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ABSTRACT

Over the past two decades deaths from opioids and other drugs have grown to be a major
U.S. population health problem, but the magnitude of the crisis varies across the U.S.,
and explanations for widespread geographic variation in the severity of the drug crisis are
limited. An emerging debate is whether geographic differences in drug mortality rates are
driven mostly by opioid supply factors or socioeconomic distress. To explore this topic, I
examined relationships between county-level non-Hispanic white drug mortality rates for
2000-02 and 2014-16 and several socioeconomic and opioid supply measures across the
urban-rural continuum and within different rural labor markets. Net of county
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demographic composition, average non-Hispanic white drug mortality rates are highest
and increased the most in large metro counties. In 2014-16, the most rural counties had
an average of 6.2 fewer deaths per 100,000 population than large metro counties.
Economic distress, family distress, persistent population loss, and opioid supply factors
(exposure to prescription opioids and fentanyl) are all associated with significantly higher
drug mortality rates. However, the magnitude of associations varies across the urban-
rural continuum and across different types of rural labor markets. In rural counties,
economic distress appears to be a stronger predictor than opioid supply measures of drug
mortality rates, but in urban counties, opioid supply factors are more strongly associated
with drug mortality rates than is economic distress. Ultimately, the highest drug mortality
rates are disproportionately concentrated in economically distressed mining and service
sector dependent counties with high exposure to prescription opioids and fentanyl.

JEL Codes: 11, 13, J21, K32, R1.

Keywords: health; mortality; urban-rural continuum; inequality; economic disadvantage;
opioids



Nationwide, mortality rates from drug overdoses and drug-induced diseases increased
200%, from 6.8 to 20.8 deaths per 100,000 population between 1999 and 2016 (CDC, 2017a).
The increase over this period was even more pronounced for non-Hispanic whites (275%) who,
except for American Indians, have the highest drug mortality rate of all major racial/ethnic
groups, as of 2016! (CDC, 2017a).

Over two-thirds of fatal drug overdoses involve opioids — prescription opioids, heroin, and
fentanyl (Hedegaard et al., 2018a). Nationally, the cost of the opioid crisis, including health care,
criminal justice, lost productivity, and value of lives lost is now estimated at $504 billion
annually, representing 2.8% of GDP (White House Council of Economic Advisors, 2017). But
opioids are not the only problem; deaths involving other drugs, such as cocaine,
methamphetamine, and benzodiazepines (prescription anxiety medications) also increased over
the past two decades (CDC, 2017a).

A common media and public health narrative around the contemporary U.S. drug crisis is
that is has become disproportionately rural (Noonan, 2017; Runyon, 2017; van Vlaanderen,
2018), including the extreme claim that rural America is the new ‘inner city’ (Adamy and
Overberg, 2017). This coverage, while bringing much needed attention to rural areas in distress,
misrepresents the geography of drug overdose and ignores the tremendous heterogeneity in the
severity of the drug crisis in rural areas (Rigg and Monnat 2018; Monnat, forth).

National surveillance studies show large geographic differences in U.S. drug mortality
rates (Buchanich, et al. 2016; Mack, Jones, and Ballesteros, 2017; Monnat, 2018; Rossen, Khan

and Warner, 2014). These surveillance studies provide an important first step in describing the

'In 2016, the age-adjusted mortality rate from all drug-induced causes (based on underlying cause of death) was 26.6
per 100,000 population for non-Hispanic whites, 18.2 for non-Hispanic blacks, 10.1 for Hispanics, 3.3 for Asians,
and 26.3 for non-Hispanic American Indians/Alaska Natives (CDC 2017a).
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U.S. overdose crisis, but they do not delineate the mechanisms driving its geographic variation. In
addition, when they do include a measure of metropolitan status, it is a binary rural/urban
categorization that treats ‘rural’ as one homogenous category without considering broader
variation in features of rural areas that may influence variation in rates, including socioeconomic
conditions, labor market structure, and opioid supply factors. These limitations mask important
within-rural variation in mortality rates, including heterogeneity in the remoteness of different
rural places and across different types of rural labor markets.

The present study addresses these limitations and advances the research on urban-rural
disparities in drug mortality by: 1) describing differences in county-level drug mortality rates
across the urban-rural continuum; 2) determining whether differences are explained by
socioeconomic and/or opioid supply factors, and 3) determining whether socioeconomic or opioid
supply factors are equally important in explaining variation in drug mortality rates along the

urban-rural continuum and within different types of rural counties.

Urban-Rural Differences in Health and Mortality

After decades of lower or nearly comparable all-cause mortality rates in rural than in
urban areas, a rural mortality penalty emerged in the 1980s and has grown in each subsequent
decade (Cosby et al., 2008). This trend reversal was due in part to higher rates of heart disease
mortality in rural areas (Cossman, et al. 2010), but increases in fatal drug overdoses along with
alcohol-related liver diseases and suicide have also contributed to the growing gap (Fontanella et
al., 2015; Hedegaard et al., 2018b; Singh and Siahpush, 2014). In fact, increases in drug, alcohol,

and suicide mortality (the so-called ‘deaths of despair’) among middle-age non-Hispanic whites



have been so large as to reduce life expectancy overall for that group (Case and Deaton, 2015;
Case and Deaton, 2017).

Studies on various health outcomes, including heart disease, obesity, self-rated health,
suicide, all-cause mortality, and life expectancy (Call et al., 2000; Hedegaard et al., 2018b; James,
2014; James and Cossman, 2017; Monnat and Beeler Pickett, 2011; Morton, 2004; Satcher, 2001;
Singh and Siahpush, 2014) find important differences across the urban-rural continuum (i.e.,
based on urban population size and adjacency to metropolitan areas) that are lost when binary
measures are used and population size and metropolitan adjacency are not taken into account.

National research on prescription opioid misuse (Rigg and Monnat, 2015; Monnat and
Rigg, 2016) and fatal drug overdoses generally finds comparable or slightly higher rates in urban
than in rural counties (Buchanich et al., 2016; Mack, Jones and Ballesteros, 2017; Rossen, Khan,
and Warner; 2014). However, simplified binary urban/rural comparisons can mask important
differences across degrees of rurality and opportunity structures (James, 2014; Roberts et al.,
2016). For example, although rates of opioid-related inpatient hospitalizations, emergency
department visits, and mortality are high in some predominantly rural states (e.g., Maine,
Kentucky, and West Virginia), they are comparatively low in other very rural states (e.g., [owa,
Nebraska, Idaho, and the Dakotas) (Keyes et al., 2014; Rigg et al., 2018), reflecting that the
magnitude of the contemporary drug crisis varies substantially across the rural U.S.

To my knowledge, no existing studies explore the role of adjacency to metropolitan areas
in contributing to within-rural differences in drug mortality rates. Adjacency to metropolitan areas
can be viewed as a proxy for a variety of economic, social, health care supply, substance abuse
treatment, and illicit drug market characteristics that may explain differential drug mortality

across different rural places. In addition, labor market structure may be an important differentiator



when considering the magnitude of the drug crisis across the rural U.S., especially given that
labor markets vary across regions and have been differentially affected by both long- and short-
term economic downturns. Monnat (forthcoming) shows that, among rural counties, average
opioid mortality rates are much higher among mining dependent counties (13.9 deaths per

100,000) and comparatively low among farming dependent counties (4.6 per 100,000).

A Spatial Inequality Approach for Understanding the U.S. Drug Crisis

The analyses that follow are framed within a subnational spatial inequality approach to
understand spatial disparities in U.S. drug mortality rates. This approach situates the social
processes of drug addiction and overdose within their spatial contexts by emphasizing the
importance of shared place-level attributes in how social processes and the inequalities that follow
unfold differently across the U.S. (Lobao et al., 2007). Both where individuals are located within
geographic space (i.e., the spatially unequal distribution of vulnerable groups) and structural
factors within geographic space are important to how inequalities emerge, operate, and change
over time (Burton, et al. 2013; Lobao, 2004). Multiple forces have interacted to drive the rise in
drug overdoses (Dasgupta et al., 2018). Below, I describe two specific spatially-relevant factors

that may explain the widespread geographic inequality observed in recent drug deaths.

Socioeconomic distress. The social and economic factors that may be contributing to the opioid
and larger drug crisis result from a long process of uneven development, industrial restructuring,
and neoliberal policy approaches that have eroded economic stability for many groups in the U.S.,
especially those without a four-year college degree (NIH, 2018). The past three decades have

witnessed historically massive changes in the U.S. economy, including but not limited to the



Great Recession of the late 2000s. These economic changes have been inherently spatial, leading
to economic decimation in some places and prosperity in others. Variation in labor market
diversification and population composition made some places more vulnerable to the economic
shifts that unfolded over the past three decades (Brown and Schafft, 2018; Lichter and Schafft,
2016). Employment restructuring led to the movement of many livable-wage production jobs
(mining, manufacturing) out of places that depended on them and the concentration of high-wage
high-skill service, finance, and technology-based employment in a small handful of urban cores
(Bailey, et al., 2014; Brown and Swanson, 2003; Lobao, 2014; Peters, 2013; Smith and
Tickamyer, 2011). This has resulted in fewer and lower-wage employment opportunities for
individuals without a college degree. Many places previously characterized by dependence on
manufacturing and mining employment are now dominated by precarious low-wage service work
(Burton et al., 2013; Peters, 2012; Slack, 2014). Selective out-migration of the “best and
brightest” (Carr and Kefalas, 2009), where healthier and better-resourced young adults leave poor
communities to seek out better job opportunities, has intensified the disproportionate geographic
clustering of multigenerational economic distress in many rural and urban areas alike.

The past-decade surge in drug deaths corresponds with significant, but spatially disparate,
economic challenges, including increased working-age adult departure from the labor force, wage
decline, and the increased geographic concentration of poverty (Iceland and Hernandez, 2017;
Saez, 2016; Thiede, Kim, and Valasik, 2018). Research from both urban and rural sociology
demonstrates that concentrated and sustained economic disadvantage can contribute to collective
frustration and hopelessness, lower tax bases, community disinvestment, infrastructural decay,
family disintegration, crime, and substance misuse (Brown and Swanson, 2003; Carr and Kefalas,

2009; McLean, 2016; Sampson and Groves, 1989; Smith and Tickamyer, 2011). As a result, a



growing body of evidence shows strong associations between macro-level economic distress and
poor mental health and substance abuse (Frasquilho et al., 2016; Galea, et al., 2003; Hempstead
and Phillips, 2015; Kaplan et al., 2015; Kerr et al., 2017; Monnat, 2018; Pierce and Schott, 2017).
For example, recent research from Charles, et al. (2018) shows that drug testing failure rates have
increased steadily since the Great Recession. Hollingsworth et al. (2017) show that as the county
unemployment rate increases by one percentage point, the opioid mortality rate increases by 3.6
percent. Krueger (2017) found that prime-age men who are not in the labor force experience
notably lower levels of emotional well-being, derive relatively little meaning from their daily
activities, and are more likely than working men to feel pain and take pain medication daily, all of
which increase substance abuse and overdose risk (Ahmedani et al., 2017). Moreover, economic
distress is often accompanied by family distress, like marital disintegration and multiple partner
fertility (Burton et al., 2013), which are important distal risk factors for substance abuse (Ananat
et al., 2017; Frasquilho et al., 2016).

As sociologist Emile Durkheim (1987/1966) showed over 120 years ago, during periods of
serious social or economic upheaval, risk of disconnection from social institutions (anomie)
increases, leading to higher rates of suicide. Along these lines, Case and Deaton (2015, 2017)
have suggested that increases in drug overdose rates over the past two decades may be connected
to distressed economic conditions and subsequent hopelessness and dislocation. Monnat (2018)
has expanded this to suggest that geographic, not just temporal trends, in drug overdoses may be
connected to these same forces. Employing the John Henryism and weathering hypotheses,
Muennig et al. (2018) argue that chronic stressors and the sustained coping needed to survive
them have cumulative long-term health effects. Such long-term stressors may place people at risk

of self-medicating with opioids — substances that numb both physical and psychological pain.



Opioid supply factors. Some scholars have questioned the “deaths of despair” or “distress”
framing as an explanation for the surge in drug mortality rates and argue instead that the opioid
crisis has been driven by changes to drug environments - namely the surge in prescription opioids
throughout the late 1990s and 2000s - rather than economic or social conditions (Currie et al.,
2018; Masters et al, 2017; Masters et al., 2018; Ruhm, 2018). Without question, opioid supply
factors were an essential spark for the increase in fatal drug overdoses over the past two decades
(Quinones, 2015). Others have already thoroughly described the processes that led to massive
increases in opioid prescribing and consumption, including the push by patient advocacy groups
to get pain recognized as the fifth vital sign, the emergence of OxyContin® (a potent extended-
release opioid) in 1996, aggressive marketing by pharmaceutical companies to encourage
physicians to use opioids to treat chronic pain, and pill mills (Kolodny et al., 2015; Van Zee,
2009), followed by increased availability of cheap heroin and fentanyl (Quinones, 2015). But
these processes were not spatially random.

Opioid prescribing patterns have varied widely since the late 1990s (Paulozzi et al., 2014),
with higher rates of prescribing among rural versus urban residents (Prunuske et al., 2014).
Prescribing patterns are influenced by population composition, the culture of local healthcare
system prescribing, and state policy. Compositionally, some places in the U.S., including many
rural areas, are home to disproportionate shares of groups who are at risk of injury and disability
and where the need for pain relief is high, including older adults, individuals in manual labor
occupations, and military veterans (Van Gundy, 2006). OxyContin® and other strong opioids
were heavily marketed in mining-dependent Appalachian communities long before they spread

across the rest of the U.S. (Keyes et al., 2014; Quinones, 2015). Purdue Pharma, the producers of



OxyContin®, encouraged their sales reps to aggressively market to physicians in places where
other opioids were already heavily prescribed (Van Zee, 2009). Purdue and other pharmaceutical
companies targeted the lowest hanging fruit — the injured and jobless and people on disability and
Medicaid in economically-decimated small cities and rural towns in Ohio, Kentucky, Tennessee,
Virginia, and West Virginia (Macy, 2018; Quinones, 2015; Van Zee, 2009). In fact, with such
close ties to the Appalachian region, OxyContin was once referred to as “hillbilly heroin”
(Inciardi et al., 2009). While some physicians remained skeptical about prescribing opioids long-
term and were fearful of addiction risk, others prescribed liberally. High-prescribing pain clinics
(i.e., pill mills) — unregulated establishments where physicians provided prescriptions for
OxyContin® and other opioids with little diagnosis or follow-up — proliferated in the most
economically-depressed regions of the U.S. in the late 1990s (Quinones, 2015). By 2000,
OxyContin® prescribing rates in West Virginia, eastern Kentucky, southwestern Virginia, and
Alabama were 5 to 6 times higher than the national average (Van Zee, 2009).

As states cracked down on pill mills and implemented monitoring programs to reduce
overprescribing, prescription opioids became more expensive and difficult to obtain. In addition,
the reformulation of OxyContin® into an abuse-deterrent form in 2010 made OxyContin® more
difficult to crush and inject. Recognizing the demand created by prescription opioids, Mexican
drug cartels expanded their heroin business from California to small cities and towns throughout
the middle and eastern U.S. (Quinones, 2015). Heroin, once largely an inner-city problem, is now
routinely sold in many parts of suburban and rural America where it was once absent, due in large
part to fluid and shifting boundaries between rural and urban areas (Lichter and Brown, 2014;

Lichter and Ziliak, 2017) and what Burton et al. (2013 p. 1129) describe as the “new rural order -
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dramatic and rapid transformations in American rural life that are, in part, a consequence of
growing economic interdependencies with urban centers.”

A related factor that may help to explain geographic differences in drug mortality rates is
spatially-disparate exposure to the powerful synthetic opioid fentanyl. Fentanyl is cheap and easy
to smuggle into the U.S. in smaller quantities than heroin due to its potency (up to 50 times more
potent than heroin). As a result, over the past three years there has been a major increase in the
adulteration of heroin and other narcotics with fentanyl. Even when consumed in small quantities,
fentanyl increases the likelihood of drug overdose compared with heroin, resulting in higher
mortality rates. Most of the highest potency and purest fentanyl entering the U.S. comes via China
through major shipping ports in New York and Chicago; fentanyl coming from Mexico is far less
pure, and therefore less potent (C. Lau, personal communication, Nov. 15, 2018). Differences in a
local drug market’s exposure to highly-potent fentanyl surely contributes to geographic
differences in recent drug mortality rates. Due to proximity to major shipping ports, persons who
consume heroin and other narcotics in the northeast are at greater risk of consuming a product that
has been adulterated with fentanyl, a risk that likely diminishes as the product makes its way
through distribution networks that are more remote from large urban centers, where it may be

“cut” or “stepped on” several times before reaching its final consumer.

Ultimately, geographic differences in the severity of the drug mortality crisis, including
urban-rural continuum differences, may be driven by both socioeconomic and opioid supply
factors. The subnational spatial inequality approach would suggest that these factors may be more
important contributors to drug mortality in some types of places than others (Lobao, 2004), due to

variation in population vulnerability and a variety of structural factors, including but not limited
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to local and state government policy, law enforcement response, social welfare expenditures,

health care infrastructure, social infrastructure, and community cohesion.

In the analyses below, I examine the following research questions:
1) How do drug mortality rates differ along the U.S. urban-rural continuum?
2) Are differences explained by socioeconomic and/or opioid supply factors?
3) Are socioeconomic and/or opioid supply factors equally important in explaining variation
in drug mortality rates across the different levels of the urban-rural continuum and within

different types of rural counties?

Data and Methods
Mortality

Mortality data come from the restricted-use death certificate files from the National Center
for Health Statistics National Vital Statistics System (NCHS, 2000-2016). These data identify
causes of death and decedent county of residence from all death certificates filed in the U.S.,
enabling me to calculate county-level drug mortality rates (deaths per 100,000 population). Each
death certificate contains a single underlying cause of death (UCD) and up to twenty contributing
(i.e., multiple) causes.? I categorized drug deaths based on the International Statistical
Classification of Diseases, 10" revision (ICD-10) codes as any death that included an underlying
or contributing cause (MCD) of accidental poisoning, intentional poisoning, poisoning of
undetermined intent by exposure to drugs, drug-induced diseases, finding of drugs in the blood,

and mental/behavioral disorders due to drugs. The specific ICD-10 codes are listed in the

2 Each death is counted only once in these analyses. For example, if the death certificate listed ICD 10 codes for both
accidental poisoning and finding of drugs in the blood, the death is counted once.
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Appendix A Table Al. In 2016 (the most recent year for which data are available), about 63% of
drug-related deaths identified opioids on the death certificate. I included all drug-related codes
and not just those that specify opioids because many death certificates do not identify the specific
drug(s) involved, and opioid deaths are undercounted by an average of between 22% and 24%
nationally, with widespread variation in the magnitude of underreporting across states (Ruhm,
2017). Moreover, about half of all drug overdoses involve more than one drug.

There are also important reasons for using the MCD versus UCD for these analyses. First,
using the MCD reduces risk of undercounting deaths due to misclassification (Rockett et al.,
2014). Second, identifying a single factor as the underlying cause of death is an oversimplification
of clinical and pathological processes leading to death (Fedeli et al., 2015) and does not allow for
the possibility that the death would not have occurred without the presence of drugs.

To smooth potentially large fluctuations from small changes in death counts in small
population counties, I pooled deaths across the years 2014-16. Consistent with CDC methods, |
then calculated age-adjusted rates using the 2000 U.S. standard population 10-year age groups for
non-Hispanic whites. I restricted analyses to deaths among non-Hispanic whites to avoid
conflating variation in racial composition with variation in drug mortality rates. Drug mortality
rates are much lower among non-Hispanic blacks and Hispanics than among non-Hispanic whites.
However, in supplemental analyses, I ran models on the overall drug mortality rate (not restricted
to non-Hispanic whites). Results were overwhelmingly consistent.

Analyses are restricted to the 48 contiguous states and Washington, DC. I also excluded
Broomfield County, CO because it did not become a county until 2001, and several of my
covariates are for 2000. Mortality rates and U.S. Census Bureau variable estimates for counties

with small populations are at risk of instability and large margins of error. Therefore, I also
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restricted analyses to counties with at least 1,000 non-Hispanic white adults in 2016. Based on
these exclusion criteria, my analyses included 3,047 counties,

My analysis of county-level variation reflects the importance of counties as subnational
socio-environmental units of analysis. Counties are small enough to reflect local economic and
social conditions but also large enough to be meaningful for policy (Lobao et al., 2007). County
governments provide political and economic structure, the county represents the context within
which most social and health services are delivered and where most state funding for social
programs is administered (Lobao, 2004; Lobao et al., 2007). Counties are also largely responsible
for picking up the costs of the drug crisis, in the form of social service, criminal justice, and
emergency service provider expenditures.

In the main analysis, I focused on understanding geographic variation in drug mortality
rates for 2014-16. However, I also assessed change in drug mortality rates between 2000-02 and
2014-16 in supplemental analyses. The trends identified in the change models are nearly identical
to those identified in the models predicting 2014-16 rates. The full results from the change models

are presented in the Appendix C Tables C1-C3.

Predictor Variables

County metropolitan status is based on the USDA Economic Research Service’s nine
category Rural-Urban Continuum Codes (RUCC) for 2004 (USDA ERS, 2004). Average
unadjusted mortality rates for each of the nine RUCC categories are presented in Appendix B
Figure B1. I recategorized the nine original categories into five conceptually- and empirically-
logical categories. (1) Large metropolitan counties include RUCCs 1 and 2 and represent counties

in metropolitan areas of 250,000 residents or more, (2) Small metropolitan counties includes
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RUCC 3 and represents counties in metropolitan areas with less than 250,000 residents, (3) Large
nonmetropolitan counties that are adjacent to metropolitan areas include RUCCs 4 and 6, (4)
Large nonmetropolitan counties that are not adjacent to metropolitan areas include RUCCs 5
and 7, (5) Rural counties include the remaining RUCCs, 8 and 9.

County-level socioeconomic measures came from the 2000 U.S. Decennial Census. I used
data from 2000 rather than years that overlap the 2014-16 mortality rates to reduce reverse
causality bias and allow for a lagged effect of predictors on mortality. Economic distress (2000) is
measured with a standardized (z-score) factor-weighted index (alpha=.875) that combines percent
poverty, the ratio of state-to-county median household income, percentage of households
receiving public assistance income, percentage age 25+ without a four-year college degree,
percent not-working (unemployed or not in the labor force), and percent with a work disability.
These variables are consistent with those included in the Economic Innovation Group’s
Distressed Communities Index for zip codes (Fikri and Lettieri, 2018). I also tested the inclusion
of the gini coefficient for income inequality and the percentage of renters spending more than 30
percent of household income on rent, but neither loaded highly on the economic distress factor.
Family distress (2000), which is related to but distinct from economic distress, is measured with a
standardized (z-score) index (alpha=.780) that combines percent divorced or separated and
percentage of families with children headed by a single parent. Persistent population loss is a
binary measure indicating that the county population declined between both the 1980 and 1990
censuses and the 1990 and 2000 censuses. I included it as a proxy for resource supply, economic
(dis)investment, and structural distress. It is also a proxy for residential mobility selection effects;
counties with chronic out-migration are those from which the healthiest and most highly-

resourced young adults often leave due to lack of educational and employment opportunities,
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thereby leaving behind concentrations of the least healthy, least resourced, and most vulnerable
residents (Carr and Kefalas, 2009). Industry structure was based on the USDA ERS economic
dependency classification for 2004, which identifies counties as dependent on farming, mining,
manufacturing, public sector (i.e., government), service employment, or as non-specialized. These
mutually exclusive categories are based on industry earnings and employment as a percentage of
total labor, proprietors' earnings, and total employment in 1998-2000.

I included three measures of opioid supply. County-level opioid prescribing for 2009-2011
came from the CDC’s compilation of county-level prescribing from QuintilesIMS Transactional
Data Warehouse (CDC, 2018). These data report retail opioid prescriptions dispensed per 100
persons. A limitation to these data is that they include only prescriptions obtained from retail
pharmacies and exclude high-volume prescribing pain clinics (i.e., “pill mills”) where significant
high frequency prescribing occurred — particularly in Appalachia and Florida. Prescribing data are
available for 2006-2016. I used 2009-2011 rates because they represent years of peak prescribing,
but in sensitivity analyses, I substituted rates for 2006-08 and 2012-14. Prescribing data were
missing for 295 (9.7%) of the counties included in these analyses. I conducted multiple
imputation using the Markov chain Monte Carlo (MCMC) method to generate values for cases
with missing data. To account for potential spillover effects from diversion across counties, I also
included the average rate of opioid prescribing among neighboring counties. Neither of these
variables were normally distributed, so I logged them before including them in regression models.
Exposure to fentanyl is a state-level variable based on state reports of law enforcement encounters
(drugs submitted for analysis) testing positive for fentanyl. Much of the increase in opioid deaths
over the past three years is related to illicitly-manufactured fentanyl that is mixed with or sold as

heroin or counterfeit pills — with or without the users’ knowledge (CDC, 2016). Based on 2015
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data, the CDC classifies ten states as ‘high fentanyl law enforcement encounter’ states: Kentucky,
Maine, Massachusetts, Maryland, New Hampshire, New Jersey, Pennsylvania, Ohio, Vermont,
and Virginia (CDC 2016). I included a binary indicator to represent counties located in states with
high exposure to fentanyl.

All models controlled for U.S. Census 2000 measures for county age composition (percent
age 65+), percent non-Hispanic white, and percent military veterans. In models that predicted
change in the drug mortality rate, I also controlled for the county’s drug mortality rate in 2000-02
to account for more or less rapid increases in counties that started the decade with higher rates.
Preliminary models also included controls for county health care infrastructure (binary indicators
for whether any part of the county was classified as a health care professional shortage area or
mental health provider shortage area in 2010, based on a formula derived by the U.S. Health
Resources & Services Administration.®) and physicians per capita. These variables were not
statistically significant in any of the models, so I removed them to improve model fit. I also did
not control for region, as it is highly collinear with fentanyl exposure, and in models stratified by
metropolitan status region is collinear with labor market dependence. Ultimately, final variable
selection was based on the research summarized above and assessment of multicollinearity and

model fit.

3 Ideally, I would have included indicators that capture the supply of mental health and substance abuse
professionals and facilities, but those data are not available nationally at the county level. The Area Health
Resource File captures county-level measures for specific types of health care providers (e.g.,
psychiatrists, psychologists, social workers, occupational, physical, and recreational therapists), but prior
to the 2013-14 AHRF release, counties with missing values on any measures were designated with values
of 0, thereby making those measures unreliable because users are unable to identify which counties are
missing vs. which counties truly have values of 0 on these measures. For more information, see User
Documentation for the County Area Health Resource File 2015-2016 release, page 148.
(https://datawarehouse.hrsa.gov/data/datadownload.aspx#MainContent_ctl00_gvDD_1bl_dd topic_ttl 0).
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Descriptive statistics for all variables included in the analysis are presented in Table 1.

Descriptive statistics by urban-rural continuum are presented in Appendix Table A2.

Analysis

I begin by presenting maps showing county-level non-Hispanic white drug mortality rates
for 2000-02 and 2014-16. I then proceed with results from the main regression analysis. To
address RQ 1 and 2, I ran linear random effects regression models to account for the clustering of
counties within states. Model residuals were normally distributed and diagnostic plots showed no
potential heteroscedasticity problems, enabling me to keep mortality rates in their original linear
form. Model 1 included only urban-rural continuum and controlled for age composition, percent
non-Hispanic white, and percent military veterans. Model 2 added the socioeconomic measures.
Model 3 introduced the opioid supply measures. Model 4 is the same as Model 3 but included
random effects for economic distress and county opioid prescribing, allowing the associations
between economic distress and mortality and prescribing and mortality to vary between states.
Family distress random effects were not significant in preliminary models, so I did not include
them in the final model.

To address RQ3, I first ran the fully-adjusted model from above stratified by urban-rural
category to identify whether predictors of drug mortality rates vary across the continuum. I then
restricted the analyses to nonmetro counties (RUCCs 4-9) and ran the fully-adjusted models
stratified by USDA ERS labor market dependence to assess whether predictors of drug mortality
rates varied across different types of rural economies. Random effects for economic distress and
opioid prescribing were not significant in the stratified models, so I excluded them to optimize

model fit
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Spatial Models

Exploratory data analysis revealed significant spatial autocorrelation in drug mortality
rates (Moran’s I = 0.397). To account for this spatial autocorrelation, spatial models are an
alternative to multilevel models (MLMs). While MLMs account for the clustering of counties
within states, they are unable to explicitly model the spatial processes driving the outcome of
interest (i.e., they do not give us information about spillover effects on our outcome of interest
across counties). Spatial models enable one to both account for and model spillover effects.
Therefore in analyses that included all counties (i.e., not stratified by metro status), I tested a
series of two-stage least squares spatial models that included (1) a spatial lag of the dependent
variable (BWy, testing whether drug mortality rates are affected by drug mortality rates in
neighboring counties), (2) spatial lags for the economic distress and opioid prescribing
independent variables (BWxXecon, BWXrx, testing whether drug mortality rates are affected by
spillover effects from economic distress and opioid prescribing in neighboring counties), and (3) a
spatial error model (I-pW) e, that tested whether drug mortality rates are affected by the error
from neighboring counties. Spatial error models account for correlated residuals (non-
independence) between neighboring counties by fitting the model with a correlation parameter of
the residuals and are appropriate when there is reason to believe there are omitted variables in the
residual that are likely to be similar among neighbors. The spatial weight matrix was based on
first-order queens contiguity. I ran models both with and without state fixed effects. Because
fentanyl exposure is a state-level variable, it is excluded from these models.

It would be inappropriate to run spatial models when stratifying by metropolitan status or

labor market type. The omission of counties means that the spillovers from them are no longer
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included in the fitted model. For example, if we consider two adjacent counties (e.g., one metro
and one nonmetro) and assume that the metro county is dropped from the analysis (as is the case
in models that consider only nonmetro counties), the spillover from the dropped metro county to
its nonmetro neighbor becomes 0 even though there really is spillover. That spillover becomes
unobserved, thereby biasing the results. Therefore, I do not run spatial models for the stratified
analysis. Instead, I attempt to account for spillover effects by including covariates that measure
average values among neighboring counties. This does not adjust the model standard errors for
spatial autocorrelation, as would be the case with spatially-explicit models, but it at least captures
spillover effects across counties. To attempt to account for prescribing spillover effects, I included
an indicator of average prescribing among neighboring counties. In preliminary analyses, I also
included a covariate for the average value of economic distress and the average drug mortality
rate among neighboring counties. These variables were not significant in the fully adjusted
models, so I dropped them to maximize model fit.

Given that this paper’s main focus is on stratification across the urban-rural continuum
and by category of labor market dependence and for consistency in interpretation across all
models, I report the results from the multilevel models, rather than the spatial models, in the main
text. Tables and a brief discussion of findings from the spatial models are reported in Appendix
D. Model results are nearly identical, and overall conclusions drawn are consistent between the
multilevel and spatial models.

Sensitivity Tests

I conducted several sensitivity analyses. First, in lieu of modeling rates linearly, I modeled

death counts (offset by the log of the non-Hispanic white population) using random effects

negative binomial models. Appendix E Table E1 presents coefficients from these models. Second,
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I ran the fully adjusted model for all counties on the overall drug mortality rate (2014-16), not
restricted to non-Hispanic whites (Appendix E Table E2). Coefficients for all variables are
similar in magnitude and significance to the model predicting non-Hispanic white specific drug
mortality rates. Results from the following additional sensitivity analyses are not presented but
are available from the author upon request: Using the 2011-15 American Community Survey 5-
year estimates, I substituted temporally proximate predictor variables for the socioeconomic and
demographic measures. These variables represent county conditions that overlapped with the
deaths examined in this study rather than the conditions that prevailed in the decade prior to these
deaths. I also ran models substituting opioid prescribing rates for 2006-08 and 2012-14. Third, I
reran all models weighted by the log of the county non-Hispanic white population to give less
weight to counties with smaller populations, and therefore more potential for measurement error.
Fourth, I used an alternate version of urban-rural continuum based on the National Center for
Health Statistics classification (CDC, 2017b).* Finally, I ran models predicting opioid mortality
specifically rather than all drug mortality. Findings were consistent across all of these alternative
model specifications.
Results
Geographic Differences in Drug Mortality Rates

The average county non-Hispanic white drug mortality rate was 8.0 deaths per 100,000

population in 2000-02 (std=6.8, min=0.0, max=105.7) and 23.5 deaths per 100,000 in 2014-16

* In the supplemental analysis using the NCHS urban-rural classification (CDC, 2017b), I collapsed
counties as follows: (1) Large central metro are counties in metropolitan statistical areas (MSAs) of 1
million or more population that contain all or part of a principal city of the area (e.g., Los Angeles County,
CA; Cook County, IL) (2) Large fringe metro are remaining counties in MSAs of one million or more. (3)
Medium/small metro are counties in MSAs of <1 million population. (4) Micropolitan are nonmetropolitan
counties that the Office of Management and Budget designates as belonging to a micropolitan statistical
area. (5) Noncore are the remaining nonmetropolitan counties that do not belong to a micropolitan
statistical area.
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(std=15.1, min=0.0, max=138.4), with an average increase of 15.5 deaths per 100,000 population
over this period. As shown in Figure 1, there is substantial variation in rates between counties,
with observable spatial clustering (Moran’s [=0.397 in 2014-16). Local Indicators of Spatial
Autocorrelation (LISA) maps (not shown), revealed above average mortality rate clusters for
2014-16 in southeastern New England, southwest Pennsylvania, the mid-Atlantic, central
Appalachia, central Florida, southeastern Louisiana, eastern Oklahoma, parts of the Mountain
West, Arizona, and southern and northern California. Below average rate clusters were observed
in parts of New York and Virginia, the Mississippi Delta, Texas, and the north-central Plains.

In 2014-16, average mortality rates were highest among large metro counties at 26.7
deaths per 100,000 and lowest among rural counties at 18.5 deaths per 100,000 (see Appendix
Table A2). Large metro counties also experienced a larger average increase in drug mortality than
rural counties between 2000-02 and 2014-16 (17.3 vs. 12.5). However, there is more variation in
both mortality rates in 2014-16 and the change in mortality rates among rural than among urban
counties, reflected in the higher standard deviations for rural counties. In terms of socioeconomic
and opioid supply differences along the urban-rural continuum, economic distress increases
moving from most urban to most rural. Family distress is comparable for all but the most rural
counties, where it is substantially lower than the other urban-rural categories. The most rural
counties are characterized by labor markets dependent on farming. Most counties in the other
urban-rural categories are either manufacturing dependent or non-specialized. Service dependence
is more common in large metro counties than in the other urban-rural categories. Persistent
population loss was most common among rural counties; 41 percent of rural counties are
characterized as persistent population loss counties. Rates of opioid prescribing were highest in

large nonmetro counties that are not adjacent to metro areas, followed by those that are adjacent
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to metro areas. Prescribing rates were the lowest in the most rural counties. Exposure to fentanyl
is most common in large metro counties; nearly 25 percent of large metro counties are in ‘high
fentanyl law enforcement encounter’ states. These percentages decline moving along the
continuum from urban to rural.

Table 2 presents results from regression models predicting county-level non-Hispanic
white drug mortality rates for 2014-16. All models control for year 2000 measures of percent age
65+, percent non-Hispanic white, and percent military veterans. The null model (not shown),
produced an intra-class correlation coefficient of 0.283, indicating that about 28% of between-
county variation in drug mortality rates is due to differences between states. [ was able to account
for two-thirds of that variance in the fully-adjusted model.

As shown in Model 1, mortality rates decline as we move from most urban to most rural,
with 5.8 fewer drug deaths per 100,000 in the most rural compared to most urban counties. The
introduction of socioeconomic measures in Model 2 actually increases the magnitude of the
difference between large urban counties and rural counties, suggesting that rural counties would
have even lower drug mortality rates if not for their higher average level of economic
disadvantage. Both economic and family distress are associated with significantly higher drug
mortality rates. In terms of labor market differences, mining and service dependent counties have
significantly higher rates, and manufacturing and public sector (government) dependent counties
have significantly lower rates than counties with non-specialized labor markets. Persistent
population loss is also associated with significantly higher drug mortality rates.

Model 3 introduces opioid supply measures. Model 4 is the same except includes random
slopes for economic distress and opioid prescribing. The findings are nearly identical across these

two models. All three opioid supply measures are associated with significantly higher drug
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mortality rates; counties with higher rates of prescribing, higher average prescribing among
neighbors, and that are in high fentanyl exposure states have higher drug mortality rates. The
positive coefficient for average opioid prescribing among neighboring counties suggests
important spillover effects that may represent prescription diversion across counties. The
significant random effects for economic distress and opioid prescribing suggest that the
relationships between these measures and drug mortality rates vary significantly across states;
they are more important in some places than others. All the socioeconomic measures remained
significant with the introduction of opioid supply measures, suggesting that the association
between socioeconomic conditions and drug mortality rates is not explained by opioids supply
factors.

As evidenced by the continued statistically significant differences in mortality along the
urban-rural continuum, none of the variables included in the model explain why mortality rates
are lower among small metro, large nonmetro, and rural counties compared to large metro
counties. Net of demographic, socioeconomic, and opioid supply factors, small metro counties
had 3.1 fewer deaths, large nonmetro counties adjacent to metro areas had 4.1 fewer deaths, large
nonmetro counties not adjacent to metro areas had 5.4 fewer deaths, and rural counties had 6.2
fewer deaths per 100,000 population compared to large metro counties.

Results were very similar for models predicting change in mortality rates between 2000-
02 and 2014-16 (shown in Appendix C, Table C1). In the fully adjusted model, small metro, large
nonmetro (both adjacent and non-adjacent), and rural counties all had significantly smaller
increases in drug mortality rates than large metro counties between 2000-02 and 2014-16.

Economic and family distress, mining and service dependence, persistent population loss, opioid
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prescribing, and fentanyl supply were all associated with significantly larger increases in

mortality rates.

Predictors of Drug Mortality Rates Stratified by Urban-Rural Continuum

Results from fully-adjusted models stratified by urban-rural continuum are presented in
Table 3. Net of covariates, economic distress was associated with significantly higher drug
mortality rates in all but small metro counties, but the magnitude of this relationship varied across
the other urban-rural continuum categories.

Figure 2 shows the model-adjusted relationship between economic distress and drug
mortality rates along the urban-rural continuum for varying levels of economic distress. As the
figure shows, the relationship between economic distress and mortality is strongest among large
nonmetro counties not adjacent to metro areas. Family distress was associated with significantly
higher rates in large metro, large nonmetro not adjacent to metro, and rural counties. Persistent
population loss was associated with higher rates in large and small metro counties and in large
nonmetro counties not adjacent to metro areas.

Labor market type was differentially associated with mortality across urban-rural
categories (see Figure 3). Large metro counties with labor markets dependent on manufacturing
and public sector (government) employment have significantly lower drug mortality rates, and
service dependent counties have significantly higher mortality rates compared to non-specialized
counties. Among small metro counties, those dependent on mining are at a large disadvantage; at
an average of 38.2 deaths per 100,000 (holding all else constant), the average drug mortality rate
in small metro mining dependent counties is nearly 63% higher than the national rate of 23.5.

Service dependence was associated with significantly higher mortality rates in small metro
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counties as well. Among large nonmetro counties adjacent to metro areas, mining and service
dependence were also associated with significantly higher mortality rates, whereas public sector
dependence was associated with significantly lower rates. In large nonmetro counties not adjacent
to metro counties, only mining dependence was associated with significantly higher rates. In rural
counties, there were no significant differences in rates across different categories of labor market
dependence. Overall, holding all else constant, mining dependent counties in small metro and
large nonmetro counties that are adjacent to metro areas have the highest drug mortality rates.
Public sector dependent counties in large nonmetro counties adjacent to metro areas and farming
dependent rural and large nonmetro nonadjacent counties have the lowest drug mortality rates.

Opioid prescribing in 2009-11 was associated with significantly higher drug mortality
rates across the urban-rural continuum, and average prescribing among neighboring counties was
associated with higher mortality rates in all but rural counties. Fentanyl supply was significant
only among metro counties (both large and small) and large nonmetro counties adjacent to metro
areas. County-level variances from these models indicate that the models explain far less of the
variation in drug mortality rates among rural counties than among metropolitan counties. This
indicates that important factors are contributing to differences in drug mortality rates in rural areas
that are not captured by these models.

As with the non-stratified models, models predicting change in rates between 2000-02 and
2014-16 were very similar across the models stratified by urban-rural continuum (see Appendix C

Table C2).

Predictors of Drug Mortality Rates among Nonmetro Counties, Stratified by Type of Labor

Market
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Finally, I assessed whether the socioeconomic and opioid supply predictors of drug
mortality rates among nonmetro counties vary across different types of nonmetro areas,
specifically as differentiated by their labor markets. Table 4 presents the results from fully-
adjusted models (Appendix C Table C3 shows the models predicting change in rates, 2000-02 to
2014-16). Results show substantial variation in the degree to which socioeconomic and opioid
supply factors relate to drug mortality rates across different nonmetro labor markets. Several
specific differences are worth noting. First, among nonmetro counties, economic distress is
associated with significantly higher mortality rates (2014-16) in mining dependent, service
dependent, and non-specialized counties, but not in farming or public sector dependent counties.
Second, family distress is associated with significantly higher mortality rates in farming,
manufacturing, and non-specialized counties, but not in mining, service, or public sector
(government) dependent counties. Persistent population loss is related to significantly higher
mortality rates only in service dependent counties. Opioid prescribing is associated with
significantly higher mortality rates in all but farming and service dependent counties. High
fentanyl exposure is associated with higher mortality rates only in manufacturing and non-
specialized counties. Together, these models show that among nonmetro counties, drug mortality
rates are highest in two particular types of places: economically distressed mining-dependent
counties with high rates of opioid prescribing in the late 2000s and economically distressed

service employment dependent counties characterized by persistent population loss.

Discussion
Consistent with recent research on fatal drug overdose trends in the U.S. (Buchanich et al.,

2016; Monnat, 2018; Rossen et al., 2014), this study found significant geographic variation and
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spatial clustering in drug mortality rates (2014-16) and changes in mortality rates between 2000-
02 and 2014-16. This is the first national study to simultaneously examine the contributions of
both socioeconomic factors and opioid supply factors to geographic variation in drug mortality
rates and to compare predictors of rates across the urban-rural continuum and within different
types of rural counties. In so doing, this study identifies the characteristics of counties bearing the
heaviest drug mortality burdens.

Analyses suggest several main conclusions. First, the current drug overdose crisis is not
disproportionately rural. Average non-Hispanic white drug mortality rates (2014-16) are highest
in large metro counties and decline precipitously as the continuum moves from more urban to
more rural. In addition, rates have increased most in large metro counties and least in the most
rural counties since the early 2000. This finding was robust to alternate specifications of the
urban-rural continuum. The average rural advantage in drug mortality rates found in this study is
discordant with urban-rural research on a wide range of other health measures and behaviors.
Research consistently shows that rural areas have worse self-rated health and higher prevalence of
several chronic diseases, disability and functional limitations, chronic pain, injuries,
psychological distress, physical inactivity, obesity, and smoking (Coben et al., 2009; Glasgow,
Morton, and Johnson, 2004; Monnat and Beeler Pickett, 2011; Schiller et al., 2012) and that life
expectancy declines precipitously along the continuum from most urban to most rural (Singh and
Siahpush, 2014). Rural counties also have higher rates of alcohol-related and suicide mortality
(Monnat, forth; Hedegaard et al., 2018b). As I will discuss shortly, however, average rural drug
mortality rates mask considerable variation across different types of rural counties, some of which

have among the very highest drug mortality rates in the U.S.
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Second, higher average mortality rates among metro counties are not explained by
socioeconomic or opioid supply factors; urban-rural continuum coefficients remained significant
and robust in fully-adjusted models. However, both socioeconomic and opioid supply factors are
associated with significantly higher drug mortality rates. Nationally, counties characterized by
more economic and family distress, dependence on mining or service employment, persistent
population loss, higher rates of prescribing, proximity to high-prescribing counties, and counties
located in states with high fentanyl exposure (mostly the northeast) have significantly higher drug
mortality rates. Moreover, results from spatial autoregressive models showed that there are
significant positive spillover effects for both neighboring counties’ drug mortality rates and
opioid prescribing rates. Importantly, the introduction of opioid supply measures to regression
models did not eliminate the significance or magnitude of the economic factors, suggesting that
economically distressed counties do not have higher drug mortality rates simply because they also
have a bigger opioid supply problem.

However, a third important finding is that relationships between economic distress and
mortality and between opioid supply and mortality vary in magnitude and significance across the
U.S., something not considered in recent research arguing that the drug crisis is due
predominantly to opioid supply factors (Currie et al., 2018; Ruhm, 2018). Conclusions drawn
about the role of socioeconomic distress and opioid supply factors at the national scale cannot be
assumed universally applicable across the U.S. This is evidenced by significant random effects for
economic distress and opioid prescribing (the relationships between these variables and mortality
rates vary significantly across states) and by differences in models stratified by urban-rural

continuum and by labor market dependence.
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For example, economic distress is associated with higher drug mortality rates in large
metro, but not small metro counties. Opioid supply is associated with higher drug mortality rates
in both large and small metro counties. Economic distress and a county’s opioid prescribing rate
are associated with higher drug mortality rates across all three nonmetropolitan categories, but
neither opioid prescribing among neighboring counties or location in a high fentanyl exposure
state is associated with morality among the most rural counties. This finding may reflect less
access to illicit drug markets in the most rural counties. In large nonmetro counties that are
adjacent to metro areas, both higher prescribing among neighboring counties and fentanyl
exposure are associated with significantly higher drug mortality rates. In addition to increasingly
interdependent labor and transportation networks between urban and rural spaces (Lichter and
Brown, 2014; Lichter and Ziliak, 2017), illicit drug markets may reflect an important type of
interdependence.

In addition, findings from stratified models suggest that large drug mortality disparities
across different types of rural labor markets play a critical role in understanding broader
geographic patterns in drug mortality rates. Specifically, the drug mortality penalty is
disproportionately concentrated in mining and service sector dependent counties. Economically
distressed mining dependent counties with high rates of opioid prescribing in the late 2000s and
economically distressed service sector dependent counties characterized by persistent population
loss have much higher drug mortality rates than the national average. These important differences
highlight rural heterogeneity, with different combinations of economic and opioid supply factors
increasing the risk of high drug mortality rates. These findings suggest the need for caution when
reporting average urban-rural differences in drug mortality rates; averages mask important

variation in different types of rural areas.
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In terms of the clear disadvantage experienced within mining- and service-dependent
counties, numerous in-depth accounts show that dependence on a declining industry and the
economic instability, population loss, and disinvestments following job losses in that industry
tend to overlap and be mutually reinforcing, manifesting in collective psychosocial distress,
family and community breakdown, and social disorders like substance misuse (Alexander, 2017;
Chen, 2015; Goldstein, 2017; Macy, 2018; McLean, 2016; Quinones, 2015; Reding, 2010;
Sherman, 2009). In their recent research, Graham and Pinto (2018) found that poor rural whites
are less hopeful and optimistic about their futures than any other group in the U.S. They suggest
that people who are hopeful and optimistic about their future tend to invest in that future, whereas
those with dampened hope may underinvest or simply give up. Many good-paying manufacturing
jobs were replaced by low-wage and precarious service jobs throughout the 1980s and 1990s.
Mining dependent counties in Appalachia have experienced pronounced and sustained declines in
employment, wages, and population over the past several decades.

Of course, substance use problems are not new to Appalachia. As a response to untreated
chronic pain and psychological distress manifesting from decades of intergenerational poverty,
injury from physically grueling jobs, and lack of opportunity, residents of the most down-trodden
parts of Appalachia have long self-medicated with alcohol and prescription and illicit substances
(Keyes et al., 2014). The emergence of extended-release OxyContin® in 1996 escalated these
long-term processes in places that were already vulnerable to opioids — drugs that numb both
physical and psychological pain. Moreover, in places where unemployment and disability rates
surged, OxyContin® became a form of currency; selling prescription opioids was viewed by some
as the only viable way of paying the bills (Quinones, 2015; Macy, 2018). These actions are

consistent with Ann Swindler’s (1986) concepts of ‘culture as a tool kit” or ‘culture in action’,
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wherein individuals deploy elements of their culture to inform their daily actions and behaviors.
Culture is a dynamic set of processes structured by both external conditions and the
characteristics of people living within a space at any given time. Swindler’s concept of ‘culture as
a toolkit’ can help us understand how certain constellations of structural conditions make self-
medicating with opioids or diverting (i.e., selling, trading, sharing) prescription opioids seem
sensible in particular places at particular times.

As evidenced by the failure of the models to explain significant urban-rural variation in
drug mortality rates and residual county-level variance, more research is needed to understand
additional important contributors to geographic variation in drug mortality rates. One potential
mechanism may be health-related measures, particularly those that reflect chronic pain and
depression. Social capital may be another important unexplored factor. Opportunities for civic
engagement facilitate social interaction, trust, goodwill, and social cohesion, and increase
residents’ sense of community belonging, potentially buffering against depression and substance
misuse (Putnam, 2001). Overall, rural communities may be advantaged by their comparatively
higher community attachment and social capital, but there is wide divergence in social capital
across the U.S., with Midwestern farming dependent counties having much greater comparative

social capital than other rural regions (Rupasingha et al., 2006).

Limitations
Findings should be considered in light of some additional limitations. First, analyses were
ecologic and cannot account for decedents’ characteristics, including duration of residence in the

county of death. Second, death certificates may misclassify causes of death, and results may be

32



biased by geographic heterogeneity in cause-of-death reporting, but using MCD files reduces the
likelihood of undercounting due to misclassification (Rockett, Kapusta, and Coben, 2014). Third,
heterogeneity within counties cannot be accounted for in these analyses. Many metropolitan
counties have outlying rural areas with different population characteristics, labor market
opportunities, and access to prescription and illicit drug markets than those in the urban core of
the county. Moreover, urban-rural boundaries are highly fluid and shift over time, with significant
interaction occurring in the urban-rural interface (Lichter and Brown, 2011; Lichter and Brown,
2014). Urban-rural boundary blurring means that people and communities regularly experience
both urban and rural worlds, making distinct comparisons between them somewhat artificial
(Lichter and Ziliak, 2017). Fourth, the available prescribing data include prescriptions from retail
pharmacies only and exclude prescriptions that came from high-volume prescribing pain clinics
(i.e., pill mills). This may lead to downward bias in the model coefficients for prescription opioid
supply. The state-level law enforcement fentanyl encounter data is also a loose proxy for fentanyl
exposure. As a result, the estimates for fentanyl exposure may be downwardly biased in these
models. Fifth, associations between county environments and mortality rates likely play out over
an extended period, but these analyses considered only relatively recent economic conditions and
did not consider changes in environments over a longer period. Future research should examine
the role of changing labor markets since the 1980s and concomitant county socioeconomic
changes on drug mortality rates. Finally, it was beyond the scope of this paper to examine urban-
rural variation in drug mortality rates across demographic subgroups (i.e., sex, race/ethnicity, age,
educational attainment). Future research should be conducted to determine whether the urban-
rural continuum differences and socioeconomic and opioid supply factors found to be important

in this study apply equally to different demographic subgroups.
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Conclusion

Ultimately, the cliché that “addiction does not discriminate” ignores the fact that drug
mortality rates vary significantly by geography and are disproportionately clustered among places
characterized by higher prevalence of socioeconomic distress, disadvantaged labor markets, and
greater access to opioids. The physiological processes that underlie addiction may not
discriminate, but the factors that place individuals and communities at risk are not spatially
random. Without a clear understanding of this geographic variation and without identifying the
types of people and places at risk of high mortality rates, resources and policy solutions may be
misdirected. The economic and social burdens of the U.S. drug crisis are substantial, and the
places that are least equipped to do so are disproportionately carrying this burden. Funding to
address the crisis (e.g., treatment, prevention, recovery) is often allocated on a population basis,
resulting in underfunding the places in greatest need. Importantly, high rates of substance misuse,
drug overdose, and their associated problems may repel the very community investments that
could potentially improve economic conditions and quality of life, thereby contributing to a cycle
of economic, social, and health decline.

National policy strategies cannot be assumed universally applicable. Counties are
embedded within state contexts that can constrain or enhance local efforts to address the opioid
and larger drug crisis. Understanding that certain combinations of socioeconomic factors and drug
markets place some counties at greater risk of high drug mortality rates than others, and that
similar risks are often shared by neighboring counties, could inform multijurisdictional and
regional responses for better resource targeting (Brown and Shucksmith 2017; McLaughlin et al.,

2007).
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Despite widespread media and political attention on drug overdoses (especially opioids), it
is important to recognize that smoking and obesity remain the largest contributors to premature
mortality, and combined rates from alcohol-induced deaths and suicides remain higher than the
rate for drug-induced deaths. Further, in the current national obsession with opioids, the
resurgence of methamphetamine has been largely marginalized or ignored altogether.
Methamphetamine has long ravaged rural communities that have remained relatively immune to
the opioid crisis, including in Iowa and Nebraska (Reding, 2009). Local reports suggest that
methamphetamine may be overtaking heroin as the predominant drug problem in some places
(Hernandez and Radnovich, 2018; Rezvani et al., 2018; Robles, 2018).

Moreover, it is unlikely than drugs, alcohol, and suicide exclusively capture ‘despair’-
related deaths. Heart disease, diabetes, stroke, and cancer have decidedly proximate behavioral
causes that may be related to distress, anxiety, despair, and weathering (e.g., poor diet, smoking,
lack of exercise) (Hummer, 2018). Future research should examine whether the factors that best
explain geographic variation in drug mortality are the same as those that explain geographic
variation in other types of preventable behavior-related mortality.

Finally, although this study focuses on non-Hispanic whites, overall declines in well-
being, health, and life expectancy in the U.S. over the past several years are not restricted to
whites. As Muennig et al. (2018) argue, drug mortality increases among whites follow from crack
and HIV epidemics among blacks, and both occurred within a context of already higher mortality
rates and declines in well-being among Americans overall relative to people living in other
wealthy post-industrial nations. In the current frenzy to get a tourniquet on the opioid epidemic,
we must not lose sight of other large contributors to premature mortality and other enduring and

emerging health crises among whites and nonwhites, alike.
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Table 1. Variables Included in Regression Analysis with Summary Statistics

Summary Statistics

Variable Mean/% SD Min  Max
Non-Hispanic white age-adjusted drug mortality rate, 2000-02 8.0 (6.8) 0.0 105.7
Non-Hispanic white age-adjusted drug mortality rate, 2014-16 23.5 (15.1) 0.0 138.4
Change in drug mortality rate, 200-02 to 2014-16 15.5 (13.9) -439 1384
Economic Distress Index Measures, 2000 0.0 (1.0) -3.1 5.2
Percent poverty 14.0 (6.3) 2.1 50.9
Ratio of state-to-county median household income 117.3 (23.2) 432 2419
Percent households receiving public assistance income 34 (1.8) 0.4 16.5
Percent w<4-year college degree 83.5 (7.8) 36.3  95.1
Percent not working 42.4 (7.5) 164 722
Percent with a work disability 12.3 (3.3) 3.7 25.9
Family Distress Index Measures, 2000 0.0 (1.0) 32 40
Percent single-parent families 11.3 (2.2) 3.7 21.2
Percent divorced/separated 26.1 (7.1) 5.5 63.0
ERS Labor Market Dependence, 2004 (%)
Farming 13.1
Mining 4.0
Manufacturing 29.5
Public (government) 11.8
Services 10.9
Non-specialized (reference) 30.6
Persistent population loss (1980 to 2000) (%) 18.8
Opioid prescriptions per 100 residents, 2009-2011 86.2 (49.8) 0.2 556.8
Opioid prescriptions per 100 residents, 2009-2011 (logged) 43 (0.7) -1.6 63
Average opioid prescriptions among neighboring counties, 2009-11 72.7 (269) 139 2304
Average opioid prescriptions among neighboring counties, 2009-11 (logged) 4.2 (0.4) 2.6 5.4
County located in ‘high fentanyl law enforcement encounter’ state (%) 16.6
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Percent non-Hispanic white, 2000 82.0 (18.0) 1.6 99.8
Percent veterans, 2000 13.9 (2.8) 33 33.2
Percent age 65+, 2000 14.8 (4.1) 1.8 34.7

County N=3,047; State N=49
SD=standard deviation
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Deaths per 100,000 population

51 52 53 54 55 sS6

Figure 1. Non-Hispanic White Drug Mortality Rates, 2000-02 and 2014-16

Note: Rates are age adjusted. Sextiles for both maps are based on 2014-16 sextile values. Specific values cannot be presented due to
NCHS data suppression requirements for counties with fewer than 10 deaths
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Table 2. Results from Multivariate Random Effects Regression on County-Level Non-Hispanic White Drug Mortality Rates, 2014-16

Model 1 Model 2 Model 3 Model 4
Predictor Est. S.E. Est. S.E. Est. S.E. Est. S.E.
Intercept 27.35 (1.26)  *** 28.46 (1.12) *** 26.60 (1.02) *** 26.16 (0.98) ***
Urban-Rural Continuum
(ref=Large metro)
Small metro -1.91 (0.84) * -3.46 (0.82) x** -2.80 (0.80) w** -3.12 (0.79) w**
Large nonmet, adjacent to met -2.25 (0.69)  ** -4.64 (0.71) **x* -4.19 (0.70) *** -4.11 (0.69) ***
Large nonmet, not adjacent to
met -2.40 (0.82)  ** -5.93 (0.83) *** -5.67 (0.82) *** -5.39 (0.81) ***
Rural -5.81 (0.88)  #** -8.33  (0.93) x*x* -6.88 (0.92) *** -6.22  (0.91) ***
Economic distress, 2000 3.69 (0.38) *** 2.75 (0.40) *** 2.70 (0.52) ***
Family distress, 2000 3.25 (0.38) **x* 245 (0.39) *x* 2.57 (0.39) ***
Economic dependence, 2004
(ref=non-specialized)
Farming -0.11 (0.89) 0.37 (0.87) -0.11 (0.87)
Mining 7.48 (1.24) *** 7.27 (1.21) *** 6.30 (1.21) ***
Manufacturing -1.37 (0.61) * -1.45 (0.60) * -1.29 (0.59) *
Public sector -1.83 (0.81) * -1.76 (0.79) * -1.70 (0.78) *
Services 3.95 (0.88) *** 339 (0.86) *** 3.34 (0.85) ***
Persistent population loss 2.29 (0.70) ** 2.12 (0.68) ** 2.16 (0.68) **
Opioid prescribing (logged) 2.09 (0.26) *** 2.62 (0.45) ***
Avg. opioid prescribing of
neighboring counties (logged) 2.37 (0.33) wx* 2.26 (0.32) ***
County located in ‘high fentanyl
law enforcement encounter’ state 6.89 (1.89) *** 6.83 (1.33) ***
Error Variance
County-Level Variance 163.74 (4.23) *** 146.63 (3.80) *** 141.83 (3.67) *** 136.82 (3.58) ***
State-Level Variance 61.43 (13.65) *** 38.96 (9.10) *** 22.82 (5.77) **x* 21.46 (5.73) ***
Economic Distress 411 (l.61) =**
Opioid Prescribing 348 (1.36) *
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Model Fit

AIC 24314.1 23885.1 23821.5 23760.8
BIC 24317.8 23900.7 23825.3 23774.1

County N=3,047; State N=49

S.E.=standard error; ***p<.001; **p<.01; *p<.05; two-tailed tests

Null model: county-level variance=168.40, state-level variance=66.3, intraclass correlation coefficient = 0.283

All models control for county age composition (2000), percent non-Hispanic white (2000), and percent veterans (2000). Economic
distress, family distress, opioid prescribing (logged), and average opioid prescribing of neighboring counties (logged) are standardized
to have a mean of 0 and standard deviation of 1. The coefficients for those variables represent the change in the mortality rate for a 1
standard deviation increase in the predictor variable.
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Table 3. Results from Multivariate Random Effects Regression on County-Level Non-Hispanic White Drug Mortality Rates (2014-

16), Stratified by Urban-Rural Continuum

Large nonmet,

Large nonmet,
not adjacent to

Large metro Small metro  adjacent to met met Rural
Est.(S.E.) Est.(S.E.) Est.(S.E.) Est.(S.E.) Est.(S.E.)
Intercept 27.47(1.23)*** 21.78(1.58) *** 22.10(1.19)*** 19.93(1.35)*** 18.83(1.69) ***
Economic distress, 2000 2.63(0.64)*** 1.38(1.22) 3.10(0.86) ***  5.02(1.05)*** 3.37(1.14) **
Family distress, 2000 2.60(0.62) *** 0.71(1.17) 1.92(0.81)* 1.30(0.96) 291(1.14) *
Economic dependence, 2004 (ref=non-
specialized)
Farming -2.28(2.66) 0.87(2.60) 4.30(1.92)* -1.76(2.04) -1.60(1.91)
Mining 0.70(3.76) 16.46(4.05) *** 12.11(2.35)*** 6.39(2.18)**  2.33(3.16)
Manufacturing -3.63(0.95)***  1.45(1.65) -1.08(1.07) -1.51(1.51) 0.30(2.17)
Public sector -3.15(1.28)* -0.91(1.90) -4.70(1.59)**  0.10(1.89) 2.82(2.74)
Services 2.43(1.09)* 4.78(2.14) * 5.02(2.14)* 3.55(2.31) 1.22(4.52)
Persistent population loss 4.31(1.68)* 4.74(2.19) * 1.39(1.31) 3.31(1.38)* 1.56(1.81)
Opioid prescribing (logged) 2.90(0.49)*** 2.15(0.65) **  1.77(0.53)*** 2.88(0.75)*** 1.57(0.62) *
Avg. opioid prescribing of neighboring
counties (logged) 2.70(0.62) ***  2.13(0.76) **  3.57(0.59)*** 1.81(0.71)* 1.62(0.92)
High fentanyl encounter state 8.85(2.28)*** 5.88(2.79) * 5.74(2.37)* 3.55(2.72) 3.29(2.85)

Error Variance

County-Level Variance
State-Level Variance

County N
State N

93.86 (4.90) *** 108.60(8.88) *** 131.17(6.80) *** 141.27(9.38) ***232.20 (14.26) ***

28.54(9.61) **
805
44

351
45

28.19(10.01)**

23.00(7.91) **
803
45

17.40(8.12) *
510
42

8.19(6.68)
578
40

S.E.=standard error; ***p<.001; **p<.01; *p<.05; two-tailed tests

All models control for county age composition (2000), percent non-Hispanic white (2000), and percent veterans (2000). Economic

distress, family distress, opioid prescribing (logged), and average opioid prescribing of neighboring counties (logged) are standardized
to have a mean of 0 and standard deviation of 1. The coefficients for those variables represent the change in the mortality rate for a 1
standard deviation increase in the predictor variable.
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Figure 2. Model-Adjusted Relationship between Economic Distress and Non-Hispanic White Drug Mortality Rates by Urban-Rural

Continuum
Note: Estimates hold all other variables constant
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Continuum
Note: Estimates hold all other variables constant
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Table 4. Results from Multivariate Random Effects Regression on County-Level Non-Hispanic White Drug Mortality Rates (2014-16) among
Nonmetro Counties Only, Stratified by Labor Market Dependence

Public
Sector Non-
Farming Mining  Manufacturing  Services (Gov.) Specialized
Est. (S.E.) Est.(S.E) Est. (S.E.) Est.(S.E.) Est.(S.E.) Est.(S.E)
Intercept 20.43%%% 23 45%** 19.38%** 26.27*%* 20.84%* 21.09%**
(1.63) (3.06) (1.05) (2.22) (1.86) (1.25)
Economic distress, 2000 -1.84 6.02%* 1.63 7.94%** 2.82 2.30%*
(1.79) (2.80) (1.15) (2.14) (1.64) (0.87)
Family distress, 2000 3.01%* -2.70 3.70%** 0.24 1.33 2.62%*
(1.23) (3.15) (1.05) (2.12) (1.69) (0.89)
Persistent population loss -2.30 5.37 1.94 18.23%** 2.25 1.18
(1.97) (4.06) (1.53) (5.13) (4.50) (1.31)
Opioid prescribing (logged) 0.71 4.57* 1.93%* 2.12 2.47%* 2.43%**
(0.66) (1.90) (0.66) (2.04) (1.19) (0.54)
Avg. opioid prescribing of neighboring counties (logged) 2.12 8.97** 2.07** 2.09 2.50 2.32%%**
(1.11) (2.94) (0.69) (1.38) (1.33) (0.70)
High fentanyl encounter state 2.77 -7.66 4.62% 4.57 0.63 8.27*
(8.14) (7.02) (2.19) (3.12) (4.50) (3.11)
Error Variance
County-Level Variance 187.4%**  280.81*%%* 139.46%** 132.66*%*  214.43%%*  ]2] 38***
(14.88) (44.33) (8.69) (20.23) (24.39) (7.56)
State-Level Variance 12.14 21.63 13.07* 0.00 33.17* 34.87**
(10.80) (33.50) (6.68) (0.00) (19.38) (13.70)
N 357 106 555 96 194 583

S.E.=standard error;
*¥*p<.001; **p<.01; *p<.05; two-tailed tests

All models control for county age composition (2000), percent non-Hispanic white (2000), and percent veterans (2000). Economic distress, family
distress, opioid prescribing (logged), and average opioid prescribing of neighboring counties (logged) are standardized to have a mean of 0 and
standard deviation of 1. The coefficients for those variables represent the change in the mortality rate for a 1 standard deviation increase in the

predictor variable.
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APPENDIX A

Table Al. ICD-10 codes identified as drug-related

Category

ICD-10 code

Poisoning due to drugs (accidental, intentional, underdetermined
intent)

X40-X44, X60-64, Y10-Y14

Drug-induced diseases

D52.1, D59.0, D59.2, D61.1, D64.2, E06.4, E16.0, E23.1,
E24.2, E27.3, E66.1, G21.1, G24.0, G25.1, G25.4, G25.6,
G44.4, G62.0, G72.0,195.2, J70.2-J70.4, K85.3, L10.5, L27.0,
L27.1,M10.2, M32.0, M80.4, M81.4, M83.5, M87.1, R50.2

Finding of drugs in the blood

R78.1-R78.5

Mental and behavioral disorders due to drugs

F11.0-F11.5,F11.7-F11.9, F12.0-F12.5, F12.7-F12.9, F13.0-
F13.5,F13.7-F13.9, F14.0-F14.5, F14.7-F14.9, F15.0-F15.5,
F15.7-F15.9, F16.0-F16.5, F16.7-F16.9, F18.0-F18.5, F18.7-
F18.9, F19.0-F19.5, F19.7-F19.9
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Table A2. Variables Included in Regression Analysis with Summary Statistics, by Urban-Rural Continuum

Large Metro

N=805

Variable
Non-Hispanic white age-adjusted drug mortality rate, 2000-02
Non-Hispanic white age-adjusted drug mortality rate, 2014-16
Change in drug mortality rate, 200-02 to 2014-16
Economic Distress Index Measures, 2000
Percent poverty
Ratio of state-to-county median household income
Percent households receiving public assistance income
Percent w<4-year college degree
Percent not working
Percent with a work disability
Family Distress Index Measures, 2000
Percent single-parent families
Percent divorced/separated
ERS Labor Market Dependence, 2004 (%)
Farming
Mining
Manufacturing
Public (government)
Services
Non-specialized (reference)
Persistent population loss (1980 to 2000) (%)
Opioid prescriptions per 100 residents, 2009-2011
Average opioid prescriptions among neighboring counties, 2009-11

Mean/% SD

9.3(5.8)
26.7(13.1)
17.3(11.5)
-0.6(0.9)
11.0(5.3)
99.2(19.9)

2.9(1.5)
78.9(9.7)
38.5(6.5)
11.7(2.8)

0.1(0.9)
11.7(1.9)
26.2(7.4)

2.0
1.0

30.7

12.2

23.6

31.2
5.5

84.8 (40.8)

73.1(22.7)
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Large Large
Nonmet, Nonmet, Not
Adjacentto  Adjacent to
Small Metro Metro Metro Rural
N=351 N=803 N=510 N=578
Mean/% SD  Mean/%SD  Mean/%SD  Mean/% SD
7.9(5.2) 8.0(6.0) 8.2(7.6) 6.0(8.6)
23.8(13.8) 24.2(14.6) 22.6(15.3) 18.5(17.3)
15.9(13.0) 16.3(13.9) 14.5(13.3) 12.5(17.0)
-0.2(0.8) 0.2(0.8) 0.2(1.0) 0.4(1.0)
13.5(5.2) 14.9(6.1) 15.5(6.5) 16.0(6.6)
112.4(18.1) 122.5(18.9) 125.2(20.8) 131.2(21.6)
3.2(1.4) 3.6(1.6) 3.8(1.9) 3.5(2.2)
81.7(8.1) 86.1(5.5) 84.4(6.5) 86.5(4.8)
41.0(6.9) 44.0(6.7) 43.8(7.9) 45.3(7.4)
11.7(3.2) 12.9(3.1) 12.4(3.4) 12.4(3.8)
0.1(0.9) 0.2(0.9) 0.0(0.9) -0.5(1.1)
11.6(2.2) 11.6(2.0) 11.3(2.2) 10.2(2.6)
27.0(6.0) 27.5(6.5) 26.5(6.8) 23.1(7.5)
7.7 6.4 10.8 43.4
2.3 3.7 8.8 5.4
29.1 43.1 24.9 14.2
19.7 10.8 12.5 7.4
13.1 4.9 8.4 2.4
28.2 31.1 34.5 27.2
9.7 13.9 28.4 41.0
90.4(50.0) 94.0(48.7) 100.3(57.6) 62.2(46.7)
72.6(26.0) 73.7(25.5) 71.2(30.4) 71.8(30.9)



County in ‘high fentanyl law enforcement encounter’ state (%) 24.6 154 15.9 11.6 11.8

Percent Non-Hispanic white, 2000 785 (17.9) 825  (152)81.2  (19.0)82.7  (18.5)87.1  (16.9)
Percent veterans, 2000 137 (7)) 141  (28) 139 (27) 137 (2.9) 143  (2.9)
Percent age 65+, 2000 122 (34) 136 (3.7 150 (2.9) 155 (3.7) 182 (4.2)

County N=3,047; State N=49
SD=standard deviation
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APPENDIX B

RUCC 1 RUCC2 RUCC3 RUCC4 RUCCS RUCC6 RUCC7 RUCC8 RUCC9
m2000-02 m2014-16
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Figure B1. Average County Non-Hispanic White Drug Mortality Rates in 2000-02 and 2014-16, by the 9-Category Rural-Urban

Continuum Code
Note: error bars represent 95% confidence intervals
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Appendix C: Models Assessing Change in Drug Mortality Rates, 2000-02 to 2014-16

Table C1. Results from Multivariate Random Effects Regression on Change (Logged) in County-Level Non-Hispanic White Drug
Mortality Rates, 2000-02 to 2014-16

Model 1 Model 2 Model 3 Model 4
Estimate (S.E.) Estimate (S.E.) Estimate (S.E.) Estimate (S.E.)
Intercept 4.77 (0.01)  **x* 478 (0.01)  **x* 476 (0.01)  **x* 476 (0.01)  ***
Non-Hispanic white drug
mortality rate, 2000-02 -2.66 (0.20)  *** -3.55 (0.21)  **x -3.79 (0.20)  *** -3.97 (0.21) ***
Urban-Rural Continuum (ref=Large metro)
Small metro -1.20 (0.67) -2.30 (0.66)  *** -1.86 (0.65) ** -2.10 (0.65) **
Large nonmet, adjacent to
met -1.43  (0.55) ** -3.07 (0.58)  *** -2.78 (0.57)  *** -2.85 (0.56)  H**
Large nonmet, not adjacent
to met -1.64 (0.65) * -4.04 (0.67) *** -3.88 (0.67) *** -3.83 (0.66)  ***
Rural -4.02 (0.70)  *** -5.86 (0.76)  *** -4.95 (0.75) *** -4.73 (0.75)  H**
Economic distress, 2000 2.24 (0.31)  *** 1.55 (0.33)  H** 1.65 (0.39)  H**
Family distress, 2000 2.38 (0.31)  wxx 1.85 (0.31)  *** 1.90 (0.32) ***
Economic dependence, 2004 (ref=non-specialized)
Farming -0.43 (0.72) -0.10 (0.71) -0.34 (0.70)
Mining 5.59 (1.00)  F*x* 548 (0.98) 5.00 (0.99) kx*
Manufacturing -1.25 (0.50) * -1.32 (0.49) ** -1.16 (0.48) *
Public sector -1.54 (0.65) * -1.48 (0.64) ** -1.41 (0.64) *
Services 244 (0.71)  xxx* 2.09 (0.70) ** 2.09 (0.69) **
Persistent population loss 1.63 (0.56) ** 1.53 (0.55) ** 1.53 (0.55) **
Opioid prescribing (logged) 1.46 (0.21)  #** 1.77 (0.32)  ***
Avg. opioid prescribing of
neighboring counties
(logged) 1.92 (0.27) *** 1.83 (0.26) ***
High fentanyl encounter
state 572 (1.43) *** 5.65 (1.11) ***

Error Variance
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0.0103 0.0003 ***
0.0030 0.0007  ***

County-Level Variance
State-Level Variance
Economic Distress

Opioid Prescribing

Model Fit

AIC -5081.3
BIC -5077.6

0.0095
0.0022

-5259.2
-5255.4

0.0002
0.0005

skeksk

kksk

0.0090 0.0002
0.0010 0.0003

-5340.7
-5336.9

skeksk

KKk

0.0091
0.0012
0.00
0.00

-5368.9
-5355.7

0.0002 ***
0.0003 ***
(0.00) *
(0.00) *

County N=3,047; State N=49

SE=standard error; ***p<.001; **p<.01; *p<.05; two-tailed tests
Multilevel models; All models control for county age composition (2000), percent non-Hispanic white (2000), and percent veterans
(2000). The dependent variable (absolute change in the drug mortality rate) is logged; coefficients represent the percentage change in
the absolute rate between 2000-02 and 2014-16. Non-Hispanic White drug mortality rate for 2000-02, economic distress, family
distress, opioid prescribing (logged), and average opioid prescribing of neighboring counties (logged) are standardized to have a mean
of 0 and standard deviation of 1. The coefficients for those variables represent the percentage change in the mortality rate for a 1

standard deviation increase in the predictor variable.
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Table C2. Results from Multivariate Random Effects Regression on Change (Logged) in County-Level Non-Hispanic White Drug Mortality Rates (2000-02 to
2014-16) by Urban-Rural Continuum

Large nonmet, Large nonmet, not
Large metro Small metro adjacent to met adjacent to met Rural
Est. (S.E) Est. (S.E) Est. (S.E) Est. (S.E) Est. (S.E)

Intercept 4.77 (0.01)  *** 4.73 (0.01)  *** 4.73 (0.01) *** 4.72 (0.01)  **x* 4.71 (0.01) ***
Non-Hispanic white drug
mortality rate, 2000-02 -1.40 (0.39)  *** -4.17 (0.76)  *** 412 (0.43) F** -291 (0.45) **x* -4.84 (0.45) H*x*
Economic distress, 2000 1.48 (0.49) ** 0.79 (0.99) 1.66 (0.71) * 3.04 (0.85)  x** 1.99 (0.95) *
Family distress, 2000 0.84 (0.49) 041 (0.95) 1.52 (0.66) * 1.18 (0.76) 2.68 (0.93) **
Economic dependence, 2004 (ref=non-specialized)

Farming -3.45 (2.03) 0.50 (2.11) 357 (.57 % -1.54  (1.63) -2.05  (1.55)

Mining 1.34 (2.86) 12.05 (3.27)  *** 9.06 (1.93) *** 441 (1.75) * 1.98 (2.58)

Manufacturing -2.43  (0.72)  wE* 1.26 (1.33) -1.24  (0.87) -1.44  (1.21) -0.01  (1.77)

Public sector -2.29 (097) * -0.59 (1.54) -3.75  (1.30)  ** -0.15  (1.52) 213 (2.24)

Services 0.65 (0.84) 354 (1.74) * 3.13  (1.75) 223 (1.85) 0.50 (3.70)
Persistent population loss 3.76  (1.28) ** 3,55 (1.77) * 1.17  (1.07) 2.52 (1.10) * 1.02  (1.47)
Opioid prescribing (logged) 1.82 (0.38)  *** 1.68 (0.53)  ** 1.36  (0.43) ** 1.75 (0.61) ** 1.05 (0.51) *
Avg. opioid prescribing of
neighboring counties (logged) 1.98 (0.48)  *** 1.59 (0.62) * 2.99 (0.48) F** 1.24 (0.56) * 1.42 (0.75)
High fentanyl encounter state 6.95 (1.79) *** 494 (227) * 491 (1.82) ** 3.49 (2.00) 2.89 (2.18)
Error Variance
County-Level Variance 0.0054(0.0003)*** 0.0070(0.0006)*** 0.0090(0.0005)*** 0.0090(0.0006)*** 0.0156(0.0001)***
State-Level Variance 0.0018(0.0006)** 0.0019(0.0007)** 0.0013(0.0005)** 0.0008(0.0004)* 0.0003(0.0004)

County N=3,047; State N=49

SE=standard error; ***p<.001; **p<.01; *p<.05; two-tailed tests

Multilevel models; All models control for county age composition (2000), percent non-Hispanic white (2000), and percent veterans (2000). The dependent
variable (absolute change in the drug mortality rate) is logged; coefficients represent the percentage change in the absolute rate between 2000-02 and 2014-16.
Non-Hispanic White drug mortality rate for 2000-02, economic distress, family distress, opioid prescribing (logged), and average opioid prescribing of
neighboring counties (logged) are standardized to have a mean of 0 and standard deviation of 1. The coefficients for those variables represent the percentage
change in the mortality rate for a 1 standard deviation increase in the predictor variable.

58



Table C3. Results from Multivariate Random Effects Regression on Change (Logged) in County-Level Non-Hispanic White Drug Mortality Rates (2000-02 to
2014-16) among Nonmetro Counties Only, Stratified by Labor Market Dependence

Public Non-
Farming Mining Manufacturing Services Sector Specialized
Est. (S.E.)  Est.(S.E.) Est. (S.E.) Est. (S.E)  Est.(S.E) Est. (S.E.)
Intercept 4.72%** 4.75%** 4.71%** 4.76%** 4.72%** 4.73%**
(0.14) (0.02) (0.01) (0.02) (0.01) (0.01)
Non-Hispanic white drug mortality rate, 2000-02 -5.65 -2.34% -4.28%%* -3.10%* -2.66%* -4.206%%*
(0.53) (0.95) (0.54) (1.12) (0.89) (0.47)
Economic distress, 2000 -1.90 3.07 .87 5.779%* 1.22 1.02
(1.54) (2.12) (0.95) (1.68) (1.25) (0.75)
Family distress, 2000 2.99%%* -1.26 2.51** -0.66 1.29 2.45%%*
(1.06) (2.34) (0.89) (1.70) (1.26) (0.74)
Persistent population loss -2.03 1.79 1.86 14.28%**%* 2.94 .83
(1.69) (3.08) (0.13) (4.02) (3.38) (1.09)
Opioid prescribing (logged) 518 2.55 1.43%%* 1.17 1.20 1.85%**
(0.56) (1.46) (0.55) (1.64) (0.92) (0.46)
Avg. opioid prescribing of neighboring counties (logged) 1.71 6.53%* 1.86%* 1.45 1.79 2.04%**
(0.94) (2.20) (0.57) (1.08) (1.01) (0.59)
High fentanyl encounter state 2.53 -3.74 3.80% 4.27 .94 7.17*%*
(7.01) (5.11) (1.72) (2.45) (3.35) (2.38)
Error Variance
County-Level Variance 01 3% 016%** L010%** L008*** Q] 2%** 008***
(0.001) (0.003) (0.001) (0.001) (0.001) (0.001)
State-Level Variance .001 .001 .001* 0.00 .002* .002%*
(0.001) (0.002) (0.000) (0.000) (0.001) (0.001)
N 357 106 555 96 194 583

SE=standard error; ***p<.001; **p<.01; *p<.05; two-tailed tests

Multilevel models; All models control for county age composition (2000), percent non-Hispanic white (2000), and percent veterans (2000). The dependent
variable (absolute change in the drug mortality rate) is logged; coefficients represent the percentage change in the absolute rate between 2000-02 and 2014-16.
Non-Hispanic white drug mortality rate for 2000-02, economic distress, family distress, opioid prescribing (logged), and average opioid prescribing of
neighboring counties (logged) are standardized to have a mean of 0 and standard deviation of 1. The coefficients for those variables represent the percentage
change in the mortality rate for a 1 standard deviation increase in the predictor variable.
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APPENDIX D: Spatial Analysis

Results from the spatial models are presented in Tables D1-D8. All variables from the
main multilevel models presented in the main text, with the exception of fentanyl exposure (a
state-level variable), are included in these models. Fentanyl exposure is excluded because, to my
knowledge, simultaneous random intercept and spatial models are not possible. All models
control for county age composition (2000), percent non-Hispanic white (2000), and percent
veterans (2000).

Model 1 includes a spatial lag for the dependent variable (NH white drug mortality rate,
2014-16), specified as:

Ymort = BO + Bka + BZW}’mort +te,

where ymort is the predicted county drug mortality rate, Po is the intercept, Bkxk is a vector of
county-level independent variables, B2Wymort is the spillover effect of the drug mortality rate
from neighboring counties (W represents the spatial weighting matrix), and ¢ is the residual.

Model 2 introduces spatial lags for two of the independent variables (economic distress
and opioid prescribing), specified as:

Ymort = BO + Bka + B2W}’mort + BS’WXecon + B4Wer te,

where ymort is the predicted county drug mortality rate, Po is the intercept, Bkxk is a vector of
county-level independent variables, B2Wymort is the spillover effect of the drug mortality rate
from neighboring counties, f3Wxecon is the spillover effect of economic distress from neighboring
counties, B4Wxx is the spillover effect of opioid prescribing from neighboring counties, and € is
the residual.

Model 3 introduces a spatially autoregressive error term (errors from neighboring
counties), specified as:

Ymort = BO + Bka + BZW}’mort + B3WXecon + B4Wer + (I - pW)718 ,

where the betas remain the same as above, and (I — pW) e represents the spatial lag of the error
Table D1 presents the results from the spatial regression models predicting non-Hispanic
white drug mortality rates for 2014-16. Here I discuss the results of the fully-specified model
(Model 3). Findings are very similar to the fully-specified model from the main analysis
presented in the main text (random effects model). Net of controls, drug mortality rates are
precipitously lower as we move from the most urban to the most rural counties. Economic
distress, family distress, persistent population loss, opioid prescribing, and labor market
dependence on the service or mining sectors are associated with significantly higher drug
mortality rates. Dependence on manufacturing is associated with significantly lower mortality
rates. The significant positive spatial lag for the dependent variable (Wymort) indicates that there
is positive spillover effects across counties; counties with higher drug mortality rates contribute
to higher drug mortality rates among their neighbors. The positive spatial lag for prescribing
(Wxix)likewise indicates that there are prescribing spillover effects across counties; not only are
within-county prescribing rates associated with higher mortality rates within that county, but
counties surrounded by others with high prescribing rates also experience an indirect effect of
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higher mortality rates from the spillover from their neighboring counties. This implies opioid
diversion across counties. Conversely, the negative spatial lag for economic distress (WXecon)
suggests that, net of one’s own level of economic distress, a county surrounded by more
economically distressed counties has lower drug mortality rates. The direct effect of economic
distress is still positive and significant; counties with more economic distress have higher drug
mortality rates. The spatial error (I — pW) e is significant, but small (0.25)), suggesting that
drug mortality rates are positively affected, though only slightly so, by the error from
neighboring counties, implying potential omitted variables.

Margins (direct, indirect, and total effects) for all three models are presented in Tables
D2-D4. The direct effects are the effects of the predictor variable within the county, ignoring
spillover effects. For example, in Table D4 (margins corresponding to Model 3 in table D1), the
direct effect of a one standard deviation increase in opioid prescribing within the average county
is an increase of 2.38 deaths per 100,000 population. The indirect effect is the spillover effect
from all the spatial lags included in the model (in this case, the lag of the DV, economic distress,
and opioid prescribing). An increase in opioid prescribing increases the drug mortality rate, and
that increase spills over to further increase drug mortality rates in neighboring counties. The
result for opioid prescribing spillover is an additional average increase of 4.92 deaths per
100,000 population.

Results from the spatial regression models that include state fixed effects are presented in
Table D5. Model margins (direct, indirect, and total effects) are shown in Tables D6-D8.
Although the magnitude of the coefficients for the independent variables differ slightly, the
overall conclusions remain the same as with the model without state fixed effects. The effects of
the spatial lags for the dependent variable, economic distress, and opioid prescribing also remain
similar as those in the models without state fixed effects. However, with the addition of state
fixed effects, the spatial error term is no longer significant (Table D5, Model 3), suggesting that
the omitted variable(s) (spatial lag of the error, (I-pW)"'¢) implied in the models without state
fixed effects (Table D1, Model 3) may be at the state level. Accordingly, state-level effects are
important to account for when attempting to predict spatial variation in drug mortality rates.

Ultimately, the results from these spatial models are nearly identical to those from the
multilevel models (MLMs) presented in the main text. The main exception is that labor market
dependence on the public sector (government employment) was associated with significantly
lower drug mortality rates in the MLMs but was not significant in the spatial models. However,
even in the MLMs, the coefficient was small (a reduction of 1.70 deaths per 100,000 population
in public sector vs. non-specialized counties).
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Table D1. Results from Spatial Regression Models Predicting Non-Hispanic White Drug Mortality Rates, 2014-16

Model 1 Model 2 Model 3
Est. S.E. Est. S.E. Est. S.E.

Intercept 18.55 (0.98) **x 19.31 (1.06) *%** 19.48 (1.05) **x
Urban-Rural Continuum (ref=Large metro)

Small metro -3.10  (0.72) = -242  (0.71) ** -2.05 (0.72) **

Large nonmet, adjacent to met -4.59 (0.65) *x¥x -4.08 (0.65) **x* -3.73  (0.65) x¥x

Large nonmet, not adjacent to met -5.95 (0.78) ok -4.85 (0.78) xxx -4.29 (0.82) *xx

Rural -6.57 (1.02) %% -6.20  (1.02) -5.69  (1.03) sk
Economic distress, 2000 3.45 (0.43) kxx 4.19 (0.54) *x= 3.95 (0.53) x*x
Family distress, 2000 2.57 (0.44) #** 2.29 (0.44) == 2.58 (0.46)
Economic dependence, 2004 (ref=non-specialized)

Services 424 (0.81) xx*x* 4.17 (0.80) k*x 3.92 (0.80) kxx

Public sector -0.77 (0.80) -0.54 (0.81) -0.52 (0.81)

Manufacturing -0.80 (0.52) -1.29 (0.52) = -1.20 (0.52) =

Mining 7.11  (1.69) **x* 7.52  (1.67) *x*x 6.45 (1.70) ***

Farming -0.28 (0.92) -0.49 (0.92) -0.32  (0.96)
Persistent population loss 1.80 (0.76) = 2.07 (0.75) =** 1.98 (0.77) =
Opioid prescribing (logged) 2.22 (0.30) #xx 221 (0.31) == 2.18 (0.31) #**
Spatial lag of drug mortality rate (Wyumort) 0.39 (0.03) *x*x 0.33 (0.04) *** 0.31 (0.04) ==
Spatial lag of economic distress (WXecon) -2.79 (0.59) *x* -2.61 (0.60) *%x
Spatial lag of opioid prescribing (Wxux) 3.51 (0.58) *** 3.50 (0.61) *x*x
Spatial error (I-pW)'e 0.25 (0.05) **x*
Pseudo R? 0.2673 0.2908 0.2864

SE=standard error; ***p<.001; **p<.01; *p<.05; two-tailed tests
All models control for county age composition (2000), percent non-Hispanic white (2000), and percent veterans (2000). Economic distress, family
distress, and opioid prescribing (logged) are standardized to have a mean of 0 and standard deviation of 1.

Model 1: includes spatial lag of the dependent variable
Model 2: includes spatial lag of the dependent variable and spatial lags for economic distress and opioid prescribing
Model 3: includes spatial lag of the dependent variable, spatial lags for economic distress and opioid prescribing, and a spatially autoregressive
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Table D2. Margins from Spatial Lag of DV Model (Model 1 in Table D1)

Direct Effect Indirect Effect Total Effect
Est. S.E. Est. S.E. Est. S.E.

Urban-Rural Continuum (ref=Large metro)

Small metro -3.17  (0.73)  x** -1.57 (0.38) x*x* -4.73  (1.08) #k*

Large nonmet, adjacent to met 470 (0.66) *** <232 (0.40) #*=x -7.02  (0.98) x*x

Large nonmet, not adjacent to met -6.09 (0.79) #xx -3.01  (0.47) xxx 9.11  (1.15)  *#x

Rural -6.72  (1.03) % -3.32 (0.59) Hxx -10.04  (1.51)
Economic distress, 2000 3.53 (0.43) kxx 1.75 (0.27) 5.28 (0.63) kxx
Family distress, 2000 2.63 (0.45) #*x 1.30  (0.27) #*x* 3.92 (0.68) H*x
Economic dependence, 2004 (ref=non-
specialized)

Services 4.34 (0.82) kxx* 2.15 (0.48) % 6.49 (1.24) #*=

Public sector -0.79 (0.82) -0.39 (0.41) -1.18  (1.22)

Manufacturing -0.81 (0.53) -0.40 (0.27) -1.22 (0.80)

Mining 727 (1.72) xxx 3.59 (0.92) kxx 10.87 (2.56) x:x

Farming -0.29 (0.95) -0.14 (0.47) -0.43  (1.41)
Persistent population loss 1.84 (0.78) = 091 (0.40) = 275 (1.17) =*
Opioid prescribing (logged) 227 (0.31) #kx 1.12 (0.19) == 3.40 (0.46) H*x

SE=standard error; ***p<.001; **p<.01; *p<.05; two-tailed tests
All models control for county age composition (2000), percent non-Hispanic white (2000), and percent veterans (2000). Economic distress, family
distress, and opioid prescribing (logged) are standardized to have a mean of 0 and standard deviation of 1.
Direct effect: effect of the change within the county, ignoring spillover effects

Indirect effect: spillover effect
Total effect: sum of the direct and indirect effects
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Table D3. Margins from Spatial Lag of DV & Spatial Lag of IVs Model (Model 2 in Table D1)

Direct Effect Indirect Effect Total Effect
Est. S.E. Est. S.E. Est. S.E.
Urban-Rural Continuum (ref=Large
metro)
Small metro 246 (0.72) ** -0.96 (0.31) *=* -3.42  (1.00) *=*
Large nonmet, adjacent to met -4.15 (0.65) *%*x* -1.62  (0.35) x*x* -5.78  (0.92) x*x
Large nonmet, not adjacent to met -4.93  (0.79) Hxx -1.93  (0.40) **xx -6.86 (1.09) **x
Rural -6.30 (1.03) Hxx 246 (0.49) wwx -8.77 (1.40) *#x
Economic distress, 2000 412 (0.53) #x*x -1.68  (0.61) *=* 244 (0.66) ***
Family distress, 2000 233 (0.45) k== 091 (0.23) #*x 324 (0.64) **x
Economic dependence, 2004 (ref=non-
specialized)
Services 424 (0.81) #x** 1.66 (0.41) *x*x* 5.89 (1.15) #*x
Public sector -0.55 (0.82) -0.22  (0.32) -0.77 (1.14)
Manufacturing -1.31 (0.53) = -0.51 (0.22) = -1.83 (0.74) =*
Mining 7.64 (1.70) xxx 299 (0.78) kxx 10.63 (2.36) %
Farming -0.50 (0.94) -0.19 (0.36) -0.69 (1.30)
Persistent population loss 2.10 (0.77) ** 0.82 (0.33) = 293 (1.08) **
Opioid prescribing (logged) 2.42 (0.31) w*x 5.09 (0.59) xxx 7.51 (0.70) #*=*

SE=standard error; ***p<.001; **p<.01; *p<.05; two-tailed tests

All models control for county age composition (2000), percent non-Hispanic white (2000), and percent veterans (2000). Economic distress, family
distress, and opioid prescribing (logged) are standardized to have a mean of 0 and standard deviation of 1.

Direct effect: effect of the change within the county, ignoring spillover effects

Indirect effect: spillover effect

Total effect: sum of the direct and indirect effects
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Table D4. Margins from Spatial Lag of DV & Spatial Lag of Vs & Spatially Autoregressive Error Model (Model 3 in Table D1)

Direct Effect Indirect Effect Total Effect
Est. S.E. Est. S.E. Est. S.E.

Urban-Rural Continuum (ref=Large metro)

Small metro -2.08 (0.73) =*x -0.76  (0.29) ** -2.84 (1.00) #x*

Large nonmet, adjacent to met -3.79  (0.66)  H*x* -1.38  (0.32) k= -5.17 (0.91)  *xx

Large nonmet, not adjacent to met -4.35 (0.83) xxx -1.59  (0.37) xxx -5.93  (1.12)  *#x

Rural -5.78  (1.04)  #%x* 211 (0.46)  *xx -7.88 (1.38)
Economic distress, 2000 3.88 (0.53) xxx -1.61 (0.62) =* 2.28 (0.71) *x
Family distress, 2000 2.61 (0.47) =% 0.95 (0.24) #** 3.57 (0.66) **x*
Economic dependence, 2004 (ref=non-
specialized)

Services 3.98 (0.81) x*x 1.45 (0.39) #** 543 (1.14) #*=

Public sector -0.52  (0.82) -0.19 (0.30) -0.72 (1.12)

Manufacturing -1.22 (0.53) = -0.44 (0.20) = -1.66 (0.72) =*

Mining 6.54 (1.72) #*x 239 (0.70) ** 8.93 (2.33)

Farming -0.32 (0.97) -0.12  (0.35) -0.44  (1.33)
Persistent population loss 2.01 (0.78) =* 0.73 (0.32) = 2.75 (1.08) =*
Opioid prescribing (logged) 2.38 (0.31) #*x 492 (0.64) **x 7.30 (0.78) wxx

SE=standard error; ***p<.001; **p<.01; *p<.05; two-tailed tests

All models control for county age composition (2000), percent non-Hispanic white (2000), and percent veterans (2000). Economic distress, family
distress, and opioid prescribing (logged) are standardized to have a mean of 0 and standard deviation of 1.
Direct effect: effect of the change within the county, ignoring spillover effects

Indirect effect: spillover effect
Total effect: sum of the direct and indirect effects
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Table D5. Results from Spatial Regression Models (with State Fixed Effects) Predicting Non-Hispanic White Drug Mortality Rates, 2014-16

Model 1 Model 2 Model 3
Est. S.E. Est. S.E. Est. S.E.

Intercept 1637 (1.72)  #=x 1577 (1.68)  *xx 14.88 (1.76)  **x
Urban-Rural Continuum (ref=Large metro)

Small metro -2.53  (0.69) sk -1.92  (0.69) = -1.70  (0.69) =

Large nonmet, adjacent to met -4.17  (0.64) sk -3.75 (0.63) sk -3.54  (0.63) s

Large nonmet, not adjacent to met -522 (0.80) 420 (0.81)  ##x -3.80  (0.83)

Rural -6.12 (1.02)  *xx -5.55  (1.02)  #xx =520 (1.02) s
Economic distress, 2000 2.85 (0.44)  wwx 3.57 (0.51)  #wx 344  (0.51)  #x
Family distress, 2000 271 (0.45)  s*x 2.53  (0.45)  sxx 2.67 (0.46)  kxx
Economic dependence, 2004 (ref=non-
specialized)

Services 292 (0.81) s 297 (0.80) 291 (0.80) =

Public sector -1.58 (0.76) = -1.35  (0.76) -1.18  (0.76)

Manufacturing -1.20 (0.52) = -1.33 (0.52) = -1.22 (0.52) =

Mining 622 (1.67) #*x 6.42  (1.66)  s#x*x 581 (1.67)  #%x

Farming 0.70 (0.97)  #*x 0.60 (0.97) 0.60 (0.98)
Persistent population loss 1.97  (0.75)  *x 2,10 (0.74)  *x 205 (0.75)  #x
Opioid prescribing (logged) 1.88 (0.30) % 1.97 (0.30)  #*x 1.92  (0.30) %%
Spatial lag of drug mortality rate(W ymor) 027 (0.04) = 027 (0.04) = 030 (0.04)
Spatial lag of economic distress (WXecon) -2.55  (0.59)  wx 259 (0.60) sk
Spatial lag of opioid prescribing (Wxy) 1.99 (0.66)  *x 1.85 (0.67) ==
Spatial error (I-pW)'e 0.08  (0.06)
Pseudo R? 0.3784 0.3857 0.3824

SE=standard error; ***p<.001; **p<.01; *p<.05; two-tailed tests
All models control for state fixed effects, county age composition (2000), percent non-Hispanic white (2000), and percent veterans (2000). Economic distress,
family distress, and opioid prescribing (logged) are standardized to have a mean of 0 and standard deviation of 1.

Model 1: includes spatial lag of the dependent variable

Model 2: includes spatial lag of the dependent variable and spatial lags for economic distress and opioid prescribing
Model 3: includes spatial lag of the dependent variable, spatial lags for economic distress and opioid prescribing, and a spatially autoregressive error
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Table D6. Margins from Spatial Lag of DV Model with State Fixed Effects (Model 1 in Table D5)

Direct Effect Indirect Effect Total Effect
Est. S.E. Est. S.E. Est. S.E.

Urban-Rural Continuum (ref=Large metro)

Small metro -2.56 (0.69) w3k -0.78 (0.24) *ok -3.33  (0.90) ok

Large nonmet, adjacent to met -4.22 (0.64) *okk -1.28 (0.28) *oxk -5.50 (0.84) *okk

Large nonmet, not adjacent to met -5.27 (0.81)  xx -1.60  (0.34) ek -6.87 (1.04)  #*x

Rural -6.18 (1.03) *okk -1.87 (0.41) okok -8.06 (1.32) ok
Economic distress, 2000 2.88 (0.44) w3k 0.87 (0.19) ok 3.75 (0.57) ook
Family distress, 2000 2.74 (0.45) ok 0.83 (0.20) okok 3.57 (0.61) Hokok
Economic dependence, 2004 (ref=non-specialized)

Services 295 (0.81) ok 0.90 (0.29) ok 3.85 (1.07) ok

Public sector -1.60 (0.77) * -0.48 (0.24) * -2.08 (1.00) *

Manufacturing -1.22 (0.53) * -0.37 (0.17) * -1.59 (0.68) *

Mining 6.28 (1.69) ok 1.90 (0.58) ok 8.19 (2.19) ok

Farming 0.71 (0.98) 0.21 (0.30) 0.92 (1.28)
Persistent population loss 1.99 (0.75) *k 0.60 (0.25) * 2.59 (0.99) ok
Opioid prescribing (logged) 1.90 (0.30) ok 0.58 (0.13) okok 2.48 (0.40) ok

SE=standard error; ***p<.001; **p<.01; *p<.05; two-tailed tests

All models control for state fixed effects, county age composition (2000), percent non-Hispanic white (2000), and percent veterans (2000).
Economic distress, family distress, and opioid prescribing (logged) are standardized to have a mean of 0 and standard deviation of 1.
Direct effect: effect of the change within the county, ignoring spillover effects

Indirect effect: spillover effect

Total effect: sum of the direct and indirect effects
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Table D7. Margins from Spatial Lag of DV & Spatial Lag of Vs Model with State Fixed Effects (Model 2 in Table D5)

Direct Effect Indirect Effect Total Effect
Est. S.E. Est. S.E. Est. S.E.
Urban-Rural Continuum (ref=Large metro)
Small metro -1.94 (0.70) ** -0.58 (0.23) = -2.52 (0.91) *=
Large nonmet, adjacent to met -3.79  (0.64)  xxx -1.14  (0.28)  **x -4.93 (0.84) Hxx
Large nonmet, not adjacent to met -4.25 (0.82) ek -1.27  (0.32) sk -5.52 (1.06)  *xx
Rural -5.60 (1.02) #*x -1.68  (0.40) *x*x* -7.28  (1.31) s
Economic distress, 2000 3.50 (0.50) k®x -1.78 (0.60) *=* 1.73  (0.66) *=*
Family distress, 2000 2.56 (0.46) Hxx 0.77 (0.21) *%¥=* 333 (0.62)  #xx
Economic dependence, 2004 (ref=non-specialized)
Services 3.00 (0.81) *xx 0.90 (0.30) =** 390 (1.06) *xx*
Public sector -1.37 (0.77) -0.41 (0.24) -1.77 (0.99)
Manufacturing -1.34  (0.52) = -0.40 (0.17) = -1.74 (0.68) =*
Mining 648 (1.67) *xx 1.94 (0.59) *xx 843 (2.16) kxx
Farming 0.61 (0.98) 0.18 (0.30) 0.79 (1.27)
Persistent population loss 212 (0.75) ** 0.64 (0.25) = 276 (0.98) **
Opioid prescribing (logged) 2.06 (0.30) x®x* 2.83 (0.69) * 4.89 (0.82) #*x

SE=standard error; ***p<.001; **p<.01; *p<.05; two-tailed tests

All models control for state fixed effects, county age composition (2000), percent non-Hispanic white (2000), and percent veterans (2000).

Economic distress, family distress, and opioid prescribing (logged) are standardized to have a mean of 0 and standard deviation of 1.

Direct effect: effect of the change within the county, ignoring spillover effects
Indirect effect: spillover effect
Total effect: sum of the direct and indirect effects
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Table D8. Margins from Spatial Lag of DV & Spatial Lag of IVs & Spatially Autoregressive Error Model with State Fixed Effects (Model 3 in
Table D5)

Direct Effect Indirect Effect Total Effect
Est. S.E. Est. S.E. Est. S.E.
Urban-Rural Continuum (ref=Large metro)
Small metro -1.72 (0.70) * -0.59 (0.26) * -2.31 (0.94) =*
Large nonmet, adjacent to met -3.58 (0.64) xxx -1.22  (0.30) *x¥x -4.80 (0.87) *%x
Large nonmet, not adjacent to met -3.84 (0.84) Hxx -1.31  (0.34) 515 (1.12) e
Rural -5.27  (1.03)  #*x -1.79  (0.43)  *xx -7.06  (1.36) kx*
Economic distress, 2000 337 (0.50) #xx -1.80 (0.62) ** 1.57 (0.71) =*
Family distress, 2000 271 (0.46) *%*x* 0.92 (0.23) **x 3.63 (0.64) #*x
Economic dependence, 2004 (ref=non-specialized)
Services 295 (0.81) *x* 1.00 (0.33) == 3.95 (1.10)
Public sector -1.19 (0.77) -0.41 (0.27) -1.60 (1.03)
Manufacturing -1.24 (0.52) = -0.42 (0.19) = -1.66 (0.70) =*
Mining 5.89 (1.69) *xx 2.00 (0.64) **=x 7.89 (2.25) xxx*
Farming 0.61 (0.99) 0.21 (0.34) 0.82 (1.33)
Persistent population loss 2.08 (0.76) ** 0.71 (0.28) = 2.78 (1.02) **
Opioid prescribing (logged) 2.02 (0.31) kxx 2.80 (0.75) #xx 4.82 (0.89) =

SE=standard error; ***p<.001; **p<.01; *p<.05; two-tailed tests

All models control for state fixed effects, county age composition (2000), percent non-Hispanic white (2000), and percent veterans (2000).
Economic distress, family distress, and opioid prescribing (logged) are standardized to have a mean of 0 and standard deviation of 1.
Direct effect: effect of the change within the county, ignoring spillover effects

Indirect effect: spillover effect

Total effect: sum of the direct and indirect effects
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APPENDIX E: Supplemental Analyses

Table E1. Results from Multivariate Random Effects (Multilevel) Negative Binomial Models of Non-Hispanic White Drug Death Count, 2014-16

Urban-Rural Continuum (ref=Large

Model 1
IDR (95% CI)

Model 2
IDR (95% CI)

Model 3
IDR (95% CI)

Model 4
IDR (95% CI)

metro)

Small metro

Large nonmet, adjacent to met
Large nonmet, not adjacent to met

Rural

Economic distress, 2000

Family distress, 2000

Economic dependence, 2004 (ref=non-

specialized)

Farming
Mining
Manufacturing
Public sector
Services

Persistent population loss
Opioid prescribing (logged)
Avg. opioid prescribing of neighboring

counties

High fentanyl encounter state

Intercept
Random Effects
Random Intercept

Economic distress, 2000

Opioid prescribing
Model Fit

0.91%%* (0.86 to 0.96)
0.89%** (0.86 to 0.94)
0.89%** (0.84 to 0.94)
0.77%** (0.71 to 0.82)

-8.30 (0.05)***

0.108 (0.024)***

0.86*** (0.82 to 0.90)
0.83%%* (0.79 to 0.86)
0.78*** (0.74 to 0.83)
0.71%%* (0.66 to 0.76)
1.13%** (1.10 to 1.16)
1.20%** (1.17 to 1.23)

1.03 (0.95 to 1.12)
1.24%*%* (1.13 to 1.35)
0.96* (0.92 to 0.99)
0.89%%* (0.85 to 0.94)
1.12%%* (1,06 to 1.18)
1.08%* (1.03 to 1.14)

-8.28 (0.04)%**

0.069 (0.016)***
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0.87*** (0.83 t0 0.92)
0.84*** (0.81 to 0.88)
0.79%** (0.75 to 0.83)
0.76%** (0.71 to 0.82)
1.09%%* (0.106 to 1.12)
1.16%** (1.13 to 1.19)

1.06 (0.98 to 1.14)
1.21%%* (1.11 to 1.31)
0.96* (0.92 to 0.99)
0.90%** (0.85 to 0.95)
1.10%** (1.04 to 1.15)
1.06* (1.01 to 1.12)
1.10%** (1.08 to 1.13)

1.10%** (1.07 to 1.12)
1.30%* (1.11 to 1.51)
-8.36 (0.04)%**

0.040 (0.010)**

0.87*** (0.83 to 0.92)
0.84%** (0.81 to 0.88)
0.79%** (0.75 to 0.84)
0.77%** (0.72 to 0.83)
1.09%** (1.05 to 1.13)
1.16%** (1.13 to 1.19)

1.05 (0.97 to 1.14)
1.20%** (1.10 to 1.31)
0.96* (0.92 to 0.99)
0.91%** (0.86 to 0.95)
1.10%** (1.05 to 1.16)
1.07* (1.01 to 1.12)
LL11%** (1.08 to 1.14)

1.10%** (1.07 to 1.12)
1.29%* (1.12 to 1.50)
-8.36 (0.04)%**

0.037 (0.009)***
0.003 (0.001)%**
0.002 (0.002)



Neg 2 Res Log Likelihood 4497.68 4034.43 3931.82 3883.52

County N=3,047; State N=49

IDR=Incidence Density Ratio; CI=confidence interval

*¥**¥p<.001; **p<.01; *p<.05; two-tailed tests

Coefficients from these models are interpreted as the percentage change in the mortality rate for a one-unit change in the predictor. All models
control for county age composition (2000), percent non-Hispanic white (2000), and percent veterans (2000). Coefficients represent the percentage
difference in the drug mortality rate for a one-unit change in the predictor. Economic distress, family distress, opioid prescribing (logged), and
average opioid prescribing of neighboring counties (logged) are standardized to have a mean of 0 and standard deviation of 1. The coefficients for
those variables represent the percentage difference in the mortality rate for a 1 standard deviation change in the predictor variable.
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Appendix Table E2. Results from Multivariate Random Effects Regression on Overall County-Level Drug Mortality Rates, 2014-16

Est. S.E.

Intercept 23.66 (0.91) F*x*
Urban-Rural Continuum (ref=Large metro)

Small metro -2.39  (0.69)  Fx*

Large nonmet, adjacent to met -3.23  (0.61) H**

Large nonmet, not adjacent to met -4.61 (0.71) ***

Rural -496 (0.80) HF**
Economic distress, 2000 3.17 (0.48) *x*
Family distress, 2000 225 (0.34) xx*
Economic dependence, 2004 (ref=non-specialized)

Farming -1.81 (0.76) *

Mining 323 (1.07) **

Manufacturing -1.26 (0.52) *

Public sector -1.80 (0.69) **

Services 2.32 (0.75) **
Persistent population loss 1.52 (0.60) *
Opioid prescribing (logged) 241 (0.48) ***
Avg. opioid prescribing of neighboring counties (logged) 1.95 (0.29) ***
High fentanyl encounter state 597 (1.35) ***
Error Variance
County-Level Variance 104.64 (2.75) HF**
State-Level Variance 20.07 (5.03) HFx*
Economic Distress 3.66 (1.35) **
Opioid Prescribing 1.14 (1.20)

County N=3,047; State N=49

S.E.=standard error; ***p<.001; **p<.01; *p<.05; two-tailed tests

Multilevel model controls for county age composition (2000), percent non-Hispanic white (2000), and percent veterans (2000). Economic distress,
family distress, opioid prescribing (logged), and average opioid prescribing of neighboring counties (logged) are standardized to have a mean of 0
and standard deviation of 1. The coefficients for those variables represent the change in the mortality rate for a 1 standard deviation increase in the
predictor variable.
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