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ABSTRACT 

 

 The opioid epidemic in the United States has been associated with an increase in rates of 

hepatitis B and C infection across the country. This is due to an increase in the use of intravenous 

drug injection which allows the hepatitis virus to be spread easily from one person to another. 

Studies have found an increase in hepatitis rates amongst individuals aged 40 and below in both 

males and females. Women of childbearing age are a cohort of particular interest due to the risk 

of vertical infection from mother to child. The analysis done in this thesis used a spatial 

epidemiological approach to model vulnerability of perinatal opioid-associated hepatitis B and C 

infection in the Appalachian region which has recently seen high rates of opioid overdose as well 

as viral hepatitis rates. Using publicly available data as model variables, exploratory regression 

was conducted to develop models that indicate areas of high vulnerability. This geospatial 

analysis found 3 models which highlight counties in the Appalachian region which may be 

vulnerable to seeing higher rates of perinatal opioid-associated hepatitis B and C infections. 

Geospatial modeling can be used to identify areas of high risk and can help public health 

departments ensure resources are being sent to the areas most in need. 

 

Keywords: perinatal infection, hepatitis C virus, hepatitis B virus, opioid epidemic, vulnerability 

analysis, geospatial epidemiology,  
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INTRODUCTION  
 

Viral Hepatitis  

  Hepatitis B and C are the leading causes of liver-related morbidity in the US, and rates of 

their associated liver cancer, unlike most other cancers, have been increasing since 2010. The 

opioid epidemic is believed to be one of the main drivers of this increase. This increase in viral 

hepatitis is associated with the increase in intravenous opioid use that has been increasing over 

the past decade (Zibbell et al., 2015). Blood-borne infections such as hepatitis are associated 

with risk factors that are often seen in people who inject drugs such as using unsterilized needles, 

injection frequency and using high dead space syringes (Zibbell et al., 2015; Shiffman, 2018) 

Hepatitis B is an preventable disease due to the development of a reliable vaccine, yet nearly 1 

million Americans live with an active infection (Roberts et al., 2016). An antiviral cure has been 

developed for Hepatitis C but and infection still causes serious damage as it may not be detected 

until many years and even decades after exposure. Given the lack of effective screening 

programs, and with more than half of the infected population not knowing they are infected, the 

risk of spread is high (Sarpel et al., 2018).  

 The hepatitis B virus (HBV) is a relatively common infection around the world with 

anywhere between 5% and 10% of immunocompetent individuals harboring the virus. The virus 

has a fairly long incubation period, often between 1 and 6 months. Acute symptomatic infections 

are uncommon but can cause serious symptoms such as jaundice and acute liver failure 

(Zuckerman, 1996). HBV is transmitted from an infected individual to an uninfected individual 

through a variety of bodily fluids including blood, semen, saliva, vaginal discharge, and breast 

milk. Infection can occur through direct-contact transmission such as sexual contact, fomites 

such as the use of unsterilized syringes and medical instruments, from unscreened blood products 
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or transfusions and from vertical transmission from mother to child during pregnancy or birth 

(Ott, Stevens, & Wiersma, 2012).  The wide range of modes of transmission and long incubation 

period broaden the epidemiology of this infection and complicate public health officials’ efforts 

to set a clear strategy in controlling its spread.  

 A chronic case of hepatitis B can quickly become dangerous. One of the main long-term 

complications associated with long-term HBV infection is cirrhosis, which is one of the 

mechanisms that lead approximately one quarter of chronic HBV-infected individuals to be 

diagnosed with liver-cancer. Cirrhosis is acute, irreversible liver damage that occurs when 

damaged liver cells are replaced with scar tissue. When regular liver tissue is replaced with scar 

tissue the liver is unable to function properly and it is not possible to reverse this type of severe 

damage which gradually reduces liver functionality ( Mayo Clinic,” n.d.; Tsochatzis, Bosch, & 

Burroughs, 2014). The most severe disease caused by a chronic hepatitis B infection is liver 

cancer. Studies have found that chronic HBV infection amongst individuals with liver disease or 

cirrhosis leads to an increased risk of hepatocellular carcinoma (Leung, 2005). While it has been 

well studied and documented that HBV infection is highly associated with liver cancer rates, the 

exact mechanisms for oncogenesis are still being researched (Zuckerman, 1996; Rivière, 

Ducroux, & Buendia, 2014). Some mechanisms for carcinogenesis include chronic 

inflammation, an increase in oxidative stress, chromosome instability and disruption of cell 

pathways (Tarocchi, Polvani, Marroncini, & Galli, 2014). 

 Hepatitis C virus (HCV) is a similar infection to hepatitis B but has some major differences. 

HCV is a blood-borne virus with most people becoming infected by sharing needles or other 

equipment to inject drugs (HHS, CDC, Ddid, NCHHSTP, & DVH, n.d.).  HCV infection in the 

United States is more common than HBV infection, with an estimated 50,000 new cases in 2018, 
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and around 2.5 million individuals living with active cases each year. The incubation period for 

HCV is slightly longer than that of HBV. Symptoms of an acute HCV infection mirror those of 

HBV but are seen less often. Another major difference is that, unlike HBV,  there is no HCV 

vaccine, although there is a treatment for individuals with HCV including oral therapy (HHS, 

CDC, Ddid, NCHHSTP, & DVH, n.d.). More than 50% of people who become infected with the 

hepatitis C virus experience a chronic infection (Ott et al., 2012). The long-term results of an 

HCV infection also include cirrhosis, liver cancer, and ultimately death.  

 

Vulnerable Populations in the United States 

Cases of HBV and HCV are surging in the United States: anywhere between 2 and 4.5 

million Americans live with active HCV infections (CDC, 2018) and in 2018 it was estimated 

that around 862,000 people live with a chronic hepatitis B infection (“What is Hepatitis B - FAQ 

| CDC,” n.d.). Recent studies have found that the opioid epidemic and associated intravenous 

drug injection have led to a commensurate increase in HCV  and HBV infections across all 

demographic communities in the United States (Sarpel et al., 2018). Studies have found that 

acute HCV infections have doubled from a rate of 0.3 to 0.7 per 100,000 from 2004 to 2014 

(Zibbell et al., 2018). In 2018, the rate of acute HCV was 1.2/ 100,000 (CDC, 2020). This increase is 

probably because the opioid epidemic has led to a surge in injection drug use and substance use 

disorder (SUD) cases; heroin injection and prescription opioid analgesic injection use has quadrupled 

(Zibbell et al., 2018). Similarly, HBV infections, which are highly related to increases in injection 

drug use, have risen along with the proliferation of the opioid epidemic (Johansson & Nunez, 2020). 

The surge in prescriptions of opioid analgesics has led to prescription opioids becoming the most 

commonly abused prescription drug (CDC, n.d.d). It is estimated that between 10% and 20% of 
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people who abuse prescription opioids end up injecting the drug or moving to heroin (Van Handel et 

al., 2016).  

 Women of childbearing age are particularly vulnerable to HBV/HCV infections (Koneru et 

al., 2016).The CDC found that 65% of acute hepatitis C cases reported in 2018 were among 

persons aged 20–39 years (Centers for Disease Control and Prevention (CDC), 2018). Due to the 

opioid epidemic there has been an increase in infection within the cohort of women under the age 

of 40 , which has led to infections traveling vertically from mother to child at birth (Krans et al., 

2018). The child is at risk of infection at a variety of stages and through many routes. Perinatal 

infection is an infection that is passed from mother to child during pregnancy or delivery, such as 

intrauterine transmission, which can occur through the maternal blood cells in the placenta or by 

placental leakage during delivery. Likewise, intrapartum transmission occurs during the first 

stage of labor and can be caused by placental leakage or trauma which can cause a mixing of 

maternal and fetal blood via microtransfusion (Umar, Hamama-tul-Bushra, Umar, & Khan, 

2013). Postpartum routes include transmission through breastfeeding and abrasions on the 

mother’s skin (Umar et al., 2013).  

 Perinatal hepatitis B transmission is also strongly associated with Hepatitis B "e" antigen 

(HBeAg) positivity of childbearing women (Ott et al., 2012). The risk of chronic HBV infection 

varies with age, with neonates and infants at the highest risk. In the United States, chronic 

infection occurs in 90% of neonates and infants infected under the age of 1 (HHS et al., n.d.). 

One hypothesis for the high risk of infection in very young children and fetuses is that the 

placenta acts as a strong barrier to hepatitis B e antigens to the child (Lai, Ratziu, Yuen, & 

Poynard, 2003).  Due to a lack of acute symptoms in both HBV and particularly in HCV, many 

pregnant women or women who intend to become pregnant are unaware of their hepatitis status, 
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leading to a higher risk of perinatal infection (Chappell et al., 2018). The testing rates 

amongst this population is also quite low at only 13.4% in 2016 (Schillie, Wester, 

Osborne, Wesolowski, & Ryerson, 2020), allowing for asymptomatic cases to be missed.  

 

Geospatial Epidemiology 

 

 Understanding the natural history of perinatal, opioid-induced HCV and HBV infection is 

critical to creating an effective intervention strategy that increases access to treatment (Mast et 

al., 2005). Socioeconomic factors play an ever-growing role in who is at risk for certain diseases 

and who has access to effective treatment. One of the key variables to look at in order to better 

understand the rate and risk of infection of perinatal hepatitis is location. A geographic area of 

interest is key to understanding which areas are most at risk. In the United States, the 

Appalachian region has been the epicenter for the opioid epidemic and, increasingly, the center 

of increasing rates of hepatitis (McLuckie et al., 2019). During the past decade, the US opioid 

epidemic has fueled an increase in illicit, unsterile injection drug use, and studies have found that 

this increase in injection drug use is associated to an increase in hepatitis C infection (Zibbell et 

al., 2018). These new HCV infections are spiking especially within nonurban communities 

(Centers for Disease Control and Prevention (CDC), 2018) and in some majority-rural states 

such as Kentucky and West Virginia (Rigg, Monnat, & Chavez, 2018). The highest opioid-

related mortality rates in the United States are in Central Appalachia, which includes portions of 

Kentucky, Ohio, Tennessee, Virginia, and West Virginia. The region has the highest rates of 

opioid-related deaths at 32.3 per 100,000 people. Studies have found West Virginia, Ohio and 

Kentucky to be three of the states with the highest absolute increase in opioid-related deaths and 

Ohio amongst the states with the highest percentage increase (Rigg et al., 2018). These states, 
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which see high rates of opioid use, abuse, and death, are also the states with syndemic and 

parallel HCV and HBV epidemics (Perlman & Jordan, 2018).  

 Recent disease surveillance has found that rates of acute HCV infection have increased 

steadily since 2006, especially in the Appalachian region (Van Handel et al., 2016). The West 

Virginia Bureau of Public Health has determined that 40% of males and females with acute HCV 

also participated in intravenous drug use and a third of females with acute HBV infections 

reported intravenous drug use (West Virginia Bureau for Public Health, 2016). Perinatal hepatitis 

is a main concern for the West Virginia Bureau of Public Health which also reports that 60% of 

all hepatitis cases occur in individuals between the ages of 19 and 29, putting females in this 

cohort in the middle of their reproductive age (West Virginia Bureau for Public Health, 2016).  

 Due to a lack of early symptoms, many women with opioid use disorders are unaware of their 

HCV status (Chappell & Krans, 2018). Treatment is possible but without knowledge of a 

positive status both mother and infant are at risk of receiving no treatment until the liver is 

already damaged extensively. Previous studies have also shown the importance of access to care 

in disease rates. Rural areas have fewer obstetric and gynecological care options for women 

(Rayburn, Klagholz, Murray-Krezan, Dowell, & Strunk, 2012) despite these rural counties 

having higher rates of infection (Protopapas, Murrison, Wexelblatt, Blackard, & Hall, 2019).  

 Appalachia also faces a major issue of access to healthcare and overall have higher rates of 

poor health outcomes such as high rates of obesity and diabetes (Driscoll, Ph, Ely, & Ph, 2019). 

A study conducted by Van Handel and colleagues sought to identify the most vulnerable counties 

at risk of intravenous drug use-associated HIV and HCV infections. They found that half of the 

most vulnerable counties in the United States were in the Appalachia Region comprised of 

Kentucky, Tennessee, and West Virginia. HBV and HCV infections were found to parallel drug 
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use trends in those states (Van Handel et al., 2016). There are several reasons why the 

Appalachia region may face a disparity in opioid related morbidity and mortality including  drug 

prescription rates, healthcare accessibility, and socioeconomic status (Koneru et al., 2016).  

 In order to gain a better understanding of how disease can be modeled using geographic 

region, it is important to understand the technique of spatial epidemiology. Spatial epidemiology 

allows for a deeper understanding of the connections between health variables, such as access to 

care, and a geographic area (Stopka et al., 2017). This is particularly important when 

understanding the intersection between socioeconomic context, behavior and infectious disease 

and is a crucial aspect in preventing the spread of an avoidable disease (Epstein et al., 2018). 

Considering that health outcomes are influenced by a variety of factors, including physical 

environment, location should be a determinative factor when looking at the risk of contracting 

certain diseases (Kirby, Delmelle, & Eberth, 2017). Identifying jurisdictions particularly 

vulnerable to a similar outbreak can increase awareness of current vulnerability and guide public 

health efforts to detect and prevent this type of event. 

 

Study Goals 

 The overall goal of this modeling is to better understand how the interplay of health-

related variables puts certain populations more at risk for perinatal HBV and HCV. 

Vulnerabilities such as lack of healthcare facilities or transportation options will be highlighted, 

and by targeting efforts on reducing these vulnerabilities other infectious diseases can be avoided 

and the overall health of the community can be improved. Socioeconomic factors and access to 

care play a key role in the spread of infectious disease and opioid-use-disorder (Ford et al., 2017) 
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, and by combining these factors in a geospatial-focused analysis, a proxy can be developed to 

better understand the vulnerability of perinatal opioid associated, hepatitis B and C infection. 

The modeling done in this study can provide insight on areas of public health concern and to 

help direct resources to an area before the spread of an infection grows to epidemic proportions. 

This is especially true if data is reported in real or near real time.  Understanding the 

vulnerability of an area can help funnel valuable resources like health education, medical access 

and infection testing to areas that are most in need (Lawal & Anyiam, 2019). A public health 

initiative that focuses on prevention rather than mitigation can save these areas money and 

prevent infection from spreading in the community.  Through the creation of a geospatial model, 

specific areas can be targeted in surveillance, patient and provider education, funding and access 

to treatments, reducing the burden on the most vulnerable populations.  

 

METHODS 

Datasets  

 All datasets came from publicly available sources including the United States Census, the 

Census’ American Community Survey (ACS), Substance Abuse and Mental Health Services 

Administration (SAMHSA), and the Centers for Disease Control and Prevention (CDC). These 

data sources were selected based on prior research and the extent to which they contain variables 

that are associated with hepatitis B and C infection, the opioid epidemic and perinatal infection 

rates. This approach was modeled after Van Handel et al. (2016), Sharareh et al. ( 2020), and 

Esri (2019) to create a vulnerability model and identify areas most at risk for perinatal, opioid-

associated hepatitis infection. A vulnerability model allows us to analyze geographic area and 
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assign each area a score based on how likely they are to face a variety of variables that increase 

their risk of infection (see Geospatial and biostatistical methods)  

 The area of interest (AOI) consisted of major states in the Appalachian region. This region 

was determined following the geographic definition  from the U.S. Department of Health and 

Human Services (HHS, OIG-OEI, 2019) as well as looking at where rates of the opioid epidemic 

and hepatitis rates are the highest. The AOI included the following 5 states: Kentucky, Ohio, 

Tennessee, Virginia, and West Virginia. The AOI included an aggregate of 491 counties, this 

area has a wide range of opioid death rates.  

 The primary outcome of interest was perinatal opioid-associated hepatitis B and C infection. 

There is no measure of opioid-associated hepatitis C or B available in the United States but by 

looking at the rates of a variety of independent variables, we were able to estimate the risk of an 

opioid-associated perinatal infection. Hepatitis B and C were considered together due to the 

relative rarity of reported cases of each. Coinfections of HBV and HCV have been found to be 

common in endemic areas (Liu, Chen, & Chen, 2009). In the United States dual infections are 

found in approximately 1.5% of the population although these estimates are believed to be 

significantly less than the actual rate (Mavilia & Wu, 2018). Analyzing both HBV and HCV 

infections may be useful in correcting the underreported cases (Klevens, Liu, Roberts, Jiles, & 

Holmberg, 2014).  

 Acute HBV and acute probable and confirmed HCV infections are reported nationally 

through the National Notifiable Disease Surveillance System (NNDSS). This data is limited and 

hepatitis infections are commonly underreported, often due to a asymptomatic cases, but 

previous studies have found this data to be sufficient for analysis (Van Handel et al., 2016). 

Hepatitis infection is defined by the CDC; hepatitis B infection is determined by the presence of 
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Hepatitis B surface antibodies in serum and hepatitis C infection is determined by the presence 

of Hepatitis C virus RNA in human serum or plasma samples (HHS, CDC, Ddid, NCHHSTP, & 

DVH, n.d.).  

 When deciding which variables would be used in this vulnerability analysis, the availability of 

data was considered. All datasets used were publicly available and required no authorization or 

request for access. The final data review and search resulted in 14 different variables from 7 data 

sources in the final analysis (Table 1).  

 Datasets are listed in Table 1. They include 2018 HBV and HCV rates combined to an 

aggregate hepatitis rate at the state-level, 2018 opioid-related deaths, 2018 opioid dispensing 

rates, 2018 heroin- associated deaths, proportion of SAMHSA-certified and substance-use 

disorder treatment providers per population in 2020, percentage of pregnant female population 

receiving no prenatal care during pregnancy in 2018, 2018 estimates female population with no 

education (no high school degree), median female age in 2018, households with no personal 

transportation in 2018, households with no health insurance coverage 2018, and the 2018 CDC 

Social Vulnerability Index (SVI). The SVI is an index calculated by the CDC that determines the 

vulnerability of each tract, or administrative area, in the US. The final SVI value is a 

combination of data composed of four themes including socioeconomic status, disability, 

minority status, and housing and transportation (CDC, n.d.b). this analysis used data from the 

most recent year, all datasets besides one which used 2020 data, were from 2018. Combining this 

data into a comprehensive database is allowed for geospatial analysis.  
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Spatial Analysis 

 Data was collected at either the county-level or the state-level depending on the availability of 

publicly available datasets, and the smallest geographic unit was used in the analysis if available. 

If data was only available at the state-level, data at the county-level was interpolated and 

transformed to be spatially represented at the county-level. A space time pattern mining method 

was used to estimate the values of missing data for the opioid death county-level data. This was 

the only data layer where the Fill Missing Values tool found in the ArcGIS Pro software was 

used. The original dataset was mostly complete and out of the 491 counties in the AOI, only 8 

(1.63%) counties were estimated. This spatial technique was used to minimize the impact of null 

values and to reduce bias.  The missing values were calculated using the average Fill Method and 

the contiguity edges corners spatial relationship (Esri, n.d.e). A vulnerability score was 

calculated at the county-level for states in the Appalachian region during the year of 2018. The 

total, combined vulnerability score was created as a proxy for vulnerability of perinatal opioid-

associated hepatitis B and C infection. These vulnerability scores were mapped out which 

counties in the region may be most at risk for this type of infection. 
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Table 1. Variables and indicators used in the final geospatial analysis.  

Variable Source Definition 

Hepatitis B and C 

rates 

Centers for Disease Control 

and Prevention, Nationally 

Notifiable Infectious 

Diseases and Conditions 

(NNDSS), 2018 

 

Annual cases of acute hepatitis B, 

Confirmed and Probable acute hepatitis 

C infection, not including chronic cases 

in the general population.  

Prescription opioid 

overdose morbidity 

(drug overdose 

deaths per 100,000 

population) 

Centers for Disease Control 

and Prevention, Wide-

ranging OnLine Data for 

Epidemiologic Research 

(WONDER), 2018 

Drug overdose deaths were extracted 

using the ICD-10 based on the following 

underlying cause of death codes: X40-

X44 (unintentional); X60-X64 (suicide); 

X85 (homicide); Y10-Y14 

(undetermined intent) and the following 

contributing codes: T40.2-40.4. County-

level rates were calculated per 100,000 

population using US Census population 

estimates for 2018. 

 

Opioid dispensing 

rates 

Centers for Disease Control 

and Prevention, National 

Center for Injury Prevention 

and Control, 2018 

 

Opioid prescription rate dispensed at the 

county-level per 100,000 population. 

Heroin overdose 

deaths 

Centers for Disease Control 

and Prevention, WONDER, 

2018 

Drug overdose deaths were extracted 

using the ICD-10 based on the following 

underlying cause of death codes: X40-

X44 (unintentional); X60-X64 (suicide); 

X85 (homicide); Y10-Y14 

(undetermined intent) and the following 

contributing codes: T40.0-40.1. State-

level rates were calculated per 100,000 

population using US Census population 

estimates for 2018. 
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Variable Source Definition 

Substance-use 

disorder treatment 

and buprenorphine 

provider capacity 

Substance Abuse and Mental 

Health Services 

Administration, 2020 

Proportion of Substance Use Treatment 

Providers and SAMHSA-Certified 

Buprenorphine Practitioners per state 

population. 

 

Receiving no 

perinatal care 

Centers for Disease Control 

and Prevention, National 

Vital Statistics System 

(NVSS), 2018  

Percentage of pregnant women 

receiving no prenatal care during their 

pregnancy at the state-level. 

Female population 

education status 

American Community 

Survey, 2018 5-year estimate 

Percentage of female population with no 

high-school education at the county-

level.   
Age American Community 

Survey, 2018 5-year estimate 

Median age of the female population at 

the county level.  

 

Personal 

transportation 

status 

American Community 

Survey, 2018 5-year estimate 

Households with no vehicle available at 

the county level.  

 

Health insurance 

status 

American Community 

Survey, 2018 5-year estimate 

Percentage of the population that is 

uninsured at the county level.  

 

Social 

Vulnerability Index 

(SVI) 

Centers for Disease Control 

and Prevention, Agency for 

Toxic Substances and 

Disease Registry (ATSDR), 

2018 

Overall SVI at the county-level 

calculated by 15 social factors which are 

grouped into four related themes: 

socioeconomic theme (theme 1), 

housing composition and disability 

theme (theme 2), minority status and 

language (theme 3), housing and 

transportation (theme 4).  

 

Geospatial and Biostatistical Methods 

 The geospatial analysis used in this model was performed using Esri’s ArcGIS Insights, a 

data analytics workbench, as well as ArcGIS Pro version 2.6.2, Esri’s desktop GIS application. 

To begin calculating a vulnerability score, the location for each dataset was enabled and the raw 

data was associated to the appropriate geography.  This model used z-score calculations to 
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calculate a vulnerability proxy. The z-score indicates how many standard deviations a value is 

from the mean of the dataset, making it useful when comparing values in a geographic area and 

in the context of the broader AOI. The z-score also allowed for a standardized dataset. After 

identifying the AOI, the variables were associated to the appropriate scale. To do this each 

attribute was geographically transformed to the 5-digit county Federal Information Processing 

Standard (FIPS) geography, after which the z-score for each variable, in each county of the AOI 

was calculated.  

 Datasets pulled from Esri’s Living Atlas database were enriched using the variables of 

interest, including age, transportation access, education, insurance coverage, and the SVI. The 

enrichment tool uses a methodology called data apportionment to calculate an aggregate value 

for a geospatial AOI. Using the US Census Block geography, a weighted centroid is used to 

determine where each variable has the strongest influence (Esri, n.d.a). The independent 

variables used to calculate the vulnerability proxy all have been associated to increase the risk of 

hepatitis infection or negative health outcomes. By calculating a z-score, the standard deviations 

from the mean value for each variable was determined, and by putting them on a common scale, 

the composite vulnerability score was calculated for each county in the AOI, indicating the 

overall deviations from a mean. The higher the final z-score, the more vulnerable a county was 

determined to be. In some cases, the z-score was inversed in order to follow this rule. For 

example, income was inversely transformed as lower income is associated with poorer health 

outcomes (Tordrup et al., 2019).  A Spatial Autocorrelation inferential statistic (Global Moran’s 

Index (I)), which uses both spatial and value features, was applied to evaluate whether the model 

was statistically significant (Esri, n.d.c).  All indicators were treated as continuous numerical 

variables.  
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Descriptive statistics, including median, mean, standard deviations and geospatial 

indicators were calculated. The summary of variable significance are the geospatial indicators 

used for these models:  these results provide information on the proportion of times the variable 

was significant as well as information on the variable’s stability. According to Esri, “strong 

predictor will be consistently significant (% Significant) and the relationship will be stable 

(primarily % Negative or % Positive)” (Esri, n.d.d). Percent significance indicates the percentage 

of time the variable is statistically significant and not just a random occurrence. Percent stability 

indicates how often the variable had a positive or negative relationship.  

 The results of this geo-statistical analysis are represented in a choropleth map. A choropleth 

map associates a range in values with a range in colors. The maps in this analysis associate 

higher values with darker colors to signify higher vulnerability. The non-significant thematic 

maps used a Natural Breaks (Jenks) symbology classification which breaks the results into 

groups that maximized the difference between classes (Esri, n.d.b), this method is often used in 

thematic maps but requires the viewer to note  the range of resultant values. The Standard 

Deviation data classification is used in the significance models. This data classification breaks 

the data into equal value ranges based on their proportion to the standard-deviation, making 

multiple maps and datasets comparable to one another (Esri, n.d.b). 

 The Global Moran’s I Exploratory Regression analysis was performed to provide models with 

statistically significant results to better understand and visualize the influence of specific 

variables on the vulnerability of an area. Once those three models were identified, a base score 

was calculated using the variables most associated with hepatitis B and C infection seen in the 

general population. These include age, prenatal care, opioid deaths, and hepatitis rates. In 

addition to these statistically significant models, four maps and the final analysis, which 
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combined all variables, were produced. The four additional thematic maps were produced using 

the base variables as well as age, insurance coverage, social vulnerability and education.  

 

RESULTS  

 

Variables  

 The mean number of HCV and HBV cases in the area of interest was 128 cases per state, with 

the standard deviation of ± 82.13 (Table 2). Looking at the summary of variable significance 

provides more information on how consistent a variable relationship is compared to the models. 

According to the Global Moran’s I Significance level, our proxy for hepatitis infection (which 

includes acute HBV and acute probable and confirmed HCV infection) was significant in the 

model 100% of the time and is a stable variable (percent positive =100%). Similarly, opioid 

overdose deaths in 2018 was also a significant variable (percent significance = 100%) with 

slightly less stability (percent positive = 76.49). Our AOI saw on average 17.65 ± 8.87 per 

100,000 prescription opioid-related deaths in 2018. 

 The percentage of pregnant female population not receiving prenatal care during pregnancy 

was another variable that was found to be significant in the model. According to Global Moran’s 

I, this variable significance was 66.37% and was a positively stable variable 62.39%. In our area 

of interest, the average percentage of females not receiving prenatal care during their pregnancy 

was 1.37 percent with a standard deviation of ± 0.23 percent.  

 Heroin-associated overdose deaths and opioid dispensing rates were not significant a majority 

of the time (percent significant 36.36 and 30.48 respectively) but were found to be positively 

stable in the AOI (89.13 and 54.01 respectively). Similarly, female education status, 

transportation status and health insurance status were not significant variables a majority of the 
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time but were relatively stable (Table 2). Age and SVI were neither significant nor very stable 

variables when considered on their own.  

 

Table 2. Descriptive statistics and geospatial descriptors of model variables.  

Variable Mean Median St Dev Global 

Moran % 

Significant 

Global 

Moran 

% 

Negative 

Global 

Moran 

% 

Positive 

Hepatitis B and C rates 

(per 100,000 population) 

 

128 127 82.13 100.00 0.00 100.00 

Prescription opioid 

overdose morbidity (drug 

overdose deaths per 

100,000 population) 

 

17.65 15.88 8.87 100.00 23.51 76.49 

Receiving perinatal care 

(percent of women with 

no care) 

 

1.37 1.5 0.23 66.37 37.61 62.39 

Patients per SAMHSA 

provider 

4760.59 3950.35 1793.33 44.03 12.83 87.17 

Heroin overdose 

morbidity ((drug overdose 

deaths per 100,000  

population) 

 

7.67 6.7 2.9 36.36 10.87 89.13 

Opioid dispensing rates 

(per 100,00 population) 

 

60.54 56.0 32.32 30.48 45.99 54.01 

Female population 

education status (# 

females per county) 

 

235 90 626.4 33.87 74.51 25.49 
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Variable Mean Median St Dev Global 

Moran % 

Significant 

Global 

Moran 

% 

Negative 

Global 

Moran 

% 

Positive 

Age 

 

39.84 38.2 12.8 20.14 43.14 56.86 

Social Vulnerability Index 

(SVI) 

 

1 1 .245 19.79 42.42 57.58 

Personal  

transportation status (# 

households per county) 

 

1873 738 5052.84 7.49 27.45 72.55 

Health insurance status 

(# households per county) 

711.82 283 1556.7 6.42 

 

27.99 

 

72.01 

 

Regression 

 When looking at the model diagnostics within this exploratory regression, there are three 

models that show the best fit and were found to produce a cluster of vulnerability that was not 

simply due to random chance (Table 3). Model 1 provided an overall assessment of the factors 

that were strongly associated with perinatal HBV and HCV infections, whereas Model 2 isolated 

the effects of transportation access, and Model 3 focused on the effects of opioid dispensing 

rates. In the paragraphs below, the model components are listed together with the model’s p-

value and z-score, and in the subsequent section (Geographic Vulnerability Maps) I expand on 

the interpretation of each model with reference to its corresponding map. 

    The first model included age, prenatal care, opioid deaths, hepatitis rates, transportation 

status, opioid dispensing rates, SVI, health insurance, substance use provider access 

(SAMHSA), heroin deaths, education, and age with a p-value ≤ 0.01. This model analyzed the 

fit of z-score vulnerability calculations to the total resulting vulnerability of each county in the 
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AOI. The model created significant results when looking at the z-scores for each of the variables 

and combining them to create the composite vulnerability score for each county. The Global 

Moran’s Index p-value ≤ 0.01. The overall resulting z-score for this model was 6.48, signifying 

that there was less than 1% likelihood that the clustering seen in the vulnerabilities at the county-

level were a result of random chance.  

    The second model includes, age, receiving prenatal care, opioid deaths, and hepatitis 

rates, as well as transportation access. The Global Moran’s I, p-value ≤ 0.01, with a z-score of 

7.84.  

    The third model included age, receiving to prenatal care, opioid deaths, hepatitis rates 

and opioid dispensing rates (p ≤ 0.01; z = 15.68). All of these models produced Moran’s Index 

values that were found to be significantly over -1, indicating a positive spatial autocorrelation. 

 

Table 3. Model diagnostic and explanatory variable summary for cluster of vulnerability.  

Model 

and Map 

Variable Moran’s 

Index 

Value 

z-score Global 

Moran’s I 

p-value 

R2 

Model 1 

Appendix 

A1 

age, prenatal care, opioid deaths, hepatitis 

rates, transportation status, opioid 

dispensing rates, SVI, health insurance, 

Substance use provider, heroin deaths, 

education, age 

.171 6.48 ≤ .01 .99 

Model 2 

Appendix 

A2 

age, prenatal care, opioid deaths, hepatitis 

rates, transportation status 

 

.209 7.84 ≤ .01 .99 

Model 3 

Appendix 

A3 

Age, prenatal care, opioid deaths, hepatitis, 

opioid dispensing rates 

.425 15.68 ≤ .01 .99 
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Geographic Vulnerability Maps 

 When looking at the maps individually we can also look at the results geographically and gain 

a better understanding of which areas were most vulnerable. Model 1, which contained all 

variables in the vulnerability score (Table 2), was found to be a statistically significant model. 

The total combined map for this model (Appendix A1) shows a clear clustering of vulnerability 

in the Appalachian region, along the border of Kentucky, southern Virginia, and southern West 

Virginia. The majority of this area has a total vulnerability 0.5 or 1.5 standard deviations away 

from the mean in the AOI. There is a small cluster of counties in the Appalachian Mountains in 

eastern Kentucky that are 1.5 to 1.75 standard deviations away from the mean vulnerability 

across the AOI. These counties include McCreary, Clay, Owsley, Lee, and Wolfe. Northern and 

eastern Virginia, as well as the suburbs of Nashville and Columbus have the lowest vulnerability 

when combining all variables, at -2.5 standard deviations from the AOI mean.  

 When looking at the transportation thematic model (Model 2, Appendix A2) we see results 

that are slightly more dispersed but still signifying that the clustering is not random and is 

influenced by the variables included in the model. In particular, West Virginia generally sees the 

highest vulnerability accounting for access to a personal vehicle, and in that state, Kanawha 

County, which contains the city of Charleston, has one of the highest vulnerabilities (SD = 0.5 to 

1.5). Similarly, Cabell and Logan counties are also within this range away from the average 

vulnerability. In each state, the major city areas see a higher vulnerability when taking 

transportation status into consideration. This includes the areas around Nashville, Knoxville, and 

Memphis in Tennessee, Louisville, Kentucky, Dayton, Columbus, Cincinnati, and Akron Ohio 

all with standard deviations of 0.5 to 1.5 away from the average vulnerability to perinatal, 
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opioid-associated HBV and HCV infection. Interestingly, this trend is not seen as strongly in 

Virginia.  

 The opioid dispensing rate model (Model 3, Appendix A3) shows geographic clustering of 

vulnerability to perinatal, opioid-associated HBV and HCV to be very similar to the distribution 

of vulnerability seen in the transportation access model. The highest vulnerability is seen around 

the major cities listed in the transportation model. The largest difference is the decrease in 

vulnerability seen in the Commonwealth of Virginia. When accounting for opioid distribution, 

rather than transportation status, the vulnerability of areas around Lynchburg and Richmond 

decline.  

 Four more thematic maps were created (Table 4) to see the geospatial distribution of 

vulnerability when taking certain variables into consideration in the model. While these maps 

were not significant using the Global Moran’s Index, they still show patterns related to 

geographic distribution.  

 When combining the age theme into the model with opioid deaths, hepatitis rates, substance 

use provider, and heroin deaths, the geographic dispersion of vulnerability is generally highest 

around urban areas (Appendix A4). The insurance-themed model (Appendix A5) shows West 

Virginia with the highest vulnerability overall at the state-level and areas around urban centers 

with the highest standard deviation from the mean of +1.5 to +1.75.  

 The model themed with education status which combines education status, opioid deaths, 

hepatitis rates, substance use provider, and heroin deaths (Appendix A6) shows a general 

decrease in vulnerability and variability across the states, with fewer counties being in the range 

of +1.5 to +1.75 standard deviations from the mean. Finally, the model themed with Social 

Vulnerability which includes SVI, opioid deaths, hepatitis rates, substance use provider, and 
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heroin deaths (Appendix A7) shows a general increase in homogeneity involving vulnerability 

across the 5 state AOI. Some city areas have the highest standard deviation of +1.5 to +1.75 but 

not all urban areas show this hotspot in risk.  

 

Table 4. Description of the final map themes.  

Map Theme Datasets used Statistically 

Significant 

Appendix Citation 

All variables 

(Total) 

age, prenatal care, opioid deaths, hepatitis 

rates, vehicle status, opioid dispensing rates, 

SVI, health insurance, Substance use 

provider, heroin deaths, education, age 

 

Yes Appendix A1 

Transportation age, prenatal care, opioid deaths, hepatitis 

rates, transportation status 

 

Yes Appendix A2 

Opioid 

Dispensing 

Age, prenatal care, opioid deaths, hepatitis, 

opioid dispensing rates 

 

Yes Appendix A3 

Age Age, opioid deaths, hepatitis rates status, 

Substance use provider and heroin deaths 

 

No Appendix A4 

Insurance Insurance status, opioid deaths, hepatitis 

rates status, Substance use provider and 

heroin deaths 

 

No Appendix A5 

Education Education status, with opioid deaths, 

hepatitis rates status, substance-use provider, 

and heroin deaths 

 

No Appendix A6 

SVI SVI, opioid deaths, hepatitis rates status, 

substance-use provider, and heroin deaths 

No Appendix A7 
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DISCUSSION  

 

 

Key Findings  

 The results of this exploratory modeling show that geospatial modeling can be a helpful tool 

when understanding which geographic areas face the most vulnerability to certain health 

outcomes of diseases. This model created a proxy for perinatal opioid-associated hepatitis B and 

C infection as there are currently no measures keeping track of this growing health issue. A 

vulnerability index was created using the distribution of attribute values. By looking at the 

geographic dispersion of certain risk-factors a z-score deviation from the mean in the AOI was 

formed. This z-score was used in modeling the overall vulnerability of perinatal HBV and HCV 

infection to identify which counties in the Appalachian region are most at risk for this type of 

infection.  

 The results of an exploratory regression analysis and the use of Global Moran’s Index helped 

to identify models that best predicted the non-random clustering of vulnerability to this type of 

infection. Three models were found to be non-random and could be explained by their 

underlying variable distribution. The first model took all variables into consideration and created 

an aggregate vulnerability score using the z-scores of each variable. This map shows that five 

counties in eastern Kentucky are most vulnerable to perinatal opioid associated, HBV and HCV 

infection. In general, the mountainous and rural border between Kentucky, West Virginia and 

Virginia also have a high risk of infection being 0.5 to 1.5 standard deviations from the mean. 

This model shows that suburbs and areas outside major cities including Nashville, Washington 

DC, and Columbus are least vulnerable. This may be due to the relative wealth of these areas and 

their access to healthcare. While they may not have access to personal vehicles, these areas are 
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most likely to have public transportation or have medical treatment within walking distance (Cyr, 

Etchin, Guthrie, & Benneyan, 2019; Census, 2018) 

 The second significant model is the transportation model (Appendix A2) which shows a 

general vulnerability in West Virginia, indicating that the state households’ relatively poor 

access to transportation contributes measurably to poor health outcomes and complications from 

HBV/HCV infection. Many urban areas are shown to be at highest vulnerability. In this model, 

this result can be explained by the availability of public transportation and lack of need for a 

personal vehicle. Some urban areas also struggle with providing access to public transportation. 

For example, unlike Washington, DC which has extensive metro and bus access, Akron, Ohio 

does not have a metro. This may help to explain why the suburbs of DC face lower vulnerability 

when taking transportation into consideration compared to large cities in Ohio. Studies have 

found that without adequate transportation options, rural and urban mothers in particular face 

significant barriers regarding child care responsibilities and healthcare access (Sanchez, 2008; 

Syed, Gerber, & Sharp, 2013) 

 The final significant model shows how the opioid prescription dispensing rate plays a role in 

the vulnerability of perinatal, opioid-associated hepatitis B and C infection (Appendix A3). In 

2018, West Virginia, Kentucky, and Tennessee had among the highest opioid dispensing rates at 

the state level with 64.1 to 82.9 prescriptions being written per 100 persons. This is above the US 

average of 51.4 prescriptions per 100 persons (CDC, n.d.e). In the selected AOI, 101 counties 

out of 491 had opioid prescription dispensing rates of 100 or more. A cluster of these counties 

with high rates were found along the Appalachian Mountain range in West Virginia, Kentucky, 

and Tennessee. A recent study found that states with above-median use of the prescription 
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opioid, OxyContin experienced a 222% increase in HCV infection compared to states with a 

lower OxyContin use rate, which saw a 75% increase. This study and others like it show the 

connection between opioid use, potential for abuse and misuse, transition to injectable drug use 

and an increase in infectious hepatitis cases (Powell, Alpert, & Pacula, 2019).  Researchers are 

beginning to better understand the connection between these syndemics and have found that the 

central Appalachian region’s surge in HCV cases seen in young adults is highly linked with 

prescription opioid and heroin use (Zibbell et al., 2015).  

 

Limitations 

 The analysis in this report is subject to limitations. Firstly, a significant limitation is the lack 

of sufficient data at the county, census tract, or census block group level for many of these 

variables, as well as other variables that could have been used to improve the models. In some 

cases where the county level-data was available, geospatial analysis had to be performed to fill in 

missing counties. A Space Time Pattern Mining Analysis was completed if a county was missing 

a value, instead of filling in the value with a null, which may produce a bias, this analysis uses 

the values of neighboring features to estimate the missing value. While this Space Time Pattern 

Mining is a helpful geospatial tool, it cannot provide data as reliably as information directly from 

the source.  Another major limitation in this model is the lack of fine-scale publicly available 

data. For example, much of the data provided by the CDC was given at the state level. This 

meant that this data had to be generalized and extrapolated for each county in the state. This data 

generalization does not allow for fine-detail geospatial patterns to be analyzed. Each state, 

county, and city uses its own methods for acquisition, classification, and distribution of data, 

especially when looking at health variables, and yet consistent geospatial distribution is critical 
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when creating a strong geospatial model. In this analysis, the finest detail of each variable was 

used if possible but, in the future, having access to official state-level public health department 

data may be important in addressing this problem, rather than relying on public data.  

 Another limitation of this research was the lack of information on perinatal hepatitis B and C 

infection cases. There is no reliable data source for any of the five states in this AOI that provide 

information of perinatal hepatitis infection. Therefore general, acute hepatitis B and C infections 

in the general population were used as the only hepatitis data source. Again, the solution to this 

issue may be to work directly with public health departments in each state to receive more 

granular statistics on these cases.  

The results of this type of analysis and modeling can be critical in gaining a better 

understanding of which populations are most at risk for certain diseases. To reduce vulnerability 

in the locations identified, it is up to the public health departments, physicians, and federal 

government to step in and understand the patterns of the opioid epidemic as well as the surge in 

hepatitis B and C cases seen in the Appalachian region. The opioid epidemic has been fueled by 

prescription opioid rates during the past decade (Schnell & Currie, 2018) and this huge epidemic 

seen in the United States is beginning to have an impact on related health outcomes such as 

hepatitis infections. 

 Access to transportation and a combination of socioeconomic variables impact overall 

health and healthcare access in the United States (Dunn, 2010). This has been a long-

acknowledged fact, but without the collaboration of healthcare professionals and researchers, 

certain populations will continue to be most vulnerable to certain health outcomes. Targeted 

interventions need to be put into place to reduce vulnerability in the populations who are most 
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likely to see cases of perinatal opioid-associate hepatitis B and C. For example, in rural areas, 

healthcare systems can incorporate shuttle or bussing systems to their offices or provide families 

with transportation cost coverage to help them get to their appointments.  

Geospatial epidemiology is an underused tool in the epidemiology and healthcare setting, 

yet by understanding how location impacts health variables and outcomes, interventions can 

become less expensive and have a stronger and quicker impact.  

Integrated health care services should be combined to treat both substance-use disorders 

as well as any infections that may be associated with substance-use. Previous studies have found 

that individuals who inject drugs underutilize health services (Perlman & Jordan, 2018), making 

it difficult for these types of outbreaks to be identified, especially early on. 

 The rise of hepatitis cases in the Appalachian region stems from many different factors, which 

is why collaboration needs to be the center of the prevention strategy. This collaboration needs to 

happen in both the delivery of healthcare but also in the acquisition and dissemination of data. 

Healthcare providers need to work with public health and social service providers to build a 

strategy that can reach out to the most vulnerable women. Doctors need to undergo training to 

look for the signs and risk factors of hepatitis, especially in young and pregnant women. They 

also need to understand the connection and impact of the opioid epidemic in this area and 

understand the connection between opioid use disorder and hepatitis infection. In 2016, the West 

Virginia Bureau for Public Health recommended a harm reduction and linkage-to-care program 

for individuals with a hepatitis infection. Similarly, the Tennessee Department of Health 

suggested a strategy for eliminating hepatitis B infections, which would include universal 

vaccination of infants beginning at birth, routine HBV screening of all pregnant women at their 
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first prenatal visit, vaccination of previously unvaccinated children and adults, and vaccination of 

adults at increased risk for infection (Tennessee Department of Health, 2020). These types of 

initiatives paired with laboratory surveillance and the use of geospatial modeling can help public 

health departments mitigate the effects of the opioid epidemic on the most vulnerable 

populations.  

 

Future Studies and Conclusions  

 Future studies can expand on this type of geospatial modeling technique. More precise data 

directly from state or county health departments will help specify areas of vulnerability. An area 

of study that may be beneficial for future study is the effects the COVID-19 pandemic has on 

rates of other infectious diseases. In 2020, the United States saw the fewest hospitalizations from 

the flu in its recorded history (CDC, n.d.a), which may possibly be due to social-distancing 

factors. The US has also seen high rates of substance-use disorder and poor mental health 

outcomes during the pandemic (Czeisler et al., 2020). These factors, as well as the highest rates 

of opioid overdose recorded in a 12 month period (CDC, n.d.c), may lead to a spike in hepatitis 

B and C cases, while simultaneously exacerbating the long-standing undercounting of the 

diseases. Understanding the effects of one major health event like a pandemic has on mental 

health and access to care, especially in underserved and rural areas can be extremely beneficial in 

improving the overall health of areas most at-risk for poor health outcomes.  

 Overall, the results of this modeling study found that there are multiple variables that 

influence the vulnerability and risk of perinatal opioid-associated hepatitis infection. These 

models can provide some guidance on which areas can be focused on to reduce the negative 

consequences associated with the opioid epidemic and its impact on infectious disease. While 
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this type of exploratory research is useful in pointing researchers in the right direction, repeating 

this type of work with up to date and county-specific data will provide the most actionable 

results.  
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APPENDIX: GEOSPATIAL MODELS 

 
Figure A1. All variable map 
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Figure A2. Transportation map 
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Figure A3. Opioid dispensing map 
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Figure A4. Age thematic map 
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Figure A5. Insurance status map 
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Figure A6. Education status map 
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Figure A7. Social Vulnerability Index map 
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