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1. Introduction

In the intricate tapestry of American Indian communities, a silent struggle exists - the
battle against substance use disorder (SUD). American Indians make up about 2.9% of the total
United States population, yet they are disproportionately represented in SUD diagnoses compared
to other racial and ethnic groups. The 2018 National Survey on Drug Use and Health (NSDUH)
reported that 10.1% of American Indians older than 12 years of age had SUD in comparison to
other racial groups which peak at 9.7% for two or more races (2018 NSDUH Detailed Tables |
CBHSQ Data, 2018). The 2021 NSDUH results indicate that American Indian or Alaska Native
populations were more likely to have SUD in the past year compared with all other racial/ethnic
groups, at 27.6% (Section 5 PE Tables — Results from the 2021 National Survey on Drug Use and
Health: Detailed Tables, SAMHSA, CBHSQ, 2021).

American Indian communities have historically struggled with the multifaceted
challenges posed by SUD, yet despite the breadth of current research, there remains a gap in the
literature specifically examining the disparities between rural and urban American Indian
populations. Analysis of the unique dynamics presented by both rural and urban settings is
necessary to further understand differences in the patterns of SUD in American Indian
populations. Minority populations face similar challenges nationally, but additional factors such
as rural or urban distinctions are important to consider in minority populations to determine how
influential different environments are in understanding the development of SUD. This research
seeks to address this gap in understanding the nuances of SUD within American Indian
communities, specifically focused on examining the variations between rural and urban

populations. By exploring and understanding the unique challenges faced by American Indians



in rural versus urban contexts, this study aims to inform targeted interventions, policy decisions,
and community-based initiatives to alleviate the burden of SUD within these communities.

American Indian populations report higher rates of SUD and SUD-related deaths relative
to other U.S. ethnic/racial groups. American Indians and Alaska Natives (AIAN) were reported
to have the highest drug related deaths from 2013-2017 in comparison to other U.S. racial/ethnic
groups (Shiels et al., 2020). Alcohol related deaths were highest among AIAN populations
followed by White populations with a reported 93.1 and 12.9 per 100,000, respectively (Spillane
et al., 2020). Premature death rates are 90% higher for AIAN populations than for all other US
races, with alcohol considered to be the largest contributing factor to increased mortality
(Whitesell et al., 2012).

These and similar statistics establish that American Indian populations are
disproportionately affected by SUD. However, a great deal remains to be understood about how
and why these social and health inequities persist. While more research is necessary to
understand the risk and protective factors associated with substance use in American Indian
populations, one must consider this research in the historical, cultural, biological, and social
context that led to the current understanding of this pattern of disproportionate suffering.

The present study aims to examine the hypothesis that county type, urban or rural, is
associated with the prevalence of reported SUD in minority populations, Black and American
Indian individuals, as compared to the majority population, White individuals. Specifically, it is
hypothesized that minority populations residing in rural, suburban, and urban counties will
exhibit varying rates of SUD, with disparities more pronounced when compared to the majority
population. By exploring the relationship between urban and rural geography, race, and SUD

presence, this study seeks to fill a gap in the literature and elucidate the intersection of



geographical factors and minority status in shaping patterns of SUD, thereby helping to inform
targeted interventions and policy initiatives aimed at reducing racialized health inequities
disproportionately plaguing American Indian populations.

1.1 Historical Trauma

One factor thought to contribute to high incidence of SUD in NA/AI populations is
historical trauma. Historical trauma, a concept that encapsulates the intergenerational cumulative
emotional and psychological effects of historical injustices, has significantly impacted both
American Indian and Black communities. It is an important and powerful way to understand the
effects of colonization and racism for Indigenous peoples around the world. Those who directly
experience trauma might develop post-traumatic stress disorder (PTSD) symptoms, but data has
suggested that the descendants of those who experience trauma may also suffer from similar
symptoms by a process that is understood as “intergenerational trauma” (Danieli, 1998). It is
also understood that SUDs may develop as a coping mechanism to contend with the pain and
prolonged grief of historical trauma responses, including anger, guilt, mourning, and PTSD- like
symptoms (Ebrahimi et al., 2024). From the era of colonization to forced relocations,
assimilation, and cultural suppression, these experiences have created a legacy of long-lasting
consequences in American Indian populations that ultimately contribute to an increase in
substance abuse and the development of SUD. In Black American populations a similar pattern
is seen due to consequences of slavery and cultural erasure via violence and displacement. In
Black populations this pattern remains generally understudied, as historical loss is frequently
connected to present day racism related experiences (Ebrahimi et al., 2024). However, there is a
robust integration of historical trauma in reproductive justice within these communities.

Historical medical experimentation and inadequate healthcare in addition to social determinants



has exacerbated Black women’s complex relationship with healthcare systems leading to present
day poor sexual and reproductive health outcomes (Prather et al., 2018).

The enduring effects of historical trauma have been identified as significant factors
contributing to the heightened susceptibility of both American Indian and Black populations to
substance use disorder. Research demonstrates a strong correlation between experiences of
historical trauma and the increased prevalence of substance use disorder within both of these
communities. In Black populations, historical trauma and contemporary-related racism
experiences among young adults were found to be associated with an increased risk for
polysubstance abuse (Ebrahimi et al., 2024).

For many individuals within American Indian communities, substance use may emerge as
a coping mechanism in response to the ongoing effects of historical trauma and intergenerational
substance use. One study sought to measure the direct impact that thoughts of historical losses
had on one American Indian community. The findings indicated that more than half of the
population thought about historical losses at least occasionally, which was correlated with high
cultural identification, anxiety/affective disorder, and substance dependence (Ehlers et al., 2013).
The same study reported participants with higher historical loss associated symptoms scores had
higher odds of using alcohol within the past 30 days and higher odds of lifetime illicit drug use
(Ehlers et al., 2013). The persistent stressors and intergenerational transmission of trauma can
create an environment where substance use becomes a means of self-medication. In a similar
study, participants were interviewed and indicated that alcohol use and nonmedical use of
prescription drugs were prevalent concerns and emphasized that these interrelated concerns and
symptoms are of larger problems- more specifically due to historical colonialism and racism that

have affected the community for generations (Skewes & Blume, 2019). One participant even



stated that “Oppression is the overarching umbrella for all sickness with drugs and alcohol”
(Skewes & Blume, 2019). This quote demonstrates how the history of racism and oppression in
relation to American Indian communities has led to increased vulnerability and likelihood to
experience SUD.

Evidence suggests that the erosion of cultural practices and loss of identity stemming
from historical trauma may contribute to an overall sense of cultural disconnection within racially
minoritized populations. Such findings inform that notion that addiction and recovery in
American Indian populations is more deeply contingent upon community context than many
other populations (Szlemko et al., 2006). American Indian youth also seem to prioritize
descriptions of family and community context of addiction and recovery in their redemption
narratives (Christensen & Elmeland, 2015). This perspective provides a better understanding of
the importance of community connections and how community disconnect can negatively impact
minority communities. This disconnection can further exacerbate the risk of SUD as individuals
turn to substances amid the struggle for cultural continuity.

In addition to the impacts of historical trauma, multiple studies have shown a high
prevalence of lifetime exposure to traumatic experiences among both populations, for American
Indian populations and Black American populations in all county types. American Indians are
reported to experience a higher rate of traumatic events than the general population (Beals et al.,
2005). Many scholars have sought to understand the impact that traumatic experiences in
childhood have on the development of SUD in American Indian populations. This is frequently
measured through Adverse Childhood Experiences (ACESs), which includes experiencing things

like violence, abuse, or neglect, witnessing violence in the home or community, growing up in a



household with substance use or mental health problems, or instability due to parental separation
or household members being incarcerated (Fast Facts, 2023).

ACEs have been shown to be correlated with development of SUDs for the overall
population which has led some to speculate that the high rates of ACEs in American Indian
populations might help to explain the high rates of SUD. It has since been found that children in
American Indian communities, who are more commonly exposed to multiple ACEs are at
substantially greater risk for substance use disorder (Whitesell et al., 2009). This pattern is also
evident in Black populations as it was found that both Black and American Indian individuals
were more likely to be categorized into groups of high discrimination, high ACEs, and high
trauma (Park et al., 2023). It was then further concluded from this study that those included in
the high ACEs group reported greater risks for alcohol, opioid, stimulant, and other drug
disorders (Park et al., 2023). Thus, demonstrating the direct connections between these two
minority populations, the disproportionate prevalence of ACEs, and the following development
of SUD. While children in these minority communities may be at greater risk of developing
SUD due to the direct or historical impact of trauma, there are other unique factors influencing
substance use disorders.

1.2 Biological Factors

It is necessary to understand that SUDs are the result of multiple influences on everyone,
but when analyzing the disparities in SUD prevalence among different racial groups, one must
consider the complex interactions that result in these disparities. In addition to historical factors,
other factors must be considered upon the analysis of SUD in minority populations such as

genetics and biological factors. The development and progression of SUD to the extent of



diagnosis is complex and reliant upon the interactions between many factors, but both genetics
and additional biological factors have been shown to be contributors to the disorder.

Genetic factors have been shown to play a role in predisposing individuals to SUD.
Heritability estimates across various forms of substance use vary, but quantitative genetic studies
have suggested that heritability estimates for alcohol use disorder range from .50-.64, opioid use
disorder around .50, and cocaine use disorder range from .40-.80 (Deak & Johnson, n.d.).
Although this data shows correlation, twin/ family study results have demonstrated that additive
genetic influences alone are not expected to contribute to SUD, but instead research indicates that
genetically mediated mechanisms are more likely responsible for the regulation of gene
expression in the etiology of substance use disorder (Prom-Wormley et al., 2017). Genetic
influences may not be solely responsible or additive in nature, but studies have revealed genes
associated with SUDs across multiple racial groups. One study identified nineteen independent
single-nucleotide polymorphisms as significant for the general addiction risk factor, and one gene
of significance in dopamine regulation across ancestries (Hatoum et al., 2023). Variations in
genes related to neurotransmitter function, such as those that influence dopamine, can
significantly influence susceptibility to addiction. Dopamine plays a crucial role in the brain’s
reward system, contributing to feelings of pleasure and reinforcement. Variations in genes
encoding dopamine receptors or enzymes involved in dopamine metabolism can influence
dopamine signaling and reward processing, impacting an individual’s susceptibility to addictive
behaviors. It is well established that the root causes of addiction are impairments in the
dopaminergic pathways that regulate brain circuits associated with self-control, conditioning,

stress reactivity, reward sensitivity, and motivation (Blum et al., 2013). Thus, these genetic
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variations and mutations in dopamine regulatory genes are strongly correlated with susceptibility
to substance use disorder.

Genetic susceptibility to SUDs may vary across different populations due to evolutionary
and population-specific genetic factors. Studies on American Indians revealed that there are
currently no risk variant genes specific to American Indian populations, but that most American
Indians lack protective variants that are seen in other populations (Ehlers & Gizer, 2013). In
Black American populations research has also been conducted in hopes of identifying population
specific risk or protective factors that could help explain the prevalence of SUD in these
communities. The findings suggest that within Black youth CRHBP gene variants are potentially
relevant for alcohol misuse in populations disproportionately exposed to stressful life events,
with those with 2 copies of the minor allele showing strong evidence of higher susceptibility
(Goyal et al., 2016). These studies and many more that are ongoing attempt to explain the
increased risk that minority populations face in developing SUD through the analysis of genetic
mutations that produce either risk or protective factors. These genetic studies can be somewhat
problematic because the categories of race are not fundamentally biological so data these studies
be considered with caution.

Epigenetics is the study of changes in gene expression that do not involve alterations to
the DNA sequence but dynamically regulate gene activity in response to environmental cues.
Essentially, the modifications determine how genes are turned on or off in response to the
environment thus affecting cellular function and behavior. In the context of SUD epigenetics
plays a crucial role in mediating the effects of environmental exposures on gene expression.
Experiences of trauma, discrimination, and socio-economic adversity can induce epigenetic

changes that alter the expression of genes involved in stress response, reward processing, and
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addiction pathways. These epigenetic modifications can persist across generations, contributing
to intergenerational transmission of susceptibility to substance use disorder (McQuown & Wood,
2010). In the context of racial minority groups, epigenetics is important to consider given the
complex social determinants these groups face that may put them more at risk. In minority
populations emotional stressors and social adversities likely contribute to changes in epigenetic
patterning which play a role in determining the type of response (positive or negative) that an
individual may have to a substance (Irner et al., 2012). Specific epigenetic modifications have
been linked to minority populations from previous research. For example, OXTR is a gene that is
shown to have increased DNA methylation in response to stress or substance abuse in Black
juveniles (Mancilla et al., 2020). The changes in methylation status were shown to be attributed
to early-life adversity (Mancilla et al., 2020). This example demonstrates the role epigenetics
plays in minority populations, by providing an influential factor to developing substance abuse
that relies on both social determinants, the environment, and genetic factors.

When interpreting genetic and biological research on SUD it is vital to consider the
cultural and contextual factors that contribute to these patterns. Based on the current research,
there are limitations of invoking genetic explanations for the development of population-based
SUDs which are currently understood to develop based on the complex interactions between
genes and the environment, through the study of epigenetics. Findings on causes or correlations
between certain genes or variables and an increased risk of SUD must be contextualized within
broader socio-cultural frameworks to gain a complete understanding of the role each variable
may play in altering the risk of developing SUD. Little to no research reliably establishes that
genetic susceptibility for SUDs are systematically associated with socially constructed racial

categories. Instead, racism and experiences from living in a racially biased society creates
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differences in lived experience and are considered to both be fundamental causal social
determinants of racialized health inequity.

1.3 Social Determinants

SUDs are shaped by a variety of social, economic, and environmental factors. These
other factors are known as the social determinants of health (SDOH) which are non-medical
factors that influence health including “the conditions in which people are born, grow, work, live,
and age, and the wider set of forces and systems shaping the conditions of daily life” (Social
Determinants of Health, 2023). Some examples of these determinants include income, education,
living and working conditions, food insecurity, early childhood development, social status,
political conflict, and access to affordable and high-quality healthcare. The social determinants
of health significantly influence health outcomes and affect all people globally, but
disproportionately negatively affect racially minoritized populations, therefore it is vital to
understand their impact to address health disparities and create more equitable health outcomes.

The social determinants of health influence the risk of SUD in minoritized populations
more than others due to the widespread disparities among these populations. In the context of
this study the social determinants most closely associated with an increased risk for SUD will be
considered, but it is important to note that social determinants of health are an interconnected
web of complexity in which one upstream driver of health can lead to many poor downstream
health outcomes in an individual later on. The social determinants of health provide a framework
to explore correlation between these factors and health outcomes, but do not necessarily prove to
be causal in every individual.

Both American Indian and Black American populations face disproportionately low

socioeconomic status, as a result of racism that perpetuates increased poverty, unemployment,
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and a lack of access to education and economic opportunities. These factors can also result in
food insecurity and housing instability ultimately acting as additional stressors on members of
these populations. Data suggests that in 2006 almost twenty-five percent of Black individuals
residing in the United States were living below the poverty line, as compared to roughly ten
percent of White individuals, with American Indians also demonstrating higher levels of poverty
compared to Whites (Williams et al., 2010). Socioeconomic status has been shown to be both a
risk factor and protective factor in the development of SUD. In racially minoritized populations,
who are more likely to face low socioeconomic status, this acts as a risk factor more frequently,
increasing the associated consequences of SUD in these populations. Deaths from substance
abuse occur more frequently among socioeconomically disadvantaged populations (Blair &
Siddiqi, 2022). This provides further evidence of the toll substance abuse takes on minority
populations based on socioeconomic status.

Low socioeconomic status often leads to an increase in stress and trauma which can act as
additional risk factors to the development of SUD as a way to cope with the associated
challenges. Chronic exposure to such stressors in combination with a maladaptive behavioral
stress responses can influence the development of SUD. Research on stress and health has found
that both Black individuals and those of low socioeconomic status are more exposed to stress
than White individuals and those of high socioeconomic status and these stressors have more of
an adverse effect on the mental health of the socially disadvantaged groups (Kessler, 1979). As
explained by social stress theory, those exposed to more stressors due to their chronicity and
overwhelmed psychosocial coping resources are more vulnerable to maladaptive responses
resulting in a higher risk of substance use disorders (Cunliffe, 2016). These patterns highlight the

differential impact that stress can have on minority populations and create additional
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vulnerability to SUD due to varying levels of preparedness for coping with adversity and
differential ability to recover from stressors.

Limited access to quality healthcare also disproportionately and negatively affects
American Indian and Black communities and contributes to the increased risk for SUD observed
in these populations. Disadvantaged communities, such as those consisting mainly of the
populations of interest, face lower access to care and quality of care because of residential
segregation, a result of the enduring legacy of institutional racism (Williams et al., 2010). Black
and American Indian populations live in disadvantaged social and physical conditions relative to
the majority population. This is likely a result of the enduring legacy of structural and systemic
racism.

Access to care is affected by this through the available health resources in a community as
well as the ability to have health insurance. The Agency for Health Care Research and Quality
has concluded that in 2006 only sixty-two percent of American Indians and eighty-two percent of
Blacks had health insurance compared to Whites which had the highest group health insurance
coverage at eighty-seven percent (2008 National Healthcare Disparities Report, 2009). Without
access to affordable and quality care mental health disorders increase in these communities and
often go untreated, leading to an increase in SUD as it is commonly comorbid with other mental
health disorders as some people turn to substances to cope. Care for addiction demonstrates even
larger gaps in access to treatment. Ninety percent of Black individuals in the United States
diagnosed with a SUD did not receive addiction treatment and after overdose were shown to be
half as likely to obtain treatment compared to White patients (Kilaru et al., 2020) (Survey on

Drug Use and Health: African Americans, 2020).
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Not only is access to health care and preventative resources limited in these communities,
they also suffer from a lack of culturally appropriate treatments and prevention efforts. Black
and American Indian populations demonstrate a need for substance abuse treatments that
incorporate cultural humility as a core feature to be more effective (Gonzalez Castro & Garfinkle,
2003). It is crucial for treatments to consider the context in which substance use develops and in
the case of both Black and American Indian populations there are few treatment models that
consider the complex interactions that lead to increased vulnerability and SUD. Research thus
far on culturally sensitive substance use treatment for racial minority youth has revealed that
these treatment models are associated with significantly larger reductions in post-treatment
substance use levels as compared to standard treatment that is not culturally specific (Steinka-Fry
etal., 2017).

Lastly, social environmental factors born of structural racism such as exposure to
violence, experiencing racial discrimination, neighborhood disadvantage, and early onset of
alcohol use are important to consider in the context of SUD for these populations. The effects of
these factors on minority youth are especially evident as youth exposed to high-risk contexts
including neighborhoods with high criminal activity or unstable housing were more likely to
develop SUDs during late adolescence (Buu et al., 2009). In addition, institutional neglect and
disinvestment in minority communities can contribute to increased exposure to environmental
toxins, poor quality housing and criminal victimization which has been linked to increased
vulnerability to substance abuse (Williams et al., 2010). These factors may contribute to a lack
of social support and community cohesion, especially when one considers the high residential
mobility these communities face, that undermine resilience and coping mechanisms and

ultimately contribute to SUD vulnerability.
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Black and American Indian youth are most affected by these high risk environments.
Demographic marginalization refers to the proportion of individuals with dissimilar backgrounds,
which plays an important role for minority populations in the context of school. Adolescents
experiencing racial marginalization in schools led to decreased school attachment, an increase in
depressive symptoms, and as a result higher levels of alcohol or substance use (Benner & Wang,
2015). Other factors demonstrated to be influential in the development of substance use
disorders are access to alcohol in the home and parent or peer interactions in relation to
substances. Access to alcohol in the home was found to be an added risk factor in Black
populations (Monroe et al., 2023). Additionally, racially minoritized youth were shown to be
more at risk for early substance use, as some adopt a position of defiance against dominant
culture with peers leading to an increase in vulnerability to peer influence use of substances
(Pradhan & Cagande, 2014). These factors contribute to peer pressure and social norms that
normalize substance use, which is most impactful at an early age and has been linked to higher
susceptibility to SUD development later in life. Increased vulnerability to SUD in racially
minoritized populations as a result of the social determinants of health is a large contributor to the
examined patterns of SUD in these populations later in life.

1.4 Understanding Rural vs Urban Substance Use Patterns

Overall, high rates of SUD seen in American Indian and Black American populations can
be attributed to a combination of a lack of biological protective factors combined with
biologically mediated risk factors (externalizing traits, consumption drive, drug sensitivity) that
combine with key social determinants and environmental factors (historical trauma, early age at
onset of use, poverty, ACESs) to produce an elevated risk for the disorder (Ehlers & Gizer, 2013).

Although some factors contributing to increased SUD in Black and American Indian minority
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populations are understood, there remains large gaps in the literature due to both a lack of data
and analysis specifically aimed to understand vulnerabilities in these populations. One such area
with a lack of research, especially in American Indian populations, is the role of geography or
county type, in the development of SUD. Understanding the additional role that rural or urban
environments may play in the development of SUD in minoritized populations is important to

further reduce health disparities.

2. Methodology

2.1 Data Description

To complete this study secondary data analysis was performed using data from Substance
Abuse and Mental Health Services Administration (SAMHSA). SAMHSA is an agency in the
U.S. Department of Health and Human Services responsible for leading public health efforts to
advance behavioral health initiatives nationwide. The agency was established in 1992 to make
substance use and mental disorder information, services, and research more accessible. For this
study survey data was used, more specifically, data from the 2017 and 2018 National Surveys on
Drug Use and Health (NSDUH). The survey produces tables with indicators broken down by a
variety of demographic, geographic, and economic variables. Topics covered include drug,
alcohol, nicotine, and tobacco product use and initiation, as well as substance use disorder
(SUD). It additionally contains substance use risk and protective factors, treatment availability,
and many other variables focused solely on mental illness prevalence and treatment. The survey
reached the total national target sample size of 67,507 responses across a variety of area segments

and states.
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The survey data consists of tables containing comprehensive statistics on those aged 12
and older regarding substance use, mental health, and treatment in the United States. Data from
all 50 states was obtained, including the District of Columbia. The NSDUH tables are based on a
survey conducted annually via face-to-face household interviews. The survey includes residents
of households, people in non-institutional group quarters, and civilians living on military bases.
The survey included a $30 incentive for respondents to participate and was conducted with
computer-assisted interviewing (CAI). This allowed staff to administer questions that allowed
respondents a confidential way to answer the questions, which encourages honest responses
(2018 Methodological Summary and Definitions | CBHSQ Data, 2018).

2.2 Variable Descriptions

The data used included variables from questions designed to measure illicit drug or
alcohol dependence or abuse (SUD). The SUD questions were based on the criteria in the
American Psychiatric Association and the Diagnostic and Statistical Manual for Mental
Disorders, 4th edition (DSM 1V). The specific variable analyzed in this secondary analysis was
“Illicit Drug or Alcohol Dependence or Abuse- Past Year” named as “UDPYILAL”. This
variable was designed as a combination of multiple question answers to produce results most
closely associated with SUD for the purposes of this survey. The two options for this variable in
the data set were “No/ Unknown”, or “Yes”. This variable was created using a combination of
the abuse and dependence variables. Another variable of interest was the race of respondents,
named ‘NEWRACE2” in this survey. This race variable contains 7 levels: non-Hispanic White,
non-Hispanic Black, non-Hispanic Native American, Non-Hispanic Native Hawaiian/ Pacific
Islander, Non-Hispanic Asian, Non-Hispanic more than one race, and Hispanic. The third

variable used in this secondary analysis was one focused on urban and rural classification of
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where the respondents lived. County metro or nonmetro status was determined based on the
2013 Rural/Urban Continuum Codes and split into large metro, small metro, and non-metro
areas. The dataset name for this variable is “COUTYP4”. The response of “1” to this variable
indicates a response from an urban area, “2” indicates suburban responses, and “3” indicates a
response from a rural area. Lastly, data from the “IRSEX” variable was used to account for
gender in the analysis. The response of “1” indicates male and a response of “2” indicates
female.

2.3 Data Cleaning

Due to a lack of non-Hispanic American Indian responses included in the survey data
used, the analysis in this study was further expanded to include non-Hispanic Black responses to
expand the sample size. This allowed the analysis to have more statistical power than previously
was had solely with the American Indian responses from the data set. Black populations were
selected to be included in this analysis instead of other racial groups since they have experienced
different, yet similar factors on a historical, cultural, biological, and social level that are known to
impact substance use disorder prevalence. For this study American Indian and Black populations
were chosen to represent the minority due to similar socio-economic and historical factors that
may lead to increased risk of SUD in this population.

Data access was obtained via online public SAMHSA access and downloaded in a format
to be used in R and then analyzed in RStudio. Packages downloaded and used include: tidyverse,
foreign, readr, skimr, stargazer, and caret. Data cleaning procedures were necessary to perform
the desired analysis. Due to the large number of variables, 2691, the select command was used to
obtain the desired 4 variables “UDPYILAL”, “NEWRACE2”, “COUTYP4”, and “IRSEX” into a

new data set named “data2”. The data was then filtered by NEWRACE?2 for responses of “1”,
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“2”, and “3”. This command filtered responses in the new data set to only include those with the
race response of non-Hispanic White, non-Hispanic Black, and non-Hispanic Native American.
Data2 then contained 40,726 responses, in comparison to the original 56,313 responses from the
original data set. A new variable “gender” was then created from the variable “IRSEX” by
mutating the responses to indicate that a response of “1”” male, would now be coded as a 0 in the
new variable for ease of analysis later in the model. This new variable “gender” then produced
responses of “0” is equal to a male response, and a response of “1” is equal to a female response.
The variables “COUTYP4” and “NEWRACE?2” were then mutated with the command
“as.factor” so the analysis would recognize these variables as categorical and not numerical.

2.4 Statistical Analysis

Several methods were used to statistically analyze the data following the data cleaning,
transformation, and filtering procedures. Bivariate analysis was initially performed using
STATA. First, the responses were formulated into a table separated by race, forming Table A.
Initial responses were also analyzed for presence of SUD by county without taking race into
consideration, forming tables B and C. Analysis of only American Indian responses, shown in
tables D and E, revealed a P value of .2793, indicating the need to further expand the analysis to
other minority populations. Black responses were then included in the analysis to produce tables
F and G, producing more promising P values of .0241 and .0149 respectively. Tables H and |
were then formed with the same analysis, but only included White responses. These initial tables
allow a better understanding of the data prior to further multivariate analysis.

Later, multivariate analysis was performed to further explore the relationship between the
desired variables. First the command “lm” was used to fit a linear regression model to the data.

This function establishes the relationship between one or more predictor variables, and a response
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variable. The linear models thus aim to show the associations between race and county type and
the presence or absence of SUD as characterized by the binary variable “UDPYILAL”.

Three relationship models were initially established to examine the relationships between
the desired variables in the data. The first model “relationships1”, named “model 1” on the
produced table (Table J), shows the relationship between the dependent variable, SUD, and the
independent predictor variables, county type and race. The second model “relationships2”,
named “model 2” in Table J, demonstrates a similar analysis but includes gender as an additional
independent predictor variable to SUD. The third model “relationships3”, named “model 3” in
Table J, is used to determine the additive effects that these variables may have when combined in
the development of SUD. Thus, it includes the interactions between race and county type to
determine the interactions between them and the effects this has on the outcome variable,
substance use disorder, all while controlling for gender. Table J was then formed using the
stargazer package and these linear regression models.

The linear model provides a sufficient view of the current patterns of SUD in relation to
the desired predictor variables, but because the outcome variable is binary the linear regression
model does not provide the best fit because the data is not continuous. Logistic regression is
more commonly used for binary outcome variables and provides a more accurate predictive
model for the desired analysis. Logistic regression models the probability of a binary outcome as
a function of one or more predictor variables. In this case it analyzes the probability of a person
having SUD in relation to a respondents county and racial status. This model allows for a
nonlinear relationship between the predictors and the log offs of the outcome. Logistic

regression is specifically designed for binary outcome variables and provides estimates of the
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probability of the outcome being in one category versus the other, making it more suitable for the
analysis of this data in a predictive model.

To perform the logistic regression predictive model a similar code was run to the linear
models, except designed for logistic regression with the included family = binomial, since the
dependent variable is a binary variable. All three models were run, but for this analysis the third
model analyzing the interactions between race and county type will be the focus. Running this
model provides the coefficients of the variables and their associated P-values, similarly to the
previous linear model. Interpretation of these resulting statistics allows one to determine the
relative effect that the covariates, race, and county type, have on the dependent variable, SUD.

After retrieving the relevant output metrics from this model, the accuracy was shown to
be 90.98%. Although the accuracy is high and seems to be promising, it is high because the
model is learning to predict only 0. So, in the case of this analysis the predictive model is over-
predicting that someone will not have substance abuse automatically because 92.6% of the data is
“0”, indicating no substance abuse, for the target variable. This is known as a class imbalance
because the number of observations belonging to those with substance abuse, as indicated by “1”,
is significantly lower than the number of observations belonging to those without substance
abuse.

To predict the target variable well with this model the metrics that are most important are
precision, recall, and F1. These metrics are determined less on the raw accuracy of the model,
but more so on the proportion of false positives, false negatives, true negatives, and true
positives. Precision indicates of all the predictions made by the model that are 1, how many are
truly one. Recall indicates of all the data that is truly 1 for our target variable, how many did the

model predict to be 1. The F1 statistic provides the harmonic mean of precision and recall. Due
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to class imbalance in the current model, the model is producing a low recall. To address class
imbalance and produce a more accurate predictive model based on these metrics, machine
learning was introduced into the analysis to account for the imbalance in the distribution of the
data set.

To perform machine learning, the package caret was installed which is a powerful tool in
R used for streamlining the process of building and evaluating predictive models. It stands for
“Classification And REgression Training” and provides a tool for training and testing a wide
variety of machine learning algorithms. The caret package offers several methods to address
class imbalance, but in this case the most optimal solution is incorporating cost-sensitive training
into the logistic regression. In this case, this adjustment makes the logistic regression punish
wrong predictions of “0” and “1” differently. This causes the model to predict more “1”
responses without changing the data that we are using.

The first step includes creating costs and normalizing them. A frequency table was
created of “UDPYILAL” in data 2 to count the number of occurrences of each class (0 and 1) in
the data set, this is called “class_counts”. Then, the proportion of each class in the data set was
calculated by dividing the class counts by the total number of observations to create
“class_proportions”. Inverse proportions were then calculated, which essentially flips the
proportional so that the minority class, in this case “1” has a higher weight. The inverse
proportions were then normalized so that the smallest weight is 1. This step ensures that the
weights are on a comparable scale and prevents any single weight from dominating the others.
Lastly, observation weights were assigned based on the normalized weights calculated in the
previous step. It maps the normalized weights to each observation in “UDPYILAL” and assigns

the corresponding weight to each observation. The “as.character” function was used to convert
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the SUD variable “UDPYILAL” to character type to index the normalized weights, or more
specifically allow the model to place significance on the “0” responses as well as the “1”
responses. The weights were stored as numeric values with the function “as.numeric” in the
“observation_weight” value section. Overall, this code calculates observation weights for each
observation in the dataset based on the class proportions, which are then used to adjust the
contribution of each observation to the model during training, with higher weights assigned to
observations from the minority class to account for class imbalance.

After weights were assigned, the logistic regression model was run again as a new “cost
sensitive” model. The summary was then obtained as well as the output of important metrics
mentioned before: precision, recall, and F1. The cost-sensitive training sacrifices model accuracy
but greatly improves the sensitivity and specificity problem due to class imbalance.

2.5 Ethical Considerations

In order to maintain data confidentiality, the NSDUH survey uses disclosure-avoidance
methods to ensure individual respondents cannot be identified from public-use files. To protect
privacy some variables are not available, including more specific geographic variables. The
analysis in the current study uses a geographic variable that is public and allows respondents to
maintain anonymity. The analysis performed in this study aligns with the original informed
consent participants gave upon survey completion. One potential bias introduced by the survey
data may arise from sampling measures. The original survey was not completed by any
institutionalized people or individuals experiencing homelessness and not in a shelter. This could
potentially affect the validity of findings on a small scale but is unlikely to impact the nationwide

analysis performed in this study. For the purposes of our analysis, it is also important to consider
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that American Indian populations alone did not have enough observations to produce statistically

powerful results in STATA but were still used in the R analysis.

3. Results

The results of the performed secondary data analyses provide insight into the potential
impact of residential location, specifically urban, suburban, or rural settings, on the development
of SUD within minority populations. Utilizing various statistical approaches, including linear
regression, logistic regression, and predictive machine learning models, this analysis aimed to
elucidate any additional role played by residential context beyond individual-level factors.

3.1 Bivariate Analysis

Initial bivariate analysis through STATA produced the following tables. Table A depicts
the entire data set broken down into race categories. We can see the largest racial group
represented in the data set is non-Hispanic White, with 32,761 responses accounting for 58.18%
of the data. Non-Hispanic Black individuals were represented by 7,198 responses that account for
12.78% of the data set. American Indian populations responses make up the second smallest

group in the data set with only 767 responses, and accounting for 1.36% of the data.



Table A

Race/ Hispanicity Freq. Percent Cum.

NonHisp White 32,761 58.18 58.18
NonHisp Black/ Afr Am 7,198 12.78 70.96
NonHisp Native Am/ AK Native 767 1.36 72.32
NonHisp Native HI/ Other Pac Isl 293 0.52 72.84
NonHisp Asian 2,670 4.74 77.58
NonHisp more than one race 2,147 3.81 81.40
Hispanic 10,477 18.60 100.00

Total | 56,313 100.00
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Table A shows the racial distribution of NSDUH respondents through frequency, percent of
respondents, and the cumulative total percent among racial groups. This table was completed
using the results from the variable NEWRACE2.

Further Stata analysis produced tables B and C to show the overall presence of SUD by
county when race is not considered. Table B shows both the proportion of people living in each
county type and the proportion of total people from the survey that have SUD. From this table it
IS most important to note the percentage of respondents for each county type. Large metro
represents 55.74% of the data, small metro (suburban) represents 29.89% of the data, and
nonmetro (rural) represents 14.37% of responses. Table C similarly shows county size and SUD
presence independently of race. More specifically, it shows the proportion of respondents within
each county type that have SUD or not. Both tables also show that 92.61% of respondents do not

have SUD, and 7.39% do.



Table B

NSDUH Substance Use Disorder and County Proportions

County Status Substance Use Disorder- Past Year
No Yes Total
Urban 5142 0432 5574
Suburban 2774 .0215 .2989
Rural 1345 .0093 1437
Total 9261 .0739 1

Table B illustrates the proportion of NSDUH survey respondents that have SUD or not, and the
corresponding county type that they live in. P value = 0.0073.

Table C

NSDUH Substance Use Disorder Proportions by County Type

County Status Substance Use Disorder- Past Year
No Yes Total
Urban
.9226 0774 1
Suburban
9281 0719 1
Rural
9355 .0645 1
Total 9261 0739 1
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Table C shows the proportion of survey respondents living in each county type that have SUD or

not. P value =0.0073

Tables D and E performed similar analyses as those in tables B and C, except the

responses used were filtered by race to only include American Indian responses. Table D shows

the overall proportion of American Indian individuals from the survey that live in each county
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type and have SUD or not. Whereas table E shows the proportion of American Indian
individuals within each specific county type that have SUD. The data interestingly shows a
relatively equal county type distribution among American Indian respondents and shows that
10.29% reported having SUD. However, each table's P value is elevated at .2793, indicating the

results could be due to chance due to small sample size relative to the data set.

Table D

American Indian Substance Use Disorder and County Type Proportions

County Status Substance Use Disorder- Past Year
No Yes Total
Urban
.3263 .0456 3719
Suburban
.2958 0247 .3205
Rural
275 .0326 .3076
Total 8971 1029 1

Table D shows the proportion of American Indian NSDUH respondents that have substance use
or not and the corresponding county they live in. P value = 0.2793.



Table E

American Indian Substance Use Disorder by County Type

County Status Substance Use Disorder- Past Year
No Yes Total
Urban
8774 1226 1
Suburban
9229 0771 1
Rural
.8941 .1059 1
Total 8971 1029 1
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Table E shows the proportion of American Indian NSDUH respondents separated by county that
have SUD or not within each county. P value =0.2793.

To perform further analysis the minority group was expanded to include Black

respondents to improve statistical power and decrease the P value. Tables F and G were filtered

to include both American Indian and Black survey responses. Table F shows the overall
proportion of these minority individuals who live in each county type and have SUD. Table G

shows the proportion of these groups that have SUD within each individual county type. The

results show a P value of .0241, indicating that this minority group holds more statistical power

and is likely to be more representative of reality than analysis of only American Indian responses.
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Table F

Minority Substance Use Disorder and County Type Proportions

County Status Substance Use Disorder- Past Year
No Yes Total
Urban 5926 0491 6418
Suburban
.2334 .0157 2491
Rural 1034 0058 1091
Total .9294 .0706 1

Table F depicts the combined minority group of American Indian responses and Black responses.
It shows the proportion of this group that has SUD in the past year and the correlating county

type response. This group was used as the minority group for multivariate comparison. P value =
0.0241.

Table G

Minority Substance Use Disorder by County Type

County Status Substance Use Disorder — Past Year
No Yes Total
Urban
9234 .0766 1
Suburban
9371 .0629 1
Rural
9472 .0528 1
Total 9294 .0706 1

Table G shows the proportion of the combined minority group of American Indian and Black
respondents separated by county type that have SUD or not. P value = 0.0241.

Tables H and | represent the majority group used in analysis, White respondents. Table H
shows that total proportion of White respondents who live in each county type and have SUD.

Table | depicts the proportion of White respondents within each specific county type that have



SUD or not. With a P value of .0149, this group holds significant statistical power and can be

used in further analysis as the majority comparison group.

Table H

White Substance Use Disorder and County Type Proportions

County Status Substance Use Disorder- Past Year
No Yes Total
Urban 4429 0398 4827
Suburban
.306 .0254 .3314
Rural 1737 0122 1859
Total .9226 0774 1

Table H shows the proportion of White NSDUH respondents who have SUD or not, and the

corresponding county type they live in. P value = 0.0149.

Table |

White Substance Use Disorder by County Type

County Status Substance Use Disorder- Past Year
No Yes Total
Urban 9175 0825 1
Suburb
vburban 09233 0767 1
Rural 9344 0656 1
Total .9226 0774 1
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Table | depicts the proportion of White NSDUH respondents separated by county type that have
SUD or not. P value = 0.0149
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The bivariate analysis in tables A-1 allows for a better understanding of the data set and
the variables studied within the target populations. It reveals that among those that took the
survey, those living in urban areas are more likely to have SUD than those who do not. In urban
areas 7.74% of respondents reported having SUD, compared to 7.19% of those living in suburban
areas, and 6.45% of those living rural areas. It also revealed that American Indian respondents
have a higher proportion of those with SUD than those of other racial groups with 10.29%,
compared to 7.74% of White respondents.

3.2 Multivariate Analysis

While it is evident that both county type and race have independent effects on the
development of SUD to determine if the two have additional effects further analysis was
necessary. Multivariate analysis techniques were used to explore the complex interplay of these
studied factors and how they influence the development of SUD within minority populations.
Building upon the initial bivariate analysis of residential location and SUD prevalence, it is then
necessary to delve deeper into the relationships among multiple predictors while controlling for
potential confounding variables. Multivariate analysis was then conducted through both linear
regression and logistic regression models. It offers a powerful framework for simultaneously
examining the effects of various demographic, socioeconomic, and environmental factors on
SUD outcomes. By incorporating multiple predictors into regression models, this study aims to
clarify the unique contributions of each factor to the risk of SUD, while accounting for
intercorrelations among predictors. Through regression analysis and predictive modeling with
machine learning, this study also seeks to identify key determinants of SUD within minority
populations and assess the relative importance of residential location in predicting SUD

prevalence. By leveraging multivariate techniques, the study provides a more nuanced
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understanding of the complex drivers of SUD disparities and informing targeted interventions to
mitigate these disparities across diverse communities.

Running the linear regression models and using the stargazer package, Table J was
produced. When interpreting the linear models in Table J, it is important to consider what the
baseline is that these variables are being compared to. For this table the baseline was established
to be “urban”, “male”, “White”, and “has substance use disorder”. This means that every value
represented on the table represents the percent of the population in that analyzed category, as
represented by the row name, in comparison to a male that is White, lives in an urban area, and

has SUD. This baseline stays consistent throughout the whole table and allows for the three

models to be compared to one another.
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Table J

Effect of County Type on Substance Use Disorder

Dependent variable:

model 1 model 2 model 3
(1 () @)
Suburban -0.009™ -0.009™ -0.009™
(0.003) (0.003) (0.004)
Rural -0.016™ -0.016™ -0.015™
(0.004) (0.004) (0.004)
Gender -0.037™ -0.037™
(0.003) (0.003)
Non-Hispanic Black * Suburban 0.0001
(0.008)
Non-Hispanic American Indian * Suburban -0.023
(0.031)
Non-Hispanic Black * Rural -0.016
(0.012)
Non-Hispanic American Indian * Rural 0.039
(0.030)
Non-Hispanic Black -0.025™ -0.024™ -0.022™
(0.004) (0.004) (0.005)
Non-Hispanic American Indian 0.056™" 0.056™" 0.045"
(0.010) (0.010) (0.026)
Constant 0.101™ 0.120™ 0.119™
(0.002) (0.003) (0.003)
Observations 40,726 40,726 40,726
R2 0.002 0.006 0.007
Adjusted R? 0.002 0.006 0.006
Residual Std. Error 0.286 (df = 40721) 0.286 (df = 40720) 0.286 (df = 40716)
F Statistic 21.210™ (df = 4; 40721)51.357"" (df = 5; 40720)29.602"" (df = 9; 40716)
Note: p<0.1; p<0.05; p<0.01

‘p<0.1; "p<0.05; "*"p<0.01

Table J shows the linear regression models 1, 2, and 3. Each value on the table represents the
proportion of the studied population that has SUD in comparison to a white male living in an
urban area. Model 1 includes the individual variables analyzed, model 2 is similar to model 1 but
controls for gender, and model 3 examines the interactions between these variables.

Each model provides unique insight into the interactions between race, county, and SUD
status. Model 1 shows that compared to a those who are White, male, and living in an urban
area, individuals are significantly less likely to have SUD if they live in suburban or rural areas.

Model 1 also shows that race has a significant individual effect on SUD status, as those who are

Black are 2.5% less likely to report SUD than those who are White, and American Indian
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respondents are 5.6% more likely to report SUD than those who are White. Model 2 expands
Model 1 by controlling gender as a covariate. The model shows that all individual relationships
among race, county status, and gender are all significant in determining SUD status. The isolated
gender variable conveys that if someone identifies as female, they are 3.7% less likely to report
SUD than those who identify as male, regardless of race or county status. Model 3 introduces the
more complex interaction variables this study aims to explore. Model 3 in Table J shows the
interactions between the studied variables. It reveals that there do not appear to be significant
interactions between race and county type on the development of SUD in this linear model.

To further analyze these findings logistic regression models were used to create Table K.
The models in Table K remain the same as those in Table J, with the exception that these were
analyzed in a logistic regression model to determine the relationship between the binary SUD
variable, and the predictor variables of race, county type, and gender. This model is specifically
designed for binary outcome variables, unlike linear regression. The coefficients reported in
Table K are odds ratios that represent the change in the odds of one having SUD based on the

associated change in predictor variable.
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Table K

Effect of County Type on Substance Use Disorder Logistic Models

Dependent variable:
log model 1log model 2log model 3

(1) @ ©)

Suburban -0.111™"  -0.1137  -0.099"
(0.040) (0.040) (0.044)
Rural -0.196"  -0.1947  -0.184""
(0.046) (0.046) (0.050)
Non-Hispanic Black -0.336°"  -0.323"  -0.282""
(0.050) (0.051) (0.065)
Non-Hispanic American Indian 0.553"  0.556" 0.430°
(0.105) (0.105) (0.258)
Gender -0.455"  -0.455"
(0.035) (0.035)
Non-Hispanic Black * Suburban -0.026
(0.114)
Non-Hispanic Black * Rural -0.370"
(0.187)
Non-Hispanic American Indian * Suburban -0.178
(0.322)
Non-Hispanic American Indian * Rural 0.357
(0.295)
Constant 21877 -1.972"  -1.980"
(0.029) (0.032) (0.034)
Observations 40,726 40,726 40,726
Log Likelihood -12,295.150-12,209.660-12,204.590
Akaike Inf. Crit. 24,600.300 24,431.310 24,429.190
Note: p<0.1; p<0.05; p<0.01

'p<0.1; "'p<0.05; ""'p<0.01

Table K demonstrates the results of the logistic regression models. The coefficients reported are
odds ratios that represent the change in the odds of having SUD based on the associated change
in the predictor variable. Other than using a logistic regression analysis instead of linear
regression, models 1, 2, and 3 remain the same.

The results in Table K model 3 show that analysis of the data with a logistic model
reveals that there is a significant interaction between Black individuals living in rural county

types and the development of SUD. With an odds ratio coefficient of -.370, the data indicates

that the odds of a Black individual who is living in a rural area developing SUD decreases by
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37% for every one unit increase in the predictor variable. Since the predictor variables are
binary, this just shows that being Black and living in a rural county means someone is 37% less
likely to have SUD as defined by the survey.

Similarly to Table J, in model 2 when controlling for gender Table K also confirms that those
living in an urban county are more likely to have SUD than those living in suburban or rural
areas. People living in suburban areas are 11.3% less likely to have SUD, and those in rural areas
are 19.4% less likely to have SUD than those living in urban areas. Comparing the individual
race variables, Table K also shows that American Indian individuals are most at risk for SUD
independent of county type as individuals are 55.6% more likely to have SUD than White
individuals. According to model 2, black individuals are 32.3% less likely than White
individuals to have SUD independent of county type. Model 2 also highlights the role gender
plays in the development of SUD as females are 45.5% less likely to have SUD than males

independent of all other variables.
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3.3 Machine Learning Predictive Model

Table L

Effect of Race and County Type on Substance Use Disorder
Predictive Model

Dependent variable:
Machine Learning Model

Suburban -0.103™
(0.019)
Rural -0.188™"
(0.021)
Non-Hispanic Black -0.295"
(0.027)
Non-Hispanic American Indian 0.430™
(0.124)
Gender -0.461™
(0.015)
Non-Hispanic Black * Suburban -0.023
(0.047)
Non-Hispanic Black * Rural -0.355™
(0.072)
Non-Hispanic American Indian * Suburban -0.123
(0.152)
Non-Hispanic American Indian * Rural 0.375"
(0.143)
Constant 0.329™
(0.015)
Observations 40,726
Log Likelihood -50,395.600
Akaike Inf. Crit. 100,811.200
Note: p<0.1; p<0.05; p<0.01

'p<0.1; “"'p<0.05; ""'p<0.01
Table L displays the results of the predictive machine learning model used to account for the
class imbalance problem presented in the data set. The coefficients observed demonstrate that for
every change in predictor variable the odds of having SUD for someone not included in the data
set as compared to an urban White male.
Interpretation of the results of the predictive model in Table L reveals several significant
interactions and results. Firstly, all individual gender, race, and geographic variables show

significant results and continue previously observed patterns from the regression models.

However, it is important to note that as a machine learning model the values have shifted to be
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predictive of the entire population, including those that were not surveyed from all groups. This
accounts for the previously discussed class imbalance problem but sacrifices accuracy slightly to
correct the previous model predictions. In addition to values of statistical significance in Table
K, the predictive model adds another value of significance, American Indian individuals living in
arural area are 37.5% more likely to have SUD compared to an urban White male. This is the
first model to identify significant interactions between American Indian individuals and county
type. Most other values of significance shift slightly from Table K to Table L as the machine
learning model attempts to predict the actual number of individuals within each category who

have SUD.

4. Discussion

4.1 Summary of Findings

The findings of this study strengthen the current understanding of SUD risk factors
among racial minorities through secondary data analysis of a nationally representative sample by
examining associations and interactions between race and county type on the development of
SUD. Analysis of the data strengthens the conclusions of previous research indicating that both
race and county type/geographical location have clear separate effects on the development of
SUD in all populations. Those living in urban areas are more likely than those living in suburban
or rural areas to have some form of SUD, when controlling for other factors such as race and
gender. Additionally, Black individuals are less likely to have SUD than all other studied groups
according to all regression models performed. American Indian populations are more likely to
have SUD compared to other groups according to all performed models and independent of

county type.
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Analysis of the interactions between race and county type on SUD prevalence revealed
patterns of interest that can be used to further inform interventions and prevention tactics. Black
individuals, especially those living in rural areas are significantly less likely to develop SUD than
White individuals. As the only interaction variable analysis with statistically significant results,
this indicates that there appears to be some protective factor acting on Black individuals in rural
populations as compared to White individuals. Although further research is necessary to
completely understand the factors contributing to the decreased prevalence of SUD in this
population, identification of this pattern can inform future studies and policy intervention
methods in other populations, such as American Indian individuals, who exhibit a heightened
risk.

American Indian individuals were identified to be at a significantly higher risk of
developing SUD when controlling for gender and county type, however it is interesting to
consider the factors that lead to the difference in patterns between Black and American Indian
populations. The predictive model reveals that American Indian individuals living in rural areas
are significantly more likely to have SUD while Black individuals living in rural areas were
revealed to be significantly less likely to have SUD. This implies there is a potential protective
factor in Black individuals in these communities yet a potential risk factor in American Indian
individuals in these communities. Although both populations are minority groups, the results
indicate separate and opposite patterns in SUD development in rural areas leading us to conclude
that there are different factors accounting for the results in each population and the two groups
should not be considered together when interpreting general minority SUD patterns. Despite
suburban values not indicating significance for American Indian communities, it is also

interesting to consider that the value is negative in all three tables, meaning one is less likely to
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have SUD, compared to the positive rural value, meaning one is more likely to have SUD. This
indicates further research is necessary to identify what exact risk factor is significantly impacting
American Indian individuals in rural communities specifically, compared to the less at-risk Black
individuals in rural areas and American Indian individuals living in suburban areas. The results
of this analysis can contribute to the development of culturally appropriate and effective SUD
prevention and intervention policies that aim to improve racial and health equity in the United
States.

4.2 Research and Policy Implications

Studying minority populations, such as American Indian and Black individuals and the
role that county type has on the development of SUD has significant implications for policy and
research. Some key implications for policy include informing targeted interventions, improving
health equity and access to care, and increasing cultural sensitivity and community
empowerment. Policies aimed at addressing SUD should consider the unique factors affecting
the specific group in which the policy is targeting to ensure all minority populations are factored
into interventions. This research confirms that American Indian communities in rural areas have
unique needs and challenges that increase their SUD prevalence in comparison to other
populations, and as such should have unique policies in place to address these factors resulting in
increased SUD. Policymakers should also address disparities in access to quality healthcare and
SUD treatment services for minority populations in both rural and urban areas. One factor
resulting in differences in SUD prevalence of these minority groups could be access to quality
care. Improving access to quality care for SUD by implementing population specific policies
informed by further research addressing population specific factors is likely to decrease the rates

of SUD in these populations. Policies informed by research on minority populations should also
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promote cultural sensitivity in healthcare settings to ensure culturally appropriate care is in place.
In addition, these policies should engage community members in the design, implementation, and
evaluation of SUD prevention and treatment when targeting minority populations. Policies that
are informed by population specific research and include community members are most likely to
be effective in empowering minority communities with sustainable policies to address SUD

prevalence.

4.3 Limitations

Although statistical analysis revealed significant results, it is important to consider ways
in which this study was limited and could be further improved. In conducting secondary data
analysis, it is crucial to acknowledge and address the inherent limitations and challenges
associated with utilizing existing datasets originally collected for different purposes. The survey
design introduced limitations that must be considered. Some individuals were excluded from
surveying including those who experience homelessness and are not in shelters, active military,
and residents of institutional group quarters including prisons, nursing homes, mental institutions,
and long-term care hospitals. This could have contributed to data not representative of entire
racial groups, especially minorities.

Initially this study aimed to only compare SUD patterns and geographical location within
American Indian populations, however there was not enough data available. Despite using the
largest data source for SUD within the United States, with over 56,000 respondents, the data pool
still did not contain enough American Indian respondents to make significant conclusions in the
desired analysis. American Indian individuals make up 2.9% of the U.S. population yet only

1.4% of the data, and Black individuals account for 13.6% of the U.S. population yet only 12.8%
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of the data. While both groups contain lower percentages of the data set than their respective
percentage of the U.S. population, American Indian individuals are disproportionately
represented and make up less than half of what they should in the data set for the data to be
considered nationally representative. Because of this the analysis had to be further expanded.
This limitation alone identifies a crucial need for increased American Indian representation in
data collection for SUD, especially in a population so significantly affected by the consequences
of SUD. It also highlights the lasting structural racism in the United States that the data to
address this problem in this population does not exist. There is a severe lack of representation
and understanding of these patterns in American Indian populations in the literature.

Another limitation is that this study allows for the conclusion that different factors affect
SUD patterns in Black and American Indian populations but does not identify what these factors
are or how they may differ between subgroups of these minorities since only SUD prevalence
was studied between groups. Additionally, when studying American Indians, it is important to
consider differences between subgroups such as different tribal affiliations. Not all members of a
racial group will experience the same factors nationally, so when studying SUD within minority
populations one must also consider that diversity exists within population experiences. The data
used for the study did not contain this information and thus trends cannot be identified between
minority subgroups. Using White individuals as a comparison group for minority populations
introduces additional limitations such as the assumption of homogeneity within this population
and neglecting intersectional identities. However, White individuals were used as the
comparison group for this study because, making up 58.2% of the available data, this group

allows for the most powerful statistical analysis to be performed.
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4.4 Further Directions

Further research is needed to explore the intersectionality of race, county type, and other socio-
economic factors in shaping SUD risk and outcomes among minority populations. This study
identified that there are significant interactions between race and county type in the development
of SUD, but more research is needed to understand exactly what factors account for the
differences between American Indian individuals and Black individuals. Additional sampling
and the collection of both qualitative and quantitative data among minority populations with
SUD would be most helpful in identifying the factors responsible for these patterns. Once data is
gathered, American Indian and Black populations should be compared to fully understand the
different factors that account for the different results in SUD prevalence between county types.
Pursuing additional research in these areas is vital to provide insights into the underlying
mechanisms driving disparities in SUD among minority populations.

Future studies should focus on increased sampling efforts for American Indian
populations to gain a better understanding of the additional risk and protective factors that they
may face. Upon search of current available literature, there is a severe lack of representation for
this group when analyzing geographic factors and various SUDs. More data from this population
IS necessary to make statistically significant claims about the actual factors that may be most
closely associated with SUD development. The literature also revealed a lack of data comparing
American Indian individuals living off a reservation as compared to those who do live on a
reservation. Initially this study aimed to study the role of county type only in American Indian
populations by comparing data from rural and urban American Indian populations to understand
how living on a reservation or in a more rural population might impact substance use patterns in

these populations, however the existing data was not sufficient to perform these analyses. In
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order to complete the analysis Black populations have been included to add more statistical
power to the analysis in an attempt to explain the additional role that one's community size may
play in developing SUD on minority populations in general. Data from this analysis would help
in informing policies and interventions that address systemic inequities, promote economic
opportunity, expand access to healthcare and social services, and address the root causes of social
disadvantages. Gathering additional data to understand how county type and race may play a
role in SUD prevalence is important for future studies should consider, in addition to comparing
differences among tribal affiliations.

Longitudinal studies among these populations would provide additional insight into the
trajectories of SUD development and identify early-life and environmental risk factors specific to
minority populations. Long-term data for these populations could capture the dynamic nature of
SUD development and provide evidence-based strategies for early intervention and prevention.
The effectiveness of culturally informed interventions and treatment approaches among
American Indians and Black individuals in a variety of county types should be evaluated.
Rigorous evaluation of culturally adapted interventions can contribute to the evidence base for

best practices in SUD treatment for minority populations.

5. Conclusion

In this secondary data analysis exploring the development of SUD among American
Indian and Black populations in relation to county type, several important findings and insights
have emerged. The findings further strengthen the literature on the independent effects of race,
geographic location (county type), and gender on the development of SUD. The findings also

identify significant interactions between race and county type when predicting SUD
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development, specifically a protective factor for Black individuals living in rural areas, and a risk
factor for American Indian individuals living in rural areas. The intersection of race and county
type reveals complex interactions and cumulative effects on SUD risk and prevalence,
emphasizing the need for a nuanced and intersectional approach to understanding disparities in
each individual minority community.

Addressing the identified disparities requires further research to identify the specific
factors accounting for the differences observed in SUD prevalence by population. This also
requires targeted policies and interventions tailored to the unique needs and challenges by
American Indian and Black populations in all county types and geographical settings. Promoting
health equity and access to culturally competent care is essential to reducing SUD disparities and
improving overall well-being among minority populations. Using this data to improve
community engagement in the design and implementation of interventions can increase
community empowerment and improve health outcomes for minorities with SUD.

In conclusion, this secondary data analysis highlights the complex and multifaceted
nature of SUD disparities among American Indian and Black populations, and their interactions
with various county types. By identifying the presence of risk and protective factors,
understanding the unique challenges each group may face, and recognizing the importance of
cultural and contextual factors, we can inform policies, interventions, and research initiatives
aimed at reducing SUD disparities and promoting health equity. Continued efforts to address the
underlying social, economic, and structural determinants of health are essential to creating more

inclusive and equitable environments for all individuals, regardless of race or county type.
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