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Abstract

Background: Police-reported crime data (hereafter “crime”) is routinely used as a psychosocial stressor in public
health research, yet few studies have jointly examined (a) differences in crime exposure based on participant race
and ethnicity, (b) differences in measures of crime exposure, and (c) considerations for how exposure to police is
captured in police-recorded crime data. We estimate neighborhood exposure to crime and discuss the implications
of structural differences in exposure to crime and police based on race and ethnicity.

Methods: Using GPS coordinates from 1188 participants in the Newborn Epigenetics Study, we estimated
gestational exposure to crime provided by the Durham, North Carolina, Police Department within (a) 800 m and (b)
the Census block group of residence. We controlled for non-overlapping spatial boundaries in crime, Census,
residential, and police data to report crime spatial (crime per km2) and population (crime per 1000 people per km2)
density.

Results: We demonstrate dramatic disparities in exposure to crime based on participant race and ethnicity and
highlight variability in these disparities based on the type of crime and crime measurement method chosen.

Conclusions: Public health researchers should give thoughtful consideration when using police-reported crime
data to measure and model exposure to crime in the United States, as police-reported data encompasses joint
exposure to police and crime in the neighborhood setting.
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Background
The current sociopolitical context in the United States
raises important questions about the health effects of
exposure to crime, police, and policing in the neighbor-
hood environment. Exposure to police-reported crime is
a well-documented psychosocial stressor and is

associated with poor birth outcomes [1–4], higher per-
ceived stress [5], and poor cardiometabolic [6, 7] and
mental health [8, 9]. Such neighborhood-level psycho-
social stressors are unequally distributed across the
United States, with lower-income and minority popula-
tions bearing the intersecting burdens of poverty and
structural racism [10] in a manner that increases expos-
ure to crime, police, and physical violence [11, 12]. This
is particularly salient for Black and Latinx communities
in the US, who are exposed to much higher levels of
neighborhood police-reported crime than White popula-
tions due to locally- and federally-enforced policies that
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have a net effect of concentrating and entrenching
residential segregation, poverty, unequal educational op-
portunities, and police surveillance in minority neighbor-
hoods [10, 13, 14]. Researchers often acknowledge the
unequal distribution of neighborhood police-reported
crime exposure across racial and ethnic groups by con-
ducting single group analyses [15, 16] or stratifying
models by race and ethnicity [1–3, 17]. However, the
literature is inconsistent in the application of police-
reported crime data for epidemiologic research, making
inferences across studies difficult.
Several methods are employed in the public health lit-

erature to estimate neighborhood crime exposure, in-
cluding self-reported experiences of victimization [6, 18]
and police-reported crime. Police-reported crime mea-
sures (hereafter referred to as “crime”) are often aggre-
gated within the Census tract (average population of
2500–8000) [1, 9], Census block group (average popula-
tion of 600–3000) [2, 5], or other local neighborhood or
community area of residence to generate crime counts
and rates for public health research [4]. Studies also
utilize more participant-centric approaches by capturing
crime occurring within a set distance (800 m residential
buffer, etc.) of participant residence [19]. Messer et al
compared the use of block group crime exposure and
crime exposure within an 800 m residential buffer, find-
ing that block group violent crime was associated with
adverse birth outcomes, while violent crime counts
within 800 m were not [3]. Spatial cluster analysis (“hot-
spot analysis”) has also been proposed as a useful ap-
proach for crime exposure estimation [20], although it is
employed less often [8] than Census tract or block group
estimation. We also acknowledge examples of crime data
analysis at the zip code, metropolitan-statistical area,
state, and other levels in the literature [21–23], but we
focus here on the use of reported crime for local cohort
studies in the public health literature.
As epidemiologic research continues to embrace the

use of geographic information systems (GIS) and other
analytic tools to evaluate spatial data, their application to
geocoded crime data should be critically evaluated. The
use of various boundaries to capture neighborhood
crime exposure make comparisons between studies
difficult, as do different approaches to evaluate crime
spatial density versus population density. Measuring
“neighborhood” itself is challenging, forcing many re-
searchers to use administrative boundaries provided by
the US Census (e.g. block groups) instead of locally-
defined neighborhood areas. Many publications also fail
to discuss potential measurement error caused by non-
overlapping geographic boundaries (ex. a Census tract
extending beyond the crime reporting area of the nearest
municipal police department), which can be conceived
of as a fundamental problem of missing data.

Even if exposure to police-reported crime is perfectly
measured (e.g. with no measurement error at the individual
level), researchers often fail to discuss what such exposure
actually represents. Police-reported crime is not solely a
measurement of criminal activity. Due to over-policing of
neighborhoods with large Black, Latinx, and other minority
populations [10, 24, 25], physical proximity to police-
reported crime captures some combination of exposure to
(a) crime and (b) police. The hypothetical impacts of this
mixed crime-police exposure vary based on neighborhood
composition due to racially and ethnically disparate experi-
ences of police surveillance and violence [26–28]. As an ex-
ample, the US “War on Drugs” policies of the 1970s–80s
resulted in disproportionate exposure to punitive policing
and police violence among Black Americans despite data
that demonstrate equivalent rates of drug offenses regard-
less of race and ethnicity [24, 25]. As such, police-reported
data on drug offenses systematically misses drug offenses in
majority-White neighborhoods while capturing a mixture
of exposure to drug offenses and exposure to police surveil-
lance in majority-Black neighborhoods.
Using data from the Newborn Epigenetics Study

(NEST) and the Durham, North Carolina, Police Depart-
ment (DPD), we estimated participant exposure to vio-
lent crime, drug-related crime, and burglary during the
gestational period to demonstrate various approaches
and challenges that researchers should consider when
estimating reported crime exposure. We leveraged par-
ticipant residential GPS coordinates and geocoded crime
data from the DPD to estimate gestational exposure to
crime (a) within 800 m of participant residence and (b)
within the Census block group of participant residence,
accounting for potential measurement error due to non-
overlapping residential, Census, and crime data boundar-
ies. We estimated spatial crime density (crimes per km2)
and population crime density (crimes per 1000 people
per km2) to demonstrate large disparities in gestational
crime exposure based on participant self-reported race
and ethnicity, providing hypothetical examples where
different measurements of crime density may be more
or less appropriate. We also demonstrate the importance
of evaluating seasonal and spatial variation in crime ex-
posure. Finally, we discuss the importance of evaluating
police-reported crime data as data regarding both crim-
inal activity and police presence in the neighborhood
environment. Although we do not disentangle the mixed
effects of crime and policing here, we provide a number
of considerations and general advice for researchers in-
terested in using these data in the future.

Methods
Study population
Participant data was provided by the Newborn Epigenet-
ics Study (NEST), a birth cohort of 2681 parent-child
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pairs enrolled from 2005 to 2011 at Duke University
Hospital and Durham Regional Hospital Obstetrics in
Durham, North Carolina, with follow-up into early
childhood. The catchment area for these hospital sys-
tems combines the central North Carolina counties of
Orange, Durham, and Wake, as well as individuals living
in Chapel Hill, Durham, Raleigh, and the surrounding
area [29]. Participants had to be ≥18 years of age, preg-
nant, and English-speaking at enrollment. Among eli-
gible participants, individuals who did not intend to
retain custody of their child, intended to move in the
next 3 years, or had an established HIV infection were
excluded from participation. Participant sociodemo-
graphic characteristics were collected by trained inter-
viewers at enrollment and included self-reported
participant age, race, ethnicity, educational attainment,
and residential address. Race and ethnicity were re-
corded as “African American/Black” (referred to as
“Black” throughout this manuscript), “Hispanic” (re-
ferred to as “Latinx” throughout this manuscript), and
“White.” Pregnancy data and birth outcomes were col-
lected by medical abstraction immediately following
birth. The NEST sampling frame and study design have
been previously described in detail [29, 30]. We excluded
all NEST participants who did not provide an address at
enrollment (n = 273), provided an address outside of
Durham city limits (n = 820), experienced any portion of
their gestation outside of the period of available crime
data (n = 252), had a non-singleton birth (n = 75), and
did not self-identify as Black, Latinx, or White or were
missing data on race/ethnicity (n = 73). A total of 1188
participants in 149 unique block groups within the City
of Durham were eligible for our analysis. Study protocol
and design were approved by the Duke University and
University of North Carolina at Chapel Hill Institutional
Review Boards.

Durham police department police-reported crime data
The Durham Police Department (DPD) provided police-
reported crime data for the City of Durham between
April 1, 2006, and December 31, 2012. Each crime event
was reported with a date, description, and donut-masked
GPS coordinate within the city limits. Donut masking
shifts GPS locations in a random direction within a pre-
specified minimum and maximum distance to protect
against reverse geocoding and ensure anonymity while
introducing only minor random error in the associated
data [31]. DPD crime categories were based on Federal
Bureau of Investigations Uniform Crime Reporting stan-
dards [32]. Examples include “aggravated assault,” “burg-
lary – forcible entry,” and “larceny – pocket picking.”
For this analysis, we focused on reports of violent

crime, drug-related crime, and burglary. These do not
represent all types of crime that could be important for

public health and serve only as a sample of different
crime classifications that we hypothesized would be vari-
ably distributed across the city of Durham. Crimes cate-
gorized as “violent crime” included reports of homicide,
rape, sexual assault, aggravated assault, simple assault,
and robbery. We also created a separate “violent crime”
variable that excluded reports of rape and sexual assault
as a sensitivity analysis due to concerns regarding inac-
curacies and underreporting of sexual violence [33].
Crimes categorized as “drug-related crime” included re-
ports of transporting, selling, buying, possessing, or
using controlled substances, the majority of which are
drug/narcotic violations although a very small minority
of reports may be related to inappropriate transporta-
tion, selling, etc. of alcohol. The “drug-related crime”
label does not include driving while impaired or any re-
ports filed under “liquor law” violations. “Burglary” was
reported and recorded as its own category by the DPD.

Crime exposure assessment
Participant residential addresses were collected at study
enrollment, geocoded by Duke University staff, and used
to create gestational crime exposure variables for each
crime type (“violent,” “drug-related,” and “burglary”). We
first counted reported crimes of each type occurring
within 800m of participant residence on or after the last
menstrual period and up to the date of delivery. Given
that crime data is only available within the city of Dur-
ham, this approach is subject to potential measurement
error for individuals living within 800 m of the city
limits. To control for this potential misclassification, we
divided each participants’ 800m crime count by the area
of their 800 m buffer contained entirely within the city
limits (Eq. 1).

800m crime count
Area 800m buffer within city limitsð Þ ð1Þ

We used a similar approach to measure gestational
crime exposure occurring within the Census block group
of participant residence, dividing a count of all crimes
within the block group by the area of the block group
contained within Durham city limits (Eq. 2). As such,
spatial crime density from Eqs. 1 and 2 is reported as
crimes per km2.

block group crime count
Area block group within city limitsð Þ ð2Þ

We also calculated crime rates corrected for popula-
tion density using 2006–2010 American Community
Survey (ACS) data provided by IPUMS [34]. We esti-
mated the population within 800 m of each participant
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residential address by (a) calculating the proportion of
the area of each Census block group within 800 m of
participant residence and within Durham city limits, (b)
multiplying this proportion by the same block group’s
population, and (c) summing each of these estimated
populations (Eq. 3).

Xn

i¼1

Area block groupi within 800m buffer and city limits
� �

Area block groupi
� �

 !
� Population block groupi

� �
" #

ð3Þ
We estimated the population of each Census block

group by multiplying the proportion of the block group
contained within Durham city limits by the same block
group’s 2006–2010 ACS population estimate (Eq. 4).

Area block group within city limitsð Þ
Area block groupð Þ

� �

� Population block groupð Þ ð4Þ

We divided the estimated crimes per km2 from Eq. 1
and Eq. 2 by the estimated populations from Eq. 3 and
Eq. 4, respectively, to capture crime density within the
population as crimes per 1000 people per km2.
Thus, we have four measurements of gestational

crime exposure for each type of crime (“violent,”
“drug-related,” and “burglary”): (a) crime within an
800 m residential buffer per km2, (b) crime within an
800 m residential buffer per 1000 people per km2, (3)
crime within the Census block group of residence per
km2, and (4) crime within the Census block group of
residence per 1000 people per km2. We refer to crime
within 800 m of participant residence as “area-level
crime,” and crime within the Census block group of
participant residence as “block group crime.” Fig. 1
provides a hypothetical worked example of these ex-
posure estimation methods. We also estimated crime
per km2 and crime per 1000 people per km2 with
residential buffer sizes of 400 m and 1600 m using the
same methods outlined above.

Fig. 1 To estimate area-level gestational crime exposure for participant X: (1) Count all reported crimes within 800 m that occurred between X’s
last menstrual period and date of delivery. (2) Calculate the area of X’s 800 m buffer within Durham city limits (shaded portion of circle). For
participants living ≥800m from city limits, this is equal to π(800m)2. For X, this is equal to [π(800m)2 − Area(unshaded portion of circle)]. (3)
Estimate the population within X’s 800 m buffer contained within Durham city limits (shaded portion of circle). For block group A, this is equal to:

½ðAreaðshaded portion of AÞ
AreaðAÞ Þ�PopulationðAÞ�. Repeat this for block groups B-E, and sum these populations. (4) Dividing the crime count from [1] by the

area in [2] results in a measure of crimes per km2. (5) Dividing the crimes per km2 derived in [4] by the population estimated in [3] results in a
measure of crimes per 1000 people per km2To estimate block group level gestational crime exposure for X: (1) Count all reported crimes within
the block group of residence, C, that occurred between X’s last menstrual period and date of delivery. (2) Calculate the proportion of C’s area
within Durham city limits (1, in this example). (3) Multiply the area of C by the proportion derived in [2]. (4) Multiply the population of C by the
proportion derived in [2]. (5) Dividing the crime count from [1] by the area in [3] results in a measure of crimes per km2. (6) Dividing the crimes
per km2 derived in [5] by the population estimated in [4] results in a measure of crimes per 1000 people per km2.
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Statistical analysis
We summarized reported crime and participant sociode-
mographic characteristics using counts and proportions
for categorical variables and means and standard devia-
tions for continuous variables. We quantified seasonal
variation in crime rates by counting the number of each
type of crime within each month of the study period,
and visualized geographic concentration of reported
crime by plotting their kernel densities within Durham
city limits [35]. We used violin plots [36] and boxplots
of the 25th quartile, median, 75th quartile, and Tukey
whiskers [37] to inspect disparities in crime exposure
based on participant race and ethnicity. We also
performed several sensitivity analyses to examine the
robustness of our estimates to crime categorization
(excluding reported rape and sexual assault from violent
crime category) and varying buffer size (400 m and 1600
m). All data organization, visualization, and statistical
analysis was conducted in R (version 3.5.3) [38].

Results
A total of 167,162 crimes were reported by the DPD be-
tween April, 2006, and December, 2012 (Table 1). The
most common DPD reported crime types were larceny
(28.6%), burglary (14.3%), and vandalism (9.6%). We also
created two new categories for this analysis: violent
crime (13.0%, including simple and aggravated assault,
homicide, rape, robbery, and sexual assault) and drug-
related crime (6.3%, including drug equipment/parapher-
nalia charges and drug/narcotic violations).

Sociodemographic characteristics of participants in-
cluded in this study are displayed in Table 2. The aver-
age participant in our analytic sample was 27.8 years old
at delivery, and the majority of participants in our ana-
lysis were Black (53%). There were striking disparities in
educational attainment based on participant race and
ethnicity, with 60% of self-identified Latinx participants
reporting less than a high school education, compared
to 20% of Black participants and only 7% of White par-
ticipants. Children born to Black participants were born
earlier (38.4 weeks) and lighter (3072 g), on average, than
children born to Latinx (39.0 weeks, 3318 g) and White
(39.3 weeks, 3382 g) participants.
Total reported crime (n = 167,162) showed strong sea-

sonal variation (Fig. 2A), with peaks in the summer
months, troughs in the winter, and no obvious secular
trend towards more or less crime over the study period.
This seasonal patterning of crime is consistent with what
is observed in the criminology and public health litera-
ture [39]. The violent crime, drug-related crime, and
burglaries used in our analysis showed a similar seasonal
pattern with less obvious peaks and troughs (Fig. 2B).
Crime reports cluster strongly in the city center area

for all 167,162 reported crimes (Fig. 3A), violent crime
(Fig. 3B), drug-related crimes (Fig. 3C), and burglaries
(Fig. 3D). Crime probability densities demonstrate par-
ticularly high concentration of drug-related crime re-
ports in the city center area, while reported burglaries
are the least concentrated. There were no differences in
the spatial distribution of each type of crime based on
the year of crime report over the study period.
Figure 4 displays the frequency of each type of crime

within 800 m of participant residence, with plots on the
left (4A, 4C, 4E) displaying crimes per km2 and plots on
the right (4B, 4D, 4F) displaying crimes per 1000 people
per km2. Gestational exposure to crime is strongly pat-
terned by participant race/ethnicity, with self-identified
Black and Latinx participants exposed to higher area-
level crime than White participants regardless of type
(violent, drug-related, and burglary) and method of
density estimation (crimes per km2 or per 1000 people
per km2). As an example, the median White participant
was exposed to only 3.6 (IQR: 1.5, 14.4) violent crimes
per km2 within 800m of residence during gestation,
compared to 23.9 (IQR: 13.5, 37.3) for the median Latinx
participant and 19.4 (IQR: 7.0, 38.8) for the median
Black participant (4A). Adjusting for population density
(4B) slightly lessens this disparity, although White par-
ticipants were still exposed to roughly 25% the number
of violent crimes per 1000 people per km2 as Black and
Latinx participants. Disparities in exposure to reported
drug-related crime (4C, 4D) within 800 m were even
larger than those identified for violent crime, with White
participants experiencing approximately 10% of the

Table 1 Characteristics of crime data provided by the Durham
Police Department for the period between April 1, 2006, and
December 31, 2012. We use “Violent Crime,” “Drug-Related
Crime,” and “Burglary” as major categories of crime for this
project. “Other Crime” refers to all crimes not included in our
analysis. Each crime type is calculated as a count (proportion).
Column percentages may not sum to 100% due to rounding

Total Reported Crimes 167,162

Violent Crime 21,658 (13.0%)

Aggravated Assault 4721 (2.8%)

Homicide 147 (0.1%)

Rape 497 (0.3%)

Robbery 5154 (3.1%)

Sexual Assault 814 (0.5%)

Simple Assault 10,325 (6.2%)

Drug-Related Crime 10,552 (6.3%)

Drug Equipment/Paraphernalia 1196 (0.7%)

Drug/Narcotic Violations 9356 (5.6%)

Burglary 23,976 (14.3%)

Other Crime 110,976 (66.4%)
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Table 2 Sociodemographic characteristics of participants in this analysis (n = 1188) from the Newborn Epigenetics Study (NEST).
Continuous variables are displayed as mean (standard deviation, SD) and categorical variables are displayed as count (percentage).
Column percentages may not sum to 100% due to rounding

All Eligible Participants
(n = 1188)

Black
(n = 627)

Latinx
(n = 308)

White
(n = 253)

Participant Age at Delivery

Mean (SD) 27.8 (± 5.8) 26.4 (± 5.8) 28.1 (± 5.7) 30.7 (± 4.9)

Missing 1 (0.1%) 1 (0.2%) 0 (0%) 0 (0%)

Participant Race/Ethnicity

Black 627 (53%) – – –

Latinx 308 (26%) – – –

White 253 (21%) – – –

Participant Educational Attainment

< High School 329 (28%) 127 (20%) 184 (60%) 18 (7%)

High School Grad 279 (23%) 196 (31%) 62 (20%) 21 (8%)

Some College 223 (19%) 175 (28%) 24 (8%) 24 (9%)

College Grad 293 (25%) 98 (16%) 13 (4%) 182 (72%)

Missing 64 (5.4%) 31 (4.9%) 25 (8.1%) 8 (3.2%)

Gestational Age (Weeks)

Mean (SD) 38.8 (± 2.4) 38.4 (± 2.6) 39.0 (± 2.3) 39.3 (± 1.9)

Delivery Weight (grams)

Mean (SD) 3201 (± 606.5) 3072 (± 625.1) 3318 (± 556.3) 3382 (± 541.7)

Missing 15 (1.3%) 7 (1.1%) 4 (1.3%) 4 (1.6%)

Fig. 2 Seasonal variation in A total police-reported crime provided by the Durham Police Department and B violent crime, drug-related crime,
and burglary used for this analysis. Each point refers to the crime count reported during one month (April, 2006 – December, 2012). Total
reported crime peaks in the summer and decreases during the winter. Violent crime, drug-related crime, and burglary show a similar seasonal
pattern with less overall variation
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reported drug-related crimes as Black and Latinx partici-
pants when measured as crimes per km2, and approxi-
mately 15% when measured as crimes per 1000 people
per km2. Reported burglary (4E, 4F) within 800 m of par-
ticipant residence showed the least variation by partici-
pant race and ethnicity, although White participants
were still exposed to between 30 and 50% of the burglar-
ies as Black and Latinx participants. Uncorrected crime

counts (raw counts of crime within 800 m of residence
or within the Census block group of residence) exagger-
ate these disparities, as White participants are more
likely to live within 800 m of the Durham city limits or
in a block group that extends beyond the city limits.
Measuring crime density within the block group of

participant residence also yielded striking disparities,
with the median White participant again experiencing

Fig. 3 Kernel probability density of A all reported crime, B violent crime, C drug-related crime, and (D) burglaries between 2006 and 2012. Every
type of crime is concentrated in the Durham city center area. There were no apparent temporal changes in the spatial distribution of each crime
(not shown). Primary and secondary roads are displayed in yellow, and Durham city limits are displayed in black. Maps and image created by
E.K. Lodge
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approximately 25% of the violent crime exposure, 20% of
the drug-related crime exposure, and 40% of the burg-
lary exposure as the median Black or Latinx participant
(Supplemental Figure 1).
Sensitivity analyses of violent crime excluding rape

and sexual assault did not result in any noteworthy
changes in the seasonality, spatial density, or exposure
disparities of violent crime due to the extremely small
number of reported events of rape and sexual assault.
Sensitivity analyses using smaller (400 m) residential
buffers led to increased disparities by race and ethnicity,
with the median White participant exposed to approxi-
mately 15% of the violent crime exposure and 30% of
the burglary exposure as the median Black or Latinx
participant; notably, the median White participant was
exposed to zero drug-related crime reports when expos-
ure was estimated using 400m buffers, highlighting the
racialized concentration of drug-related policing in

minority neighborhoods (Supplemental Figure 2). Crime
exposure using larger (1600m) residential buffers led to
decreased disparities by race and ethnicity, with the me-
dian White participant exposed to approximately 40% of
the violent crime exposure, 20% of the drug-related crime
exposure, and 60% of the burglary exposure as the median
Black or Latinx participant (Supplemental Figure 3).

Discussion
In this study, we summarize four potential measure-
ments of neighborhood police-reported crime exposure
using geocoded crime data, drawing attention to large
disparities in crime exposure based on race and ethnicity
and highlighting important considerations associated
with seasonal and spatial variation in reported crime
levels. We estimated gestational crime exposure to dem-
onstrate these approaches with regard to a sensitive
period of human development that is directly tied to

Fig. 4 Frequency of A, B violent crime, C, D drug-related crime, and E, F burglary exposure within 800 m of participant residence during
gestation based on self-reported race and ethnicity. Plots on the left A, C, and E display crimes per km2, and plots on the right B, D, and F
display crimes per 1000 people per km2. Violin plots display the smoothed kernel density of crime, while boxplots display the 25th quartile,
median, 75th quartile, and Tukey whiskers (outliers are not displayed for simplicity). Black and Latinx participants are exposed to much higher
levels of crime during gestation than white participants
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multiple health outcomes, but note that exposure could
be estimated within any period of interest to public
health researchers. Taken together, our findings
emphasize several key challenges that epidemiologists
and other public health researchers should consider
when incorporating geospatial police-reported crime ex-
posure data into work regarding the neighborhood
environment.
First, our study demonstrates pronounced disparities

in neighborhood crime exposure, with Black and Latinx
residents of Durham exposed to systematically higher
police-reported crime than White residents. Due to cen-
turies of entrenched racial residential segregation [13]
and structural racism that continue to shape Black and
Latinx neighborhoods, racial and ethnic minority com-
munities experience higher concentrations of poverty,
unemployment, police surveillance, and numerous other
social stressors [10] that contribute to disparate police-
reported crime exposure. This has immediate implica-
tions for researchers who choose to model the effect of
crime exposure on a health outcome while including
terms for race and ethnicity in their statistical models, as
they will smooth over data that fundamentally does not
exist (ex. White residents with very high police-reported
neighborhood crime) and generate estimates of effect
that do not correspond to any real-world police-
reported crime exposure [40]. To overcome this issue,
researchers should consider utilizing stratified models
that incorporate crime data based on participant race
and ethnicity.
Model stratification by race and ethnicity, while ad-

dressing violations of positivity caused by the outsize
burden of police-reported crime exposure among Black
and Latinx Americans, adds an additional layer of com-
plexity to public health research utilizing reported crime
data: the question of what exposure, exactly, police-
reported crime actually measures. While police-reported
crime may be statistically correlated with true rates of
crime (particularly for more serious violent offenses such
as robbery, aggravated assault, and homicide) [41], it is
also, by definition, highly correlated with police presence
in a neighborhood or area. Due to the long and ongoing
history of punitive policing in Black, Latinx, and other
minority communities in the United States [25], police-
reported crime exposure represents a distinct set of psy-
chosocial and physical stressors in a neighborhood based
on the neighborhood’s ethnoracial composition. For
Black, Latinx, and other over-policed populations in the
United States, police-reported crime data captures ex-
posure to crime and exposure to police in the neighbor-
hood; both bring with them the potential for stress,
violence, and even death [22, 26–28, 42, 43]. Schwartz
and Jahn recently found that the incidence of fatal police
violence against Black residents in the Durham-Chapel

Hill metropolitan-statistical area (MSA) was 3.58 (95%
CI: 0.82, 15.68) times the incidence of fatal police vio-
lence against White residents [21]. For Black and Latinx
NEST participants living in the Durham-Chapel Hill
MSA, fear of police violence is not an abstraction.
Furthermore, White people in the United States are

less likely to be reported, charged, or prosecuted for
criminal behavior than any other group in the United
States [24], meaning that reported crime in majority
White residential areas may represent an undercount of
actual criminal behavior. White people in the United
States are also far less likely to suffer violence or death
at the hands of police than Black or Latinx people [26,
27, 44], and are more likely to support increased funding
for municipal police departments [45]. Thus, while epi-
demiologic research on the effect of police-reported
crime in majority-White neighborhoods may be a rea-
sonable estimate of stress caused by actual criminal ac-
tivity in the absence of stress caused by interactions with
police, the same research in majority Black or Latinx
neighborhoods will capture the layered effect of expos-
ure to crime and exposure to potential police violence.
These are fundamentally non-comparable exposures,
and are impossible to disentangle with police-reported
crime data alone. Ideally, future studies should include
participant-reported crime victimization data alongside
participant-reported data on interactions with the police
in order to investigate simultaneous exposure to crime
and policing in minority communities [46]. The inclu-
sion of citizen complaints regarding police behavior may
also be a useful control to capture policing rather than
crime. Unfortunately, these data were not available in
NEST.
Second, we demonstrate two methods to measure

police-reported crime exposure in the residential area
(crime within 800 m of residence and crime within the
block group of residence), and two methods to estimate
crime density (crime per km2 and crime per 1000 people
per km2). Both methods have been utilized in the epide-
miologic literature to date, although estimated crime
counts or rates within the Census tract or block group
of residence appear to be more common. Both methods
are also prone to error if researchers do not explicitly ac-
knowledge, and attempt to control for, the effects of
non-overlapping boundaries of crime data, Census tracts
or block groups, and residential buffers. As demon-
strated, when counting crime that occurred within the
Census tract or block group of residence, crime counts
or rates will be underestimated for participants in a
Census tract or block group that extends beyond the city
limits due to missing crime data outside of the city (or
any other municipal boundary with police or sheriff re-
corded crime data). The same “edge effects” or “bound-
ary problems” [47] will occur when using a residential
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buffer to estimate area-level crime exposure, as any
participant whose residential buffer extends beyond
the limits of the available crime data will have falsely
low reported crime exposure. This finding held true
in our data, leading to exaggerated disparities in un-
controlled crime count exposures because White
participants were more likely to live near the Dur-
ham city limits than Black and Latinx participants
(as an example, 29.2% of White participants in our
sample lived within 800 m of the Durham city limits,
versus 27.3% of Black participants and only 14.0% of
Latinx participants). To control for this bias, we rec-
ommend that researchers calculate the area of the
Census tract, block group, or residential buffer that
overlaps with the available crime data, and divide
crime counts by this area to generate a measurement
of spatial crime density in the neighborhood envir-
onment (crime per km2). We also demonstrate how
to apply similar methods to estimate the population
that overlaps with the available crime data to gener-
ate a population crime density estimate (crime per
1000 people per km2).
The choice between these two crime density metrics

(crime per km2 versus crime per 1000 people per
km2) should be made based on the hypothetical
mechanism through which reported crime exposure is
expected to impact health, keeping in mind that
neighborhood racial and ethnic composition will
modulate these effects based on experiences of police
violence. As a hypothetical example, reported homi-
cide may be so stressful that participants experience a
psychosocial and physiological fear response regard-
less of the surrounding population density. In this
context, crime per km2 may be most appropriate, as
participants experience a dose-response stress effect
with increasing homicide exposure that is not buff-
ered by a larger population in the surrounding area.
For less physically dangerous or stressful crime, such
as larceny, researchers may hypothesize that partici-
pants’ stress response is modified by the population
density in such a way that participants feel more se-
cure in busier or more populated areas. In this con-
text, crime per 1000 people per km2 would be most
appropriate. As has been done before, researchers
may choose to compare these approaches head-to-
head [3]. We provide these hypothetical examples to
encourage public health researchers to critically en-
gage with police-reported crime data, acknowledge
how different crime density metrics may be more or
less fit for particular models of crime exposure, and
evaluate distinct mechanisms of effect for distinct
types of crime. Hypothetical mechanisms must also
account for different experiences of punitive policing
and police violence in the population.

While information on the perception of neighbor-
hood crime was not available for all participants in
our study, we also recognize the relevance of using
distinctly defined, community-derived neighborhood
boundaries as opposed to arbitrary spaces derived by
Census block groups and buffers. Such “place-based”
analyses [48] are context-specific and require commu-
nity knowledge to conduct, but may provide add-
itional insight into the effects of crime density beyond
those derived from larger epidemiologic studies. The
estimation methods outlined here can be used with
any set of geographic boundaries, and we encourage
researchers to use locally-derived and -recognized
neighborhood boundaries when appropriate for their
research question.
Lastly, aside from a critical evaluation of different

methods to estimate crime density and exposure, we
also highlight strong seasonal variation in crime that
public health researchers should consider. Depending
on the time of year, duration of a cross-sectional or
longitudinal cohort study, and the type of crime
under investigation, seasonal variation in reported
crime may cause researchers to miss peak periods of
crime exposure and weaken their ability to infer the
effect of crime on population health. This seasonal
variation, combined with the concentration of crime
and policing in the city center [49], may also induce
problems related to structural confounding [40], or
structural violations of positivity [50].
The estimated disparities in reported crime expos-

ure based on participant race and ethnicity that we
present are not without limitations. First, we are cur-
rently unable to offer concrete methodological steps
for public health researchers interested in disentan-
gling police exposure from crime exposure using only
police-reported crime data. We hope that acknow-
ledging the limitations of police-reported data as a
marker of actual crime will encourage other re-
searchers to investigate how to better model the
health effects of crime and policing as separate expo-
sures. Second, of the 2681 parent-child pairs in
NEST, 1493 pairs (55.7%) were excluded. While ex-
clusion based on participant residence outside of the
city of Durham (n = 820), gestation outside of the
temporal availability of crime data (n = 252), and
non-singleton birth (n = 75) would not be expected to
bias the representativeness of our analysis regarding
gestational exposure to crime in the city of Durham,
exclusion based on missing data regarding race/ethni-
city (n = 73) and residential address (n = 273) may
cause unpredictable bias in our results by creating a
non-representative sample of retained participants.
Third, the use of donut masking by the Durham Po-
lice Department means that any given crime report
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during our study period may have been shifted
slightly in space. This randomly introduced error
would be expected to cause non-differential bias in
our findings, but we are unable to access unmasked
data to analyze the impacts of donut masking in our
sample. Fourth, we would ideally have access to both
racial and ethnic data for NEST participants (i.e. non-
Latinx Black, Latinx Black, non-Latinx White, etc.),
but were limited to categories of “Black,” “Latinx,”
and “White” in the provided data. Collapsing racial
and ethnic data into one ethnoracial construct
smooths over salient health differences at the popula-
tion level [51], as the “Latinx” label available in NEST
almost certainly combines individuals who are racial-
ized as Black, White, and more [52]. This is further
complicated in NEST due to the requirement that
participants spoke English at enrollment. We encour-
age epidemiologic researchers collecting data on
neighborhood crime exposure (or any other socioen-
vironmental exposure) to collect and incorporate data
on both race and ethnicity (as well as sexuality, gen-
der identity, etc), as individuals occupying multiple
marginalized identities [53] may face the highest
levels of interpersonal and neighborhood crime and
violence.

Conclusions
A diverse set of methods to estimate individual-level
residential exposure to police-reported crime have been
used in the public health literature to date, but the mod-
eling implications of different methods are often ignored.
Here, we present multiple methods to estimate crime ex-
posure, demonstrate how different methods modulate
estimated racial and ethnic disparities in exposure, dis-
cuss how these estimation procedures fit with different
modeling strategies in public health research, and critic-
ally examine the assumption that police-reported crime
is a true measure of crime. We also demonstrate that ig-
noring non-overlapping spatial boundaries in crime,
Census, and other geographic data may lead to the over-
estimation of racial and ethnic disparities in crime ex-
posure in urban areas because White Americans are
more likely to live near the geographic edges of their cit-
ies of residence than other racial and ethnic groups. Fur-
ther methodological work to disentangle the mixed
health effects of crime and policing, particularly in over-
policed neighborhoods in the United States, is critical as
efforts to limit exposure to crime and police violence
continue.

Abbreviations
NEST: Newborn Epigenetics Study; DPD: Durham Police Department
(Durham, North Carolina); MSA: Metropolitan Statistical Area

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s12889-021-11057-4.

Additional file 1: Supplemental Figure 1. Frequency of (A, B) violent
crime, (C, D) drug-related crime, and (E, F) burglary exposure within the
Census block group of participant residence during gestation based on
self-reported race and ethnicity. Plots on the left (A, C, and E) display
crimes per km2, and plots on the right (B, D, and F) display crimes per
1000 people per km2. Violin plots display the smoothed kernel density of
crime, while boxplots display the 25th quartile, median, 75th quartile, and
Tukey whiskers (outliers are not displayed for simplicity). Supplemental
Figure 2. Frequency of (A, B) violent crime, (C, D) drug-related crime,
and (E, F) burglary exposure within 400 m of participant residence during
gestation based on self-reported race and ethnicity. Plots on the left (A,
C, and E) display crimes per km2, and plots on the right (B, D, and F) dis-
play crimes per 1000 people per km2. Violin plots display the smoothed
kernel density of crime, while boxplots display the 25th quartile, median,
75th quartile, and Tukey whiskers (outliers are not displayed for simpli-
city). Supplemental Figure 3. Frequency of (A, B) violent crime, (C, D)
drug-related crime, and (E, F) burglary exposure within 1600 m of partici-
pant residence during gestation based on self-reported race and ethni-
city. Plots on the left (A, C, and E) display crimes per km2, and plots on
the right (B, D, and F) display crimes per 1000 people per km2. Violin
plots display the smoothed kernel density of crime, while boxplots dis-
play the 25th quartile, median, 75th quartile, and Tukey whiskers (outliers
are not displayed for simplicity).

Acknowledgements
We are grateful to the Durham Police Department for providing us with
geocoded crime data for this project.

Disclaimer
The research described in this article has been reviewed by the Center for
Public Health and Environmental Assessment, US EPA, and approved for
publication. Approval does not signify that the contents necessarily reflect
the views and policies of the Agency, nor does the mention of trade names
of commercial products constitute endorsement or recommendation for use.

Authors’ contributions
EKL organized, analyzed, and visualized all data with guidance from CLM. EKL
and CLM drafted the manuscript with substantive and editorial feedback
from CH, CMG, KMR, and MEE. EKL finalized and submitted the manuscript.
All authors read and approved the final manuscript.

Funding
The Newborn Epigenetics Study (NEST) was supported by the National
Institute of Environmental Health Sciences (1R01ES016772) and National
Institute on Aging (R21AG041048). Lodge, Gutierrez, and Martin were
supported by the Population Research Training Grant (T32HD007168)
awarded by the Eunice Kennedy Shriver National Institute of Child Health
and Human Development. Lodge was additionally supported by the
Biostatistics for Research in Environmental Health Training Grant
(T32ES007018) awarded by the National Institute of Environmental Health
Sciences. Hoyo was supported by the National Institute on Minority Health
and Health Disparities (R01MD011746) and National Institute of
Environmental Health Sciences (P30ES025128). Gutierrez was additionally
supported by the Population Research Infrastructure Program Grant
(P2CHD050924) awarded by the Eunice Kennedy Shriver National Institute of
Child Health and Human Development. Martin was additionally supported
by the National Institute on Minority Health and Health Disparities
(K99MD012808/R00MD012808). Funders of this project played no role in data
collection, study design, analysis, or manuscript preparation.

Availability of data and materials
The datasets generated and analyzed during the current study are not
publicly available due to the presence of identifiable information on NEST
participants, but can be made available from Chantel L. Martin and Cathrine
Hoyo (project Principal Investigators) upon reasonable request.

Lodge et al. BMC Public Health         (2021) 21:1078 Page 11 of 13

https://doi.org/10.1186/s12889-021-11057-4
https://doi.org/10.1186/s12889-021-11057-4


Declarations

Ethics approval and consent to participate
Study protocol and design were approved by the Duke University and
University of North Carolina at Chapel Hill Institutional Review Boards.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no real or potential conflicts of interest.

Author details
1Department of Epidemiology, Gillings School of Global Public Health,
University of North Carolina at Chapel Hill, 135 Dauer Drive, Chapel Hill, NC
27599, USA. 2Carolina Population Center, University of North Carolina at
Chapel Hill, Chapel Hill, USA. 3School of Medicine, University of North
Carolina at Chapel Hill, Chapel Hill, USA. 4Department of Biological Sciences,
Center for Human Health and the Environment, North Carolina State
University, Chapel Hill, USA. 5Department of Public Policy, University of North
Carolina at Chapel Hill, Chapel Hill, USA. 6Office of Research and
Development, U.S. Environmental Protection Agency, Research Triangle Park,
Durham, NC, USA. 7Department of Geography, University of North Carolina at
Chapel Hill, Chapel Hill, USA.

Received: 2 September 2020 Accepted: 13 May 2021

References
1. Masi CM, Hawkley LC, Harry Piotrowski Z, Pickett KE. Neighborhood

economic disadvantage, violent crime, group density, and pregnancy
outcomes in a diverse, urban population. Soc Sci Med. 2007;65(12):2440–57.
https://doi.org/10.1016/j.socscimed.2007.07.014.

2. Messer LC, Kaufman JS, Dole N, Savitz DA, Laraia BA. Neighborhood crime,
deprivation, and preterm birth. Ann Epidemiol. 2006;16(6):455–62. https://
doi.org/10.1016/j.annepidem.2005.08.006.

3. Messer LC, Kaufman JS, Dole N, Herring A, Laraia BA. Violent crime
exposure classification and adverse birth outcomes: a geographically-
defined cohort study. Int J Health Geogr. 2006;5(1):22. https://doi.org/1
0.1186/1476-072X-5-22.

4. Mayne SL, Pool LR, Grobman WA, Kershaw KN. Associations of
neighbourhood crime with adverse pregnancy outcomes among women in
Chicago: analysis of electronic health records from 2009 to 2013. J
Epidemiol Community Health. 2018;72(3):230–6. https://doi.org/10.1136/
jech-2017-209801.

5. Tamayo A, Mujahid MS, Laraia B, Warton EM, Blanchard SD, Kelly M, et al.
Police-recorded crime and perceived stress among patients with type 2
diabetes: the diabetes study of northern California (DISTANCE). J Urban
Health. 2016;93(5):745–57. https://doi.org/10.1007/s11524-016-0069-2.

6. Assari S, Moghani Lankarani M, Caldwell CH, Zimmerman MA. Fear of
Neighborhood Violence During Adolescence Predicts Development of
Obesity a Decade Later: Gender Differences Among African Americans. Arch
Trauma Res. 2016;5(2) [cited 2020 Jun 13]. Available from: https://www.ncbi.
nlm.nih.gov/pmc/articles/PMC5035671/.

7. Sewell AA, Feldman JM, Ray R, Gilbert KL, Jefferson KA, Lee H. Illness
spillovers of lethal police violence: the significance of gendered
marginalization. Ethn Racial Stud. 2020;0(0):1–26.

8. Weisburd D, Cave B, Nelson M, White C, Haviland A, Ready J, et al. Mean
streets and mental health: depression and post-traumatic stress disorder at
crime hot spots. Am J Community Psychol. 2018;61(3–4):285–95. https://doi.
org/10.1002/ajcp.12232.

9. Lowe SR, Quinn JW, Richards CA, Pothen J, Rundle A, Galea S, et al.
Childhood trauma and neighborhood-level crime interact in predicting
adult posttraumatic stress and major depression symptoms. Child Abuse
Negl. 2016;51:212–22. https://doi.org/10.1016/j.chiabu.2015.10.007.

10. Bailey ZD, Krieger N, Agénor M, Graves J, Linos N, Bassett MT. Structural
racism and health inequities in the USA: evidence and interventions. Lancet.
2017;389(10077):1453–63. https://doi.org/10.1016/S0140-6736(17)30569-X.

11. Collins CA, Williams DR. Segregation and Mortality: the deadly effects of
racism? Sociol Forum. 1999;14(3):495–523. https://doi.org/10.1023/A:1
021403820451.

12. Krivo LJ, Byron RA, Calder CA, Peterson RD, Browning CR, Kwan M-P, et al.
Patterns of local segregation: do they matter for neighborhood crime? Soc
Sci Res. 2015;54:303–18. https://doi.org/10.1016/j.ssresearch.2015.08.005.

13. Logan JR. The Persistence of Segregation in the 21st Century Metropolis.
City Community. 2013;12(2) [cited 2020 Jun 22]. Available from: https://
www.ncbi.nlm.nih.gov/pmc/articles/PMC3859616/.

14. Williams DR, Collins C. Racial residential segregation: a fundamental cause of
racial disparities in health. Public Health Rep. 2001;116(5):404–16. https://doi.
org/10.1016/S0033-3549(04)50068-7.

15. Theall KP, Shirtcliff EA, Dismukes AR, Wallace M, Drury SS. Association
between neighborhood violence and biological stress in children. JAMA
Pediatr. 2017;171(1):53–60. https://doi.org/10.1001/jamapediatrics.2016.2321.

16. Lei M-K, Beach SRH, Simons RL, Philibert RA. Neighborhood crime and
depressive symptoms among African American women: genetic
moderation and epigenetic mediation of effects. Soc Sci Med. 2015;146:
120–8. https://doi.org/10.1016/j.socscimed.2015.10.035.

17. Ulmer JT, Harris CT, Steffensmeier D. Racial and ethnic disparities in
structural disadvantage and crime: White, black, and Hispanic
comparisons. Soc Sci Q. 2012;93(3):799–819. https://doi.org/10.1111/j.154
0-6237.2012.00868.x.

18. Coulon SM, Wilson DK, Alia KA, Van Horn ML. Multilevel associations of
neighborhood poverty, crime, and satisfaction with blood pressure in
African-American adults. Am J Hypertens. 2016;29(1):90–5. https://doi.org/1
0.1093/ajh/hpv060.

19. Mayne SL, Moore KA, Powell-Wiley TM, Evenson KR, Block R, Kershaw KN.
Longitudinal associations of neighborhood crime and perceived safety with
blood pressure: the multi-ethnic study of atherosclerosis (MESA). Am J
Hypertens. 2018;31(9):1024–32. https://doi.org/10.1093/ajh/hpy066.

20. Craglia M, Haining R, Wiles P. A comparative evaluation of approaches to
urban crime pattern analysis. Urban Stud. 2000;37(4):711–29. https://doi.
org/10.1080/00420980050003982.

21. Schwartz GL, Jahn JL. Mapping fatal police violence across U.S. metropolitan
areas: Overall rates and racial/ethnic inequities, 2013–2017. PLOS ONE. 2020;
15(6):e0229686.

22. Bor J, Venkataramani AS, Williams DR, Tsai AC. Police killings and their
spillover effects on the mental health of black Americans: a population-
based, quasi-experimental study. Lancet. 2018;392(10144):302–10. https://
doi.org/10.1016/S0140-6736(18)31130-9.

23. Johnson O, St. Vil C, Gilbert KL, Goodman M, Johnson CA. How
neighborhoods matter in fatal interactions between police and men of
color. Soc Sci Med. 2019;220:226–35. https://doi.org/10.1016/j.
socscimed.2018.11.024.

24. The Sentencing Project. Report to the United Nations on Racial Disparities
in the U.S. Criminal Justice System. The Sentencing Project. 2018 [cited 2020
Jun 23]. Available from: https://www.sentencingproject.org/publications/un-
report-on-racial-disparities/

25. Alexander M. The new Jim crow. New York: The New Press; 2010.
26. Edwards F, Esposito MH, Lee H. Risk of police-involved death by race/

ethnicity and place, United States, 2012–2018. Am J Public Health. 2018;
108(9):1241–8. https://doi.org/10.2105/AJPH.2018.304559.

27. Edwards F, Lee H, Esposito M. Risk of being killed by police use of force in
the United States by age, race–ethnicity, and sex. PNAS. 2019;116(34):
16793–8. https://doi.org/10.1073/pnas.1821204116.

28. Sewell AA, Jefferson KA. Collateral damage: the health effects of invasive
police encounters in new York City. J Urban Health. 2016;93(1):42–67.
https://doi.org/10.1007/s11524-015-0016-7.

29. Hoyo C, Murtha AP, Schildkraut JM, Forman MR, Calingaert B, Demark-
Wahnefried W, et al. Folic acid supplementation before and during
pregnancy in the newborn epigenetics STudy (NEST). BMC Public Health.
2011;11(1):46. https://doi.org/10.1186/1471-2458-11-46.

30. Hoyo C, Murtha AP, Schildkraut JM, Jirtle R, Demark-Wahnefried W, Forman
MR, et al. Methylation variation at IGF2 differentially methylated regions and
maternal folic acid use before and during pregnancy. Epigenetics. 2011;6(7):
928–36. https://doi.org/10.4161/epi.6.7.16263.

31. Zandbergen PA. Ensuring Confidentiality of Geocoded Health Data:
Assessing Geographic Masking Strategies for Individual-Level Data. Adv
Med. 2014;2014 [cited 2020 Feb 24]. Available from: https://www.ncbi.nlm.
nih.gov/pmc/articles/PMC4590956/.

32. United States Federal Bureau Of Investigation. Uniform Crime Reporting
Program Data: Offenses Known and Clearances by Arrest, United States,
2016. Inter-University Consortium for Political and Social Research; 2018.

Lodge et al. BMC Public Health         (2021) 21:1078 Page 12 of 13

https://doi.org/10.1016/j.socscimed.2007.07.014
https://doi.org/10.1016/j.annepidem.2005.08.006
https://doi.org/10.1016/j.annepidem.2005.08.006
https://doi.org/10.1186/1476-072X-5-22
https://doi.org/10.1186/1476-072X-5-22
https://doi.org/10.1136/jech-2017-209801
https://doi.org/10.1136/jech-2017-209801
https://doi.org/10.1007/s11524-016-0069-2
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5035671/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5035671/
https://doi.org/10.1002/ajcp.12232
https://doi.org/10.1002/ajcp.12232
https://doi.org/10.1016/j.chiabu.2015.10.007
https://doi.org/10.1016/S0140-6736(17)30569-X
https://doi.org/10.1023/A:1021403820451
https://doi.org/10.1023/A:1021403820451
https://doi.org/10.1016/j.ssresearch.2015.08.005
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3859616/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3859616/
https://doi.org/10.1016/S0033-3549(04)50068-7
https://doi.org/10.1016/S0033-3549(04)50068-7
https://doi.org/10.1001/jamapediatrics.2016.2321
https://doi.org/10.1016/j.socscimed.2015.10.035
https://doi.org/10.1111/j.1540-6237.2012.00868.x
https://doi.org/10.1111/j.1540-6237.2012.00868.x
https://doi.org/10.1093/ajh/hpv060
https://doi.org/10.1093/ajh/hpv060
https://doi.org/10.1093/ajh/hpy066
https://doi.org/10.1080/00420980050003982
https://doi.org/10.1080/00420980050003982
https://doi.org/10.1016/S0140-6736(18)31130-9
https://doi.org/10.1016/S0140-6736(18)31130-9
https://doi.org/10.1016/j.socscimed.2018.11.024
https://doi.org/10.1016/j.socscimed.2018.11.024
https://www.sentencingproject.org/publications/un-report-on-racial-disparities/
https://www.sentencingproject.org/publications/un-report-on-racial-disparities/
https://doi.org/10.2105/AJPH.2018.304559
https://doi.org/10.1073/pnas.1821204116
https://doi.org/10.1007/s11524-015-0016-7
https://doi.org/10.1186/1471-2458-11-46
https://doi.org/10.4161/epi.6.7.16263
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4590956/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4590956/


Available from: https://www.icpsr.umich.edu/icpsrweb/NACJD/studies/3
7061/versions/V1

33. Panel on Measuring Rape and Sexual Assault in Bureau of Justice Statistics
Household Surveys, Kruttschnitt C, Kalsbeek WD, House CC, Committee on
National Statistics, Division of Behavioral and Social Sciences and Education.
Summary. In: Estimating the Incidence of Rape and Sexual Assault: National
Academies Press (US); 2014. [cited 2020 May 18]. Available from: https://
www.ncbi.nlm.nih.gov/books/NBK202252/.

34. Manson S, Schroeder J, Van Riper D, Ruggles S. IPUMS National Historical
Geographic Information System: Version 14.0 [Database]. Minneapolis:
IPUMS; 2019; Available from:. https://doi.org/10.18128/D050.V14.0.

35. Durham Open Data. City of Durham Boundary. [cited 2021 May 5]. Available
from: https://live-durhamnc.opendata.arcgis.com/datasets/city-of-durham-
boundary?geometry=-79.382,35.870,-78.404,36.065

36. Hintze JL, Nelson RD. Violin plots: a box plot-density trace synergism. Am
Stat. 1998;52(2):181–4.

37. Tukey J. Exploratory data analysis. 6th ed. Reading: Addison-Wesley Pub.
Co.; 1977.

38. R Core Team. R: a language and environment for statistical computing.
Vienna: R Foundation for Statistical Computing; 2021. Available from:
https://www.R-project.org/

39. Andresen MA, Malleson N. Crime seasonality and its variations across space.
Appl Geogr. 2013;43:25–35. https://doi.org/10.1016/j.apgeog.2013.06.007.

40. Messer LC, Oakes JM, Mason S. Effects of socioeconomic and racial
residential segregation on preterm birth: a cautionary tale of structural
confounding. Am J Epidemiol. 2010;171(6):664–73. https://doi.org/10.1093/a
je/kwp435.

41. Baumer EP. Neighborhood disadvantage and police notification by victims
of violence. Criminology. 2002;40(3):579–616. https://doi.org/10.1111/j.1745-
9125.2002.tb00967.x.

42. Alang S, McAlpine D, McCreedy E, Hardeman R. Police brutality and black
health: setting the agenda for public health scholars. Am J Public Health.
2017;107(5):662–5. https://doi.org/10.2105/AJPH.2017.303691.

43. Sewell AA. The illness associations of police violence: differential
relationships by Ethnoracial composition. Sociol Forum. 2017;32(S1):975–97.
https://doi.org/10.1111/socf.12361.

44. Kahn KB, Goff PA, Lee JK, Motamed D. Protecting whiteness: White
phenotypic racial Stereotypicality reduces police use of force. Soc Psychol
Personal Sci. 2016;7(5):403–11. https://doi.org/10.1177/1948550616633505.

45. Barkan SE, Cohn SF. Why whites favor spending more money to fight crime:
the role of racial prejudice. Soc Probl. 2005;52(2):300–14. https://doi.org/10.1
525/sp.2005.52.2.300.

46. Geller A, Fagan J, Tyler T, Link BG. Aggressive policing and the mental
health of young urban men. Am J Public Health. 2014;104(12):2321–7.
https://doi.org/10.2105/AJPH.2014.302046.

47. Griffith DA. The boundary value problem in spatial statistical analysis*. J Reg
Sci. 1983;23(3):377–87. https://doi.org/10.1111/j.1467-9787.1983.tb00996.x.

48. Blaschke T, Merschdorf H, Cabrera-Barona P, Gao S, Papadakis E, Kovacs-
Györi A. Place versus space: from points, lines and polygons in GIS to place-
based representations reflecting language and culture. ISPRS Int J Geo Inf.
2018;7(11):452. https://doi.org/10.3390/ijgi7110452.

49. Oliveira M, Bastos-Filho C, Menezes R. The scaling of crime concentration in
cities. PLoS One. 2017;12(8):e0183110. https://doi.org/10.1371/journal.pone.
0183110.

50. Hernán MA, Robins JM. Estimating causal effects from epidemiological data.
J Epidemiol Community Health. 2006;60(7):578–86. https://doi.org/10.1136/
jech.2004.029496.

51. Henry-Sanchez BL, Geronimus AT. RACIAL/ETHNIC DISPARITIES IN INFANT
MORTALITY AMONG U.S. LATINOS: A Test of the Segmented Racialization
Hypothesis1. Du Bois Rev: Social Science Research on Race. 2013;10(1):205–31.

52. Roth WD. The multiple dimensions of race. Ethn Racial Stud. 2016;39(8):
1310–38. https://doi.org/10.1080/01419870.2016.1140793.

53. Gadsden VL, López N. Health Inequities, Social Determinants, and
Intersectionality. NAM Perspect. 2016; [cited 2020 Jun 23]; Available from:
https://nam.edu/health-inequities-social-determinants-and-intersectionality/.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Lodge et al. BMC Public Health         (2021) 21:1078 Page 13 of 13

https://www.icpsr.umich.edu/icpsrweb/NACJD/studies/37061/versions/V1
https://www.icpsr.umich.edu/icpsrweb/NACJD/studies/37061/versions/V1
https://www.ncbi.nlm.nih.gov/books/NBK202252/
https://www.ncbi.nlm.nih.gov/books/NBK202252/
https://doi.org/10.18128/D050.V14.0
https://live-durhamnc.opendata.arcgis.com/datasets/city-of-durham-boundary?geometry=-79.382,35.870,-78.404,36.065
https://live-durhamnc.opendata.arcgis.com/datasets/city-of-durham-boundary?geometry=-79.382,35.870,-78.404,36.065
https://www.r-project.org/
https://doi.org/10.1016/j.apgeog.2013.06.007
https://doi.org/10.1093/aje/kwp435
https://doi.org/10.1093/aje/kwp435
https://doi.org/10.1111/j.1745-9125.2002.tb00967.x
https://doi.org/10.1111/j.1745-9125.2002.tb00967.x
https://doi.org/10.2105/AJPH.2017.303691
https://doi.org/10.1111/socf.12361
https://doi.org/10.1177/1948550616633505
https://doi.org/10.1525/sp.2005.52.2.300
https://doi.org/10.1525/sp.2005.52.2.300
https://doi.org/10.2105/AJPH.2014.302046
https://doi.org/10.1111/j.1467-9787.1983.tb00996.x
https://doi.org/10.3390/ijgi7110452
https://doi.org/10.1371/journal.pone.0183110
https://doi.org/10.1371/journal.pone.0183110
https://doi.org/10.1136/jech.2004.029496
https://doi.org/10.1136/jech.2004.029496
https://doi.org/10.1080/01419870.2016.1140793
https://nam.edu/health-inequities-social-determinants-and-intersectionality/

	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	Study population
	Durham police department police-reported crime data
	Crime exposure assessment
	Statistical analysis

	Results
	Discussion
	Conclusions
	Abbreviations
	Supplementary Information
	Acknowledgements
	Disclaimer
	Authors’ contributions
	Funding
	Availability of data and materials
	Declarations
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

