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from 2019 to 2021. It builds two spatial models with a wide range of built environment Revised: 22 February 2023
elements and sociodemographic information. Findings indicate that the retail and office Accepted: 4 March 2023
LU proportion, bus stop density, and density of roads of less than 40 miles per hour are

positively linked with crime rates. Conversely, block groups' median income, population Key words:
density, and tenure length are inversely associated with crime rates. Single-family geography of crime,
houses experienced more violent crime in low-income neighborhoods and less in high- built environment,
income neighborhoods. Bus stop densities in downtown were more positively associated COVID-19,
with violent crime in 2020-2021 than in the pre-pandemic time. This study advances spatial error model,

understanding related to the BE-crime relationship during the pandemic, sheds new Geographically Weighted Regression
light on street-related BE, and leaves essential evidence for local policymakers in Detroit.
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1. Introduction

Crime rates and their severity have spatial and
temporal dimensions in which scholars have long
shown an interest. The physical features and Built
Environment (BE) around this spatially concentrated
phenomenon (i.e., crime) play vital roles in its
generation (MacDonald, 2015). Over the last few
decades, a large body of literature has underscored
the effects of and associations between a wide
range of BE elements. These studies have primarily
focused on different land uses (Harrell, 1994; Taylor
et al., 1995; Greenberg et al., 1982; Anderson,
2013; Sohn, 2016), schools (Matthews et al., 2010),
business places (Wilcox, 2003), liquor stores,
pawnshops, motels (Liggett et al., 2001; Loukaitou-
Sideris, 2006), abandoned building (LaGrange et
al., 1992), and poor visibility (MacDonald, 2015).
Another major group of studies has discussed the
roles of road-related BE variables. The micro-scale
theorists have accentuated the importance of streets
and their attributes in crime studies (Groff et al,,
2010). These studies have revealed the effects of
different types of streets, including thoroughfares
(MacDonald, 2015), major streets and alleys
(Brantingham & Brantingham, 1993; Loukaitou-
Sideris, 2006; Johnson & Bowers, 2010), and street
attributes, including lighting (Loukaitou-Sideris,
2006), bus stops (Loukaitou-Sideris et al., 2001),
intersections (Sohn, 2016), and sidewalks (Hong
and Chen, 2014). However, the understanding of
the BE—crime relationship is not sufficiently studied
in many major crime-prone US cities. Lately, the
various types of crime have been affected due to
COVID-19 in different ways (Ashby, 2020; Boman
& Gallupe, 2020; Hodgkinson and Andersen, 2020;
Syamsuddin et al., 2020; Payne et al., 2021). Some
crimes have dropped or remained unchanged,
while some other crimes have increased. This made
the question more interesting as to whether the
association of BE elements and crime rate changed
during this pandemic.

The study area of this research is the city of
Detroit, which is the largest city in Michigan state.
This city is one of the most violent cities in the US
(Fieldstadt, 2020; Schiller, 2021). Detroit has had
a long history of continued outward migration,
the foreclosure crisis, and bankruptcy over the
last several decades (Larson et al., 2019). During
the COVID-19 pandemic, Michigan has been
moderately affected in the US. Criminologists
have anticipated the future effects of the economic
downturn on Detroit’s social sphere (Felson et al.,
2020).

We did not find too many studies discussing in
detail the effects of BE on crimes in Detroit. Further,
there is a dearth of literature on the relationship
between BE and crime during this pandemic. The
past studies are mostly limited to crime data from
2020 and insights during the later years (e.g., 2021)
are scant. To fill the research gaps, the objective of
this study is to (1) explore the spatial changes in
property crimes and violent crime rates in 2020
and 2021 from 2019, (2) formalize the spatial
association of BE and crimes rates in pre-COVID
time (i.e., 2019) and during-COVID time (i.e., 2020
and 2021), and (3) look for the local changes in the
association of BE with crime due to COVID-19 in
Detroit.

The rest of the study is organized into four
more sections. The next section discusses the
literature on the relationship between BE and
crime rates and changes amid this pandemic. The
data sources, processing, variable description, and
methodological descriptions are discussed in the
third section. The fourth section reports the spatial
analysis and model results. The discussion on the
results and policy implications can be found in the
Conclusion section.

2. Literature review

The literature in criminology is centered around
several well-established theories, among which
social disorganization theory (Shaw & McKay, 1942)
and routine activity theory (Cohen & Felson, 1979)
are very prominent and influential. The former
theory assumes that individual behavior is shaped
by its environment and the influential nature of a
neighborhood or community. The routine activity
theory underscores the recurrent activities of victims
with a lack of guardianship as a favorable stage
for offenders to commit crimes. In the following
subsections, we discuss the built environment,
including land use and street attributes and the
changes in crime during COVID-19.

2.1. Crime and land-use-related Built
Environment

Over the last few decades, there has been a
noticeable resurgence of literature studying the
impact of BE on crime and shedding light from
multiple perspectives. Different land-use (LU)
types and zoning are the most common aspects of
BE that have widely received researchers’ attention.
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Among different LU types, most studies found that
commercial LU attracts criminal activity. This LU was
reported with a higher robbery rate in Washington
DC. (Harrell, 1994), higher vandalism rate in
Baltimore and Philadelphia (Taylor et al., 1995), and
a higher violent crime rate in Indianapolis (Stucky
& Ottensmann, 2009). In Atlanta, blocks with high
commercial and non-residential land use are also
associated with higher crime rates (Greenberg et al,,
1982). Also, single and multi-commercial areas are
more crime-prone than mixed land use (Anderson
et al., 2013). Mixed LU with storefronts facing the
streets helps to reduce criminal activity and acts as
an eye on the street (Loukaitou-Sideris, 2006). When
it comes to residential LU, single-use residential
areas are reported to be safer than mixed-use areas
(Greenberg et al., 1982; Anderson et al., 2013; Sohn,
2016). Interestingly, in some cases, high-density
residential units can be associated with more violent
crimes (Stucky & Ottensmann, 2009).

Several other land-use types are also considered
to attract criminal activities. For example, physical
signs of social incivilities including graffiti, litter,
and abandoned buildings (LaGrange et al., 1992),
liquor stores, pawnshops, and seedy motels (Liggett
et al.,, 2001; Loukaitou-Sideris, 2006) can be
considered as risk-prone establishments. With these,
building height can increase crime by lowering the
area's visibility and the sense of belongingness and
responsibility (Chang, 2011).

2.2. Crime and street-related built
environment

The features and environmental configurations of
streets play an essential role in attracting or deter-
ring crime. For example, the availability of different
kinds of streets, alleys, and desolated areas in the vi-
cinity of crime sites favors criminals being able to
escape after committing a crime (Loukaitou-Sideris,
2006). Criminal activities near major streets are easy
to perform for criminals (Brantingham & Brant-
ingham, 1993; Johnson and Bowers, 2010; Sargin
& Temurgin, 2010). Conversely, criminal activities
(e.g., burglary, drive-by shooting) are significantly
less common in cul-de-sacs and private roadways
(Lasley, 1996; Johnson & Bowers, 2010), and streets
away from highways or with no outlet (Hakim et
al,, 2001). High intersection density and street den-
sity are associated with lower residential crime den-
sity (Sohn, 2016). Findings related to transit stops
are city-specific and not uniform. For example, bus
stops are in close proximity to crime locations in
Chicago and Bronx (Block & Block, 2000), where-

as metros in Washington DC (Lavigne, 1997) and
bus stops in Lansing (Kooi, 2013) are relatively saf-
er. Bus stops are risky when they are close to alleys,
multifamily housing, liquor stores, check-cashing
establishments, vacant buildings, graffiti, litter, etc.
(Loukaitou-Sideris et al., 2001).

2.3. Crime and COVID-19

The COVID-19 pandemic has caused enormous
changes in people’s activity, perception, movement,
and economic condition. It consequentially
impacted the crime patterns of cities. Scholarly
articles have documented the effects of COVID-19
on crime around the world. Although the aggregate
crime pattern shows a ubiquitous drop in crime
in cities, studies have reported differing changes
among different kinds of crime. With the increased
level of staying at and working from home, the
level of guardianship over personal property has
increased, which has caused a decline in residential
burglary, drug crimes, and theft (Abrams, 2021)
in US cities. In contrast, domestic violence has
increased in many parts due to extended staying at
home (Leslie & Wilson, 2020; Mohler et al., 2020).
Violent crimes like homicides did not increase
(Boman & Gallupe, 2020; Abrams, 2021). In some
cases, the decrease in crime is associated with a
change in routine activities. Estévez-Soto (2021)
reported associations - albeit weak - of declined
crime with declined public transit usage in Mexico.
In Detroit, in the early period of COVID-19 (March
2020), burglaries increased in mixed land use but
not in residential land use (Felson et al., 2020).
Commercial burglaries increased due to lockdown
and decreased after reopening (Carter & Turner,
2021). Violence in Detroit was greater in less-
privileged neighborhoods compared to the most
privileged ones (Schleimer et al., 2022).

From this review, we have identified three major
gaps in the literature. First, no study, to the best
of our knowledge, has investigated the BE-crime
relationship during the pandemic. So, it is unclear
and a question of interest whether the theoretical
relationship between built environment and crime
has changed during COVID-19. Second, although
several works documented the changes in crime
in 2020, the insights during the later stages of the
pandemic in 2021 are scant. Third, despite the high
crime rate, Detroit has received less attention in
the crime-BE literature and crime-COVID studies.
This study attempts to mitigate these gaps in the
following sections.
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3. Data and method
3.1. Data source

We collected all the data from the City of Detroit
(COD) Open Data Portal, Southeast Michigan
Council of Governments (SEMCOG) portal, and
American Community Survey (ACS). Table 1 shows
the data sources and links. All the data except
the sociodemographic data were downloaded as
shapefiles.

3.2. Dependent variable

This study uses the census block group as the
unit of analysis to aggregate all the independent
and dependent variables, since it believes that
this is a good trade-off between granularity,
sociodemographic data availability, and the ability
to represent a neighborhood perception of crime.
As the dependent variable, we used data on property
crimes (i.e., larceny, damage to property, burglary,
stolen property, arson, and forgery) and violent
crimes (homicide, justifiable homicide, assault,
aggravated assault, robbery, and kidnapping) for
Detroit. The numbers of property crimes in 2019,
2020, and 2021 are 32,184, 28,450, and 28,115,
respectively. Similarly, the counts of violent crimes
in Detroit are 27,776, 26,783, and 25,889 in these
three years. We calculated the crime rate (incidents
per 1000 persons in a block group) for three years
(i.e., 2019-2021) and for property and violent crime.
These six aggregated rates for block groups were
used as the primary Dependent Variables (DVs).
Throughout the study, we transformed the crime
rates into logarithms to obtain a normal distribution
of DVs and to readily compare the effect of each
variable across models.

Table 1. Data sources

3.3. Independent variables

We used several LU-based and road-based BE
variables as independent variables (IVs). The
proportion of single-family residential, multifamily
residential, retail, and office LU was used. The
number of licensed liquor store and the median
building height of block groups were also used as
explanatory variables. Among the road-related BE
variables, total Vehicle Mile Travelled (VMT) in a
block group was used to express traffic flow. The
density of roads with different posted speed limits
in the block groups (unit: length of road per square
mile) was also used, where the speed limits were
broadly classified into four bins to accommodate the
roadway types. The first category is below 30 miles
per hour (mph) which mostly reflects residential
areas, school zones, business districts, and alleys
(Forbes et al., 2012). The second category includes
30 and 35 mph roads. These are mostly local roads,
associated with a greater degree of physical activity,
presence of people, and safe biking (Siddiqui et al.,
2012; van Loon et al., 2014). The third and fourth
categories comprise roads restricted to 40-55 mph
(i.e., arterial and collector roads) and 60 mph and
above (i.e., interstate highway or freeway). The
density of bus stops in block groups (number of
bus stops/square miles) was also used.

3.4. Control variables

Several socio-economic and sociodemographic
controls are used in this study. The median income
of individuals in the block group represents their
socio-economic condition. Low income has been
found to be more associated with crime, as these
areas can have greater social disorganization and
lesser community control (Cantor & Land, 1985;
Loukaitou-Sideris et al., 2002; Madyun, 2011; Wong,
2012). Residential stability is represented by the

Data Agency Source

Crime data COD https://data.detroitmi.gov/datasets/rms-crime-incidents/data

Land use SEMCOG https://maps-semcog.opendata.arcgis.com/datasets/land-use/data

Non-residential use SEMCOG https://maps-semcog.opendata.arcgis.com/datasets/building-points

Traffic volume SEMCOG https://maps-semcog.opendata.arcgis.com/datasets/traffic-volume

Speed limit SEMCOG https://maps-semcog.opendata.arcgis.com/datasets/bicycle-network/

DDOT bus stop COD https://data.detroitmi.gov/datasets/ddot-bus-stops/data

sociodemographic ACS Median income (table B20017), tenure (B25003), median year householder moved

(table B25039)

Source: own elaboration
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percentage of owner-occupied households in block
groups. Stability increases residents’ attachment
to the neighborhood, thus decreasing the crime
rate (Oh, 2004). The third control is the length of
residency, which can be equally crucial as stability
in predicting crime (Boggess & Hipp, 2010). This
is translated by the "median year householders in
a block group moved to the area". We classified
the moving years into three categories: on or after
2010 (decadel0), from 2000 to 2009 (decade00),
and before 2000 (decade90). The first category is
used as the base category. The fourth control is
the population density of the block groups, which
can increase surveillance and guardianship, thereby
reducing crime (Harries, 2006; Sohn, 2016). Finally,
the male-female ratio of block groups is used to
control the gender effect. Several other controls
were in our initial consideration (e.g., race,
education, age), but they were removed from our
final analysis for their poor performance in the
models and high multicollinearity with the selected
controls mentioned here.

3.5. Descriptive statistics

Table 2 shows the descriptive statistics, description,
and data type of the variables used in this study.
The central values (i.e., mean and median) and
diversity (i.e., standard deviation) of the crime rates
gradually decreased from 2019 to 2021. There are
on average 55% single-family residential LU units
in Detroit, 4% multifamily residential LU units, 3%
retail or commercial LU units, and 7.5% office LU
units. The mean of block groups’ median building
height is 1.45 storeys, and the block groups have
2.27 liquor stores on average. Block groups have, on
average, 22.3% of roads with a posted speed limit
of below 30 miles per hour (mph), i.e., 10, 15, 20,
25 mph. The other three categories of roads with
speed profile of 30-35 mph, 40-55 mph, and above
55 mph comprises, on average, 6.28%, 0.74%, and
1.12%, respectively, of the roads in block groups.
There are around 40 bus stops per square mile in
Detroit. The median individual income is around
$21,000. The ratios of male-female and owner-
renter are almost equal at the city level. In 60%,
27.6%, and 13.2% of the block groups, householders
moved after 2010, from 2000 to 2009, and before
2000, respectively.

3.6. Statistical method

We have used two kinds of spatial models to account
for the spatial dependence and heterogeneity in our
study. The first model is the Spatial Error Model
(SEM), which is global and assumes that the error
term of regression of a spatial unit is correlated
with that of its neighbor (Anselin, 1988). We
used another model in this study: Geographically
Weighted Regression (GWR). The usefulness of
GWR is that it allows one to find how the influence
of one variable can vary over space. This model has
an enhanced benefit over the global model and can
offer insights into local variations not revealed in
global models. Crime literature has extensively used
SEM (Kepple & Freisthler, 2015; Kelling et al., 2021)
and GWR (E. Stein et al., 2016; Xu et al., 2019;
Tavares & Costa, 2021) in examining crime and the
wide variety of socio-spatial processes.

The functional form of SEM can be expressed
with the following equations 1 and 2:

Vy=PB0o +XB +¢ )

e=AWe+u (2)

Here, y is an Nx1 vector outcome where (N =
879 block groups), X is the independent variable in
the form of 879xk matrix, B, is the intercept, and
B is a kx1 vector of regression coefficients. ¢ is the
error term, and the We is the spatially lagged error
term where the lag is defined by the weight matrix
W. A is the spatial autoregressive parameter, and the
null hypothesis is rejected when X # 0, which means
the error is correlated. This model uses Queen’s
contiguity approach (order one) to define the spatial
weight matrix.

The Geographically Weighted Regression (GWR)
(Brunsdon et al.,, 1996) model uses the following
form (Equation 3 and 4):

Yi = aio + Z;("'=1 AixXik + &i (3)
a(i) = (ew(D)x) xw(iy (4)

Here, the equations are provided for i observation,
where y, is its dependent variable. a, is the intercept
of it, and a, is the value of the k™ parameter at
location i for the independent variable x,. For each
of the independent variables (k=1...... m), equation
4 is used to estimate a(i), which depends on the
weight matrix w(i). The diagonal entries of this
matrix are the weight set by the Gaussian weighting
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scheme that uses a distance band to consider features
as neighbors and exponentially decrease the weights
as the distance increases. We used distance band as
neighborhood type, as opposed to the number of
neighbors, to have a consistent extent.

The presence of significant clustering in the
residual term denotes spatial autocorrelation in the
model’s error term, which is a common problem
for non-spatial models. In our spatial models, we
conducted Moran’s I test to find the presence of
significant clustering in model residual.

4 Results

4.1. Spatial changes in crime rate

Figure 1 shows the distributions of crime rates of
block groups in Detroit. The first and second panels
show the spatial distribution of property and violent
crime rates, respectively. At the bottom of each
panel, the temporal change in crime rates is also
shown.

For property crime, the crime rate in 2019 is
highest around downtown. If we think radially
outwards from downtown, after the cluster of high
property crime rates, there is an immediate chunk
of block groups that has a substantially lower crime
rate. The rate again increases as we radially move to
the northern and the western areas. In 2020, many
block groups around the downtown observed a fall
in crime rate, and the high crime rates were more
concentrated around downtown. The rates in the
northern and western areas were also reduced. In
2021, the rates around downtown pertained, but the
western areas showed more drops in property crime
rates. These changes can further be understood with
the trend of subtypes shown at the bottom. Among
the top three subtypes of property crime (i.e.,
larceny, property damage, burglary), larceny and
burglary dropped, and property damage had a slight
increase in 2020. In 2021, the decrease in larceny
and burglary was sustained, and property damage
went to the same level as in 2019. Among the other
subtypes, stolen property increased gradually from
2019 to 2021. Arson and forgery were reduced after
2019.

Violent crime shows a slightly different spatial
pattern than property crime (panel 2). It depicts
concentrations in the downtown, northern, and
western parts of the city. However, the distinction
in crime in downtown compared to the other
parts was not as discernible for violent crime as
it was for property crime. Violent crime dropped

in 2020 all over the city, and no drastic change
was observed in any specific part of the city. In
2021, the crime dropped in several places (mainly
in the northwestern part), but concentrations in
downtown and the southwest were sustained. The
trends at the bottom of Figure 1 tell us that assault
gradually declined from 2019 to 2021, whereas
aggravated assault increased over the year. Robbery
had a gradual decline from 2019, and sexual assault
rebounded in 2021 after a drop in 2020. The other
subtypes (i.e., homicide, kidnapping, and justifiable
homicide) show no major trend.

4.2. BE-crime relation (model result) and
changes

Six year-specific (2019-2021) models were fitted
with BE and control variables, where three of
them are for property crime, and the rest are for
violent crime. Table 3 shows the regression output
of the global SEM for property crime. Since we
used the logarithm of crime rate, the parameter
estimates of one variable can be compared across
models. We found significant positive associations
of single-family LU, multifamily LU, retail LU, and
office LU with property crime rate. However, the
effects of single-family, multifamily, and office LU
diminished over the year. Building height is not
significantly related to crime rates. Property crimes
are consistently high in areas with greater densities
of transit stops and higher traffic volumes, and
higher densities of roads with speeds below 30
mph (speed_1_de) and 30 to 35 mph (speed_2_
de). Intuitively, the density of highways, arterials,
collector roads, and freeways does not affect
property crime. In fact, freeway density (speed_4_
de) is negatively associated with crime in 2021.

Interestingly, property crime did not vary with
median incomes in 2019 whereas, in 2020 and 2021,
poorer areas showed more property crimes than
their richer counterparts. Areas with more renters
are associated with more property crime in 2021,
but not in 2019 and 2020. Compared to the new
householder (i.e., moved in 2010 and later), older
householders (i.e., those who moved in from 2000 to
2009) consistently experienced less crime. However,
the crime rates in older areas (i.e., 1999 or earlier)
are not significantly different from the areas with
the newest householders (i.e., moved in 2010 and
later). High population density is strongly related to
less property crime, reflecting the effect of natural
surveillance and policing in denser areas. We did
not find the male-female ratio to be a significant
parameter in any models.
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Table 4 reports the findings for violent crime.
We found that single-family LU is significantly
positively associated with violent crime in 2019
and 2020. In contrast, multifamily LU registered
as a significant factor only in 2020, when the
pandemic was at its peak. Retail LU and office LU
were consistently found as positive factors across
the years. Building height, liquor stores, and traffic
volume were not significant in violent crime after
controlling for other BE factors. Bus stop density
is a consistent feature associated with higher crime.
In addition, the high density of local roads, alleys,
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business districts, etc., creates avenues for violent
criminals. Conversely, a high density of arterials
does not affect violent crime, and more freeways
often negatively affect violent crime.

The median income is negatively associated with
crime rates in all models. The areas with fewer
renters had fewer crimes in 2019, not after the
pandemic started. Areas with most householders
moved from 2000 to 2009 experienced consistently
less crime than the new areas. Violent crime is
negatively related to population density, and gender
composition does not affect it.
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Table 5. Model diagnosis of OLS, SEM, and GWR

Violent crime

Property crime

2021

2020 2021 2019 2020

2019

model

Measure

153.18

198.62

86.41

-86.86

-96.14

-33.30

SEM

AIC

134.25

-101.25 -96.75 72.89 183.16

-43.64

GWR

-0.02

-0.02

-0.02

-0.01

-0.01

-0.02

SEM

Moran's I

0.02

-0.02

0.05*

0.03

0.00

0.02

GWR

* p<0.001

Source: own elaboration
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Table 5 reports the Morans I indices of the
residuals of SEM and GWR. All the models except
for violent crime in 2019 are free from significant
spatial autocorrelation. This table also reports the
Akaike Information Criterion (AIC), where the
lower AIC (most desirable) is achieved in GWR
models. The selected variables in our models are
free from multicollinearity issues. We reported the
Variance Inflation Factor (VIF) of the explanatory
variables in Table 3, where the maximum VIF is 2.8.
A VIF value greater than 7 indicates the presence
of multicollinearity.

4.3. Spatial distribution of local effects

This section discusses the findings from GWR and
shows how the parameter estimates vary across the
city. Figure 2 presents the distribution of parameters
for each of the six models (i.e., property and
violent crime for 2019, 2020, and 2021). We used
the scattered dots beside the boxplots to show the
significant estimates.

The single-family LU is mostly positively
associated. For violent crime in 2020 and 2021,
the variability of estimates increased, and a few
block groups have negative estimates as well. For
multifamily LU, retail LU, and the first two speed
categories (i.e., below 30 mph and 30-35 mph),
the significant estimates are all positive for both
crimes. However, the estimates are quite consistent
for property crime but have high variability for
violent crime (in 2020 and 2021). The third (i.e.,
40-55 mph) and fourth speed (i.e., 60 mph and
above) categories are negative in all significant
block groups. The density of freeways is associated
with fewer crimes after 2019. For office LU, the
relationship gradually decreased for property crime
but increased for violent crime from 2019 to 2021.
For building height parameters, the significant block
groups are all positive (and fewer) for property
crime and mostly negative for violent crime. We
further plotted the coefficient with the median
heights (Appendix A, Fig. A). The plot clearly
shows that the buildings that are three-storied or
taller attract violent criminals. Notably, areas with
one-storied buildings are safer than areas with
two-storied ones. The findings of GWR models
for liquor stores and traffic volume are similar to
the findings of the SEM - liquor stores and VMT
are positively associated with property crimes. For
violent crimes, liquor stores are not a significant
factor. Interestingly, VMT showed a wide range of
positive local coefficients in violent crime rate GWR
model although it turned out insignificant in global

model. Areas with dense bus stops are consistently
prone to crime, but the effects are greatly increased
for violent crime in 2020 and 2021. The control
variables have expected associations very similar to
SEM findings.

Since local parameters have far greater variability
for violent crime than for property crime, we
explored the spatial variation of the effects of
four important factors. The following four figures,
with the distribution of the variables, show their
parameter estimates in models for violent crime in
three years. The gray areas indicate the statistically
insignificant block groups.

The northwest and the northeast of Detroit
have the highest concentration of single-family LU
(Fig. 3). However, in 2019, a strong association was
found only in the east of Detroit. With this, in 2020,
a cluster in the north part registered a negative
association, meaning that higher single-family LU
was associated with fewer violent crimes. In 2021,
that cluster was diminished, and another cluster
with a negative association was found in areas close
to downtown - an area with a low proportion of
single-family LU.

The retail LU is distributed across the city (Fig.
4), and so is its significant positive association with
violent crime in 2019. The northwestern part and
the downtown areas show the weakest association,
whereas the southern part (from Hamtramck to
south Detroit) is strongly associated with violent
crime. In 2020 and 2021, the northwestern areas
turned insignificant, and east Detroit and central
Detroit (Dexter Linwood to Barton McFarland) had
a strong positive association.

The high bus stop density is radially distributed
from downtown to northwest Detroit (Fig. 5).
The positive association of bus stops with violent
crime in 2019 was not along this corridor. Rather,
bus stops in northeast Detroit had the strongest
association. In 2020 and 2021, this association
turned insignificant, and the downtown areas
became significantly related to violent crime.

Finally, Fig. 6 shows the distribution of road
density with a speed limit below 30 mph, and it
is well-distributed in the city. This road density in
areas close to downtown and northwest residential
areas was highly associated with violent crime in
2019. The effect changed in 2020 and 2021. That
is, the areas with the weakest association turned
insignificant after 2019. In contrast, areas where
the effect was strong in 2019 had an even stronger
association in later years.
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5 Discussion and conclusion

This study seeks to understand the relationship
of land-use-related and transport-related built
environment elements with the crime rates in
Detroit, MI. By using crime incident data for
2019, 2020, and 2021, this study finds the spatial
association of these BE factors and their inter-year
changes after controlling for sociodemographic
characteristics. Property crime declined in 2020-
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2021, whereas violent crime does not show much
spatial variation in the city. This pattern is consistent
with many other US cities (Boman & Gallupe,
2020; Campedelli et al., 2020; Abrams, 2021). For
formalizing the association with BE, this study uses
Spatial Error and GWR model.

The findings first show some general differences
and similarities of BE-effect between property and
violent crime. The association of single-family LU is
more strongly positive for property crime than for
violent crime. Multifamily LU is mostly associated
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Source: Author's analysis

with property crime but not with violent crime.
Unlike violent crime, property crimes are involved
with liquor stores. This is particularly intuitive as
alcohol consumption facilitates quick aggression
and immediately incites people to commit crimes
like property damage, breaking and entering,
etc. (Fagan, 1990), while most violent crimes are
usually more organized. A high proportion of retail
and office LUs and bus stop density increase both

types of crime, and these findings are in line with
other studies (Carter & Turner, 2021; Anderson
et al.,, 2013; Wilcox, 2003; Matthews et al., 2010).
This study uniquely finds the positive association
of slower streets after controlling for land use.
Moreover, the positive association of VMT - which
is consistent with Wilcox & Eck, (2011) - implies
that a greater traffic volume may offer a safe exit
to property criminals. High median income, high
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population density, and old neighborhoods are
generally associated with less property and violent
crime among the sociodemographic controls, which
corroborates with the social disorganization theory
(Taniguchi et al., 2011) and routine activity theory
(Harries, 2006).

From the GWR estimates, the variation in
property crime was minimal. However, we found
differences in the distribution of the local estimates
for violent crime over the year. The association
between single-family LU and violent crime in the

eastern areas (with low median income) is positive
and increased during the pandemic. In contrast, a
northern high-income area registered a negative
association during the pandemic. One reason
behind increased violence in the eastern area could
be increased domestic violence and batteries with
partners during the pandemic, as suggested by
Boman & Gallupe (2020). For retail LU, the areas
where the association was strong in 2019 obtained
a stronger association after 2019. The bus stops
in downtown areas did not register a positive
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association in 2019. However, they did after 2019,
perhaps because there were fewer people at bus
stops due to the pandemic and working from home.

This study has several limitations that future
studies could overcome. First, the data do not
provide information that would allow the separation
of residential from non-residential crimes (e.g.,
burglary, violent crime), limiting our ability to
conclude more precisely. Second, there are some

limitations regarding crime-reporting, as many
crimes are not reported to the police (Anderberg
et al,, 2022). Finally, this study does not claim
any causal inference or threshold effect for the
BE variables, which might be of interest to future
researchers.

The unique contribution of this article to the
body of literature is threefold. First, this presents
a comprehensive understanding of the relationship
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between BE and crime for a well-known crime-
prone city — Detroit. Second, one strong focus of
this article is street-related BE elements, where we
uniquely incorporated the understanding of road
speed and traffic volume. Third, no article before
this, to the best of our knowledge, has assessed
the global and local association of BE during
COVID-19 within a three-year timeframe. With
these contributions, we expect that the spatial
association of BE with the crime rate revealed for
Detroit will help city planners and crime prevention
officials to formulate policies centering on different
BE elements and targeting the particular area.
Moreover, the locations identified in this study
where crime rates were changed during COVID will
stimulate researchers to look for other mechanisms
or factors behind the changes and have a baseline
for future epidemiological, financial, political, or
natural disaster-related events similar to COVID.
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Appendix I

0.2 1

Coefficient

type

e property
. Violent
1 2 3 4 5 6 7 8 9

Median number of stories

Fig. A. Scatterplot of GWR coefficients of building height (from six models) and the median building height of block groups

Source: Author's analysis
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