.53 4.04 0.10 0.30 0.87 2.43
DUCHESNE 0.25 0.86 2.35 6.05 0.10 0.46 1.49 3.04
JUAB 0.05 0.14 0.55 3.18 0.16 0.55 1.07 1.56
GRAND 0.05 0.18 0.55 1.45 0.04 0.10 0.29 0.72
BEAVER 0.02 0.06 0.25 1.92 0.08 0.24 0.47 0.71
EMERY 0.08 0.33 0.95 3.62 0.18 0.61 1.03 1.48
RICH 0.06 0.21 0.52 2.20 0.12 0.35 0.62 0.85
MILLARD 0.05 0.16 0.55 2.49 0.15 0.44 0.87 1.31
SAN JUAN 0.06 0.24 0.81 2.41 0.05 0.17 0.44 0.71
KANE 0.13 0.36 0.88 2.91 0.05 0.19 0.55 1.06
PIUTE 0.11 0.22 0.54 1.33 0.04 0.12 0.21 0.25
DAGGETT 0.36 0.91 1.75 3.51 0.31 0.52 0.83 1.03
WAYNE 0.13 0.52 1.51 3.21 0.11 0.25 0.43 0.57
GARFIELD 0.10 0.40 1.11 3.04 0.06 0.24 0.62 1.08
Average 0.14 0.52 1.70 6.88 0.17 0.56 1.56 5.53

Table A2.
All crash

concentrations
calculations for 25%,

50%, 75%and 100%of
crashes at street
segments and

intersections for all 29
counties in Utah

Analysis of
traffic crash

hot spots
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Table A3.
Crash concentrations
calculations for 25%,
50%, 75%and 100%of
various categories of
crashes at street
segments and
intersections for all 29
counties in Utah
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