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Abstract
Background For nearly half of the period between 1999 and 2019, rates of rural 
overdose death surpassed those in urban areas. Despite this substantial increase, little 
attention has been given to rural overdose or the contextual factors that predict risk 
of fatal overdose in rural vs. urban communities.
Methods Risk terrain modeling was used to assess 2016–2017 overdose deaths in 
two urban and two rural Ohio counties. Spatial models incorporated criminal inci-
dents and features of the built environment that have been previously associated with 
fatal overdose. The efficacy of spatial models was evaluated through the Predictive 
Accuracy Index (PAI) and Predictive Efficiency Index (PEI*).
Results Spatial models in rural counties were more influenced by past instances of 
crime, whereas risk in urban counties was determined by both crime and the built 
environment. Taken together, models accurately predicted 76% of 2018 overdoses. 
Rural models were overall more accurate, primarily in the areas predicted as having 
the highest risk of future overdose deaths. The predictive accuracy and efficiency of 
rural models varied more than those of urban models.
Conclusions It is feasible to apply risk terrain modeling to predict fatal overdose in 
rural areas. Though the underlying contextual risk factors and patterns of predicted 
risk differ between rural and urban areas, both can be utilized to place treatment and 
prevention resources more accurately for targeted intervention.

Keywords Fatal overdose · Risk terrain modeling · Spatial risk factors · 
Geospatial
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Introduction

Fatal drug overdoses have been steadily increasing in the United States since 1999 
and have surged throughout the COVID-19 pandemic (Hedegaard et al., 2021; 
National Institute on Drug Abuse, 2022). Widespread efforts to reduce overdose mor-
tality have included naloxone distribution, increased services to persons at risk for 
fentanyl exposure, and enhanced access to substance use treatment (Wilson et al., 
2020). These measures alone, however, have not been sufficient to stem mortality 
rates as provisional data from the Centers for Disease Control and Prevention (CDC) 
indicate that the U.S. has recently surpassed 100,000 overdose deaths for the first 
time in a 12-month period (Centers for Disease Control and Prevention, 2021).

Since the onset of the opioid epidemic, a multitude of contextual risk factors have 
been consistently associated with overdose locations (Cerda et al., 2013; Galea et 
al., 2005). Most commonly, these include features of the built environment (Butz 
& Streetman, 2018; Chichester et al., 2020), the presence of violent crime (Carter 
et al., 2018) or crime associated with substance use (e.g. possession, distribution, 
burglaries; (Chen et al., 2022; Ertugrul et al., 2019; Martínez et al., 2008), and 
neighborhood-level socioeconomic factors (Johnson & Shreve, 2020; Marshall et al., 
2019). Taken together, these variables, often in unison with public health data such 
as opioid dispensing rates and calls for EMS, have enabled more accurate identifica-
tion of high-risk overdose areas (Bozorgi et al., 2021; Sadler & Furr-Holden, 2019; 
Sumetsky et al., 2021).

Risk Terrain Modeling (RTM) has emerged as an efficacious geospatial analytic 
technique for assessing the relationships between a set of theoretically related risk 
factors and an outcome event to predict high-risk areas (Caplan et al., 2011, 2015; 
Marchment & Gill, 2021). At the micro, place-level, risky places are formed by a 
confluence of sociodemographic and environmental factors that, when overlapped, 
create an environment where crime is ripe to occur (Caplan & Kennedy, 2016). By 
focusing on specific factors and outcome events to which they are believed to relate, 
RTM can test their spatial relationships and model areas where outcome events are 
statistically more likely (Caplan et al., 2015).

RTM has roots in broader environmental criminology, pulling core concepts and 
theoretical arguments from routine activities theory (Cohen & Felson, 1979) and 
crime pattern theory (Brantingham & Brantingham, 1993, 1995, 2013). An RTM 
approach relies on the broad crime generator and attractors (see Marchment and Gill, 
2021), along with risky facilities (see Steinman et al. (2021), literature to assist in 
quantifying risk for outcomes. In short, how different features of the environment 
co-locate in space could create riskier environments for crime to occur. For instance, 
a bar by itself and a bus stop by itself could be risky but a bus stop co-located in a 
shared space as a bar could create an even riskier environment. That is, the combined 
influence of two criminogenic features creates greater risk than one feature indepen-
dently. RTM assists in operationalizing and testing for these influences.

To date, RTM has largely been applied to analyzing patterns of crime in urban 
city centers (Fox et al., 2021; Valasik, 2018). Recent investigations, however, have 
expanded its use to investigate a range of events including suicide (Lersch, 2020), 
child maltreatment (Daley et al., 2016), and fatal drug overdose (Chichester et al., 
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2020; Liu et al., 2023).1 A recent systematic review of studies utilizing RTM found 
that areas identified as high-risk in analyses consistently encapsulated nearly 50% of 
future outcome events (Marchment & Gill, 2021). In the context of fatal overdose, 
predicting high-risk areas allows for greater specificity in the allocation of treatment 
and prevention resources. Further, it highlights the contextual factors that are most 
closely associated with past outcome events and thus, are expected to be the best 
predictors of future occurrences.

The contextual risk factors that relate to fatal overdose are not consistent across 
environments. Within states, county-level differences in overdose trends vary greatly 
based on conditions such as poverty, unemployment, family instability, and disability 
rates (Monnat, 2018). Across the U.S., rural and urban regions have also been shown 
to differ in terms of the socioeconomic and built environmental factors that associate 
with overdose deaths (Pear et al., 2019; Wagner et al., 2019). This can be expected 
given the population dispersion, infrastructure, labor markets, and relative size of 
rural vs. urban areas. These differences have led to barriers in providing adequate 
treatment and prevention resources to rural regions, which have been among those 
most impacted by the opioid epidemic (Hedegaard & Spencer, 2021; Palombi et al., 
2018), and include extended EMS response times (Gonzalez et al., 2009; Mell et al., 
2017), less frequent naloxone administration (Faul et al., 2015; Kilwein et al., 2019), 
and lack of access to appropriate healthcare (Amiri et al., 2021; Lister et al., 2020; 
Moody et al., 2017). Given the abundance of structural, commercial, and cultural fac-
tors that differentiate rural substance use environments from urban, it is essential to 
better understand the contextual risk factors that most associate with fatal overdose 
in each area.

The current study seeks to fill this gap in the literature by adopting a geospatial 
analytic approach to examining overdose deaths that occurred in Ohio from 2016 to 
2017. Like much of Appalachia, Ohio has been disproportionately affected by the 
opioid epidemic and has consistently ranked among the top U.S. states in overdose 
death rates (Hall et al., 2019, 2020). Further, through several initiatives such as the 
Ohio Department of Health’s Violence and Injury Prevention Section, Ohio has come 
to collect consistent public health data including information on decedents of fatal 
overdose, overdose contexts, and crime (ODH, 2022; ODPS, 2021). The aims of this 
study are to: (i) identify high-risk areas in two urban and two rural Ohio counties with 
high rates of overdose death by assessing the relationship between features of the 
built environment, locations of criminal incidents, and fatal overdose using Risk Ter-
rain Modeling, (ii) identify the contextual risk factors that convey the greatest spatial 
influence in areas that are prone to future overdose deaths, (iii) compare contextual 
risk factors across urban and rural environments, and (iv) assess the efficacy of RTM 
in predicting actual 2018 overdoses using the Predictive Accuracy Index (PAI) and 
Predictive Efficiency Index (PEI*).

1  The current study does not delve into the differences in spatial approaches to predict crime. There are 
numerous approaches to spatially predicting crime with prior studies focusing on comparisons. This is 
beyond the scope but there is extant literature on comparing approaches on the predictive ability (see 
e.g., Drawve, 2016; Ohyama & Amemya, 2018; Wheeler and Steenbeek, 2021) along with NIJ’s Crime 
Forecasting Challenge in general.
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Methods

Risk Terrain Modeling

RTM is a geospatial analytic approach that operationalizes risk of an outcome event 
by examining the spatial relationship between past events and a set of theoretically 
related variables that are thought to confer risk (Caplan et al., 2011, 2015). Using 
a defined geographic area, RTM generates binary spatial layers for each risk factor 
that are divided into equal sized cells. Risk values are then assigned to cells based on 
the proximity and density of risk factors in relation to outcome events. Cells within 
a specified distance of risk factors or containing a point density of greater than two 
standard deviations are assigned a value of one. All other cells are given a value of 
zero. Following this, spatial layers from all included risk factors are combined to 
produce a composite risk terrain map in which a risk score is calculated for each cell 
based on the aggregation of individual spatial layers. Higher risk scores are indica-
tive of a greater likelihood of outcome events occurring at that location in the future. 
Additionally, a relative risk value (RRV) is generated for each risk factor. This value 
indicates the degree of influence that each variable contributes relative to other fac-
tors in the model. In addition to permitting the identification of high-risk contextual 
factors, RTM allows for the identification of risk variation within a defined geo-
graphic area (Daley et al., 2016; Valasik, 2018; Valasik et al., 2019). To assist in 
the RTM approach, RTMDx, an analytical tool, is used in the current study (further 
discussed below).

Defining Rurality

The United States Economic Research Service’s 2010 Rural-Urban Commuting 
Area Codes (RUCA) were used to define rurality. RUCA codes are determined at the 
census tract-level by accounting for the urbanicity, commuting trends, and popula-
tion density of a given tract (USDA Economic Research Service, 2020) and have 
been widely utilized in the literature (Green et al., 2020; Iloglu et al., 2021; Pear et 
al., 2019). Based on the above characteristics, tracts are designated as metropolitan 
(1–3), micropolitan (4–6), small town (7–9), or rural (10-10.3; (United States Depart-
ment of Agriculture, 2019). RUCA codes were assigned to Ohio census tracts and 
used to determine rurality at the county level. Counties were coded as urban if they 
were entirely comprised of tracts with metropolitan RUCA codes and rural if they 
contained only micropolitan, small town, or rural RUCA codes (4-10.3). This is con-
sistent with conventions used by both the U.S. Census Bureau (Ratcliffe et al., 2016) 
and the U.S. Federal Office of Rural Health Policy (U.S. HRSA, 2021) which define 
rurality as any territory outside of metro areas.

Study Areas

The current study sought to model risk of fatal overdose at the county level in Ohio. 
To elucidate urban – rural differences in the contextual risk factors associated with 
overdose deaths, two urban and two rural counties were selected for analyses. Rates 

1 3

233



American Journal of Criminal Justice (2024) 49:230–254

of overdose per 100,000 population were examined per county. Among the five urban 
and rural counties with the highest rates, those with the highest number of overdoses 
from 2016 to 2017 were chosen. Priority was given to counties with higher counts of 
fatal overdoses to test the feasibility of an RTM approach across county types. Addi-
tionally, with the smaller units of analysis used in the current study, discussed below, 
there needs to be an adequate sample size to generate risk models. This resulted in 
Hamilton and Montgomery counties being selected as the urban areas of focus and 
Marion and Ross counties as the rural areas. A description of decedent demographics 
and overdose deaths per county is provided in Table 1.

Data Sources and Preparation

Fatal overdose data for this study were provided by the Ohio Department of Health’s 
Bureau of Vital Statistics. Accidental fatal overdoses in which any illicit substances 
were implicated as the primary cause of death statewide from 2016 to 2017 were 
obtained (N = 7,446). Overdoses at the state level are classified via International Clas-
sification of Diseases, Tenth Revision (ICD-10) codes and include cases in which 
fatal poisonings are attributable to benzodiazepines (T42.4), cocaine (T40.5), psy-
chostimulants (T43.6), heroin (T40.1), natural and semisynthetic opioids (T40.2), 
methadone (T40.3), or fentanyl and fentanyl analogues (T40.31). Overdoses were 
geocoded using Esri’s ArcGIS Pro 2.7.0 based on data provided in each decedent’s 
death certificate. Point of Injury addresses were used as the best approximation of 
overdose location. Incomplete or invalid addresses led to the removal of 109 cases 
while a further 681 cases were removed for having overdosed while in a restrictive 
environment (e.g., healthcare institution, correctional facility, or inpatient substance 
use treatment). As this study is assessing the contextual risk factors associated with 
substance use environments, it was determined that overdoses occurring in these set-
tings are not subject to the same environmental influences as those by individuals liv-
ing unrestrictedly in society. This resulted in 6,656 valid cases across the state, 1,593 
of which were contained in the four counties examined in analyses (See Table 1).

To assess the efficacy of RTM in correctly identifying high-risk areas, 2018 fatal 
overdoses were additionally obtained and prepared in an identical fashion to that 
described above for 2016–2017 cases. Fifty-seven decedents were removed due to 
incomplete or missing address data and 495 for having been identified as overdosing 
while in a restricted environment. Following these exclusions, 4,326 statewide cases 
remained, and 606 of these fell in the study areas.

Criminal incident data were obtained from the Ohio Department of Public Safety. 
These data are classified using the FBI’s National Incident-Based Reporting System 
(NIBRS) and include all incidents in which a crime was reported throughout the state 
from 2016 to 2017, regardless of whether an arrest was made. Specific crimes were 
selected for inclusion in analyses based on having been identified in the literature as 
a spatial risk factor for drug overdose (Carter et al., 2018; Johnson & Shreve, 2020) 
or substance use behavior (Gorman et al., 2005; Lum, 2008), or for having a theoreti-
cal relationship with drug overdose. Included criminal incidents and their associated 
NIBRS classification can be found in Table 1.
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Built environmental variables were obtained from Data Axle, formerly Reference-
USA and Infogroup, a provider for business and consumer databases containing over 
15 million U.S. businesses. Data are classified based on the North American Indus-
try Classification System (NAICS), which contains 96 categories and 317 industry 
groups (United States Census Bureau, 2020). NAICS is the standard used across all 
government agencies when classifying business establishments. NAICS data sourced 
from Infogroup have been widely utilized in the literature and are provided with 
geospatial data including latitude/longitude coordinates for easy use with geospatial 

Table 1 County-level overdose death characteristics and included spatial risk factors
Hamilton Montgomery Marion Ross

Outcome Event
Countywide Overdose Deaths 2016–2017 751 724 54 64
Age (M, SD) 41.9 (12.13) 41 (11.66) 41 

(10.45)
40.2 (13.09)

Sex (female) 247 (32.9%) 243 (33.6%) 17 
(31.7%)

14 (21.9%)

Race
Black 105 (14%) 112 (15.5%) 4 (7.4%) 7 (10.9%)
White 638 (85%) 600 (82.9%) 50 

(92.6%)
57 (89.1%)

Other 8 (1%) 12 (1.6%) - -
Countywide Spatial Risk Factor Totals
Criminal Incidents (NIBRS)
Aggravated Assault (13 A) 3,227 2,034 107 245
Burglary, Breaking & Entering (220) 9,721 6,803 1,035 1,373
Curfew, Loitering, Vagrancy aaViolations (90B) 54 20 25 12
Drug & Narcotic Violations (35 A) 2,528 3,888 1,152 576
Drunkenness (90E) 286 453 1,122 341
Liquor Law Violations (90G) 420 248 121 107
Murder, Nonnegligent Manslaughter (9 A) 153 90 15 3
Robbery (120) 2,939 1,237 79 74
Vehicle Theft (240) 3,592 2,325 85 269
Built Environmental Features
Apartments 261 194 13 21
Bars 150 78 6 2
Bus Stops 443 434 1 3
Convenience Stores 160 107 16 16
Drug & Alcohol Treatment Centers 29 18 4 1
Gas Stations 135 104 7 15
Hotels & Motels 99 72 7 8
Liquor Vendors 16 14 1 1
Pawn Shops 8 8 0 2
Payday Loan Agencies 45 26 5 4
Pharmacies 139 109 14 15
Public Parks 83 93 15 23
Schools 330 227 26 30
Shelters & Transitional Living 2 4 0 1
Tobacco Vendors 18 14 3 5
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platforms (D’Angelo et al., 2014; Hipp et al., 2019; Lersch, 2017). Categories of built 
environmental features were included based on having been identified in the litera-
ture as a spatial risk factor for fatal overdose (Butz & Streetman, 2018; Chichester 
et al., 2020) or drug-related crime (Gorman et al., 2005; McCord & Ratcliffe, 2007). 
This resulted in the selection of fifteen built environmental risk factors, thirteen of 
which were associated with NAICS identifiers available within Data Axle. These 
businesses are verified by Data Axle, but it is possible that the business closed/no 
longer in operation when the outcome event took place. The remaining two vari-
ables, public parks and bus stops, were geocoded using RTMDx (discussed below). 
RTMDx’s geocoding feature executes a successive string of searches using Google 
Maps data until all instances of the specified variable have been compiled. This data 
is then accessible for use in RTM analyses within the program. A full description of 
included built environmental features and criminal incidents, as well as their distribu-
tion across the study areas, can be found in Table 1.

Analytic Approach

Prior to aggregating 2016 and 2017 fatal overdose data in RTMDx, average nearest 
neighbor analyses were conducted to ensure that each county’s dispersion of over-
doses occurred in a non-random, clustered pattern. Analyses were carried out using 
ArcGIS Pro 2.7.0. to determine whether the mean distance between overdose loca-
tions is significantly less than that of a randomly generated distribution. Distances 
between points were calculated using Manhattan distances.

The RTMDx platform was used to carry out RTM analyses. RTMDx is a diagnos-
tic spatial analytic platform developed by the Rutgers Center on Public Security to 
operationalize the RTM procedure (Caplan et al., 2013). RTMDx requires the deter-
mination of several model parameters that guide the program’s execution. First, an 
aggravating model was utilized as both criminal incidents and built environmental 
features were expected to have a positive association with fatal overdose. A standard 
value representative of two city block lengths (1,320 ft) was selected, defining the 
distance at which the spatial influence of risk factors is assessed. Risk factors were 
assigned a standard value multiplier of three, leading the proximity of each to be 
tested for significance at two, four (2,640 ft), and six (3,960 ft) block increments. 
Variables were assessed by both proximity and density. In short, this procedure tests 
whether being in close proximity to a factor is risky or the density of a factor in space 
is risky. Finally, the spatial analysis unit, or place size, was set to 660 by 660 ft, defin-
ing the grid cell size into which spatial layers were divided. The total number of cells 
generated for each model is listed in Table 2.

Using the specified parameters, RTMDx assesses the spatial influence of risk fac-
tors on locations of fatal overdose sequentially at each operationalization specified 
in the above steps to determine a best fitting model. This is accomplished using an 
elastic net penalized regression model to select variables which are then fit to a Pois-
son regression (Caplan et al., 2015). A cross-validation procedure selects variables 
with a non-zero coefficient for inclusion in the penalized model. Selected factors 
are incorporated in a bidirectional stepwise regression to determine the model with 
the lowest Bayesian information criterion (Fox et al., 2021). After the final model is 
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determined, coefficients for the remaining variables are then rescaled and applied as 
RRVs (Lersch, 2020). Additionally, a grid cell overlay of the study area is produced 
indicating the relative risk score (RRS) of each cell. These scores are akin to odds 
ratios as cells with the lowest predicted likelihood of future overdose are assigned a 
value of one.

Table 2 RTMDx optimal risk terrain model for fatal overdose by county
Hamilton Montgomery Marion Ross

Composite Risk Map Results
Number of Cells 26,853 30,084 26,233 45,003
RRS Range 1–170.08 1–151.26 1–1,472.96 1–652.96
RRS Mean 7.18 6.85 13.41 3.38
RRS Standard Deviation 14.38 16.18 110.10 25.93
Number of High-Risk Cells 1,257 (4.68%) 1,344 (4.47%) 321 (1.22%) 470 (1.04%)
Number of Moderate-Risk Cells 909 (3.39%) 896 (2.98%) 51 (0.19%) 1 (< 0.001%)
Number of Mild-Risk Cells 3,467 (12.91%) 2,904 (9.65%) 938 (3.58%) 1,224 

(2.72%)
Spatial Risk Factors RRV (Operationalization, Spatial Influence [ft])
Criminal Incidents
Aggravated Assault 2.25 (P, 1,320) 1.69 (P, 1,320) - -
Burglary, Breaking & Entering 2 (D, 1,320) 2.23 (D, 1,320) - 19.38 (D, 

1,320)
Curfew, Loitering, Vagrancy - - - -
Drug & Narcotic Violations - 2.53 (P, 1,320) - -
Drunkenness - - 42.61 (P, 

1,320)
-

Liquor Law Violations - - - -
Murder, Nonnegligent Manslaughter - 1.50 (D, 1,320) 11 (D, 2,640) 4.22 (P, 

2,640)
Robbery 1.90 (P, 2,640) - - -
Vehicle Theft 1.63 (D, 1,320) 1.65 (D, 1,320) - 7.99 (D, 

3,960)
Built Environmental Features
Apartments - 1.38 (P, 3,960) - -
Bars 1.44 (D, 3,960) 1.81 (P, 3,960) 3.14 (P, 

2,640)
-

Bus Stops - - - -
Convenience Stores 1.56 (P, 2,640) - - -
Drug & Alcohol Treatment Centers - - - -
Gas Stations 1.59 (P, 3,960) 1.37 (D, 3,960) - -
Hotels & Motels 1.73 (P, 1,320) - - -
Liquor Vendors - - - -
Pawn Shops - - - -
Payday Loan Agencies - - - -
Pharmacies - - - -
Public Parks - 1.32 (P, 3,960) - -
Schools 1.96 (P, 3,960) 1.89 (P, 3,960) - -
Shelters & Transitional Living - - - -
Tobacco Vendors - - - -
a D = Density, P = Proximity, RRS = Relative Risk Score, RRV = Relative Risk Value
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Finalized risk terrain maps included a mean RRS (M) value and the standard 
deviation of RRS values (SD) in the aggregate map. These values were then used 
to derive tiers of anticipated risk for each county ranging from mild risk (M to M + 1 
SD), to moderate risk (M + 1 SD to M + 2 SD), and high risk (greater than M + 2 SD) 
areas. The number of actual 2018 fatal overdoses in each county was then examined 
to determine the accuracy with which overdoses were predicted at each level of risk.

Following the methodology used by the National Institute of Justice in their crime 
forecasting challenge (NIJ, 2017), to examine RTM’s efficacy in the current study, 
the Predictive Accuracy Index (PAI; (Chainey et al., 2008) and Predictive Efficiency 
Index (PEI*; (Hunt, 2016) were used. The PAI is calculated by (n/N)/(a/A), where 
n is the number of correctly predicted events within a specific risk category over the 
total N of events. The numerator is often described as the hit rate but does not take 
into account the area, hence the denominator. The denominator represents the area 
of a specific risk category divided by the total area. The final PAI value can be inter-
preted in comparison to one another by identifying the higher value as being more 
accurate. While the PAI is designed as a metric for comparison to identify approach 
accuracy, it does not assess how well an approach could have predicted events. In 
short, the PAI identifies the accuracy level while PEI* identifies how efficient the 
model was in predicting events. The PEI* compares the predictive success of the 
model to how well the model could have theoretically predicted cases in the number 
of cells it included (Hunt, 2016). Values closer to one indicate more efficiency. To 
calculate PEI*, PAI is divided by PAI*, where PAI is the original calculated value and 
PAI* represents the maximum possible PAI. The resulting value ranges from zero to 
one. As PEI* approaches 1, the more efficient that approach is for predicting events.

Results

Results from average nearest neighbor analyses indicated that fatal overdoses in each 
county were significantly clustered (ps < 0.01), supporting the aggregation of over-
dose deaths from 2016 to 2017 in RTM analyses. RTMDx identified the best-fitting 
model for each county as a Negative Binomial Type II model other than for Marion 
County, which was fit to a Poisson model.

Figures 1 and 2 depict the composite risk maps for the urban study areas (Ham-
ilton and Montgomery counties, respectively). The relative risk scores of each cell 
were determined from the Negative Binomial model. The map of Hamilton County 
details 1,257 cells that were identified as high risk (RRS > 35.96), 4.68% of the 
total study area. These high-risk areas comprise two predominant clusters, the first 
of which stretches north and northeast of Downtown Cincinnati and includes the 
neighborhoods of West End, Over-the-Rhine, Mount Auburn, Corryville, Walnut 
Hills, Evanston, and Avondale. The second extends west of the city and includes 
large portions of East and West Price Hill. These areas, as well as others depicted 
as high-risk in Fig. 1, have at least a 36 times greater risk of future overdose deaths 
than those containing no risk factors. Similarly, the composite map of Montgomery 
County yielded 1,344 high-risk cells (RRS > 39.23) which accounted for 4.47% of 
the study area and centered in two broad regions. The first of these includes a portion 

1 3

238



American Journal of Criminal Justice (2024) 49:230–254

of Downtown Dayton and much of East Dayton, Twin Towers, Walnut Hills, Linden 
Heights, Belmont, and Hearthstone. The second covers neighborhoods north of the 
city and west of the Stillwater River including Old Dayton, Five Oaks, Riverdale, Mt. 
Vernon, Santa Clara, Hillcrest, and North Riverdale. Results detailing the composite 
risk maps generated for the study areas can be found in Table 2.

RTMDx identified nine variables as conveying significant risk for overdose deaths 
in Hamilton County. Cells within a two-city block distance of aggravated assaults 
saw the highest increase in risk, 2.25 times that of cells with no risk factors present. 
This was followed by density of burglaries or breaking and entering (RRV = 2), prox-
imity to schools (RRV = 1.96), and proximity to robberies (RRV = 1.90). Additional 
risk factors, in order of decreasing RRVs, included hotels and motels, locations of 
vehicle theft, gas stations, convenience stores, and bars. In the final model for Mont-
gomery County, ten variables were revealed as significant risk factors. Being within 
a two-block proximity to drug and narcotics violations contributed the highest rela-
tive risk, 2.53 times that of cells outside the influence of nearby risk factors. Density 
of burglaries was again the second-most weighted factor in the model (RRV = 2.23), 
followed by proximity to schools (RRV = 1.89), and proximity to bars (RRV = 1.81). 
Remaining factors included locations of aggravated assault, vehicle theft, murder or 
nonnegligent manslaughter, apartments, gas stations, and public parks. Significant 
spatial risk factors from each study area, including their RRV, operationalization, and 
spatial influence can be found in Table 2.

Figures 3 and 4 respectively illustrate the composite risk maps for Marion and 
Ross counties, the rural study areas. Marion County had 321 high-risk cells, only 
1.22% of the overall study area. The predominant risk cluster centered in Downtown 

Fig. 1 Composite risk terrain map of Hamilton County, Ohio (urban area)
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Marion, spanning north, south, and west of the city. Outside of the Marion city limits, 
few areas in the county were predicted as risky places save New Bloomington, which 
was found to have medium risk. In Ross County, 470 (1.04%) of the 45,003 cells that 
comprised the composite risk map were found to be high-risk. These registered as 
one central area that included Downtown Chillicothe as well as the area immediately 
west and northwest of the city center. A scattering of smaller towns in the county 
were also designated as high-risk including Bainbridge, Richmond Dale, Clarksburg, 
and Kingston.

RTMDx revealed three spatial risk factors as significantly contributing to future 
risk of fatal overdose in each of the rural models. In Marion County, two-block prox-
imity to incidents of drunkenness carried a Relative Risk Value of 42.61. Addition-
ally, density of murder or nonnegligent manslaughter (RRV = 11) and proximity to 

Fig. 2 Composite risk terrain map of Montgomery County, Ohio (urban area)
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bars (RRV = 3.14) were found to be significant spatial risk factors. In Ross County, 
being within a two-block distance to areas with a high density of burglaries carried the 
highest risk (RRV = 19.38). Following this was density of vehicle theft (RRV = 7.99) 
and proximity to murder or nonnegligent manslaughter (RRV = 4.22).

Table 3 illustrates the distribution of 2018 fatal overdoses across the study areas 
and the number of cases that fell into RTM-predicted risk areas. Considering the 
urban study areas, in Hamilton County, 258 of the county’s 340 overdoses occurred 
in mild – high risk areas, roughly 76% of cases. Regions identified as risky by 
RTM occupied 21% of the total Hamilton County land area. Results for Montgom-
ery County followed a similar pattern. Of the 2018 overdoses in the county, 165 
(76%) were accurately predicted by RTM in 17% of the county’s land area. Differing 
though, were the percentage of cases that fell within the high vs. mild-risk areas. In 
Montgomery County, 47% of 2018 overdose deaths took place in high-risk areas 
while only 16% occurred in mild-risk areas. This opposed to Hamilton County, which 
had rates of 36% and 25% in the same areas, respectively. Notably, the high-risk area 
of the Montgomery County risk terrain map occupied only 4% of the county, mean-
ing that nearly half of its 2018 overdoses were accounted for in an area roughly one-
third the size of the city of Dayton. By comparison, only half of Hamilton County’s 
overdoses were covered between its high- and moderate-risk areas, which together 
comprised 8% of the total county area. This is reflected in the notably higher PAI 
associated with Montgomery County’s high-risk region, which was both more accu-

Fig. 3 Composite risk terrain map of Marion County, Ohio (rural area)

 

1 3

241



American Journal of Criminal Justice (2024) 49:230–254

rate and more efficient in its predictions of overdose deaths than the high-risk area of 
Hamilton County.

In Marion County, of the 19 overdose deaths that occurred throughout this rural 
county in 2018, 18 (95%) fell within RTM-predicted risky areas. Twelve of these 
(63%) took place in the high-risk area, which occupied only 1% of the total county 
landmass, and the remaining 6 were in mild-risk regions. Twenty-nine fatal over-
doses occurred in Ross County in 2018, 59% of which took place in risk areas identi-
fied in risk terrain models. The PAI and PEI* of Marion County’s high- and mild-risk 
areas surpassed that of Ross County.

Discussion

The present study utilized risk terrain modeling to assess fatal drug overdoses occur-
ring in two urban and two rural Ohio counties between 2016 and 2017. Spatial mod-
els identifying risky areas and significant, risk-conveying variables were developed 
by examining the relationship between past overdose deaths and contextual risk fac-
tors. Models were then compared to the distribution of actual 2018 overdose deaths 
to determine the accuracy (Predictive Accuracy Index; PAI) and efficiency (Predic-
tive Efficiency Index; PEI*) with which RTM predicted risk of future overdose. 
Consistent with reports from a recent meta-analysis reviewing RTM’s effectiveness 
(Marchment & Gill, 2021), areas indicated as moderate- or high-risk across models 

Fig. 4 Composite risk terrain map of Ross County, Ohio (rural area)
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accurately predicted 54% of future cases. With the inclusion of areas determined to 
be mildly risky, the total hit rate reached 76%. While these rates are broadly in line 
with the literature, the primary aim of the current study was to extend the applica-
tion of RTM to rural environments to better understand and prevent fatal overdose 
in these communities while also comparing results to urban areas, which have his-
torically been the focus of this methodology. Along these lines, two broad patterns 
emerged in the results.

The first relates to the factors identified by RTMDx as being significant predictors 
of overdose risk. In both urban counties (Hamilton and Montgomery), locations of 
criminal incidents and features of the built environment, the two categories of risk 
factors examined in this study, were equally represented in the results. There was 
notable overlap across the urban models with aggravated assault, burglary and break-
ing and entering, vehicle theft, bars, gas stations, and schools identified as significant 
in each. On the other hand, in Marion and Ross County, with the exception of bars, 
only variables in the criminal incident category were found to be significant in rural 
study areas. Murder and nonnegligent manslaughter was the only variable present 
in both models. Additional risk factors included burglary and breaking and enter-
ing, drug and narcotics violations, and vehicle theft. These results indicate that built 
environmental factors played a minimal role in shaping the risk terrain maps of the 
rural study areas. However, in the urban study areas, they were more numerous than 
criminal incidents, though less weighted in terms of relative risk values.

This pattern may be partially explained by extant research examining the differing 
role of social factors in rural versus urban communities. For one, rural societies have 

Table 3 Number of actual 2018 overdose deaths occurring in RTM-predicted risk areas
High Risk Moderate Risk Mild Risk Total
(> M + 2 SD) (M + 1 SD to + 2 SD) (M to M + 1 SD)

Hamilton County
Overdose Deaths 123 (36.18%) 49 (14.41%) 86 (25.29%) 340
Number of Cells 1,257 (4.68%) 909 (3.39%) 3,467 (12.91%) 26,853
Predictive Accuracy Index 7.73 4.26 1.96 -
Predictive Efficiency Index 0.36 0.14 0.25 -
Montgomery County
Overdose Deaths 102 (46.79%) 29 (13.30%) 34 (15.60%) 218
Number of Cells 1,344 (4.47%) 896 (2.98%) 2,904 (9.65%) 30,084
Predictive Accuracy Index 10.47 4.47 1.62 -
Predictive Efficiency Index 0.47 0.13 0.16 -
Marion County
Overdose Deaths 12 (63.16%) 0 6 (31.58%) 19
Number of Cells 321 (1.22%) 51 (0.19%) 938 (3.58%) 26,233
Predictive Accuracy Index 51.61 0.00 8.83 -
Predictive Efficiency Index 0.63 0.00 0.32 -
Ross County
Overdose Deaths 11 (37.93%) 0 6 (20.69%) 29
Number of Cells 470 (1.04%) 1 (< 0.001%) 1,224 (2.72%) 45,003
Predictive Accuracy Index 36.32 0.00 7.61 -
Predictive Efficiency Index 0.38 0.00 0.21 -

1 3

243



American Journal of Criminal Justice (2024) 49:230–254

been shown to have stronger social kinship networks with greater reliance on their 
communities as compared to their urban counterparts (Beggs et al., 1996; Hofferth & 
Iceland, 1998; Turcotte, 2005). Higher social support has been identified as a buffer 
against deleterious mental health outcomes for persons living in rural communities 
(Crowell et al., 1986; Letvak, 2002; McCulloch, 1995). Rural kinship ties are so 
close in fact that they have played a significant role in the proliferation of prescrip-
tion drug misuse due to diversion to friends and family members (Jonas et al., 2012; 
Keyes et al., 2014). This body of research highlights the ways in which tight-knit 
social networks can shape patterns of behavior and health in rural communities. By 
extension, it may be that crime ruptures that societal fabric in a more consequential 
manner in rural than in urban areas, affecting not only those immediately impacted by 
crime but also the social structure as a whole. As such, instances of murder, vehicle 
theft, drunkenness, or burglary, though not a uniquely rural phenomenon, may create 
a heightened vulnerability to overdose due to the rural context within which they are 
occurring.

Compared to rural areas, urban environments also have a broader, more complex 
intersectionality of factors that account for the social disorganization underlying 
overdose deaths. As indicated in this study, built environmental features, which may 
be categorized as crime generators or crime attractors (Kinney et al., 2008; Ratcliffe, 
2012), played a significant role in creating the urban microenvironments that are at 
risk for future overdose deaths. This is consistent with a recent study of Miami-Dade 
County in which public parks, bus stops, schools, and additional community features 
were found to significantly relate to fatal drug overdose locations (Liu et al., 2023). 
Schools and parks, for instance, may be thought of as crime generators given that 
crime is more likely due to the large volume of people that they service. Conversely, 
bars may be more likely to attract crime because aspects of the environment present 
unique opportunities for it (e.g., due to drunken patrons; (Tillyer et al., 2021). Given 
the expansive infrastructure of urban areas, more places with overlapping or closely 
clustered generators and attractors exist. It may hold that rural communities, and even 
micropolitan cities, simply lack the built environmental framework to breed a high-
risk environment based on these features alone. This indicates that factors beyond the 
physical or commercial features of a community are accounting for susceptibility to 
overdose in rural areas.

Though relatively few studies have begun identifying the spatial factors that con-
vey risk for fatal overdose, it is unlikely that extended research in this area will yield a 
set of specific variables that are consistent across counties, states, or regions, whether 
rural or urban. When examining contextual factors that are associated with crime 
generally in rural areas, there is little consistency across settings and time (Arthur, 
1991; Bouffard & Muftic, 2006; Kaylen & Pridemore, 2013; Li, 2011; Osgood & 
Chambers, 2000; Ward et al., 2018). Though less studied, the findings regarding the 
impact of variables such as socioeconomic factors on rural overdose deaths have 
been discrepant, even within the state of Ohio alone (Headley Konkel & Hoffman, 
2020; Hernandez et al., 2020; Park et al., 2019; Pear et al., 2019). Contextual fac-
tors have also been shown to be worse predictors of rural crime than urban (Wells & 
Weisheit, 2004). Attempts to broadly categorize these relationships are made difficult 
by the nuances of varying population, community, and socioeconomic conditions at 
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the neighborhood level, as alluded to by Wagner et al. (2019) in their study of neigh-
borhood variation in fatal overdose rates in Delaware. For the purposes of spatial risk 
modeling, however, it may be more important to understand the classes of factors that 
are associated with overdose in rural or urban contexts rather than specific variables 
or their directionality. For instance, a prior study by the authors compared rural and 
urban regions of Jefferson County, AL using RTM and included only features of the 
built environment and indicators of community degradation (e.g., 311 calls for ser-
vice) as risk factors (Chichester et al., 2020). While the variables identified as signifi-
cant in that study may be relevant to understanding the overdose context of Jefferson 
County, they had little overlap with the built environmental features identified in the 
present study as conveying risk for overdose in Ohio counties. More importantly, the 
present study emphasized that built environmental features as a whole remain impor-
tant risk factors in anticipating overdose in urban but not rural settings. Continuing to 
identify the classes of variables that convey risk for overdose in each setting will be 
essential to the extension of spatial risk modeling across counties and states.

The second pattern noted in the results relates to the proportion of actual 2018 
overdoses correctly predicted in rural and urban counties across the three tiers of 
risk modeled in this study. Hamilton and Montgomery County were found to have 
consistent hit rates, with risk terrain models accounting for 76% of future overdoses 
in each. This was accomplished, though, by labeling relatively large portions of the 
total county area as risky, 21% and 17% respectively. With the overall goal of more 
efficiently directing limited treatment and prevention resources, covering the entirety 
of these areas allows fewer opportunities for targeted intervention. However, in con-
sidering only the cells identified as moderate- or high-risk, 50–60% of 2018 fatal 
overdoses were captured in just 7–8% of the county areas. This is reflected in the 
PEI* of the high-risk areas in urban models. In both counties, high-risk regions were 
more than twice as efficient in capturing 2018 overdoses compared to moderate risk 
areas, in addition to being more accurate.

The final risk terrain maps for Marion and Ross County also had several common-
alities. The high-risk areas of each were most predictive of future overdose deaths 
with a smaller portion accounted for in areas identified as mildly at risk. Neither rural 
RTM correctly predicted overdoses in moderate-risk areas; however, between both 
models, these areas accounted for only 0.2% of total cells. There was a larger differ-
ence in overall hit rate when comparing Marion and Ross County versus Hamilton 
and Montgomery. However, when averaged, rural rates were at parity with urban. The 
most notable rural-urban difference was in the number of cells required to produce 
this result. The PAI of both rural models was 2–6 times that of urban models. Further, 
the high-risk area of Marion County was the region with the greatest efficiency across 
models. Though they experienced far fewer overdose deaths, rural RTMs were highly 
specific in their predictions, needing only 4–5% of the county area to account for a 
collective 76% of future overdose deaths. For this reason, it may be more effective 
to consider resource allocation within the entirety of at-risk cells in rural RTM maps 
but more efficient to target only those with moderate to high risk in urban models.

These findings have significant implications in considering the ways in which 
RTM can inform overdose prevention practices at the county level. For one, it pres-
ents preliminary data toward the feasibility and accuracy of RTM as an efficacious 
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method to anticipate overdose deaths in rural settings. Though far less populous than 
urban environments, rural areas housed 14% of the country’s population in 2021, 
roughly 46 million people (Dobis et al., 2021). In 2019, their age-adjusted rate of 
overdose was 19.6 per 100,000 persons, only 2.4 lower than urban areas (Hedegaard 
& Spencer, 2021). Overdose deaths in rural communities have been exacerbated by 
a dearth of buprenorphine providers (DeFlavio et al., 2015; Weintraub et al., 2018), 
poor naloxone access (Guy et al., 2019; Tofighi et al., 2021), and extended EMS 
response times (Gonzalez et al., 2009; Keeffe et al., 2011). In addition to directing 
the placement of county naloxone distribution sites, geospatial methods such as RTM 
can be used to identify chain pharmacies in high-risk areas that may be used for 
provisioning naloxone (Banerjee, 2020). This may be especially fruitful when these 
efforts consider the locations of prior naloxone administrations which have been 
shown to cluster significantly, even in rural areas (Thurston & Freisthler, 2020). Stud-
ies have also shown the potential for improved EMS responses and quicker response 
times through geospatially informed models (Merchant et al., 2006; Peleg & Pliskin, 
2004). Though less problematic in urban areas, the same methods can be utilized and 
may be considered for other overdose prevention or public health initiatives, such as 
needle exchange programs, locations of fentanyl test strips, general psychoeducation 
initiatives, or more recently, safe injection sites (Gordon, 2022).

The current study is not without limitations. For one, the use of methodologies 
such as RTM in a defined area such as a county boundary ignores the influence of 
surrounding regions and, thus, does not fully account for the influence of all contex-
tual factors. Further, RTM is reliant on data obtained from state and county officials. 
The accuracy of this data, especially death certificate data related to fatal overdose, 
can vary substantially across the country and even within states (Slavova et al., 2019; 
Warner et al., 2013). Also, it is possible that discrepancies exist between the time 
when overdoses occurred, and the closing of new businesses as reported in Data 
Axle’s 2018 dataset used for this study. These businesses are verified by Data Axle, 
but it is possible that some businesses had ceased operating during the 2016–2017 
period during which we examined overdose deaths and were thus not captured in the 
built environmental dataset we obtained. Despite this, county models had a hit-rate 
greater to or at parity with prior studies using RTM (Marchment & Gill, 2021; Vala-
sik, 2018; Valasik et al., 2019). Finally, the use of RTMDx necessitates the specifica-
tion of model parameters that guide the formation of spatial layers and ultimately 
the composite risk maps for each county. While there is an ample literature base 
informing the ideal parameters for urban settings (Caplan et al., 2011, 2015), there 
is little prior research guiding the application of this methodology to rural areas. For 
this study, the authors chose to maintain the same model parameters between both 
rural and urban settings; however, altering the standard value or place size would 
likely influence the factors found to be significant and the distribution of at-risk cells. 
This can be observed in comparing the results presented herein to prior studies focus-
ing exclusively on city centers. Li et al. (2019), for instance, assessed heroin-related 
emergency calls in the city of Cincinnati at the block group level and noted signifi-
cant built environmental features, such as public parks, that were not found to be sig-
nificant risk factors in our model for Hamilton County. Though sensitivity analyses 
were not conducted, prior investigations by the authors have shown RTM results to 
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be robust to variations in model parameters at the county level. However, as noted 
above, further research is required to determine how the scope of the study area may 
impact variable relationships and how model parameters should be adapted in turn.

The results of the current study emphasize the potential for spatial risk models 
being an efficacious strategy for anticipating areas at risk for future overdose deaths 
in both rural and urban communities. The data leveraged to generate risk models in 
this study are commonly maintained by county officials, making the annual produc-
tion of such models low cost and low effort. Future studies applying RTM to counties 
across various states and regions will continue to shed light on the classes of vari-
ables that are associated most with fatal overdose and whether these broad categories 
are consistent across contexts. In sections of the study areas that were predominately 
identified as high risk, such as Downtown Cincinnati, future studies may be able to 
identify even greater variation in risk by focusing on specific city centers or neigh-
borhoods. This may be accomplished by expanding the scope of analysis to include 
decedent demographic variables and markers of environmental degradation such as 
311 calls for service (Li et al., 2019, 2020).

To our knowledge, this study was the first to assess whether rural RTMs are accu-
rate predictors of future overdose. Further inquiries in this area will elucidate whether 
the hit-rates found in this investigation replicate to other areas and whether PAI and 
PEI* rates remain consistent. Future studies comparing RTM to other traditionally 
used geospatial methodologies such as hotspot analysis or kernel density estima-
tion will aid in determining the approach that most comprehensively predicts future 
overdose cases.
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