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Abstract

In 2020, an estimated 2.7 million people in the US had opioid use disorder, increasing their risk 

of opioid-related morbidity and mortality. While jurisdictional vulnerability assessments (JVA) of 

opioid-related outcomes have been conducted previously in the US, there has been no unifying 

methodological framework. Between 2019 and 2021, we prepared ten JVAs, in collaboration 

with the Council of State and Territorial Epidemiologists, the Centers for Disease Control and 

Prevention, and state public health agencies, to evaluate the risk for opioid-involved overdose 

(OOD) fatalities and related consequences. Our aim is to share the framework we developed for 

these ten JVAs, based on our study of the work of Van Handel et al. from 2016, as well as a 

summary of 18 publicly available assessments of OOD or associated hepatitis C virus infection 

vulnerability.

We developed a three-tiered framework that can be applied by jurisdictions based on the number 

of units of analysis (e.g., counties, ZIP Codes, census tracts): under 10 (Tier 1), 10 to <50 

(Tier 2), and 50 or more (Tier 3). We calculated OOD vulnerability indices based on variable 

ranks, weighted variable ranks, or multivariable regressions, respectively, for the three tiers. We 

developed thematic maps, conducted spatial analyses, and visualized service provider locations, 

drive-time service areas, and service accessibility relative to OOD risk. The methodological 
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framework and examples of our findings from several jurisdictions can be used as a foundation for 

future assessments and help inform policies to mitigate the impact of the opioid overdose crisis.
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1. Introduction

Nearly 565,000 Americans have died from opioid-involved overdoses (OOD) from 1999 

to 2020.(National Center for Health Statistics, n. d.) In 2020, an estimated 2.7 million 

people in the US had opioid use disorder (OUD).(Substance Abuse and Mental Health 

Services Administration, 2021) People with OUD are at increased risk for malnutrition, 

liver disease, depression, self-harm, and exposure to infections, including the hepatitis C 

virus (HCV), HIV, and overdose.(Ronan and Herzig, 2016; Ross et al., 2012; Wang et al., 

2011; National Institute on Drug Abuse, 2020) Curbing the opioid crisis and mitigating 

its consequences requires understanding the predictors of OOD, including the underlying 

social determinants of health. Analysis at a sufficiently local level allows for careful 

assessment of the local risk landscape and can inform targeted responses to improve access 

to substance use treatment, harm reduction services, social and mental health services, and 

opioid education and naloxone distribution (OEND) programs.(Van Handel et al., 2016) 

Building on the development of the Centers for Disease Control and Prevention’s (CDC) 

Social Vulnerability Index (SVI), the Van Handel et al. vulnerability assessment identified 

six indicators associated with HCV infection, a proxy for injection drug use (IDU), which 

were ultimately used to calculate a vulnerability score.(Van Handel et al., 2016)

In 2018, the CDC provided emergency funding for jurisdictional vulnerability assessments 

(JVAs) in 41 states and the District of Columbia.(Centers for Disease Control and 

Prevention, n.d.) These JVAs were intended to examine local vulnerabilities to opioid 

overdose and/or bloodborne infections by identifying relevant indicators and locating and 

inventorying services for people who use drugs.(Georgia Department of Public Health, 

2018; Iowa Department of Public Health, 2019; Maine Department of Health and Human 

Services, 2019; Mercadel and Schneider, 2019; Nevada Department of Health and Human 

Services, 2020; Rickles et al., 2018; Missouri Department of Health and Senior Services, 

n.d.; Sharareh et al., 2020; West Virginia Department to Health and Human Services, n.d.; 

Wisconsin Department of Health Services, 2020; Washington State Department of Health, 

2020; Bureau of Epidemiology Pennsylvania Department of Health, 2020; Hernandez et al., 

2020; Arkansas Department of Human Services, n.d.; Schneider et al., 2020; Wesner et al., 

2020; Michigan Dept. of Health and Human Services, n.d.; Bergo et al., 2021) Because these 

assessments were produced at the state level, considerable variability existed in the methods 

employed, including differences in focal geographic scales and sample sizes, such as the 

number of counties in a state, rurality versus urbanicity, and population density, availability 

of data; and the indicators that were selected in response to local concerns and practices. In 

collaborating with the Council of State and Territorial Epidemiologists (CSTE) and the CDC 

to conduct JVAs for ten states, we took advantage of the opportunity to extend, develop, 
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and standardize methodologies and apply them across, and in collaboration with a variety of 

states with a goal of replicability and ease of repeatability.(Council of State and Territorial 

Epidemiologists, 2019) The objectives of this paper are to provide a brief overview of 

published state-level vulnerability assessments that were used to inform our framework and 

to report the methodological framework we developed in analyzing OOD vulnerability in ten 

states between 2019 and 2021.

To develop our methodological framework, we evaluated 18 publicly available state-based 

JVAs published from 2017 to 2021 (Appendix A) that focused on OOD or HCV infection 

vulnerability. We noted units of analysis, data sources, variables examined, analytical 

platforms, and methodologies, including the use of geographic information systems (GIS), 

presentation of results, and recommendations. The JVAs used data between 2011 and 

2019, with most assessments utilizing data from 2016 to 2018. The most common unit 

of analysis was the county. Exceptions included the use of sub-divided county areas 

analyzed with ZIP Code Tabulation Areas (ZCTAs) in Maine, Rhode Island, and Wisconsin, 

(Maine Department of Health and Human Services, 2019; Wisconsin Department of Health 

Services, 2020) census tracts in Pennsylvania, (Bureau of Epidemiology Pennsylvania 

Department of Health, 2020) and “small areas,” which combined some ZCTAs, in Utah.

(Sharareh et al., 2020) Data used in the JVAs included the American Community Survey 

(ACS),(U.S. Census Bureau, n.d.) the Substance Abuse and Mental Health Services 

Administration (SAMHSA) Treatment Locator, (Substance Abuse and Mental Health 

Services Administration Treatment, n.d.) CDC WONDER,(National Center for Health 

Statistics, n.d.) Behavioral Risk Factor Surveillance System,(Centers for Disease Control 

and Prevention (CDC), n.d.-a) Youth Risk Behavior Surveillance System, (Centers for 

Disease Control and Prevention (CDC), n.d.-b) National Emergency Medical Services 

Information System,(Dawson, 2006) Centers for Medicare and Medicaid Services National 

Plan and Provider Enumeration System,(Centers for Medicare and Medicaid Services 

(CMS), n.d.) and Drug Enforcement Administration High-Intensity Drug Trafficking Area 

designations.(Perl, 1988)

These JVAs employed a variety of methods to identify potential covariates for final models 

focused on OOD and other outcomes, including consultation with state-level public health 

researchers and the use of statistical methods. Final covariates commonly included opioid 

prescription rates, drug or OOD mortality, drug or OOD emergency department visits, 

and drug or opioid-related arrests, along with mental health care, primary care, and OUD 

treatment availability. States used various methods to calculate final vulnerability scores 

and rankings, including weighted rankings,(Missouri Department of Health and Senior 

Services, n.d.) the calculation of an SVI,(Sharareh et al., 2020) and regression models.(Iowa 

Department of Public Health, 2019; Maine Department of Health and Human Services, 

2019; Bureau of Epidemiology Pennsylvania Department of Health, 2020; Hernandez et 

al., 2020) Some states used factor analysis to model the complex relationship between 

predictors of opioid vulnerability and quantified overall vulnerability at the county level.

(Rickles et al., 2018) We found the most common visual representations of results to be 

descriptive GIS maps identifying vulnerable areas,(Georgia Department of Public Health, 

2018; Iowa Department of Public Health, 2019; Maine Department of Health and Human 

Services, 2019; Mercadel and Schneider, 2019; Rickles et al., 2018; Missouri Department of 
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Health and Senior Services, n.d.; Sharareh et al., 2020; West Virginia Department to Health 

and Human Services, n.d.; Wisconsin Department of Health Services, 2020; Bureau of 

Epidemiology Pennsylvania Department of Health, 2020; Hernandez et al., 2020; Arkansas 

Department of Human Services, n.d.; Schneider et al., 2020; Wesner et al., 2020; Michigan 

Dept. of Health and Human Services, n.d.) treatment accessibility,(Mercadel and Schneider, 

2019; Wisconsin Department of Health Services, 2020; Arkansas Department of Human 

Services, n.d.; Wesner et al., 2020) and the spatial distribution of indicators used in the 

analysis.(Iowa Department of Public Health, 2019; Mercadel and Schneider, 2019; West 

Virginia Department to Health and Human Services, n.d.; Wisconsin Department of Health 

Services, 2020; Washington State Department of Health, 2020; Bureau of Epidemiology 

Pennsylvania Department of Health, 2020; Arkansas Department of Human Services, n.d.; 

Wesner et al., 2020) States typically used descriptive maps to display vulnerability rankings, 

categorized by quintiles or Jenks natural breaks.

Our review of the JVAs found significant variations in the scope of the assessments, 

data sources and methods, statistical and spatial analyses, and reporting of findings. In 

response to these vast differences, our overarching goal was to develop a consolidated set of 

methodologies that we applied systematically to the ten JVAs conducted.

2. Methods

We developed algorithms for several analytical models and a framework to select the 

appropriate model to ensure consistency while conducting ten state-level JVAs (Alaska, 

Delaware, Florida, Hawaii, Idaho, Indiana, Kansas, Massachusetts, Texas, and Wyoming) 

in collaboration with the CSTE, CDC, and participating state public health agencies. We 

summarize key components of vulnerability and accessibility assessments and mapping 

methodologies to clearly communicate JVA findings to stakeholders in the section that 

follows.

2.1. Data framework

We defined a set of core measures based on the vulnerability assessment conducted by 

Van Handel: opioid overdose death rates, opioid prescription rates, HCV infection rates, per 

capita income, and drug-related crime rates,(Van Handel et al., 2016) additionally selecting 

covariates based on a review of macro forces that shaped the opioid use environment, 

consultation, and feedback from state partners highlighting local factors, state-level variation 

in data availability, and prior JVAs (Table 1). Understanding the history of the opioid 

overdose epidemic was key to the identification of opioid-related measures of vulnerability. 

The introduction of the concept of pain as a “fifth vital sign”(Van Zee, 2009; Morris, 

1991; Pellegrino, 1998) and the subsequent increase in opioid prescribing was followed 

by a surge in opioid-related deaths between 2005 and 2010, making opioid prescription 

rates a core measure in our JVAs.(Dart et al., 2015) The use of heroin, an available and 

less expensive alternative, began a sustained increase, followed by the spread of synthetic 

opioids such as fentanyl beginning in 2013.(Zibbell et al., 2015) Underlying socioeconomic 

factors that are synergistic to the opioid overdose crisis, such as high unemployment rates, 

low socioeconomic status, drug-related crime, and low education level were also useful 
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indicators of opioid vulnerability.(Perlman and Jordan, 2018; Shrestha et al., 2022; Monnat 

et al., 2019)

2.2. Geographic information system (GIS) framework

The combination of exploratory spatial data analysis, spatial analysis of the vulnerability, 

and integration of accessibility models were critical to the development of a strong and 

holistic understanding of the underlying socioeconomic, cultural, political, and geographic 

context that affected opioid use, misuse, treatment, and harm reduction environment in study 

areas.(Shrestha et al., 2022; Stopka et al., 2021) GIS analyses utilizing a variety of mapping 

techniques were used to depict the spatial distribution of core indicators and covariates, 

analyze accessibility to service providers, and vulnerability scores at varying geographic 

levels, including the census tract, ZCTA, and county, depending on data availability, with a 

preference for maximum spatial granularity. However, the effects of many policy decisions 

or interventions were observed at a much larger spatial scale (county-level or even state-level 

differences) when a larger spatial scale for analysis might be sufficient.

2.3. Vulnerability assessment model selection

In conducting JVAs for the ten states, we identified wide variability in data availability, 

local epidemiology, population and geographic size, and potential units of analysis requiring 

different algorithms and models. Larger sampling sizes (greater counts for the unit of 

analysis) allowed the application of more advanced algorithms and models. Accordingly, we 

developed a tiered framework for the selection of one of three vulnerability ranking models 

based on the count of the jurisdictional unit of analysis: rank-based, weighted rank-based, 

and multivariable regression-based (Table 2).

2.4. Rank-based approach (Tier 1)

For jurisdictions with a unit of analysis count of <10, we applied a rank-based method 

to calculate vulnerability scores (Table 2). We ranked each unit of analysis based on the 

observed values of core opioid vulnerability measures and calculated vulnerability scores as 

the summed rankings of each of the core variables.

2.5. Weighted-rank approaches (Tier 2A and 2B)

For jurisdictions with a unit of analysis count of at least ten but <50 (e.g., 35 census 

tracts), we used a weighted rank-based approach. When the unit of analysis was at least 

ten but <25 (2A in Table 2), we calculated vulnerability scores as the sum of the weighted 

ranks (percentile or quintile rank) of the core measures and chosen covariates determined 

for inclusion a priori. To account for the higher predicted impact of core indicators such 

as opioid prescription rates or high-dose opioid prescriptions (>90 morphine milligram 

equivalent units/day), HCV infection rates, and crime rates, we applied higher weights, 

also determined a priori to the core indicators similar to a prior published study.(Missouri 

Department of Health and Senior Services, n.d.)

When the unit of analysis was at least 25 but <50 (2B in Table 2), we used bivariate 

regression models to estimate weights for the core variables and covariates. We selected 

statistically significant covariates in the bivariate regression models with the outcome 
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measure of interest – OOD death (count) and then used the selected coefficients to 

individually weight the rank score of each core measure and covariate. We calculated 

vulnerability scores as the sum of the weighted quintile rank of the core measures and 

selected covariates (Table 2).

2.6. Multivariable regression-based approach (Tier 3)

We used a multivariable regression-based approach to assess opioid vulnerability when the 

unit of analysis was 50 or more (e.g., 65 ZCTAs). We standardized the core measures and 

covariates selected for analysis, followed by the examination of the association between the 

variables under study (core measures and covariates) and opioid overdose death (count), 

using either Poisson or negative binomial distributions. The bivariate model was specified as 

follows:

Negative binomial: Y X, offset log‐population .

Where,

Y = opioid overdose deaths (count).

X = standardized predictor.

We selected covariates significant at a pre-specified cut-off of p < 0.1 or p < 0.2 from 

bivariate models for inclusion in the final vulnerability score calculation. We fitted a 

multivariable model, with OOD death counts as the outcome and core measures and selected 

covariates shown to be non-collinear as the predictors, and assessed the model fit using 

model diagnostics. Finally, we used the regression coefficients to calculate vulnerability 

scores (Table 2).

2.7. Service location and service accessibility maps

We mapped the location of medication for opioid use disorder (MOUD) prescribers 

(buprenorphine-waivered physicians), methadone clinics (opioid treatment programs), 

substance use treatment clinics, and harm reduction services, including syringe services 

programs (SSP) and OEND programs using addresses from the SAMHSA Treatment 

Locator and data from state public health partners. We used drive-time maps to measure 

accessibility to MOUD, SSP, and OEND sites. The selected drive times were chosen 

based on factors such as the average commute times, urban/rural balance, and population 

density of the study jurisdiction, as well as expert opinion from local state health partners. 

Additionally, we used an enhanced two-step floating catchment area (E2SFCA) method to 

examine relative accessibility to treatment programs and harm reduction services.(Luo and 

Qi, 2009) The E2SFCA method is based on drive-times to service providers weighted for 

proximity but also accounts for both the supply (the number of providers and their service 

capacity) and the demand (the population or the number of patients) to show accessibility 

levels throughout a jurisdiction.(Luo and Qi, 2009)
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3. Results

We conducted seven out of ten of our JVA in strong collaborations with state partners, 

the CDC, and the CSTE. The other three assessments had the technical support and 

collaboration of the CDC and CSTE. The state teams typically included epidemiologists 

(usually with expertise in HCV, HIV, and opioid overdose surveillance), GIS analysts, and 

program managers. The collaborative process helped ensure that the conducted JVAs would 

be used to inform public health planning, intervention targeting, and policy changes to 

address the opioid overdose crisis.

In response to a wide range in sample sizes, from four counties in Hawaii to 254 counties 

in Texas, we developed a framework to apply varying algorithms for vulnerability score 

calculation using three tiers based on the unit of analysis count. This tiered approach 

was designed to suit all state, territorial, county, sub-county, and municipal jurisdictions 

and provide structure to future analyses. We focused on the analysis of data for the three 

most recent years for which surveillance data were complete. This approach considered the 

suppression rules for the given unit of analysis (e.g., county, ZIP Code; larger date ranges 

were used if counts of events/outcomes were low, ensuring that we could obtain estimates 

without compromising suppression rules). We used median state values for other random 

missing observations. Eight of the ten JVAs were conducted at the county level. However, 

our collaborators in Alaska recommended analyzing data at the level of the seven Alaska 

Public Health Regions after considering both limited data availability and low counts in the 

sparsely populated regions of the state.(Agley and Xiao, 2021) In Delaware, which has only 

three counties, ZCTAs were used as the unit of analysis. ZCTAs with fewer than 300 people 

were combined to create a total of 58 ZCTAs.

Fatal OOD data were used as a core indicator or to calculate weights for other core 

indicators and covariates based on the complexity of the model. Opioid prescription data 

was another core indicator that we used in our JVA; we either used the total opioid 

prescription rate, total MME, or high-dose opioids (>90MME/day) as a core indicator. 

Prescription rates had a statistically significant positive association with opioid vulnerability 

in four states (Table 3). In five of the eight states where HCV infection was used as a 

core measure, we found positive correlations between HCV cases and OOD (Table 3). 

Both opioid-related arrest rates and opioid-related crime report rates were similarly strong 

predictors, with six positive correlations and one negative correlation in our JVAs. Income 

was negatively associated with OOD in four out of six states (Table 3). Among other core 

measures, opioid-involved emergency department (E.D.) visits were positively associated 

with OOD in five out of five states, with a statistically significant finding in one of the 

four states where regression models were constructed. The percentage of female head of 

households and the percentage of the population that was white were both commonly 

positively correlated with OOD.

For the Indiana JVA, we used a series of choropleth maps that consisted of OOD rates, 

opioid prescription rates, overdose-related emergency department visits, chronic HCV rates, 

opioid-related arrest rates, and median income with the values classified by quintiles (Fig. 

1). The selection of the indicators for the descriptive maps was based on the importance 
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of the indicator (core vs. covariates) and input from participating states. We also presented 

the vulnerability scores using choropleth maps and, based on the recommendation from the 

state-level DPH, highlighted areas at the highest risk (Fig. 2, Appendix B).

Spatial mapping of service locations such as methadone clinics, buprenorphine providers, 

SSPs, and harm reduction centers was vital in identifying gaps in services (Fig. 3). When 

supplemented with drive-time maps or more advanced, gravity-based models, such as 

E2SFCA, the maps highlighted micro-level deficiencies in the supply of critical OUD 

treatment services. We performed extensive drive-time analysis to show accessibility to 

methadone clinics – these analyses were critical in highlighting a severe gap in access in 

crucial regions. For example, in Wyoming, there were no methadone clinics, and patients 

seeking methadone for OUD treatment needed to travel in excess of two hours round-trip to 

methadone clinics in adjacent states. We also used E2SFCA analyses in combination with an 

opioid vulnerability index to identify areas with high vulnerability but low accessibility to 

substance use treatment in Indiana.(Sawyer et al., 2021)

4. Discussion

Our team had a unique opportunity to conduct JVAs for ten states based on the evaluated 

strengths and limitations of previous JVA approaches. In conducting these JVAs, we 

developed a structured procedure for selecting data sources, core indicators and covariates, 

analytical methods, and the presentation and visualization of findings. Using statistical and 

GIS-based methods, we calculated opioid vulnerability scores and mapped the scores, along 

with the location of services, to identify areas in significant need of additional interventions. 

The framework we developed provides a framework and range of methods for other public 

health jurisdictions that may have varying levels of available data and methodological 

expertise.

The unique features of jurisdictions, including demographics, urban/rural geography, opioid 

treatment and harm reduction policies, and availability of data at an appropriately granular 

unit of analysis, were considered when selecting core indicators and additional covariates. 

The decision-making process involved an overview of existing literature, identification of 

variables needed, and consultation with participating states to establish agreements for data 

access. In addition, each indicator was thoroughly examined not just for statistical quality 

control but also to account for the process of data collection, suppression rules, and its 

relationship with the OOD epidemic. For example, while acute HCV infection is more 

closely associated temporally with opioid injection than is chronic HCV infection, counts 

for diagnoses of acute HCV cases tend to be low, requiring the use of the measure of 

chronic HCV infection in younger adults as a proxy in most of our JVAs.(Zibbell et al., 

2015; Hofmeister et al., 2019) In Idaho, the high prevalence of chronic HCV infection in 

prisons and in several sparsely populated counties containing prisons required imputation of 

chronic HCV case rates for those counties, removing corrections-related infections by use of 

a computed algorithm followed by a sensitivity analysis.

Drug-related crime rates, along with other crime statistics, have been shown to be associated 

with opioid-related outcomes such as emergency department visits, hospitalizations, and 
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overdose deaths.(Dave et al., 2021; Chen et al., 2022) Substance use has been shown to 

be associated with involvement with the criminal justice system.(Winkelman et al., 2018) 

However, it is essential to consider the limitations of drug-related crime data since local 

variation in the enforcement of drug-related behaviors and racial inequities in policing can 

skew crime rate data.(Szalavitz and Rigg, 2017; Donnelly et al., 2022; Donnelly et al., 2021) 

In addition, law enforcement agency participation in the Federal Bureau of Investigation’s 

reporting systems has been inconsistent and may not be complete enough for practical use.

(Comer et al., 2021)

Opioid prescription data has been considered a strong indicator of opioid use and misuse 

and has been subject to several policies and regulations that have aimed to curtail 

their use.(Finley et al., 2017; Ponnapalli et al., 2018) Interventions such as Prescription 

Drug Monitoring Programs (PDMPs) have been shown to reduce the number of opioid 

prescriptions and also reduce the rate of prescription opioid overdose deaths.(Fink et al., 

2018) However, a decrease in prescription opioid-related deaths after the implementation of 

PDMP programs has been followed by an increase in heroin overdoses.(Fink et al., 2018) In 

recent years, fatal OODs associated with fentanyl and other synthetic opioids have surpassed 

prescription opioid and heroin overdose deaths. (Hedegaard et al., 2021; O’Donnell et al., 

2022; O’Donnell et al., 2017) However, our analysis was limited by the lack of precise data 

on fentanyl use and drug seizure data which is a stronger indicator of the current opioid 

crisis.

The assessment of opioid vulnerability on a state level can aid in targeting overdose 

reduction interventions, but there are limitations to these assessments. The state is a natural 

jurisdiction to assess due to the government infrastructure that requests these assessments, 

provides data, and implements state-wide interventions. However, limiting analyses to 

within one state’s borders may over- or underestimate risk where interstate travel for OUD 

treatment, drug purchasing, or drug use may be common.(Van Handel et al., 2016) In 

state-level JVAs, the county is the most common unit of analysis due to the ease of accessing 

and aggregating data at this level without loss due to suppression.(Iowa Department of 

Public Health, 2019; Missouri Department of Health and Senior Services, n.d.; Wisconsin 

Department of Health Services, 2020; Wesner et al., 2020; Sawyer et al., 2021) While 

convenient, using the county as the unit of analysis can mask local areas of vulnerability 

for demographically and socioeconomically heterogeneous counties. (Openshaw, 1984; 

Kim et al., 2021; Joudrey et al., 2022) In addition, our methods did not consider spatial 

autocorrelation and the application of spatial models for the calculation of the vulnerability 

index.

Accessibility analysis, in combination with vulnerability assessment, provides researchers 

and policymakers with strong evidence to suggest interventions or policy decisions to 

improve access to substance use treatment programs and harm reduction services in areas 

with high vulnerability and limited access. However, the limitations of these accessibility 

assessments also need to be considered. Floating catchment area accessibility does not 

include access domains such as accommodation, affordability, and acceptability.(Penchansky 

and Thomas, 1981) Furthermore, the SAMHSA treatment locator provider list only contains 

information on providers who shared their information with the registry and is typically 
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not a complete list.(Anyanwu et al., 2022) The vulnerability assessments also did not 

consider the availability of intramuscular naltrexone, which is another approved medication 

for MOUD. (Comer et al., 2021; Tetrault and Fiellin, 2012) Therefore, we strongly suggest 

accessing and combining information from state-level stakeholders to identify MOUD 

providers correctly. Our study also did not include a quantitative measure of urbanicity, 

limiting the examination of how urban-rural status affects opioid vulnerability.

The OOD crisis in the US has arisen from a complex mixture of opioid-prescribing practices 

from around 2000 to 2012,(Guy Jr. et al., 2017; MMWR Morb. Mortal. Wkly Rep., 

2011; Boudreau et al., 2009; Sullivan et al., 2008) the increase of illicitly manufactured 

fentanyl in local drug supplies since 2013, ongoing socioeconomic challenges, and racial 

and ethnic disparities in access to prevention and treatment services.(Perlman and Jordan, 

2018) Understanding the collective impact of these factors will help inform the allocation 

of resources and interventions. JVAs have been a strong tool in assessing these factors 

and have helped inform intervention planning, resource allocation, and targeted research 

efforts. However, the literature on opioid JVAs has shown considerable variation in analytic 

and methodological framework, data sourcing, and visualization of findings.(Van Handel et 

al., 2016; Rural Opioid Initiative Research Consortium, n.d.) This structured data analysis 

framework and related algorithms, implemented in practice via collaboration with state 

public health agencies, can help pave the way toward much-needed consistency in future 

JVAs focused on opioid-related risk factors.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Financial disclosure statement

The Council of State and Territorial Epidemiologists (CSTE) provided technical assistance to the Jurisdiction 
Level Overdose Vulnerability Assessment through the Tufts University School of Medicine. This project is funded 
through the Centers for Disease Control and Prevention’s (CDC) National Center for Injury Prevention and 
Control (NCIPC) and supported by Cooperative Agreement number CDC-RFA-OT18–1804: Technical Assistance 
for Response to Public Health or Healthcare Crises.

Disclaimer

The findings and conclusions in this report are those of the authors and do not necessarily represent the official 
position of the Centers for Disease Control and Prevention.

Data availability

The authors do not have permission to share data.

References

Agley J, Xiao Y, 2021. Misinformation about COVID-19: evidence for differential latent profiles and a 
strong association with trust in science. BMC Public Health 21 (1), 89. 10.1186/s12889-020-10103-
x. [PubMed: 33413219] 

Anyanwu P, Varisco TJ, Wanat MA, Bapat S, Claborn K, Thornton JD, 2022. Comparing two 
databases to identify access to buprenorphine treatment for opioid use disorder. J. Pain Palliat. 
Care Pharmacother 36 (2), 103–111. 10.1080/15360288.2022.2070691. [PubMed: 35648731] 

Shrestha et al. Page 10

Prev Med. Author manuscript; available in PMC 2024 September 03.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Arkansas Department of Human Services. Prescription Drug/Opioid Overdose-Related Deaths (PDO): 
Arkansas Strategic Plan 2016–2021 (Appendix 7: Prescription Drug/Opioid Overdose Needs 
Assessment – 2017). Accessed June 22, 2022. https://humanservices.arkansas.gov/wp-content/
uploads/PDO_Strategic_Plan_v3_rev_052318.pdf.

Bergo CJ, Epstein JR, Hoferka S, Kolak MA, Pho MT, 2021. A vulnerability assessment for a future 
HIV outbreak associated with injection drug use in Illinois, 2017–2018. Front. Sociol 6, 652672 
10.3389/fsoc.2021.652672.

Boudreau D, Von Korff M, Rutter CM, et al. , Dec 2009. Trends in long-term opioid therapy for 
chronic non-cancer pain. Pharmacoepidemiol. Drug Saf 18 (12), 1166–1175. 10.1002/pds.1833. 
[PubMed: 19718704] 

Bureau of Epidemiology Pennsylvania Department of Health, 2020. Public Health 
Impacts of the Opioid Epidemic: Vulnerability to Bloodborne Infections and 
Overdose Death. Accessed Dec 1 2020. https://www.health.pa.gov/topics/Documents/Opioids/
Vulnerability%20Assessment%20Report.pdf.

CDC. U.S. Opioid Prescribing Rate Maps Accessed June 22, 2022. https://www.cdc.gov/drugoverdose/
maps/rxrate-maps.html.

Centers for Disease Control and Prevention. Cooperative Agreement for Emergency Response: Public 
Health Crisis Response. Accessed June 22, 2022. https://www.cdc.gov/cpr/readiness/00_docs/
TP18-1802OpioidSupplementalGuidance-508.pdf.

Centers for Disease Control and Prevention (CDC), 2022a. Data from: Behavioral Risk Factor 
Surveillance System Survey Data. U.S. Department of Health and Human Services, Centers for 
Disease Control and Prevention, Atlanta, Georgia.

Centers for Disease Control and Prevention (CDC), 2022b. Data from: Youth Risk Behavior 
Survey Data. U.S. Department of Health and Human Services, Centers for Disease Control and 
Prevention, Atlanta, Georgia.

Centers for Medicare & Medicaid Services (CMS). National Plan and Provider Enumeration System. 
Accessed June 22, 2022. https://nppes.cms.hhs.gov/#/.

Chen Q, Sterner G, Segel J, Feng Z, 2022. Trends in opioid-related crime incidents and comparison 
with opioid overdose outcomes in the United States. Int. J. Drug Policy 101, 103555. 10.1016/
j.drugpo.2021.103555.

Comer BP, Jorgensen C, Carter D, 2021. Reported crime frequencies: a statistical comparison of state 
crime reports and the UCR. Am. J. Crim Justice 1–25.

Council of State and Territorial Epidemiologists, 2019. REQUEST FOR PROPOSALS: Consultant to 
Conduct Jurisdiction-Level Opioid Related Vulnerability Assessments.

Dart RC, Surratt HL, Cicero TJ, et al. , Jan 15 2015. Trends in opioid analgesic abuse and mortality 
in the United States. N. Engl. J. Med 372 (3), 241–248. 10.1056/NEJMsa1406143. [PubMed: 
25587948] 

Dave D, Deza M, Horn B, 2021. Prescription drug monitoring programs, opioid abuse, and crime. 
South. Econ. J 87 (3), 808–848.

Dawson DE, Jul-Sep 2006. National Emergency Medical Services Information System (NEMSIS). 
Prehosp Emerg Care. 10 (3), 314–316. 10.1080/10903120600724200. [PubMed: 16801268] 

Donnelly EA, Wagner J, Stenger M, Cortina HG, O’Connell DJ, Anderson TL, 2021. Opioids, 
race, and drug enforcement: exploring local relationships between neighborhood context and 
black–white opioid-related possession arrests. Crim. Justice Policy Rev 32 (3), 219–244. 
10.1177/0887403420911415.

Donnelly EA, Wagner J, Anderson TL, O’Connell D, 2022. Revisiting neighborhood context and 
racial disparities in drug arrests under the opioid epidemic. Race Justice. 12 (2), 322–343. 
10.1177/2153368719877222.

Fink DS, Schleimer JP, Sarvet A, et al. , 2018. Association between prescription drug monitoring 
programs and nonfatal and fatal drug overdoses. Ann. Intern. Med 168 (11), 783–790. 10.7326/
M17-3074. [PubMed: 29801093] 

Finley EP, Garcia A, Rosen K, McGeary D, Pugh MJ, Potter JS, 2017. Evaluating the impact of 
prescription drug monitoring program implementation: a scoping review. BMC Health Serv. Res 
17 (1), 420. 10.1186/s12913-017-2354-5. [PubMed: 28633638] 

Shrestha et al. Page 11

Prev Med. Author manuscript; available in PMC 2024 September 03.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://humanservices.arkansas.gov/wp-content/uploads/PDO_Strategic_Plan_v3_rev_052318.pdf
https://humanservices.arkansas.gov/wp-content/uploads/PDO_Strategic_Plan_v3_rev_052318.pdf
https://www.health.pa.gov/topics/Documents/Opioids/Vulnerability%20Assessment%20Report.pdf
https://www.health.pa.gov/topics/Documents/Opioids/Vulnerability%20Assessment%20Report.pdf
https://www.cdc.gov/drugoverdose/maps/rxrate-maps.html
https://www.cdc.gov/drugoverdose/maps/rxrate-maps.html
https://www.cdc.gov/cpr/readiness/00_docs/TP18-1802OpioidSupplementalGuidance-508.pdf
https://www.cdc.gov/cpr/readiness/00_docs/TP18-1802OpioidSupplementalGuidance-508.pdf
https://nppes.cms.hhs.gov/#/


Georgia Department of Public Health, 2018. Assessment of County Vulnerability to Increases in 
Injectiond Drug Use-Related Infectious Disease and Opioid Overdose. Accessed Dec 1 2020.

Guy GP Jr., Zhang K, Bohm MK, et al. , Jul 7 2017. Vital signs: changes in opioid prescribing 
in the United States, 2006–2015. MMWR Morb. Mortal. Wkly Rep 66 (26), 697–704. 10.15585/
mmwr.mm6626a4. [PubMed: 28683056] 

Hedegaard H, Miniño AM, Spencer MR, Warner M, 2021. Drug overdose deaths in the United States, 
1999–2020. NCHS Data Brief, no 428. Hyattsville, MD: National Center for Health Statistics. 
10.15620/cdc:112340.

Hernandez A, Branscum AJ, Li J, MacKinnon NJ, Hincapie AL, Cuadros DF, 2020. Epidemiological 
and geospatial profile of the prescription opioid crisis in Ohio, United States. Sci. Rep 10 (1), 
4341. 10.1038/s41598-020-61281-y. [PubMed: 32152360] 

Hofmeister MG, Rosenthal EM, Barker LK, et al. , 2019. Estimating prevalence of hepatitis C virus 
infection in the United States, 2013–2016. Hepatology. 69 (3), 1020–1031. 10.1002/hep.30297. 
[PubMed: 30398671] 

Iowa Department of Public Health, 2019. Jurisdiction-level Vulnerability Assessments for Risk of 
Opioid Overdoses and Rapid Dissemination of HIV and Hepatitis C. Iowa Department of Public 
Health. Accessed June 22, 2022. https://hhs.iowa.gov/sites/default/files/portals/1/userfiles/40/
vulnerability%20index%20assessment%20report%20-%20final.pdf.

Joudrey PJ, Kolak M, Lin Q, Paykin S, Anguiano V Jr., Wang EA, Apr 1 2022. Assessment of 
community-level vulnerability and access to medications for opioid use disorder. JAMA Netw. 
Open 5 (4). 10.1001/jamanetworkopen.2022.7028 e227028.

Kim S, Shoff C, Yang T-C, 2021. Spatial non-stationarity in opioid prescribing rates: evidence 
from older medicare part D beneficiaries. Popul. Res. Policy Rev 40 (2), 127–136. 10.1007/
s11113-019-09566-7.

Luo W, Qi Y, 2009. An enhanced two-step floating catchment area (E2SFCA) method for measuring 
spatial accessibility to primary care physicians. Health Place 15 (4), 1100–1107. 10.1016/
j.healthplace.2009.06.002. [PubMed: 19576837] 

Maine Department of Health and Human Services, 2019. Vulnerability Assessment for Opioid 
Overdoses and Bloodborne Infections Associated with Non-Sterile Injection Drug Use in 
Maine. Accessed Dec 1 2020. https://www.maine.gov/dhhs/mecdc/navtabs/documents/Maine-
CDC-Vulnerabilty-Assessment-Report.pdf.

Mercadel J, Schneider R, 2019. Vulnerability Assessment Report and Jurisdictional Plan: South 
Carolina.

Michigan Dept. of Health and Human Services. Vulnerability Index 
Assessment. Accessed June 22, 2022. https://www.michigan.gov/documents/mdhhs/
Vulnerability_Assessment_PPT_666306_7.pdf.

Missouri Department of Health and Senior Services. Missouri Opioid Overdose and Bloodborne 
Infection Vulnerability Assessments 2020. Accessed June 22, 2022. https://health.mo.gov/data/
opioids/pdf/vulnerability-assessments-full-report-2020.pdf.

Vital signs: overdoses of prescription opioid pain relievers—United States, 1999–2008. MMWR Morb. 
Mortal. Wkly Rep 60 (43), Nov 4 2011, 1487–1492. [PubMed: 22048730] 

Monnat SM, Peters DJ, Berg MT, Hochstetler A, 2019. Using Census data to Understand County-level 
differences in overall drug mortality and opioid-related mortality by opioid type. Am. J. Public 
Health 109 (8), 1084–1091. 10.2105/ajph.2019.305136. [PubMed: 31219718] 

Morris DB, 1991. The Culture of Pain. Univ of California Press.

National Center for Health Statistics, 2022. Wide-Ranging Online Data for Epidemiologic Research 
(WONDER). Centers for Disease Control and Prevention. Accessed August 1, 2022. https://
wonder.cdc.gov/.

National Institute on Drug Abuse, 2020. Comorbidity: Substance Use Disorders and Other Mental 
Illnesses DrugFacts. National Institute on Drug Abuse website National Institutes of Health. 
Accessed June 22, 2022. https://nida.nih.gov/publications/drugfacts/comorbidity-substance-use-
disorders-other-mental-illnesses.

Nevada Department of Health and Human Services, 2020. Nevada Vulnerability Assessment.

Shrestha et al. Page 12

Prev Med. Author manuscript; available in PMC 2024 September 03.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://hhs.iowa.gov/sites/default/files/portals/1/userfiles/40/vulnerability%20index%20assessment%20report%20-%20final.pdf
https://hhs.iowa.gov/sites/default/files/portals/1/userfiles/40/vulnerability%20index%20assessment%20report%20-%20final.pdf
https://www.maine.gov/dhhs/mecdc/navtabs/documents/Maine-CDC-Vulnerabilty-Assessment-Report.pdf
https://www.maine.gov/dhhs/mecdc/navtabs/documents/Maine-CDC-Vulnerabilty-Assessment-Report.pdf
https://www.michigan.gov/documents/mdhhs/Vulnerability_Assessment_PPT_666306_7.pdf
https://www.michigan.gov/documents/mdhhs/Vulnerability_Assessment_PPT_666306_7.pdf
https://health.mo.gov/data/opioids/pdf/vulnerability-assessments-full-report-2020.pdf
https://health.mo.gov/data/opioids/pdf/vulnerability-assessments-full-report-2020.pdf
https://wonder.cdc.gov/
https://wonder.cdc.gov/
https://nida.nih.gov/publications/drugfacts/comorbidity-substance-use-disorders-other-mental-illnesses
https://nida.nih.gov/publications/drugfacts/comorbidity-substance-use-disorders-other-mental-illnesses


O’Donnell JK, Gladden RM, Seth P, Sep 1 2017. Trends in deaths involving heroin and synthetic 
opioids excluding methadone, and law enforcement drug product reports, by Census region 
- United States, 2006–2015. MMWR Morb. Mortal. Wkly Rep 66 (34), 897–903. 10.15585/
mmwr.mm6634a2. [PubMed: 28859052] 

O’Donnell J, Gladden RM, Kariisa M, Mattson CL, 2022. Using death scene and toxicology evidence 
to define involvement of heroin, pharmaceutical morphine, illicitly manufactured fentanyl and 
pharmaceutical fentanyl in opioid overdose deaths, 38 states and the District of Columbia, January 
2018–December 2019. Addiction. 117 (5), 1483–1490. 10.1111/add.15768. [PubMed: 34882865] 

Openshaw S, 1984. Ecological fallacies and the analysis of areal census data. Environ. Plan. A 16 (1), 
17–31. [PubMed: 12265900] 

Pellegrino ED, May 20 1998. Emerging ethical issues in palliative care. Jama. 279 (19), 1521–1522. 
10.1001/jama.279.19.1521. [PubMed: 9605885] 

Penchansky R, Thomas JW, Feb 1981. The concept of access: definition and relationship to consumer 
satisfaction. Med. Care 19 (2), 127–140. 10.1097/00005650-198102000-00001. [PubMed: 
7206846] 

Perl RF, 1988. Congress, international narcotics policy, and the anti–drug abuse act of 1988. J. Interam. 
Stud. World Affairs 30 (2–3), 19–52.

Perlman DC, Jordan AE, 2018. The Syndemic of opioid misuse, overdose, HCV, and HIV: structural-
level causes and interventions. Curr. HIV/AIDS Rep 15 (2), 96–112. 10.1007/s11904-018-0390-3. 
[PubMed: 29460225] 

Ponnapalli A, Grando A, Murcko A, Wertheim P, 2018. Systematic literature review of prescription 
drug monitoring programs. AMIA Annu Symp Proc. 2018, 1478–1487. [PubMed: 30815193] 

Rickles M, Rebeiro PF, Sizemore L, et al. , May 17 2018. Tennessee’s in-state vulnerability assessment 
for a “rapid dissemination of human immunodeficiency virus or hepatitis c virus infection” 
event utilizing data about the opioid epidemic. Clin. Infect. Dis 66 (11), 1722–1732. 10.1093/cid/
cix1079. [PubMed: 29228122] 

Ronan MV, Herzig SJ, May 1 2016. Hospitalizations related to opioid Abuse/dependence and 
associated serious infections increased sharply, 2002–12. Health Aff (Millwood). 35 (5), 832–837. 
10.1377/hlthaff.2015.1424. [PubMed: 27140989] 

Ross LJ, Wilson M, Banks M, Rezannah F, Daglish M, Jul 2012. Prevalence of malnutrition and 
nutritional risk factors in patients undergoing alcohol and drug treatment. Nutrition. 28, 738–743. 
10.1016/j.nut.2011.11.003 (7–8). [PubMed: 22356728] 

Rural Opioid Initiative Research Consortium. Rural Opioid Initiative. Accessed July 5, 2022. https://
ruralopioidinitiative.org/.

Sawyer JL, Shrestha S, Pustz JC, et al. , Dec 2021. Characterizing opioid-involved overdose risk in 
local communities: an opioid overdose vulnerability assessment across Indiana, 2017. Prev. Med. 
Rep 24, 101538 10.1016/j.pmedr.2021.101538.

Schneider R, Carlson L, Rosenthal S, Feb 3 2020. Mapping the opioid epidemic in Rhode Island: 
where are we missing resources? R I Med J (2013) 103 (1), 46–50.

Sharareh N, Hess R, White S, Dunn A, Singer PM, Cochran J, May 2020. A vulnerability assessment 
for the HCV infections associated with injection drug use. Prev. Med 134, 106040 10.1016/
j.ypmed.2020.106040.

Shrestha S, Bauer CXC, Hendricks B, Stopka TJ, 2022. Spatial epidemiology: an empirical framework 
for syndemics research. Soc. Sci. Med 295, 113352 10.1016/j.socscimed.2020.113352.

Stopka TJ, Jacque E, Kelley J, Emond L, Vigroux K, Palacios WR, 2021. Examining the spatial 
risk environment tied to the opioid crisis through a unique public health, EMS, and academic 
research collaborative: Lowell, Massachusetts, 2008–2018. Prev. Med. Rep 24, 101591 10.1016/
j.pmedr.2021.101591.

Substance Abuse and Mental Health Services Administration, 2021. Key Substance Use and Mental 
Health Indicators in the United States: Results from the 2020 National Survey on Drug Use and 
Health (HHS Publication No. PEP21–07–01–003, NSDUH Series H-56) https://www.samhsa.gov/
data/.

Substance Abuse and Mental Health Services Administration Treatment. Behavioral Health Treatment 
Services Locator. Accessed June 17, 2022. https://findtreatment.samhsa.gov/locator.

Shrestha et al. Page 13

Prev Med. Author manuscript; available in PMC 2024 September 03.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://ruralopioidinitiative.org/
https://ruralopioidinitiative.org/
https://www.samhsa.gov/data/
https://www.samhsa.gov/data/
https://findtreatment.samhsa.gov/locator


Sullivan MD, Edlund MJ, Fan MY, DeVries A, Braden JB, Martin BC, Aug 31 2008. Trends in use of 
opioids for non-cancer pain conditions 2000–2005 in commercial and Medicaid insurance plans: 
the TROUP study. Pain. 138 (2), 440–449. 10.1016/j.pain.2008.04.027. [PubMed: 18547726] 

Szalavitz M, Rigg KK, 2017. The curious (dis)connection between the opioid epidemic and crime. 
Subst. Use Misuse 52 (14), 1927–1931. 10.1080/10826084.2017.1376685. [PubMed: 28952839] 

Tetrault JM, Fiellin DA, Jan 22 2012. Current and potential pharmacological treatment 
options for maintenance therapy in opioid-dependent individuals. Drugs. 72 (2), 217–228. 
10.2165/11597520-000000000-00000. [PubMed: 22235870] 

U.S. Census Bureau, 2022. Data from: American Community Survey. Washington, D.C.

Van Handel MM, Rose CE, Hallisey EJ, et al. , Nov 1 2016. County-level vulnerability assessment 
for rapid dissemination of HIV or HCV infections among persons who inject drugs, United States. 
J. Acquir. Immune Defic. Syndr 73 (3), 323–331. 10.1097/qai.0000000000001098. [PubMed: 
27763996] 

Van Zee A, Feb 2009. The promotion and marketing of oxycontin: commercial triumph, public health 
tragedy. Am. J. Public Health 99 (2), 221–227. 10.2105/ajph.2007.131714. [PubMed: 18799767] 

Wang X, Zhang T, Ho WZ, Dec 2011. Opioids and HIV/HCV infection. J. NeuroImmune Pharmacol 6 
(4), 477–489. 10.1007/s11481-011-9296-1. [PubMed: 21755286] 

Washington State Department of Health, 2020. Washington State County 
Profiles of Social Determinants of Health, HIV, Hepatitis C, and Opioid 
Overdose. Accessed Dec 1 2020. https://www.doh.wa.gov/Portals/1/Documents/Pubs/347-651-
WACountyProfilesSocialDeterminantsHIVHepCOpioidOverdose.pdf.

Wesner CA, Zhang W, Melstad S, et al. , 2020. Assessing county-level vulnerability for opioid 
overdose and rapid spread of human immunodeficiency virus and hepatitis C infection in 
South Dakota. J. Infect. Dis 222 (Supplement_5), S312–S321. 10.1093/infdis/jiaa231. [PubMed: 
32877549] 

West Virginia Department to Health and Human Services. County-level Vulnerability to Overdose 
Deaths in West Virginia. Accessed Dec 1, 2020. https://oeps.wv.gov/HCV/documents/data/
WV_OD_Vulnerability_Assessment.pdf.

Winkelman TNA, Chang VW, Binswanger IA, 2018. Health, polysubstance use, and criminal justice 
involvement among adults with varying levels of opioid use. JAMA Netw. Open 1 (3), e180558. 
10.1001/jamanetworkopen.2018.0558.

Wisconsin Department of Health Services, 2020. Preventing and treating harms of the opioid crisis: An 
assessment to identify geographic gaps in services, and a plan to address these gaps. Accessed Dec 
1, 2020. https://www.dhs.wisconsin.gov/publications/p02605.pdf.

Zibbell JE, Iqbal K, Patel RC, et al. , May 8 2015. Increases in hepatitis C virus infection related 
to injection drug use among persons aged ≤30 years - Kentucky, Tennessee, Virginia, And West 
Virginia, 2006–2012. MMWR Morb. Mortal. Wkly Rep 64 (17), 453–458. [PubMed: 25950251] 

Shrestha et al. Page 14

Prev Med. Author manuscript; available in PMC 2024 September 03.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://www.doh.wa.gov/Portals/1/Documents/Pubs/347-651-WACountyProfilesSocialDeterminantsHIVHepCOpioidOverdose.pdf
https://www.doh.wa.gov/Portals/1/Documents/Pubs/347-651-WACountyProfilesSocialDeterminantsHIVHepCOpioidOverdose.pdf
https://oeps.wv.gov/HCV/documents/data/WV_OD_Vulnerability_Assessment.pdf
https://oeps.wv.gov/HCV/documents/data/WV_OD_Vulnerability_Assessment.pdf
https://www.dhs.wisconsin.gov/publications/p02605.pdf


Fig. 1. 
Indiana counties, 2017: core measures of vulnerability (quintiles breaks).

Notes: Data sources: (a - d) Indiana Department of Health; (e) National Incident-Based 

Report System (f) US Census Bureau American Community Survey 5-Year Estimates 

(2014–2018).
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Fig. 2. 
Opioid-involved overdose vulnerability assessments (quintile breaks).

Notes. (a) Alaska. Unit of analysis: Public Health Regions, n = 7, Tier 1 rank-based 

vulnerability scoring was used and tertiles classes are shown. Data sources: Alaska 

Department of Health and Social Services, Crime in Alaska Report, Centers for Disease 

Control and Prevention.
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(b) Idaho. Unit of analysis: county, n = 44, Tier 2 weighted-rank based vulnerability scoring 

was used and quintile classes are shown. Data sources: Idaho Department of Health and 

Welfare, Bureau of Vital Records and Health Statistics, Bureau of Pharmacy, State Police.

(c) Delaware. Unit of analysis: ZIP Code Tabulation Area, n = 57, Tier 3 regression 

weighted-rank based vulnerability scoring was used and quintile classes are shown. Data 

source: Delaware Department of Health.

(a – c) Data included US Census Bureau American Community Survey 5-year Estimates.

Shrestha et al. Page 17

Prev Med. Author manuscript; available in PMC 2024 September 03.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Fig. 3. 
Mapping and analyzing opioid-related resources.

Notes. (a) Idaho. Access to Medicine for Opioid Use Disorder (MOUD, specifically 

buprenorphine) by prescriber drive-time service areas. For clarity, only selected prescriber 

locations are shown for each town and city. Data sources: Idaho Department of Health and 

Welfare, US Drug Enforcement Agency.

(b) Indiana. Enhanced two-step floating catchment area (E2SFCA) Opioid Use Disorder 

services provider analysis at census tract unit of analysis. Overlay of top quintile (19) of 
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counties ranked highest on opioid vulnerability scale. Data source: Indiana Department of 

Health.

(c) Florida. Opioid vulnerability scale ranks in quintiles overlaid with substance use disorder 

treatment and methadone provider locations. Data sources: Substance Abuse and Mental 

Health Services Administration, National Vital Statistics System 2014–2018, American 

Foundation for AIDS Research (2017), Florida Department of Law Enforcement (2018).

(d) Texas. MOUD (buprenorphine) prescribing capacity rate overlaid with 34 most opioid-

involved overdose vulnerable counties. Data sources: Texas Department of State Health 

Services, US Drug Enforcement Agency.

(b – d) Data included US Census Bureau American Community Survey 5-year Estimates.

Shrestha et al. Page 19

Prev Med. Author manuscript; available in PMC 2024 September 03.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Shrestha et al. Page 20

Table 1

Core and covariate measures for opioid vulnerability assessments.

Core variables Data sources Notes

Opioid-involved overdose mortality State department of public health (DPH), 
state registry of vital statistics, public 
data warehouse, Centers for Disease 
Control and Prevention (CDC) wide-
ranging ONline data for epidemiologic 
research (WONDER)

Opioid prescriptions (total prescription [Rx], total 
morphine milligram equivalent [MME], or counts of high 
MME Rx)

DPH, state prescription drug monitoring 
program, CDC opioid prescribing 
map(CDC, n. d.)

Crime or arrest rates National Incident-Based Report System 
(NIBRS)

Due to local law enforcement agency 
variation in crime reporting to 
NIBRS, some states had limited or 
unreliable data.

Hepatitis C virus (HCV) (adults ages 18 to 45) DPH (alternatively, if necessary, 
HepVu.org or AmFAR.org)

Due to low or zero counts of acute 
HCV in most counties, we used 
chronic HCV, antibody + ribonucleic 
acid testing confirmed, younger 
adults as a proxy for recent infection.

Per capita or median household income American community survey (ACS) Typically from 5-year estimates

Covariate

Emergency department visits DPH, various Opioid-involved overdose

Emergency medical service calls DPH, various Opioid-involved overdose

Buprenorphine prescription capacity DPH

Covariates based on ACS 5 or 3-year estimates 
Social vulnerability index (SVI)

Composite of ACS measures in four 
domains

Gini index
Population never married
Teen birth
Unemployment
Population with a disability
Over 25 years of age with no high school diploma
Uninsured
Over 25 years of age and living in poverty
Female population
Renter occupied households
Non-Hispanic white
Hispanic
Non-Hispanic black
Families with married head of household
Female-led household
No vehicle access

A measure of inequality
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Table 2

Opioid vulnerability assessment model selection.

Count of unit 
of analysis (e.g., 
counties or zip code 
tabulation areas)

Tier Scoring model (algorithm) and 
Description

Formula

<10 1 Rank-based: Ranked by summation of 
indexed measures

Vc = ∑CorRc, j
Where,
Vc = vulnerability score for unit of analysis c
CorRc,j = rank of core measure j in county c

10 to <25 2A Weighted rank-based: Ranked by 
summation of weighted indexed 
measures selected by expert consensus

Vc = ∑W iRci
Where,
Vc = vulnerability score for unit of analysis c

25 to <50 2B Regression-weighted rank-based: 
Ranked by summation of bivariate 
regression coefficient weighted indexed 
measures selected by statistical 
significance

Rci = = rank of the ith covariate/core measure
Wi = weighting factor for covariate/core measure i

50 or more 3 Regression-based: Ranked using 
multivariable regression

Vc = ∑βiXci
Where,
Vc = vulnerability score for the unit of analysis c
Xci = = standardized covariate/core measure (i) value at the unit of 
analysis c
βi = regression coefficient for covariate/core measure i from the 
multivariable regression model
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