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a b s t r a c t

Purpose: The objective of our study was to incorporate stricter probable nonfatal opioid overdose case
criteria, and advanced epidemiologic approaches to more reliably detect local clustering in nonfatal
opioid overdose activity in EMS runs data.
Methods: Data were obtained using emsCharts for our study area in southwestern Pennsylvania from
2007 to 2018. Cases were identified as emergency medical service (EMS) responses where naloxone was
administered, and improvement was noted in patient records between initial and final Glasgow Coma
Score. A subsample of all-cause EMS responses sites were used as controls and exact matched to cases on
sex and 10-year-age category. Clustering was assessed using difference in Ripley's K function for cases
and controls and Kulldorff scan statistics.
Results: Difference in K functions indicated no significant difference in probable nonfatal overdose EMS
runs across the study area compared to all-cause EMS runs. However, scan statistics did identify significant
local clustering of probable nonfatal overdose EMS runs (maximum likelihood ¼ 16.40, P ¼ 0.0003).
Conclusions: Results highlight relevance of EMS data to detect community-level overdose activity and
promote reliable use through stricter case definition criteria and advanced methodological approaches.
Techniques examined have the potential to improve targeted delivery of neighborhood-level public
health response activities using a near real-time data source.

© 2019 Elsevier Inc. All rights reserved.
Introduction

Fatal opioid overdoses are a persistent and increasing problem
in the United States, with almost 400,000 deaths reported between
1999 and 2017 [1]. Although fatal overdoses are concerning, the
large majority of overdoses are nonfatal [2e4]. Nonfatal overdoses
are a significant source of public health concern as they are a sig-
nificant risk factor for fatal subsequent overdose and have been
linked to higher occurrence of morbidities such as falls, burns,
seizures, physical assault [5,6]. Measuring occurrence of nonfatal
overdose is often difficult and conducted using emergency
department or emergency medical service (EMS) data. Although
both data sources are potentially incomplete, emergency depart-
ment data do not capture patients refusing transport and are often
limited to poorly defined service areas [7,8]. In addition, EMSs are
ealth Sciences Center PO Box

ndricks).
the primary source for prehospital naloxone administration, high-
lighting the importance of using EMS data to identify local trends in
overdose [7,9e12].

The usefulness of EMS naloxone administration for describing
trends in overdose has been described in past research with
particular attention on the setting, patient demographics, and fre-
quency of administration [8,13e16]. Overall, findings suggest EMS
naloxone administration rates parallel overdose mortality data [8],
with age and repeat nonfatal overdose being significant predictors
of fatal overdose [7,8,10,13]. Other studies place specific emphasis
on geographic trends in EMS data, noting agreement in county-
level patterns in ambulance runs and nonfatal overdose [14],
trends in EMS naloxone use in rural localities [15], and significant
differences in local clustering of suspect overdoses [3].

Although these studies establish a foundation for use of EMS
data and integration of spatial analysis approaches, they lack strict
case definitions, and inclusion of EMS run controls in spatial ana-
lyses. These limitations can potentially result in overestimation of
overdose encounters, which potentially translate to higher number
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of high-risk areas spuriously identified [17,18]. Variables in EMS run
data like, Glasgow Coma Score (GCS), allow for identification of
probable overdose encounters with greater certainty [19]. More
specifically, GCS codes the level of consciousness of the patient and
ranges from 3 to 15 [19,20]. An improvement in the GCS score after
administration of naloxone to an initially unresponsive patient
provides greater indication of opioid overdose [19]. Consequently,
the objectives of this study were to incorporate a stricter probable
overdose case definition and use controls in spatial cluster analysis
to improve accuracy of high-risk overdose area detection.

Methods

Study area

Pennsylvania has the third highest opioid overdose death rate in
the nation [21]. In particular, the areas ofWestmoreland, Fayette, and
Fig. 1. Rostraver/West Newton Emergency Services
Washington counties in southwestern Pennsylvania had overdose
death rates ranging from 47 to 57 per 100,000 persons, which were
higher than the state rate of 43 deaths per 100,000 persons [22].
TheseareasareservedbyRostraver/WestNewtonEmergencyServices
(RWNES) agency covering 137 square miles and servicing approxi-
mately 35,695 residents in a mix of rural and urban centers (Fig. 1).

Data management

Address-level EMS response data were obtained from emsCharts
software for 2007 to 2018. Caseswere defined as a probable overdose
if naloxone had been administered, and GCS improved (e.g.,
increased) after naloxone administration. Records indicating
naloxoneadministration,butmissing initial orfinalGCSscore (n¼91,
11.3%), were individually reviewed by trained EMS personnel from
the service area andadded to the case group if GCS information could
be obtained from a secondary source, such as field notes (n ¼ 29,
(RWNES) area in southwestern Pennsylvania.
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31.8%). In total, 62 cases (12%) were excluded because of missing
initial and final GCS scores. Controls included all-cause EMS records
excluding patient responses, which involved naloxone administra-
tion or involving traffic crashes. Traffic crashes were identified using
the medical category variable which subgroups EMS responses into
general themes. Traffic crashes were excluded from potential con-
trols to limit introduction of spatial bias due to inherent clustering of
traffic crashes near major roadways. Controls were matched 5:1 to
cases based on patient sex (male, female, unreported) and 10-year-
age category (<10,11e20, 21e30, 31e40, 41e50, 51e60, 61e70,>70).
Matchingwas conducted using theMatchIt package in R, to increase
comparability in demographics among cases and controls [23,24].
EMS responseswere geocoded using the address of the response site
indicated for each patient in ArcMap 10.5 (ESRI Redlands, CA) using
theArcGIS OnlineWorld Geocoding Service. Approval to conduct the
study was obtained from the West Virginia University Institutional
Review Board (protocol #1901434557).

Analysis

Overall (global) clustering within the study area was evaluated
using Ripley's K function in R using the spatstat and smacpod
packages [25,26]. Ripley's K is a method for describing whether
points are dispersed, are clustered, or occur randomly within an
area of emphasis. In the context of this study, K functions were used
to examine point patterns for cases and controls separately first to
identify relevant trends in data. Next, the difference between K
functions was estimated to identify clustering of probable overdose
in excess of what would be expected given the distribution of all-
cause EMS run data [27,28]. Monte Carlo simulations (n ¼ 999)
were incorporated to estimate 95% confidence intervals to assess
statistical significance at the 0.05 alpha level.

Kulldorff spatial scan statistics were used to detect local clus-
tering using the purely spatial Bernoulli model in SaTScan 9.1
[29,30]. The Bernoulli model is ideal for discrete analyses, such as in
our case-control study, where the location of events is fixed, and
the patient records represent event data (0/1) [29]. Spatial scan
windows for the analysis were set to include 50% of the population
at risk per the software developer recommendations [31]. As an
additional measure of sensitivity, the window was set to vary from
50% to 25% to identify small and large clusters and adjust for
multiple testing using the advanced analyses options [32].

The null hypothesis for the scan statistics is equivalent risk of
probable overdose inside and outside the spatial scanning window.
Most likely clusters identified during the analysis were those with
the highest maximum likelihood values [31]. Statistical significance
for each local cluster identified was accomplished through use of
estimate P-values and Gini coefficients. Use of Gini coefficients in
conjunction with maximum likelihood/P-values to improve
robustness of scan statistic results has been highlighted in past
research [33,34]. More specifically, Gini coefficients improve
robustness of scan statistics by optimizing the maximum reported
cluster size, enabling identification of smaller or irregular shaped
clusters that would otherwise be masked by larger imprecise areas
detected in the scan statistic alone [34]. Monte Carlo simulations
(n¼ 999) were used to obtain relevant P-values and 95% confidence
intervals. Statistical significance was evaluated at the 0.05 alpha
level.

Results

Overall, there were 56,225 patient records during the study
period, of which 10,204 were removed due to calls outside the
service area, standby events, cancellations, and interfacility trans-
port. From the 46,021 patients, 805 (1.74%) were suspect overdose
responses with documented naloxone administration. Of these 805,
only 432 (53.7%) met our study's probable overdose case criteria
requiring documented improvement between initial and final GCS
score. Improvements in GCS score among probable overdose
ranged from 1 to 12, with 277 (64%) patients improving by 6e12
points between initial and final GCS readings. Patient records with
suspect or probable overdose (n ¼ 805) or who were involved in a
traffic accident (n ¼ 4895) were removed from the available 46,021
records, after which 2160 controls were randomly selected from
age- and sex-specific strata, obtained through matching. All 2592
patient records were geocoded successfully.

Overall, K functions displayed statistically significant overall
clustering for cases and controls separately, but not for the differ-
ence (Fig. 2). Statistical significance is indicated in the graphs when
the observed values (solid black lines) continue beyond the 95%
confidence intervals (gray envelopes). Lack of significance in the
difference between K functions suggests similarity in distribution
of patients with probable overdose and all-cause EMS runs across
the overall study area.

Bernoulli purely spatial scan statistics identified local-level
trends in clustering for patients with probable overdose (Fig. 3).
Resulting analyses identified 21 local clusters of varying size (radii
ranged from 0.02 to 4.87 km) with maximum likelihood values and
relative risks from 5.12 to 16.40 and 0.09 to 5.90, respectively. Areas
are identified as an area of lowor high probable overdose risk based
on whether the relative risk is below (low) or higher (high) than
one. Of the 21 clusters identified, 4 (19%) were low, and 17 (81%)
were high based on observed versus expected cases designated by
size of spatial scanning window. Of the 17 high-risk clusters iden-
tified, one (5.88%) was designated as a statistically significant
nonoverlapping Gini cluster (maximum likelihood ¼ 16.40, relative
risk ¼ 4.39, P ¼ .0003).

Discussion

Use of spatial analysis tomonitor trends and identify hotspots of
drug overdose activity in the United States and counties elsewhere
is widely used in the literature [11,35e37]. Incorporating address
level data in spatial analyses to examine small area-level trends in
overdose is more sparsely described, particularly in relation to use
of EMS run data [3]. To our knowledge, this study is the first to
apply more stringent case definition criteria and controls to more
precisely investigate local clustering of nonfatal overdose. Overall,
clustering was found in multiple areas with mixed population
densities, reflecting the rural to urban gradient within the EMS
service area. Clusters in the western region of the service area were
small relative to the cluster identified over Perryopolis (PA). This
was not surprising as the clusters in thewestern part of the area are
more densely populated contributing to the smaller radius of
clusters identified. Alternatively, Perryopolis is rural and more
sparsely populated contributing to the larger radius of the cluster
detected. Use of satellite imagery within the single statistically
significant cluster revealed that the area was a moderately popu-
lated residential area with two on-premises alcohol retailers, and
several baseball fields and an elementary school within a half mile.
This cluster was not located over a major roadway, but adjacent to
PA State Route 201.

Strengths to the study include leveraging controls from the
same EMS database as the cases, and use of matching on sex and
age groups. In addition, we were able to use other raw data ele-
ments such as medical category of the EMS run to remove sub-
groups, such as traffic crashes, which were likely to cluster at
known locations along major roadways. Incorporating two funda-
mentally different cluster analyses gave both a global and local
perspective on nonfatal opioid overdose activity within the EMS



Fig. 2. Ripley's K functions measuring overall spatial clustering across the entire study area for cases, controls, and the difference between K functions for cases and controls. Black
lines indicated the observed values, dotted red lines represent null hypothesis of no clustering, and dark gray envelopes indicate the 95% confidence interval. (For interpretation of
the references to color in this figure legend, the reader is referred to the Web version of this article.)
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service area. Results from the Ripley's K analyses indicate that EMS
runs aggregatewithin the region, but nonfatal opioid overdose EMS
runs do not cluster any more than all-cause EMS runs. Findings
from the spatial scan statistics identified local areas where nonfatal
opioid overdose activity was highest. In both analyses, additional
measures were used to ensure a higher degree of sensitivity
[23,25,26,31,32].

Despite these strengths, limitations to our approach exist. Most
prominently, EMS run data were not linked with medical records to
confirm diagnosis or determine whether an event was ultimately
fatal or nonfatal (for cases or controls) after being transported to a
medical facility. Here we assume that improvement in GCS score
resulted in a nonfatal opioid overdose event but have limited to no
knowledge regarding theoutcomeofeachcase. In regards to controls,
we assume they contain a combination of fatal and nonfatal events.
This is apotential limitationas fatal EMS runsarepotentially different
concerning spatial clustering.We attempt tomitigate this biaswhere
possible by excluding controls involved in traffic crashes. In addition,
although improvement of GCS after administration of naloxone is
indicative of narcotic overdose, the reciprocal does not always hold
true; for instance, a patient with other comorbidities secondary to a
narcotic overdosemay not improve after administration of naloxone
despite having been a narcotic overdose. Similarly, some cases may
have been missed in instances of polypharmacy; mainly, a person
could have been given naloxone, but other pharmacologic agents
muted its effect. Finally, case acquisition was limited to circum-
stances where EMSs were involved, which exclude cases where
naloxone was administered by a family or community member or
where no-EMS contact was involved.

Despite these limitations, studies using address-level over-
dose data are critical in guiding targeted public health inter-
vention. However, previous studies have noted lack of
coordination between EMS and other health agencies limits
utility of the highly granular overdose data and their impact on



Fig. 3. Purely spatial Bernoulli model scan statistic results for local clustering. Orange circles indicate areas of high risk, and blue circles display areas of low risk for probable
overdose. The red circle represents the statistically significant cluster of high probable overdose risk. (For interpretation of the references to color in this figure legend, the reader is
referred to the Web version of this article.)
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prevention [36]. This finding is consistent with lack of evidence
of prevention activities, to our knowledge, occurring within our
EMS area during the study period 2008e2017. However, as of
2018, the Rostraver/West Newton Emergency Services agency
has been taking part in a naloxone leave behind program and
entered into a partnership with the Pennsylvania Drug and
Alcohol Commission in which they are trying to identify opioid
and other drug- and alcohol-related patients through data
collection. As part of this program, patients identified as part of a
drug and alcohol EMS run are provided with an opportunity to be
linked to care. Results from our study provide a sophisticated
approach to visualizing overdose activity within small areas, to
identify nearby resources, and support local opioid overdose
prevention efforts.
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