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Abstract. The inappropriate use of illegal and prescription drugs is an
ongoing public health crisis across the United States and beyond. The
demand for treatment services quickly outstrips the available supply,
limiting access to care. Thus, a data-driven approach to assessing where
new treatment facilities are to be built is an essential way to ensure new
investments are strategically and optimally located. In this exploratory
research, we report the findings of using 24 different public data sets
to create three index variables used within a spatio-temporal modeling
approach to predict what urban, suburban, and rural counties would
most benefit from new substance use disorder treatments across the state
of Indiana in the United States. Finally, we discuss the importance and
potential limitations of taking this type of approach to develop policies
that address complex societal issues.
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1 Introduction

Substance use disorder (SUD) includes the continuous use of drugs and alco-
hol despite negative consequences. Criteria for diagnosing include the inability
to stop even though you want to, neglecting responsibilities and using more of
the substance than intended or using it for longer than you are meant to [11].
Approximately one in 12 adults in the U.S. has experienced a SUD in the last
year, struggling with illicit drugs, alcohol, or both [12]. Indiana has the 10th
worst drug problem in the nation [13] and the 14th worst overdose death rate
[18]. In addition to this human tragedy, this epidemic imposes a significant bur-
den on the healthcare system—approximately $11.3 billion annually in hospital
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care for overdose clients. Healthcare systems struggle to deliver care to peo-
ple needing substance use treatment with only 17% of individuals with SUD
receiving any treatment in 2018 [14]. Those with SUD are at greater risk for
long-term medical issues [15], and the relapse rate of 40-60% means that many
cases are chronic, which positions SUD alongside other chronic illnesses [16].
Engaging clients in treatment, especially early, is critical to long-term recov-
ery. SUDs are often multifactorial; hence, client-centered care, including shared
decision-making and strong therapeutic alliance with healthcare providers, is a
key strategy for effective treatment and whole-person, 360-degree care [17].

It is estimated that over 3.8 million Americans aged 12 and older receive
treatment each year, representing only 8.4% of those in need [9]. Access to treat-
ment is a major barrier to fighting this increasing epidemic. Financial/costs,
stigma, geographic location, and co-occurring disorder treatment are some of
the most common [10]. Geographic access is considered one of the key barriers
[8]. Most treatment centers are located in urban/population settings, creating
even more disparity for those in rural areas [36]. Current approaches to data-
driven decisions on where to invest recovery resources use various data indicators
for their assessments [37], but often lack the nuance and complexity of taking
into consideration various aspects of community decay. For the purpose of this
paper, we are defining community decay as a broad category of deterioration in
the foundation of a specific county or region of a state. While in the strictest
terms community decay refers to the break down of physical structures to a point
where it is a threat to the health of a community, we look more broadly at the
breakdown of social infrastructure as well.

Connected to the geographic location of treatment centers are the types of
treatments offered at centers. The use of medication assisted treatment (MAT)
has become the standard in long-term treatment [7] as it has been shown to
reduce overall mortality and healthcare utilization [3-5]. However, it is estimated
that only 41% of facilities offer one form of MAT (methadone, buprenorphine,
and naltrexone) and only 3% offer all forms [2]. Geographical proximity is impor-
tant as it has been found that the presence of a treatment facility is connected
with decreased county-level overdose fatalities [6]. The level of care is also a
further differentiation of treatment centers. Treatment facilities are broken into
three levels of intensity: high, moderate, and low intensity [1].

To better understand the potential needs across different regions and counties
in our state that are related to quickly evolving on-the-ground trends, we devised
an exploratory analysis of various categories of social and community decay in
an effort to better predict where new SUD treatment should be placed around
the region to better support those in need of treatment using a spatio-temporal
approach. This research makes the following contributions: connect various levels
of community, social, and infrastructure decay to levels of substance use disorder
in a given a specific geographic location and provide outputs of spatio-temporal
predictive modeling of recommendations for a specific geographic region.
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2 Related Work

There are many facets to the nature of a community in decline and/or collapse.
Traditional markers include increased poverty rates [19], decreases in gradua-
tion rates [20], and increased overdose and incarceration rates [21]. Historically,
various urban studies initiatives have looked at combining spatial economic and
social differences to measure urban decline [22], however with the help of compu-
tational modeling approaches, these approaches can be expanded across larger
regions that represent various levels of population density. Other popular the-
ories of social decline include the reduction of in-person, social interactions.
In Putnam’s seminal work, he charts how declines in inter-personal commu-
nity engagement maps to the rise in personal technologies as one of the factors
including other aspects related to modernization [23].

There are also more unique, non-traditional ways to measure social and com-
munity decline. The Dollar Store has become a focus of interest of late related
to measure of poverty and the role the store plays in trying to combat issues like
food deserts [25], access to vaccines [26], and tobacco sales [24] to name a few.
By creating index variables of multiple factors, it allows us to manipulate and
align data, assigning weights or understanding to classes of phenomenon.

Substance use disorder has a rippling and compounding impact on individu-
als, families and communities [27]. There are many ways to measure the impacts
of SUD on communities, including the calculations associated with loss of pro-
ductivity [28], loss of life [29], and costs taken on by the healthcare systems and
safety nets within the community [30,31]. Additionally, there are aspects related
to impacts of substance use and abuse like erosion of trust [32], and how it relates
to other social factors related to decay like decreases in high school graduation
rates [33].

One way to computationally analyze the types of measures outlined above is
the use of Latent class analysis (LCA). LCA is a modeling technique based on the
idea that individuals can be divided into subgroups based on an unobservable
construct(s) at a given point in time. Latent transition Analysis (LTA) is an
extension of LCA [34]. The power of LTA is it can be used with longitudinal
data, allowing to take into consideration the dynamic nature of human behavior
[35]. The epidemic of SUD (including opioid use disorder) is continually evolving,
thus methods like these that take nuance and complexity into consideration are
critical.

3 Methods

3.1 Clinical Setting

This research was based in the state of Indiana, located in the Midwestern United
States. The state is a majority rural — 70.65% of all counties are designated as
rural with only 5.4% designated as urban (see Fig.1). The total population is
estimated at 6.8 million (17th most populated in the U.S.) [38]. Indiana is ranked
10th most severe state with respect to drug problems and drug related deaths,
which have been consistently climbing since 2000 (see Fig. 2).
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Fig. 1. Population Designation by County (Urban/Suburban/Rural) [38]
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Fig. 2. Drug Induced Deaths in Indiana: 2000-2016 [18]

3.2 Data Collection

This analysis used publicly available data collected by the State and Federal
governments. This is done for two key purposes - first, data collected by the
government is deemed as a gold standard and is highly reliable and thus valid
data for data-driven experiments. Second, publicly available data will ensure
that the model can work well over a period of time and can be updated as newer
iterations of collected data are updated, further reducing potential for model
shift over time.

Thus, we created three index variables for this experiment: physical commu-
nity decay, social community decay and addiction. The data that will comprise
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the initial index variables are located in the table below. Data collected for all
elements were collected at the county level from 2015-2019 (See Table 1).

Table 1. Overview of data elements within each index variable and the data sources

Index Variable Individual Data Elements Sources
Substance Use (7) Overdose deaths Indiana State Department of
Overdose/Opioid hospitaliza- | Health (ISDH)
tions US Centers for Disease Con-
Opioid prescriptions trol (CDC)
Non-fatal overdoses US Department of Health
Fetal dependency rates and Human Services (DHHS)
Fetal death rates
Proximity to current
treatment
Physical Community Bankruptcy (Business) US Bureau of Labor and
Decay (7) Density of low-price shopping | Statistics (BLS)
Housing vacancy rates US Department of Justice
Job opportunities (DOJ)
Labor turnover US Federal Financing and
Housing Price Index (HPI) Housing Agency (FHA)
Foreclosure rates STATS Indiana
Social Community Bankruptcy (personal) US Bureau of Labor and
Decay (10) Poverty level Statistics (BLS)
Incarceration rates US Department of Justice
School drop out rates (DOJ)
High school graduation rates | US Department of Education
Unemployment rates (DOE)
Divorce rates Indiana Department of Child
Child protective service place- | Services (IDCS)
ment STATS Indiana
Free/reduced lunch rates ERS
TANF (food stamps) rates

3.3 Data Analysis

The analysis was conducted using a local, linear spatial regression model with
multinomial outcomes for each county. Specifically, we assumed a stationary,
(d+1) dimensional spatial process with a geodesic metric observed over a rect-
angular domain adapted from Hallin et al. 2004. We trained the resultant ker-
nel estimator on a re-sampled training set using a standard SMOTE algorithm
(n=1000) using a 80-20 split. Further we used a 10-fold cross-validation to val-
idate our results.

4 Results

Data from all 92 counties across the time period were collected and run through
model. The outcomes of the model are presented here for the top three in each
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category of urban, rural and suburban locations. On an average, we achieved
78% accuracy with a 82% precision rate. The social and SUD related variables
had more of an impact on predictions when compared to the community /physical
variables (see Table 2). The demographics of the counties are the most influential
as they correlate with levels of SUD recovery support in the model. Rural coun-
ties were more influenced by indicators of SUD, suburban counties were more
influenced by the social decay factors and urban counties were consistently more
influenced by physical decay factors.

Table 2. Outcomes of predictive model on where new SUD treatment facilities
are needed based on county-level data. SD=Social Decay; PD=Physical Decay;
SU=Substance Use

Type of County Influential Indicators Model Accuracy Rate
Region
Urban 1. Marion - Homeownership rate (PD) 7%
2. Allen - Incarceration rate (SD)
3. Vanderburgh - Child welfare referral rate (SD)
Suburban 1. LaPorte - Unemployment rate (SD) 79%
2. Hancock - HS graduation rate (SD)
3. Johnson - School dropout rate (SD)
Rural 1. Crawford - Opioid prescription rate (SU) 73%
2. Putnam - Overdose deaths (SU)
3. Fayette - Unemployment rate (SD)

Additionally, two of the suburban counties are part of the greater Indianapo-
lis (Marion County) region, the largest population center in the state. As high-
lighted on Fig. 3, half of the six non-urban counties have no SUD treatment
facilities as of 2021, thus bolstering the outcomes of the model. Crawford and
Fayette Counties are the only regions not located within a 60-minute drive of an
urban population center. Interestingly, there was one urban county in the state
that did not predict a high need — Lake County — which the model output showed
there was a moderate need for new SUD treatment facility development. Within
the Suburban category, Warrack was the only county that predicted having a
low need for new facilities.

5 Discussion and Limitations

Complex societal issues are at the heart of many public policies, thus having
a data-driven approach to address them is advantageous. The predictive model
built for this analysis shows how different facets of SUD coupled with indices
of decay impact are connected with population density. By understanding the
impacts different indices have on need, potential biases are removed from the
policy and decision making process [39]. Additionally, by taking into consider-
ation many different types of data in the analysis, we also hedged against the



Spatio-Temporal Predictive Modeling 435

Fig. 3. Map of SUD treatment facilities in Indiana with suburban and rural outcomes
of the predictive model

potential to have bias within the model outcomes because of a lack of data [40].
Making the output from the predictive model even more robust, accessible and
actionable is essential. The differences in how local, state, and federal govern-
ments report various statistics is often highly variable, requiring immense levels
of post-production of the data.

SUD is a rapidly evolving and ever-changing crisis. Street drugs and their
complications can quickly evolve, leaving some medical complications under-
recognized [41]. This coupled with the rise in prescription drug misuse [42] can
leave communities scrambling as to how to get their hands around this public
health issue. Utilizing computational approaches — like the one used in this anal-
ysis — on a regular, cyclical basis could provide decision makers with actionable
data to inform near-term investments. Ensuring that action is taken to miti-
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gate biases and ongoing measurements to catch potential issues as they arise are
essential for the ethical integration of computing into the policy making process.

There are several limitations related to this exploratory analysis. First, com-
putationally there are potentially biases of low populations within the model
optimizations. More data and analyses would be needed to know the extent of
the impact this has on the model. Additionally, we only used a 5 year time inter-
val for this analysis. Looking at data and investments in treatment over a longer
time horizon (e.g., 20 to 30 years) could provide enough window to account for
other confounding impacts. While doing an analysis at a zip code level pro-
vide acceptable geographical boundaries, going even deeper to the zip code level
would provide more nuance and attenuation to the results. However, due to the
varying datasets used, the minimum specificity that could be obtained was to
the county level. We chose to use government websites as they are perceived as
gold-standard data that is more trusted and repeatedly updated than datasets
curated by other special interest groups.

6 Conclusion

Data-driven decisions are critical in resource constrained environments like our
state governments in the United States. Utilizing previous scholarship on the
factors that go into substance use as well as social and community/physical
decline of our local regions can offer unbiased and real-time information for pol-
icy makers, investors, and healthcare systems as to where investment is needed
for expanded SUD treatment services. Future work on how telemedicine, mobile
treatment, and other out-of-the-box treatment modalities can address the gap
in access to care beyond large urban population centers and meet the last-mile
healthcare needs of rural populations struggling to help individuals in their com-
munity enter into recovery.
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