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ABSTRACT    Deaths from opioid use disorders (OUDs) have become a major issue in the 
United States, increasing at a faster pace in micropolitan (778 percent) and non-core (723 
percent) areas than in metropolitan ones (387 percent) since 1999. Our analysis identifies OUD 
mortality epidemics by opioid drug type at the county-level using latent profile analysis. We then 
run multinomial logistic regressions to model membership in OUD epidemic classes using 
socioeconomic correlates, disaggregated by metropolitan and non-metropolitan areas. We 
identify three distinct epidemics (prescription opioids, heroin, and prescription-synthetic mixes) 
and one syndemic involving all opioids. The opioid crisis took root in communities with a long 
history of opioid drug abuse. Over-prescribing increased prescription vulnerability in 
metropolitans, but in rural places it increased multiple-opioid risk. Work disability placed rural 
areas at greater risk to the prescription epidemic. Work in injury-prone industries increased 
opioid vulnerability. In metropolitans, an expanding blue-collar economy increased risk, 
especially syndemic risk. In micropolitan and rural communities, a contracting blue-collar sector 
created a combination of workplace injuries, economic distress, and opioid mortality resulting in 
“deaths of despair”. Prescription-related epidemics occurred in diverse communities, in Native 
American rural places and African-American micropolitans, but syndemic places were still 
majority white. 
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Introduction 

Over the last two decades, deaths from opioid use disorders (OUDs) have increased 

dramatically to become a major public health crisis in the United States (Rigg and Monnat 

2015b). The economic and social burdens of opioid addiction, dependence, and mortality are 

substantial. Two-thirds of all overdose deaths involve opioids, killing roughly 42,500 people in 

2016, or about 117 American each day (CDC 2017). Since the start of the opioid crisis in 1999 

over 354,000 people have died, an increase of 416 percent. Unlike previous drug epidemics, 

opioids have impacted smaller communities. Over the 1999-2016 period, overdose deaths from 

opioids have increased by a stunning 778 percent in micropolitan and 723 percent in rural (non-

core) counties. By contrast, in metropolitan areas deaths have only grown by 387 percent over 

the same period. Since 2005, the national rate of opioid-related inpatient hospital stays increased 

by 64 percent; and the rate of opioid-related emergency room visits increased by 99 percent 

(Weiss et al. 2016). Prescription OUDs alone are estimated to cost the nation $78.5 billion 

annually in health care, lost productivity, substance abuse treatment, and costs to the criminal 

justice system (Florence et al. 2016). The opioid epidemic also places heavy burdens on local 

police and emergency personnel, the courts and corrections system, and social services agencies 

(Lurie 2017; Whalen 2016).  

The crisis has rapidly evolved from a prescription problem to one involving a myriad of 

opioid substances (CDC 2018, 2019; Scholl et al. 2019). In this sense, the opioid crisis is like the 

multiple-headed Hydra of ancient Greek mythology, with lethal heads named prescription, 

heroin, synthetic, and combinations of the three. Also like the creature of myth, as communities 

sever one head of the opioid problem, a new drug appears to take its place. For example, 

regulation of prescription opioids in many states has not slowed the crisis, as heroin and 
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synthetic opioids from abroad have rapidly filled the void (DEA 2018; Monnat 2018b). Although 

the opioid crisis is covered extensively in the media and popular press, rigorous academic 

research on the causes and consequences of the crisis is still emerging (Monnat 2018b; Monnat 

and Rigg 2016; Rigg, Monnat, and Chavez 2018). There are several questions left unanswered 

that limit our understanding of this public health issue, and hence limits community and policy 

responses to it. Is there a single opioid epidemic or a series of multiple epidemics based on the 

type of opioid? Is community vulnerability to opioids driven by risk factors like persistent drug 

usage, over-prescribing, and disability; or by economic restructuring that has resulted in job 

losses, poverty, and general community decline? Are prescription places different from ones 

where heroin and synthetics dominate? Are there differences across rural and urban contexts?  

To address these questions, our exploratory analysis has four research objectives. First, 

we document trends in mortality by opioid type across the rural-urban continuum. Second, we 

identify opioid mortality epidemics (termed classes) at the county-level over time by applying 

latent profile analysis to opioid-specific death rates. Third, we describe the socioeconomic 

correlates of opioid vulnerability by predicting membership in epidemic classes using 

multinomial logistic regressions. Fourth, we compare these correlates in metropolitan and non-

metropolitan places to see if the opioid problem manifests itself differently across contexts. The 

present analysis contributes to the rural health and community development literatures in several 

ways. The future economic and social development potential of many smaller communities 

depends on effective place-based responses to this crisis, leading many state and local officials to 

see opioid abuse as the most pressing problem in rural America (Haegerich et al. 2014; Haffajee, 

Anupam, and Weinder 2015; NGA 2016). High rates of addiction and its associated problems 

repel investments with the potential to improve rural economies and quality of life, thereby 
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contributing to rural economic and social decline. The public health burden falls more heavily on 

rural residents and communities, as they have limited resources to respond to drug crises. 

Evidence shows that drug addiction epidemics undermine the social and economic vitality of a 

community, the same vitality that is key to preventing drug epidemics, leading the community 

into a downward spiral (Rigg and Monnat 2015a; Weisburd et al. 2016). Lastly, while there is 

widespread speculation that trends in rural economic decline are implicated in and affected by 

the surge of the opioid crisis, empirical research remains far too limited to inform policy and 

guide community development (Peters et al. 2015; Rigg et al 2018; Yang, Jensen, and Haron 

2011; Yang and Jensen 2015).  

Previous Research and Conceptual Approach 

Opioid Crisis in the U.S. 

Findings from opioid research in the United States are mixed on whether opioid use 

disorder (OUD) death rates are higher in rural or urban areas. Some national studies find higher 

rates in rural areas (Cicero et al. 2007; Monnat and Rigg 2016; Paulozzi and Xi 2008), while 

others find higher rates in urban areas or no significant difference (Rigg and Monnat 2015a, 

2015b; Spencer et al. 2018). Some of this divergence depends on whether the focus is on 

prescription pain relievers or heroin. Prescription opioid mortality rates are higher in rural versus 

metropolitan areas, while heroin mortality is lower but increasing quickly (CDC 2018; Ruhm 

2017). Recent data show that rates of opioid-related hospital use and emergency room visits are 

lower in rural than in urban areas (AHRQ 2017). Moreover, OUD rates are higher among 

specific vulnerable rural populations, including youth, Native Americans, those with disabilities, 

and workers in manual labor occupations (Rigg and Monnat 2015a, 2015b; Scholl et al. 2019).  
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Literature on the opioid epidemic points to both compositional and contextual features of 

communities that are likely to be associated with spatial variation in negative opioid-related 

outcomes. Composition risk factors that likely contribute to greater opioid hazard include 

poverty, unemployment, poor health, disability and chronic pain, and lower educational 

attainment (Glasgow 2000; Hoffman, Meier, and Council 2002; Paulozzi and Annest 2007). This 

work also finds that larger shares of certain demographic groups contribute to opioid risk, such 

as the elderly, military veterans, and Native Americans. Contextually, higher rates of opioid 

prescribing (Monnat 2018a), chronic young adult out-migration (Blackwell and McLaughlin 

1999; Carr and Kefalas 2010), heavier reliance on injury-prone manual labor occupations 

(McGranahan 2003), stronger social and kinship networks that facilitate prescription drug 

diversion (Monnat and Rigg 2016), and less access to mental health and substance abuse 

treatment in many rural communities (Andrews 2014; Cummings et al. 2014) also likely have 

contributed to poor opioid-related outcomes. 

Extant public health research shows a strong linkage between economic conditions and 

self-harm mortality (Ruhm and Black 2002; Ruhm 2015, 2018). Work by Hollingsworth, Ruhm 

and Simon (2017) finds a countercyclical trend between poor economic performance and higher 

mortality rates from alcohol and drug-related causes. In short, substance abuse increases when 

the economy slumps. The relationship between drug overdoses and unemployment is especially 

strong and long lasting at the county level (Ruhm 2015). Betz and Jones (2018) find that both job 

and wage declines in lower skilled industries increases OUD deaths, especially for rural white 

men in goods-producing sectors, but also for African-Americans and women who work in the 

services sector. Further, the authors find that wage growth is an important protective factor, 

which suggests job quality (e.g. higher wages) matters as much as job quantity. One 
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counterintuitive finding from their work is that gains in higher-paid sectors, like professional 

services, actually correlates with higher opioid death rates.   

Some have described opioid-related mortality as “deaths of despair”, suggesting these 

deaths are linked to economic dislocation, social isolation, and place-level downward mobility, 

particularly among working-class non-Hispanic whites (Case and Deaton 2017; Chen 2015; 

Monnat 2018b). Although not fully tested empirically, this contention is well justified: the past 

two decades increase in opioid-related mortality has corresponded with significant economic 

stressors in some parts of rural America, including de-industrialization, job loss, and wage 

stagnation (Keyes et al. 2014; Monnat 2018a, 2018b; Quinones 2015). Accordingly, high rates of 

OUDs may reflect collective stress, anxiety, and hopelessness that are symptomatic of place-

level economic precarity, downward mobility, and social isolation.  

Economic and Farm Restructuring 

 One explanation for the link between economic decline and rising opioid deaths is the 

shift away from industrial-based welfare capitalism towards services-based neoliberal capitalism 

(Alderson and Nielsen 2002; Bell 1973; Peters 2013). Termed the Great U-Turn, this view 

argues that social inequality fell through the postwar period, then rebounded in the 1980s with 

deregulation of the economy (Moller et al. 2003; Peters 2009, 2012). Grounded in regulation 

theory, the Fordist period greatly benefitted the working classes (at least the white male working 

class) by increasing wages and benefits, minimizing class polarizations, promoting social 

mobility, and generating consumer spending (Mouw and Kalleberg 2010). However, beginning 

in the 1980s this system began to unravel due to global competition, raw material constraints, 

deregulation, and demand for services rather than goods (Saez 2006). The post-Fordist period is 

one of decentralized production and global sourcing (mostly overseas), informal labor 
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arrangements (part-time, temporary, low wages, limited benefits), global economic regulation, 

and the increased production of signs and symbols rather than tangible goods (Harvey 2007). 

This eliminated many middle-skill and middle-wage industrial jobs and replaced them with low-

skill and low-wage ones in leisure and personal services, especially in non-metropolitan areas, 

resulting in growing poverty and polarization (Moller, Alderson, and Nielson 2009; Peters 2009). 

Further, this polarization thesis argues the post-industrial economy increases social inequality by 

dismantling protective aspects of the Fordist system (Hamnett 2003; Moller et al. 2009; Peters 

2013). 

Concurrent with industrial decline has been agricultural concentration in rural places, 

with fewer, yet larger, farms that are increasingly owned by or contractually obligated to 

corporations (Howard 2016). Farm concentration has eliminated many family farms that 

provided middle-skill and middle-income employment opportunities in rural America. Just as 

with manufacturing decline, what replaced family farm employment were low-skill and low-

wage services jobs (Constance et al. 2014). The most extensive body of work linking agricultural 

production with community well-being is the Goldschmidt literature in rural sociology. Named 

after the USDA social scientist who first studied the issue in the 1930s, Goldschmidt found that 

communities with large-scale, industrialized, and absentee-owned farms had much worse 

socioeconomic conditions than those with smaller, family-owned farms – termed the 

Goldschmidt Hypothesis (Lobao and Meyer 2001). The hypothesis is well established in the 

literature, where Lobao and Stofferahn (2008) reviewed 51 published studies and found a 

majority (57 percent) largely supported Goldschmidt’s initial findings. 

Social Disorganization 
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 Economic decline alone is insufficient to explain increased opioid and other drug 

hazards. Criminologists assert that disorganization of a community connects economic 

disadvantage to local crime-related and deviance outcomes. Hence, social disorganization is a 

key linkage between economic restructuring and opioid hazards. Disorganization theory, 

grounded in the Chicago school, focuses on how a community’s informal control capacity affects 

local crime and drug use patterns, such as the ability to work collectively to address public safety 

threats (Berg, Stewart, and Simons 2013; Weisburd et al. 2016). The theory links how residents 

work together to keep and maintain order, and how these ties of community investment enable 

the co-production of public safety between the police and the community (Bursik and Grasmick 

1993; Weisburd, Feucht, and Bruinsma 2009). Specifically, communities affected by acute 

economic distress tend to turn inward, causing local social networks to atrophy which leads to 

weakened informal control (Berg and Rengifo 2009). Residents are less likely to monitor public 

spaces and to work collectively with external actors (e.g. police and city agencies) to reduce 

crime and drug use (Bursik and Grasmick 1993). Distressed economic conditions also give rise 

to alternative cultural norms or “cognitive landscapes” in certain communities, making them less 

apt to condemn illicit and unlawful behavior (Berg and Stewart 2013).  

Although contextualized by the local economy, place-level disorganization is shaped by 

crime opportunity structures and community cohesion (Hochstetler, DeLisi, and Peters 2016). 

Opportunity is the when, where, and how to commit a crime; and cohesion is a combination of 

trust and expectations of social action to informally sanction illicit behavior (Sampson, 

Raudenbush, and Earls 1997). Wilson and Kelling (1982) extend this approach with broken 

windows theory (also termed physical disorganization), whereby people are less likely to engage 

in informal social control to prevent crime if the physical space contains markers of public 
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disinvestment. Disordered spaces also create additional criminal opportunities, such as vacant 

lots and buildings. Wikström and Sampson (2006) document decades of empirical work 

supporting disorganization theory, which finds increased crime is positively associated with 

increases in poverty and inequality, residential mobility, and ethnic heterogeneity. Together, 

these structural factors may undermine informal social controls, weaken ties to formal social 

controls (e.g. police and courts), and give rise to disruptive forms of cultural heterogeneity, all of 

which are associated with higher rates of crime and deviance (Berg et al. 2012; Hochstetler, 

Peters, and Copes 2017; Weisburd et al. 2016). Evidence indicates that drug markets, as 

indicated by accidental overdose deaths, are spatially linked to disorganization in large cities 

(Martinez, Rosenfeld, and Marez 2008). Further, self-reported community disorganization 

predicts substance use and dependence (Berg and Lauritsen 2016). However, relatively little is 

known of the effects of disorganization on drug-related outcomes in rural areas (Weisburd et al. 

2016; Wikström and Sampson 2006). 

Data and Methods 

Spatial Scale and Measures 

Units of analysis are n=3,079 counties in the 48 conterminous United States based on 

2000 Census geographies, with modifications to prevent breaks in the spatial time-series.1 Our 

primary dependent variable is deaths attributable to opioid use disorders (OUDs), obtained from 

confidential cause-of-death mortality files from the National Vital Statistics System (NVSS). 

Maintained by the U.S. Centers for Disease Control and Prevention (CDC), NVSS is a 

cooperative effort involving state health departments and local medical examiners who 

determine the causes of mortality on death certificates. In our analysis, OUD mortality is defined 

as opioid overdoses plus opioid-related behavioral disorders, based on International 
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Classification of Diseases (ICD-10) codes. ICD codes include drug poisonings (X40-44, X60-64, 

X85, or Y10-14) plus the presence of one or more opioids (T40.0-40.6); or opioid-related mental 

and behavioral disorders (F11.0-11.9). By including behavioral deaths we expand upon the CDC 

opioid overdose definition (CDC 2018). We disaggregate four opioid mortality measures: heroin 

or opium overdoses (only T40.0 or T40.1 present); prescription opioid overdoses including 

methadone (only T40.2 or T40.3 present); overdoses from synthetic opioids or unknown 

narcotics (only T40.4 or T40.6 present); and multiple-cause deaths that include two or more 

opioids or opioid-related behavioral disorders. OUD death counts are by residence of the 

decedent at the county-level. Data are aggregated over three-year periods between 1999 and 

2016 to reduce large annual fluctuations in small counties, and are converted to age-adjusted 

rates per 100,000 based on 2000 Census data – both standard methods in public health research 

(Rothman, Lash, and Greenland 2008).  

 To prevent endogeneity in our regression models, covariates are lagged to 2000. 

Demographic controls from the Decennial Census include population density per square mile, 

percent population that is non-white and non-Hispanic, percent population age 17 and younger, 

and percent population age 65 and older. Urban influence codes for 2003 and the natural amenity 

scale for 1999 (z-scores) are produced by USDA’s Economic Research Service. Temperature 

components are removed from the amenity measure to prevent geographic bias, with the 

remaining z-scores summed. Metropolitan and non-metro classification is based on 2003 Core-

Based Statistical Areas (CBSAs). Drug risk factors are selected based on extant research by Rigg 

et al. (2018). Initial opioid and non-opioid drug overdose deaths in 1999-01 per 100,000 (from 

NVSS-CDC), the latter used to capture underreporting of OUD deaths as well as measure 

general drug use.2 Opioid drug prescribing rates per 1,000 population in 2006-07 (from 
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QuintilesIMS Transactional Data Warehouse, with modifications).3 Percent of the population 

that is work disabled in 2000 is from the Social Security Administration’s OASDI program.  

Social disorganization correlates identified in the literature include crime, community, 

and economic conditions (Wikström and Sampson 2016). Crime rates come from the Federal 

Bureau of Investigation’s Uniform Crime Reports, which includes violent and property crimes 

known to law enforcement per 100,000 people in the jurisdiction in 2002-04, with 

modifications.4 Social capital measuring organizational capacity includes the number of civic, 

work, and non-profit groups per 10,000. Social capital measuring engagement and participation 

includes voting and Census response rates. Items for both measures are converted to z-scores and 

summed, using 1997 data from the Northeast Regional Center for Rural Development. Median 

household income is used as a general measure of economic welfare in the county, from the 2000 

Decennial Census.  

 Lastly, economic restructuring is measured using base employment shares lagged to 

1990, and percent change during the 1990s and 2000s. We include change over two decades to 

capture both near and long terms consequences of economic restructuring on OUDs. Data comes 

from the 1990 and 2000 Decennial Census, and the 2012-16 American Community Survey.5 

Census counts employed persons (16 years and older) by place of residence in two-digit NAICS 

industry codes. Some services sectors are aggregated for comparability to 1990 data, which uses 

old SIC industry codes (see Peters 2013). Our use of place-of-residence employed person counts 

is unique from existing studies that use place-of-work job counts. However, the former is 

preferable since it is consistent with CDC residence mortality data. Employment sectors, with 

NAICS codes in parentheses, include: agriculture, forestry, and fishing (11); mining (21); 

construction (23); manufacturing (31-33); transportation and warehousing (48-49); retail trade 
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and leisure services (44-45, 71-72, 81); professional and business services (54-56); and 

healthcare and social assistance (62).  

Statistical Procedures 

 Latent profile analysis (LPA) is used to create a classification of counties based on age-

adjusted OUD mortality rates per 100,000 pooled between 2002-04, 2008-10, and 2014-16 for 

the following variables: prescription opioid deaths, heroin deaths, synthetic opioid or unknown 

narcotic deaths, and multiple-cause opioid deaths including behavioral disorders. Mortality rates 

are normalized using z-scores to remove scale differences, allowing for comparisons across rates. 

LPA is sensitive to extreme score, like all classification techniques, so data are Winsorized at the 

0.5 and 99.5 percentiles, roughly corresponding to ±2.6 standard deviations. LPA is part of a 

broader technique called finite mixture models. Although LPA is used for continuous indicators 

and latent class analysis for categories ones, we refer to the profiles as classes or clusters as these 

terms are more common across disciplines. LPA assumes observed data form a multivariate 

mixture collected from a number of mutually exclusive classes, each with its own distribution 

(Lanza, Tan, and Bray 2013). LPA offers some advantages over more common classification 

techniques like hierarchical cluster analysis (see Morgan 2015).6  

 The estimated LPA density function is presented in equation 1, where xi are the 12 OUD 

mortality variables for county i, λk are the mixture weights for each variable in class k, and θk are 

the mean vectors and covariance matrices for each class or θk = (μk , Σk) (Collier and Leite 

2017). The LPA is identified by having positive degrees of freedom, an information matrix that 

is positive definite, and uncorrelated indicators (Abar and Loken 2012; McLachlan and Peel 

2000). Expectation-maximization is used to obtain maximum likelihood a posterior estimates. 
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To avoid the issue of local maxima, we estimate 10,000 initial starting values and optimize 10 in 

the final stage (Marsh et al. 2009). 

   
1

| |
K

i k k i kf fx θ λ x θ                                                     (1) 

Multinomial logistic regression is used to examine statistical relationships between the 

opioid mortality latent classes and socioeconomic correlates identified in the literature. In 

multinomial models a reference category is selected from j categories of the nominal dependent 

variable, and j – 1 regressions are estimated and omnibus fit statistics computed (Johnson and 

Wichern 2007). Our model is presented in equation 2, where η is the log-odds, πij is the 

probability of the county i being in opioid mortality class j, πiJ is the probability of the county 

being in the low opioid reference class J, αj is the intercept for mortality class j, demoi includes 

demographic controls lagged to 2000 for county i, drug includes lagged opioid risk factors, 

disorg includes lagged social disorganization variables, econ employment shares in 1990, econΔ 

percent change in employment between 1990-2000 and 2000-2016, and βj are the logits 

associated with each covariate vector for opioid class j. In addition, regional fixed effects are 

used to account for any unknown omitted variables (the nine Census divisions, with the 

Northeast division being the reference). 

1 2 3 4 5ln ij
ij j i j i j i j i j i j

iJ

a




 

        
 

' ' ' ' 'demo β drug β disorg β econ β econ β              (2) 

Separate models are estimated for metropolitan and non-metropolitan counties based on 

2003 CBSAs. Model fit is assessed using pseudo R2, classification, and fit statistics. The null χ2 

tests whether the model with no covariates fits as well as the covariate model, where one wishes 

to reject H0. The deviance goodness-of-fit χ2 tests whether the saturated (best fitting) model fits 

as well as the covariate model, where failure to reject H0 is desirable. Most assumptions of 
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multinomial logistic models are met, especially no multicollinearity among covariates, linearity 

between logits and covariates, and no outliers (Verbeek 2008). However, models suffer from 

sparseness or too few cases in some classes, making p-values of the fit statistics unreliable. This 

is expected given the unbalanced counts between latent classes (ranging from 129 to 1,703).  

Results 

Trends in Opioid Mortality 

 Our first objective describes the opioid crisis and how it has changed across the rural-

urban continuum, which is summarized by four charts in figure 1. Deaths from prescriptions 

drugs rose sharply during the 2000s, rising from around one death per 100,000 in 1999 to a peak 

of four to seven deaths by 2010-11. One reason for their widespread abuse is prescription opioids 

have a legal distribution network in nearly every community, namely clinics of health 

professionals and retail pharmacies. Quinones (2015) was one of the first to describe a tripartite 

system of aggressive yet false marketing of so-called “non-addictive” opioids by pharmaceutical 

firms, overprescribing by either unknowing or unethical physicians, and lax oversight by 

government officials, especially the Medicaid system that paid prescriptions of those on 

disability (many legitimately, some fraudulently). Since then, prescription deaths have fallen or 

remained stable, likely due to more strict prescribing rules and greater availability of cheaper 

illicit opioids (DEA 2017, 2018). However, prescription drugs still account for most opioid 

deaths, except in the largest cities. The prescription drug crisis hit rural areas the hardest, with 

death rates peaking at 7.1 then falling to the current rate of 4.8 per 100,000. Semi-rural and 

micropolitans follow a similar trend, but with slightly lower base rates. In short, the prescription 

drug crisis has largely passed and deaths will continue to fall. CDC terms this the first wave of 

the opioid crisis (CDC 2019). 
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 The second wave substituted heroin, white powder in the east and black tar in the west, 

for prescriptions drugs. Heroin overdoses were low and stable until 2011, when deaths began to 

rise rapidly in more urbanized places. Heroin is an attractive alternative for opioid addicts 

because it is far cheaper and more readily available than prescriptions, but it is unclear if limited 

supply due to pharmacy regulation drove heroin usage. Unlike prescriptions, heroin is a problem 

in larger metros, but is relatively rare in rural communities. Death rates peaked in 2015-16 at 3.0 

per 100,000 in large metros, with lower peaks in smaller metros and micropolitans (2.0 to 2.3) 

and rural areas (1.5). Most heroin enters through the southern border, as Mexican drug 

trafficking organizations (DTOs) now dominate the wholesale distribution of heroin in the U.S. 

(DEA 2017). For example, South American sourced heroin is now trafficked by Mexican DTOs, 

as are smaller amounts sourced from Asia. However, the heroin wave was soon supplanted, some 

say augmented, by synthetic opioids. 

 The third wave is often called the synthetic opioid crisis by CDC and others, but in reality 

is a multiple-opioid crisis. Synthetic opioids are manufactured entirely from chemicals, with the 

most common being fentanyl analogs (e.g. furnayl, acryl, and valeryl), carfentanil, and various 

U-477 formulations. China is the primary source of synthetics, shipped either in small quantities 

directly to the U.S. through the postal system, or in larger amounts to Mexico for distribution in 

the north. Most synthetics are powerful narcotics, with fentanyl being 100 times more potent 

than morphine and carfentanil being 10,000 times more potent, with lethal doses at 0.5 to 2 

milligrams (DEA 2018). Inexpensive to produce, DTOs are now mixing synthetics with either 

prescription opioids or heroin (sometimes all three, depending on availability) to create 

counterfeit pills, unbeknown to the user, who often overdose on these highly potent mixtures. 

Deaths from synthetic and multiple-opioids has increased exponentially in urban areas since 
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2014. Synthetic death rates are highest in large metros and micropolitans (about 4.0 per 

100,000), slightly lower in small metros and semi-rural places (about 3.0), and lowest in 

completely rural areas (2.3) where deaths are slower growing. Multiple-opioid deaths follow the 

same general pattern, suggesting synthetic and multiple-opioid deaths are closely intertwined.  In 

summary, the current opioid crisis in the U.S. is driven by highly potent synthetic opioids and 

opioid mixtures, typically in the form of counterfeit pills that have largely replaced prescription 

opioids due to their lower cost and greater availability. 

--------------------------------------------------------------------------------------------------------------------- 
Figure 1 about here 

--------------------------------------------------------------------------------------------------------------------- 

Identifying Opioid Mortality Classes 

Our second objective is to identify opioid mortality epidemics at the county level using 

latent profile analysis. We find evidence for six classes (or clusters in more common parlance) 

based on fit indices and examination of latent class means (refer to table 1 and figure 2). The 

sample-size adjusted Bayesian information criterion (BIC) is a relative fit index based on log-

likelihoods, adjusted for parameters and sample size, with lower values indicating better fit. The 

rate of decrease in BICs slows between classes six and eight, indicating a range of ideal 

solutions. All classes exhibit good separation based on relative entropy scores, where values 

above 0.8 indicate a high degree of certainty in classification (Collier and Leite 2017). Both the 

Vuong-Lo-Mendell-Rubin and Lo-Mendell-Rubin adjusted likelihood ratio tests the null 

hypothesis that k number of classes fits just as well and k – 1 classes. Both tests are non-

significant at class-6, indicating the presence of five classes. However, examination of latent 

means shows the heroin class includes two distinction subpopulations that have similar shape but 

different elevations. Extraction of a sixth class separates the heroin group into one with high 
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mortality (z>1.5) and another with moderates levels (z=0.5). Although statistically they belong to 

the same latent class, we decided the two heroin classes are substantively different to justify their 

separation. Therefore, we choose the six-class solution based on fit and interpretability.  

--------------------------------------------------------------------------------------------------------------------- 
Table 1 about here 

--------------------------------------------------------------------------------------------------------------------- 

 Means of standardized opioid mortality rates across the six latent classes are presented in 

figure 2 and table 2. To ensure high internal consistency, we exclude any county not having a 

posterior probability (i.e. likelihood of correct classification) above 0.70 on at least one latent 

class, resulting in 149 unclassified counties. The spatial distribution of the opioid mortality 

classes is shown in figure 3. We find the majority of counties in the U.S. (n=1,701) have low 

opioid mortality, with standardized rates ranging from -0.30 to -0.50 below the national average. 

The remaining counties are classified into what we term the opioid mortality classes proper. The 

448 counties in the emerging heroin class have above average death rates (z=0.59), but are not 

yet at crisis levels. By contrast, the high heroin epidemic (also n=448 counties) has extremely 

high death rates (z=1.84) that spiked between 2010 and 2016.  More than half of high heroin 

counties are in non-metro areas (35.4 percent rural, 20.7 percent micropolitan), which have 

significantly higher heroin mortality than metro places. Both the emerging and high heroin 

classes are widespread across the country, tending to follow interstates and known drug 

trafficking corridors (DEA 2018). Heroin is concentrated in the northeastern states of Delaware, 

New Jersey, Pennsylvania, and New York. Deaths are also concentrated in two corridors 

following interstates, with one running from central Missouri through St. Louis to Chicago; and 

the other running from El Paso north to Denver.  
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The prescription opioid epidemic reflects the public narrative of the opioid crisis, with 

three-quarters of the 275 counties being non-metro (54.9 percent rural, 20.7 percent 

micropolitan). Prescription deaths have grown steadily over the past decade and a half, with 

mortality rates in 2014-16 being 1.86 standard deviations above average in non-metro counties 

and 1.47 in metro ones. There is a noticeable absence of heroin in these places, likely reflecting 

their remote locations away from illicit drug trafficking corridors. Over one-third of counties in 

Tennessee, Oklahoma, Nevada, and Utah fall into this epidemic class. Unlike heroin, 

prescription deaths seem to follow state boundaries, indicating lax state regulation may be a 

factor. However, many counties that were formerly in the prescription epidemic have 

transitioned into the synthetic and prescription opioid mixes epidemic (or synthetic+Rx). These 

211 counties always had above average prescription opioid mortality (z=0.46), but what 

distinguishes this epidemic is the rapid rise in multiple-cause (z=1.62) and synthetic opioid 

(z=0.92) deaths – a clear sign of counterfeit prescription pills. For the 62.1 percent of non-metro 

counties in this class, deaths are driven by prescription-synthetic and prescription-heroin mixes. 

By contrast, in metro areas synthetics play a much larger role than prescriptions. The 

synthetic+Rx epidemic is a major problem in New England states, affecting half the counties in 

Rhode Island, New Hampshire, Maine, and Massachusetts belonging to this class. Synthetic+Rx 

counties also predominate in Utah, West Virginia, Vermont, Kentucky, Maryland, and New 

Mexico. 

The preceding classes can be termed epidemics, being that only one or two opioids are 

responsible for most deaths. However, our analysis finds a group of places with co-occurring 

epidemics that overlap and reinforce each other, what public health research terms syndemics 

(Singer et al. 2017). The 129 counties in the syndemic opioid class have coinciding opioid 
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epidemics involving prescriptions, heroin, synthetics, and mixes of the three. The 82 

metropolitan syndemic counties post very high mortality rates from heroin-synthetic mixes 

(z=3.28) or heroin alone (z=2.29). Non-metro syndemic places follow a similar pattern, except 

that prescriptions tend to play a slightly larger role in these 47 counties, primarily heroin 

(z=2.66) and prescription-heroin mixes (z=2.06). As a share of counties, the opioid syndemic has 

hit the eastern one-third of the nation hardest. The northeast syndemic cluster includes 

Connecticut, Maryland, and Massachusetts. Another syndemic cluster is located in the greater 

Appalachia region, concentrated in Ohio, West Virginia, northern Kentucky, Maryland, and 

western Pennsylvania. Many of these communities were “ground zero” of the opioid crisis in 

1999 (Spencer et al. 2018). This cluster also extends into eastern Indiana and southeastern 

Michigan in the Midwest. Finally, the southwest syndemic cluster is located in New Mexico 

around Santa Fe. 

--------------------------------------------------------------------------------------------------------------------- 
Table 2 about here 

--------------------------------------------------------------------------------------------------------------------- 

--------------------------------------------------------------------------------------------------------------------- 
Figure 2 about here 

--------------------------------------------------------------------------------------------------------------------- 

--------------------------------------------------------------------------------------------------------------------- 
Figure 3 about here 

--------------------------------------------------------------------------------------------------------------------- 

Predicting Metropolitan Opioid Vulnerability 

 To understand the socioeconomic correlates of opioid vulnerability across metropolitan 

counties, we predict membership in each latent opioid mortality class compared to the low opioid 

reference class. The multinomial logistic model exhibits good fit overall, by failing to reject the 

null hypothesis of good fit (χ2
D=1,989, p=0.892) and having a high pseudoR2 of 0.645 (refer to 
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table 3). However, fit is largely driven by accurate classification of the low opioid reference 

(84.2 percent). Other opioid classes have moderate fit ranging from 37 to 52 percent, except the 

high heroin class that has poor classification accuracy (19.4 percent). For reference, descriptive 

statistics for metropolitan covariates are presented in appendix table A1.  

We find few demographic differences between the metro opioid classes, save for one. 

Non-heroin classes had fewer older residents age 65 years and older in 2000, decreasing 

membership odds four to eight percent (eβ=0.962 to 0.919) compared to the low opioid class. 

This indicates fewer elders in the community results in greater prescription and multiple-opioid 

vulnerability. In terms of drug risk factors, all metro classes had higher initial OUD deaths in 

1999-01, especially in the synthetic+Rx (eβ=1.560), syndemic (eβ=1.505), and high heroin 

(eβ=1.485) classes. As expected, higher opioid prescribing rates in 2000 increased likelihood of 

prescription vulnerability by 1.2 percent, with no differences among other classes. Both findings 

suggest a long-term and persistent opioid problem, driven by work disability in prescription 

places, which became much worse over the past decade. We find mixed results for indications of 

social disorganization. Heroin-related classes tended to have slightly higher property crime in 

2002-04 (eβ=1.001) compared to the low class, signaling greater disorganization. On the other 

hand, property crime in prescription places was slightly lower (eβ=0.997), indicating less crime 

and disorder. Social capital presents another puzzling set of findings. Counter to the literature, 

syndemic and synthetic+Rx places had far more local civic and non-profit organizations to deal 

with the opioid crisis, but this actually increased multiple-opioid vulnerability (eβ about 1.24). 

More consistent with the literature, prescription places had far fewer local groups to address the 

epidemic (eβ=0.672), increasing vulnerability.  
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 Most metropolitans affected by the opioid crisis have seen major changes in their local 

economies since the 1990s, supporting the hypothesis that economic restructuring has partly 

driven the crisis. Construction jobs dominated the local labor market in the synthetic+Rx and 

syndemic classes in 1990, increasing vulnerability by 28 to 34 percent. During the 1990s, these 

jobs grew slightly in the synthetic group (eβ=1.017), but fell in the syndemic one (eβ=0.977). 

These two multiple-opioid classes also had large job shares in transportation/warehousing 

(increasing risk by 18 to 27 percent). The high heroin class also had a sizable construction sector 

in 1990 that grew during the 2000s (eβ=1.335 and 1.030, respectively). For all opioid classes, the 

agriculture sector was small and employment fell at a quicker pace versus the low class during 

the 1990s. Stated differently, slower declines in agriculture reduced opioid risk by one to three 

percent across classes. Farm losses continued in the two multiple-opioid classes, but stabilized in 

the others. Manufacturing employment fell in most opioid places, while it grew in areas 

unaffected by the crisis (eβ=0.985 to 0.960), but only during the 1990s and not in the prescription 

class. In other words, a declining manufacturing sector increased opioid risk in metro cities. 

Communities affected by the prescription epidemic follow a different pattern. While farm 

employment fell in the 1990s similar other classes, prescription places saw jobs gains in 

manufacturing in the 1990s (eβ=1.019) and transportation/warehousing during the 2000s 

(eβ=1.013), both increasing prescription risk. In short, results suggest that multiple-opioid 

vulnerability was driven by work in construction and transportation-related jobs, while 

prescription vulnerability was driven by job gains in manufacturing and transportation. All of 

these sectors had high rates of workplace injuries during the 1990s (BLS 2017). 

--------------------------------------------------------------------------------------------------------------------- 
Table 3 about here 

--------------------------------------------------------------------------------------------------------------------- 
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Predicting Non-Metropolitan Opioid Mortality 

Turning our attention to micropolitan and rural/non-core counties, the model in table 4 

exhibits moderate fit (χ2
D=3,525, p=0.712, pR2=0.475), but is entirely driven by correct 

classification of the low opioid class (94.5 percent). The high heroin and prescription classes 

show poor classification (7.6 and 14.4 percent), while the remaining classes had middling 

accuracy (ranging from 23.7 to 36.2 percent). Descriptive statistics for non-metropolitan opioid 

classes is presented in appendix table A2. Note the emerging heroin and syndemic classes are 

more urbanized, being closer to micropolitan rather than rural areas. Demographically, non-

metro opioid vulnerability occurred in places that were more densely populated and more urban 

influenced in 2000 (compared to the low class), with the exception being the prescription opioid 

group. However, dense is a relative term in non-metro areas, with densities being 83 people per 

square mile in the syndemic class versus 29 in the low class – still below the national average of 

87.  

For population components, prescription-related classes were more diverse and younger, 

with no differences in other classes. Greater minority populations in 2000 increased odds of 

prescription vulnerability (mostly Native Americans) by 14.4 percent, and synthetic+Rx 

vulnerability (mostly African-Americans) by 11.1 percent (or eβ=1.144 and 1.111, respectively). 

In both, more youth increased vulnerability by 13 percent, while more elders reduced it by 

around three percent. Coupled with different population densities, it is likely prescription places 

contain reservation and tribal lands with sizable numbers of Native Americans, while synthetic 

places include micropolitans with significant African-American populations. Natural amenities 

(combination of more winter sun, lower summer humidity, varied topography, and more water 
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area) were highest in the prescription and emerging heroin classes, sizably increasing opioid risk 

by roughly 32 percent.  

Drug risk factors play a prominent role in micropolitan and rural opioid risk. Opioid drug 

deaths in 1999-01 were high for all opioid classes, especially the syndemic one, indicating 

opioids have been a long-term problem in these communities. Unlike what we find in metros, 

prescribing rates were higher in the two multiple-opioid classes, but not the prescription class. 

This suggests pharmaceutical opioids are being mixed with illicit synthetics and heroin in rural 

places. Consistent with public health research, higher work disability rates in 2000 increased 

membership odds of being in the prescription epidemic by 31.7 percent, and to a lesser extent in 

the synthetic+Rx epidemic (14.8 percent). Stated more plainly, our results show that prescribing 

rates drove synthetic+Rx and syndemic vulnerability in rural areas, while only work disability – 

not prescribing – drove prescription opioid risk. 

In terms of social disorganization, prescription places had slightly higher violent crime 

rates in 2002-04, but at the same time slightly lower property crime (eβ=1.002 and 0.999) – a 

mixed finding. This is an unusual given research in criminology suggests violent crime ought to 

be lower in prescription places, since trafficking of illicit drugs (e.g. heroin and synthetics) is 

linked to increased violence (Berg and Stewart 2013). One possible explanation is the rural 

prescription opioid class is correlated with larger Native American populations. Research during 

the 2000s documented that Native populations experienced violent crime at far greater rates than 

the general population (Perry 2004). The impact of social capital is also mixed. On the one hand, 

multiple-opioid classes had very low rates of civic participation (eβ about 0.68), consistent with 

disorganization theory. On the other hand, syndemic places scored high on the number of local 

organizations (eβ=1.265), counter to theory. The latter finding may be attributable to the presence 

***
**D

RAFT***
** 

DO N
OT C

ITE  

W
ITHOUT P

ERMIS
SIO

N



Opioid Epidemics and Syndemics – Peters et al.    23 

of large cities in the syndemic group, with organizations locating in such places to be close to 

political and business interests. In addition, greater urbanization may also account for higher 

median household incomes observed in syndemic places. 

Economic differences exert a smaller impact on opioid vulnerability in rural places. In 

1990, the high heroin class had high employment levels in construction and mining (eβ=1.231 

and 1.100). There were no sizable job losses in the 1990s, but during the 2000s losses in 

agriculture and slower gains in transportation increased heroin vulnerability by 1.7 and 0.5 

percent, respectively. Prescription epidemic communities experienced slower job gains in 

construction during the 1990s and 2000s (eβ about 0.99), and slower growth in 

transportation/warehousing in the 2000s (eβ=0.995). However, faster than average gains in retail 

trade and leisure services in the 1990s (eβ=1.010) offset some job losses. Surprisingly, the two 

multiple-opioid classes saw small gains in mining employment during the 1990s (where is 

declining in most places), but only increased vulnerability by less than one percent. A decade 

later during the 2000s, vulnerability rose as the healthcare and social assistance sector gained 

some jobs (eβ about 1.01), while agriculture lost some (eβ about 0.99). Further, syndemic places 

had high employment shares in transportation and construction in 1990, sizably increasing 

vulnerability by 62.6 and 30.9 percent, respectively. In sum, rural opioid vulnerability tends to 

correlate with larger numbers of blue-collar jobs in injury-prone sectors, which likely contributed 

to opioid risk. Heroin vulnerability is linked to long-term and stable employment base in 

construction and mining, and also to declines in agriculture and transportation jobs. Prescription 

vulnerability trends with losses in middle-skilled blue-collar jobs, which were replaced with 

lower skilled services ones. Multiple-opioid vulnerability (especially syndemic risk) correlates 

with a large and stable transportation and construction job base, gains in the mining sector, and 
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expanding healthcare employment. However, these vulnerable places also shed large numbers of 

jobs in agriculture. Most of these sectors also had high work injury rates in the 1990s and 2000s 

(BLS 2017). 

--------------------------------------------------------------------------------------------------------------------- 
Table 4 about here 

--------------------------------------------------------------------------------------------------------------------- 

Discussion and Conclusion 

The objectives of our exploratory analysis are to describe opioid crisis trends, identify 

opioid mortality epidemics at the local level, and to describe the socioeconomic correlates of 

opioid epidemics across the rural-urban continuum. We summarize our key findings below and 

discuss how they fit into existing research in public health, social disorganization, and economic 

restructuring. The opioid crisis is no longer a prescription crisis, but has transitioned to a 

synthetic and multiple-opioid one. Opioid use disorder (OUD) deaths have continued to rise in 

the United States, but the type of drugs causing mortality has changed. Prescription opioid deaths 

peaked in 2011, and have fallen since then across the rural-urban continuum. However, synthetic 

and multiple-opioid mortality grew exponentially since 2014, especially in larger cities, 

offsetting declines in prescriptions and driving OUD deaths upward.  

There are three distinct opioid epidemics and one opioid syndemic. There is not a single 

opioid epidemic, rather multiple and overlapping ones. About 25 percent of counties in the 

United States are severely impacted by opioids, but not in the same manner as we identify three 

distinct epidemics and one syndemic. The prescription opioid epidemic is the most common (8.9 

percent of counties) and is overwhelming located in rural places, especially in Tennessee, 

Oklahoma, Nevada, and Utah. A number of counties have transitioned to a synthetic-prescription 

mix epidemic (6.9 percent), where mortality is likely driven by counterfeit pharmaceuticals. The 
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illicit heroin epidemic is concentrated in the nation’s larger metropolitan and smaller 

micropolitan cities (5.3 percent), but is still relatively rare in rural America. Lastly, a small 

number of counties (4.2 percent) are experiencing three coinciding epidemics of prescriptions, 

heroin, and synthetics – what we term an opioid syndemic. The synthetic and syndemic groups 

share a similar spatial distribution. Almost all counties in the Ohio River valley suffer from an 

opioid syndemic, where the crisis began in the late 1990s. Further, the northeast and parts of the 

southwest (especially New Mexico) suffer from multiple-opioid crises.  

 Current opioid epidemics took root in communities with a long history of drug abuse. 

Path dependency exists in places affected by opioids, where a small opioid problem in 2000 

transitioned to a major one by 2016. Places impacted by multiple-opioids (i.e. synthetic+Rx and 

syndemic) had a much worse initial OUD problem, suggesting socioeconomic conditions were 

either conducive to drug use, or an existing drug user population was receptive to new opioid 

substances. In short, long-term and persistent opioid abuse drove the current multiple-opioid and 

heroin epidemics, but was less influential on causing the prescription crisis. Over-prescribing 

increased prescription epidemic vulnerability in metropolitans, but in rural places it increased 

multiple-opioid risk. Our work confirms previous research showing a strong correlation between 

opioid prescribing and prescription-related epidemics (i.e. prescription and synthetic+Rx) and the 

opioid syndemic (Monnat 2018a), but the relationship is more nuanced in rural places. Because 

prescriptions tend to be more widely available than illicits in rural places, pharmaceuticals are 

often the main ingredient in opioid mixes, which contain smaller amounts of heroin or synthetics. 

This would partly account for the linkage between prescribing and multiple-opioid mortality in 

rural communities. However, it is still unclear why over-prescribing is not directly linked to rural 

prescription mortality. One explanation may be work disability. In non-metropolitan places, 
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work disability increases prescription opioid vulnerability. The public health literature 

documents a linkage between work disability and prescription opioid mortality (Rigg et al. 

2018). Our work supports this linkage, but only for micropolitan and rural places. Certain 

industries are more prone to workplace injuries, and opioids are often prescribed to treat such 

ailments. For example, the most injury-prone sectors in 1994 included transportation, 

construction, manufacturing, and agriculture – all traditional rural industries (BLS 2017). This is 

likely the genesis of the current prescription epidemic. We elaborate more on this next. 

Employment in injury-prone sectors increases opioid vulnerability, especially in 

metropolitan places affected by the opioid crisis. One of the most compelling findings is the 

linkage between work in injury-prone industries and opioid risk, but rural and urban places show 

different dynamics. Metropolitan cities with high opioid mortality had a large and growing 

employment base in construction and transportation/warehousing in 1990. These two sectors had 

the highest workplace injury rates in 1994, according to the U.S. Bureau of Labor Statistics 

(2017). The transportation sector had 14.5 injuries per 100 workers and the construction sector 

11.5, higher than the national rate of 7.7 incidents. At the same time, urban areas with an opioid 

problem experienced a downturn in agriculture during the 1990s and manufacturing in the 2000s. 

These two sectors had above average injury rates of 10.4 and 9.4 per 100, respectively.  In 

micropolitan and rural communities, opioid mortality is also linked to work in high-injury sectors 

like mining, construction, and transportation/warehousing. Unlike in metros, however, 

employment in most of these sectors either shrunk or grew more slowly over the past two 

decades – especially in agriculture, construction, and transportation. However, mining jobs grew 

in multiple-opioid places during the 1990s, but injury rates were low so the impact on addiction 

is uncertain. The low average for the mining sector (only 6 per 100 workers) masks some very 
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dangerous sub-sectors, such as coal mining (13.1 injury rate), that may be present in rural places 

plagued by opioids.  

This suggests opioid mortality in the United States was driven by two economic forces. 

First, an expanding economy in injury-prone jobs (e.g. mining, construction, and transportation) 

likely swelled the ranks of people with work-related injuries. In this scenario, employed workers 

had access to private health insurance, and it is probable many sought treatment for workplace 

injuries and were prescribed opioids by their healthcare providers – starting the cycle of 

addiction. Our findings indicate this scenario was more typical of metropolitan places 

experiencing an opioid epidemic or syndemic. Second, a contracting blue-collar sector, mostly 

farm and factory, likely left a legacy of unemployed and underemployed people with work 

disabilities. In this scenario, loss of middle-skill blue-collar jobs led to sharp reductions in wages 

and benefits, forcing many to seek treatment and opioid prescriptions for workplace injuries 

through the Medicaid system. In this scenario, opioid addiction began in economically distressed 

places, with drugs provided and paid for by public health insurance programs. This later 

explanation is consistent with the “deaths of despair” thesis linking economic distress, workplace 

disability, and opioid vulnerability (Betz and Jones 2018; Monnat 2018b; Rigg et al. 2018).  

 In rural areas, prescription-related epidemics occurred in more diverse and younger 

communities. Prescription epidemic places in rural areas had large Native American populations; 

and in addition to being younger, were sparsely populated and scored high on natural amenities. 

The map of opioid classes (see figure 3) clearly shows prescription places clustering in 

Oklahoma, Nevada, Utah, and Arizona – home to large reservations and tribal lands. 

Synthetic+Rx and opioid syndemic rural places had sizable African-American and youth 

populations, but were located in more urbanized micropolitans in the Great Lakes and parts of 
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the Appalachian region. These findings run counter to existing research linking opioid mortality 

to white working-age populations (Betz and Jones 2018). We offer two explanations for this 

discrepancy. First, our work disaggregates between metro and non-metros places. While we find 

rural places more diverse, we also find metro prescription places more white than other mortality 

classes, consistent with prior work. Second, we disaggregate mortality by opioid type. While 

prescription places were more diverse, we found heroin places to have more white non-

Hispanics. In short, the assertion opioids primarily impacts white communities only holds for 

metropolitan places whose opioid crisis is dominated by heroin. Our work suggests a 

clarification of prior research linking race to general opioid mortality.  

The impact of social capital on opioid vulnerability is mixed. We find smaller 

metropolitans lack local organizations to combat the prescription opioid epidemic. Smaller cities 

often lack comprehensive health and social service institutions, and not having local community 

organizations to cover this gap likely worsens prescription abuse. We also find micropolitans 

lack robust civic participation, which results in greater vulnerability to multiple-opioids. We 

speculate that disconnection from political and civic life may lead to “clientele” communities, 

where local affairs are run by elites with little participation or input from residents. Such 

communities may have ignored or failed to address initial opioid problems, allowing a deadly 

synthetic epidemic or opioid syndemic to take hold. Duncan (2014) documents clientele 

communities in Appalachia, where many multiple-opioid communities are located. Both findings 

are consistent with work linking social capital to better socioeconomic outcomes (Rupasingha et 

al. 2006). However, in metropolitans we find multiple-opioid places had far more local civic 

organizations to deal with the drug crisis, but this did little to reduce synthetic+Rx and syndemic 

vulnerability. One explanation for this contrary finding is that many civic and non-profit 
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organizations locate in large cities to be near political and business elites, or to take advantage of 

specialize labor or support services. It is plausible such organizations serve statewide or regional 

interests rather than community concerns, thus having little impact ameliorating the local opioid 

problem. Further research is needed to better operationalize local social capital, and to determine 

its impact on drug mortality.  

In conclusion, we find vulnerability to opioid epidemics driven by three forces. First, by a 

long-term and persistent opioid abuse problem in communities affected by the crisis, especially 

in syndemic places. Second, by a large and expanding economy in injury-prone blue-collar jobs, 

mostly in metropolitan cities, where growth in jobs and opioids went hand-in-hand. Third, by a 

contracting blue-collar sector in many micropolitan and rural communities, where a combination 

of work injuries, economic distress, and opioid mortality resulted in “deaths of despair”. These 

economic trends likely swelled the ranks of the work-injured and work-disabled, who were often 

prescribed opioids for their ailments, which began the crisis over a decade ago. In short, the 

nation’s opioid crisis is changing rapidly. Communities need to take steps to be resilient in the 

face of synthetic opioids, which if they take root will spike overdose deaths and set them on the 

path to an opioid syndemic.  ***
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Footnotes 

1.  First, independent cities in Virginia with populations under 65,000 are merged back into their 
respective counties, resulting in 29 fewer county-level equivalents. This addresses the issue of 
mixing units of analysis between counties and cities; and avoids the potential for poor quality 
data in smaller cities when using American Community Survey estimates from the U.S. Census. 
Second, Broomfield County in Colorado, a newly created county in 2003, is disaggregated back 
into its four original counties based on population-weighted geographic shares. The above 
modifications result in n=3,079 counties for analysis, down from the original 3,109 counties, but 
with no loss of information as data is merged and not dropped. All data used in this study 
conform to these spatial units. 
 
2.  Definition of drug mortality is taken from Monnat (2018a) that includes the following ICD-10 
codes: D521, D590, D592, D611, D642, E064, E160, E231, E242, E273, E661, F110, F111, 
F112, F113, F114, F115, F117, F118, F119, F120, F121, F122, F123, F124, F125, F127, F128, 
F129, F130, F131, F132, F133, F134, F135, F137, F138, F139, F140, F141, F142, F143, F144, 
F145, F147, F148, F149, F150, F151, F152, F153, F154, F155, F157, F158, F159, F160, F161, 
F162, F163, F164, F165, F167, F168, F169, F180, F181, F182, F183, F184, F185, F187, F188, 
F189, F190, F191, F192, F193, F194, F195, F197, F198, F199, G211, G240, G251, G254, G256, 
G444, G620, G720, I952, J702, J703, J704, K853, L105, L270, L271, M102, M320, M804, 
M814, M835, M871, R502, R781, R782, R783, R784, R785, X40, X41, X42, X43, X44, X60, 
X61, X62, X63, X64, X85, Y10, Y11, Y12, Y13, Y14, T400, T401, T402, T403, T404, T406, 
T405, T424 
 
3.  QuintilesIMS data only includes prescriptions obtained from retail pharmacies and exclude 
high-volume prescribing pain clinics. Missing cells are imputed using a Markov Chain Monte 
Carlo model with 500 multiple imputations (Carpenter and Kenward 2013). All imputed values 
exhibit high consistency with coefficients of variation below 33 percent. 
 
4.  UCR data from FBI suffers from two limitations: delayed release of current data, and non-
reporting by local law enforcement to FBI. The first issue is 2016 data was only released in 
January 2019 after a long delay, and 2015 data has yet to be released. To address this issue we 
mean substitute 2015 data as the average of 2014 and 2016. The second issue is missing cells due 
to non-reporting to FBI, as the UCR program is voluntary. We address missing data in a number 
of ways. Illinois and Florida did not report any crime data to FBI for a number of years, so crime 
counts are taken from state agencies. State reports generally adhere to FBI guidelines for index 
crimes (e.g. types of violent and property crime). Next, attempts were made to impute other 
missing cells using Markov Chain Monte Carlo models, but this failed to provide consistent 
values (coefficients of variation were typically over 100 percent). Finally, missing cells are 
substituted with state averages disaggregated by urban influence code, so a missing county with 
a UIC=7 would be imputed with the state average for UIC=7. 
 
5.  ACS estimates for most counties exhibit relatively low error, even in counties with small 
populations, with most coefficients of variation around 25 percent and only a few nearing 50 
percent. Sectors with larger errors include agriculture and mining. We drop two counties 
(Kenedy and Loving counties in Texas) due to large errors. 
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6.  LPA provides hypothesis tests of class structure and model fit statistics, whereas cluster 
analysis relies on subjective heuristics. Cluster analysis can result in very different solutions 
depending on the type of distance metrics and linkage rules used, whereas LPA relies on a single 
estimation technique. More importantly, LPA estimates classification uncertainty using posterior 
probabilities obtained using Bayes theorem. By contrast, cluster analysis incorrectly assumes 
perfect certainty in classification, failing to recognize that cases may fit into multiple clusters. 
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Figure 1.  Mortality by opioid type per 100,000 (age-adjusted) by modified Core-Based Statistical Areas between 1999-2016 for 
n=3,079 counties in the conterminous U.S. Synthetic opioids include unknown narcotics. Multiple-opioids include two or more 
combinations of prescriptions, heroin, synthetics, or opioid-related behavioral disorders.  
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Figure 2.  Means of standardized mortality per 100,000 (age-adjusted) by opioid latent classes 
in 2002-04, 2008-10, and 2014-16 for n=3,079 counties in the conterminous U.S. Unclassified 
counties (Pr<0.7) not reported. 
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Figure 3.  Opioid mortality latent classes between 2002-04 to 2014-16 for n=3,079 counties in 
the conterminous U.S. Unclassified counties have posterior class probabilities below Pr<0.7. 
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Table 1.  Fit Statistics from Latent Profile Analysis on Standardized Opioid Mortality  
between 2002-04 and 2014-16 for n=3,079 Counties in the Conterminous U.S. 
 

Class  
Stage 

BIC 
BIC 

Change 
Relative 
Entropy

VLMR  
Test 

LMR 
Test 

1 59,670 n.a. 1.000 n.a. n.a. 

2 51,830 -13.139% 0.696 7,884*** 7,776*** 

3 49,006 -5.449% 0.952 2,867*** 2,828*** 

4 46,613 -4.883% 0.967 2,437** 2,404** 

5 44,873 -3.733% 0.947 1,784*** 1,760*** 

6 43,360 -3.372% 0.943 1,557 1,535 

7 42,128 -2.841% 0.950 1,276 1,258 

8 41,239 -2.110% 0.944 932 920 

9 40,192 -2.539% 0.945 876 864 

10 39,227 -2.401% 0.947 1,007† 993† 

11 38,616 -1.558% 0.951 654† 645† 

12 38,049 -1.468% 0.950 611 603 

 
Notes:  BIC is the sample-size adjusted Bayesian information criterion. VLMR is the Vuong-Lo-Mendell-
Rubin Likelihood Ratio Test. LMR is the Lo-Mendell-Rubin Likelihood Ratio Test. †p<0.10, *p<0.05, 
**p<0.01, ***p<0.001   
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Table 2.  Means of Standardized Opioid Mortality Rates by Latent Classes by Core-Based Statistical Area for n=3,079 
Counties in the Conterminous U.S. 
 

 
 Low 

Emerging 
Heroin 

High  
Heroin 

 
Prescription 

Opioid 
Synthetic+Rx 

Mixes 
Opioid 

Syndemic 

Mortality Rate 2014-16 (z) 
 

 Metro
n=476

Non 
Metro 

n=1,227
Metro
n=224

Non 
Metro 
n=224 

Metro
n=72 

Non 
Metro 
n=92 

 Metro
n=67 

Non 
Metro 
n=208 

Metro
n=80 

Non 
Metro 
n=131 

Metro
n=82 

Non 
Metro 
n=47 

             

Prescription Opioid  -0.31 -0.46*  -0.05 0.01  0.08 -0.07  1.47 1.86*  0.37 0.81*  0.40 0.81*

Change from 2002-04  -0.26 -0.38*  -0.02 0.03  -0.05 0.00  1.36 1.75*  0.23 0.20  0.21 0.70*

Heroin  -0.35 -0.52*  0.58 0.60  1.84 2.33*  -0.38 -0.49*  0.10 -0.17*  2.29 2.66 

Change from 2002-04  -0.37 -0.49*  0.53 0.62*  1.74 2.42*  -0.35 -0.46*  0.03 -0.16*  2.14 2.47 

Synthetic Opioid  -0.31 -0.34  0.00 0.01  0.45 0.13*  0.18 0.36  1.46 0.92*  1.50 1.48 

Change from 2002-04  -0.23 -0.27  0.01 -0.01  0.34 0.13  0.11 0.21  1.10 0.82  1.07 1.29 

Multiple-Opioids  -0.34 -0.46*  0.10 -0.14*  0.45 0.01*  -0.10 -0.23*  1.76 1.75  2.81 2.67 

Change from 2002-04  -0.31 -0.43*  0.10 -0.13*  0.38 0.03*  -0.15 -0.32*  1.02 1.31  2.75 2.60 

Prescription + Heroin  -0.21 -0.27*  0.07 -0.07*  0.39 0.07*  -0.21 -0.17  1.02 1.31  1.06 2.06*

Change from 2002-04  -0.21 -0.24*  0.03 -0.09*  0.32 0.09  -0.17 -0.14  0.98 1.30  1.00 1.91*

Prescription + Synthetic  -0.24 -0.35*  -0.03 -0.12*  0.07 -0.15*  0.20 -0.02*  1.32 1.96*  1.44 1.83 

Change from 2002-04  -0.17 -0.30*  0.02 -0.09*  0.03 -0.09  0.07 -0.17*  1.19 1.60  1.32 1.65 

Heroin + Synthetic  -0.27 -0.34*  0.20 -0.09*  0.57 0.16*  -0.31 -0.31  1.30 0.68*  3.28 2.01*

Change from 2002-04  -0.27 -0.33*  0.19 -0.08*  0.51 0.12*  -0.30 -0.31  1.28 0.67*  3.25 2.01*

Rx + Heroin + Synthetic  -0.17 -0.22*  0.02 -0.08  0.28 0.01*  -0.09 -0.23*  1.38 0.80*  1.51 1.02 

Change from 2002-04  -0.17 -0.22*  0.01 -0.08  0.28 0.02*  -0.09 -0.22*  1.37 0.80*  1.48 1.03 

 
Notes:  Mortality rates (age-adjusted) per 100,000. Unclassified counties (n=149) with Pr<0.7 not reported. *p<0.05 significant difference from 
metropolitan counties using Games-Howell Test.  
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Table 3.  Multinomial Logistic Regression Predicting Opioid Mortality Classes versus the 
Low Opioid Class for n=1,001 Metropolitan Counties in the Conterminous U.S. 
 

Metro Odds Ratios 
Emerging 

Heroin 
vs. Low 

High 
Heroin 
vs. Low 

Rx 
Opioid 
vs. Low 

Synthetic
+ Rx 

vs. Low 

Opioid 
Syndemic

vs. Low 

Covariates in 2000      

Intercept (b) 2.440 4.156 -1.113 2.616 -6.683 

Population Density (sq.mi.) 1.001 0.991 0.977 0.996 0.995 

Minority population (%) 0.912† 0.887 0.986 1.142 1.286* 

Age 17 and younger (%) 0.941 0.876 0.945 1.040 0.969 

Age 65 and older (%) 0.995 0.979 0.930*** 0.962* 0.919***

Natural amenity scale (z) 0.943 0.831 1.262 0.798 1.137 

Urban Influence Code (1-12) 0.851 0.637 0.892 0.304** 0.386* 

Non-opioid drug deaths (per 100k) 1.008 0.983 1.043 0.785** 0.898 

Opioid drug deaths (per 100k) 1.201*** 1.485*** 1.193* 1.560*** 1.505***

Opioid prescribing rate (per 1k) 1.001 1.005 1.012* 1.008 0.994 

Work disabled population (%) 0.812 0.764 1.162 0.866 0.853 

Median household income ($) 1.014 1.006 0.931 0.954 0.964 

Violent crimes (per 100k) 0.998* 0.999 1.002 1.001 1.000 

Property crimes (per 100k) 1.001* 1.001* 0.997** 1.000 1.000 

Social capital, organizations (z) 0.978 0.891 0.672* 1.232† 1.256* 

Social capital, participation (z) 1.057 1.135 0.778 1.292 0.870 

Employment in 1990      

Agriculture, forestry & fishing (%) 0.931 0.857† 0.876† 0.846* 0.778* 

Mining (%) 1.109 0.946 0.877 0.912 0.860 

Manufacturing (%) 1.001 1.000 0.993 0.963 1.040 

Construction (%) 1.163* 1.335* 0.931 1.282† 1.338* 

Transportation & warehousing (%) 1.088 0.937 1.086 1.189† 1.271† 

Retail trade & leisure services (%) 1.003 0.987 0.958 1.013 1.054 

Professional & business services (%) 0.929 0.701* 0.768 1.054 1.192 

Health & social services (%) 0.940 1.080 0.921 0.763† 1.140 

Percent Change from 1990-2000       

Agriculture, forestry & fishing 0.988* 0.970** 0.984* 0.986† 0.988† 

Mining 0.998 0.997 1.000 1.000 0.998 

Manufacturing 0.996 0.992 1.019† 0.996 1.016 

Construction 1.002 1.005 1.005 1.017* 0.977* 

Transportation & warehousing 1.004 1.001 1.003 1.009 0.994 

Retail trade & leisure services 0.993 0.984 0.981† 0.971* 0.971† 
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Professional & business services 0.995 0.999 1.001 1.020* 1.024* 

Health & social services 0.998 1.009† 0.998 0.997 0.986 

Percent Change from 2000-2016       

Agriculture, forestry & fishing 0.994* 0.997 0.995 0.985** 0.986** 

Mining 1.000 0.997* 0.999 1.000 1.000 

Manufacturing 0.985* 0.975* 0.984 0.964** 0.960** 

Construction 1.003 1.030** 1.002 1.004 0.991 

Transportation & warehousing 1.003 0.996 1.013* 0.997 0.985† 

Retail trade & leisure services 1.012 0.988 0.988 0.999 0.964* 

Professional & business services 0.993 0.986* 0.997 1.001 1.005 

Health & social services 1.007 1.016† 0.994 0.983† 1.012 

Regional Fixed Effects    Y     Y     Y     Y     Y  

Percent Correct Classification 38.39 19.44 46.27 37.50 52.44 

N 224 72 67 80 82 

 
Notes:  Goodness-of-Fit χ2

D=1,989.288. Null χ2=945.048***. pseudoR2=0.645. Correct classification of 
low opioid class 84.24% (n=476). Unclassified counties (n=65) dropped from analysis. †p<0.10, *p<0.05, 
**p<0.01, ***p<0.001   
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Table 4.  Multinomial Logistic Regression Predicting Opioid Mortality Classes versus the 
Low Opioid Class for n=1,929 Non-Metropolitan Counties in the Conterminous U.S. 
 

Non-Metro Odds Ratios 
Emerging 

Heroin 
vs. Low 

High 
Heroin 
vs. Low 

Rx 
Opioid 
vs. Low 

Synthetic
+ Rx 

vs. Low 

Opioid 
Syndemic

vs. Low 

Covariates in 2000      

Intercept (b) -1.431 0.898 -5.504* -1.240 -8.738 

Population Density (sq.mi.) 2.761*** 2.829* 1.581 2.963** 4.396** 

Minority population (%) 0.998 1.001 1.144** 1.111† 1.053 

Age 17 and younger (%) 1.066† 1.079 1.135*** 1.129** 1.056 

Age 65 and older (%) 0.999 1.017 0.968*** 0.974* 1.017 

Natural amenity scale (z) 1.310*** 1.016 1.335*** 0.988 0.839 

Urban Influence Code (1-12) 0.901* 0.854* 0.977 0.963 0.673***

Non-opioid drug deaths (per 100k) 0.985 1.033 1.010 0.956 1.003 

Opioid drug deaths (per 100k) 1.085* 1.082† 1.079** 1.155*** 1.347***

Opioid prescribing rate (per 1k) 0.994* 0.997 1.003 1.006* 1.015* 

Work disabled population (%) 0.967 0.885 1.317* 1.148† 0.824 

Median household income ($) 1.018 0.966 0.992 1.008 1.129* 

Violent crimes (per 100k) 1.000 0.999 1.002** 0.999 0.996 

Property crimes (per 100k) 1.000 1.000 0.999** 0.999 1.000 

Social capital, organizations (z) 0.994 1.078 0.957 0.978 1.265† 

Social capital, participation (z) 0.885 0.896 0.985 0.697** 0.656† 

Employment in 1990      

Agriculture, forestry & fishing (%) 0.948† 0.974 0.980 0.953 1.010 

Mining (%) 1.024 1.100* 1.012 1.006 0.989 

Manufacturing (%) 1.024 1.017 0.998 0.949† 0.955 

Construction (%) 1.031 1.231** 0.958 1.012 1.309* 

Transportation & warehousing (%) 1.003 1.066 0.889 0.923 1.626** 

Retail trade & leisure services (%) 1.016 0.925 1.003 0.977 0.904 

Professional & business services (%) 0.953 1.083 1.023 0.833† 0.902 

Health & social services (%) 1.064 0.873 1.031 1.013 1.113 

Percent Change from 1990-2000       

Agriculture, forestry & fishing 0.997 0.992† 1.000 1.001 0.996 

Mining 1.000 1.001 1.000 1.001† 1.002† 

Manufacturing 1.000 1.001 1.001 0.994 0.989 

Construction 0.998 0.998 0.995† 0.998 1.012 

Transportation & warehousing 0.995† 0.995 0.995* 1.000 1.000 

Retail trade & leisure services 1.001 0.993 1.010* 1.008 0.981 
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Professional & business services 1.001 0.993 1.003 0.994 0.998 

Health & social services 1.000 0.995 1.001 1.002 1.002 

Percent Change from 2000-2016       

Agriculture, forestry & fishing 0.997 0.983*** 1.002 0.993* 0.989† 

Mining 1.000 1.000 1.000 0.999 0.999 

Manufacturing 1.002 1.002 0.999 0.999 0.995 

Construction 1.001 0.997 0.991* 1.000 0.987 

Transportation & warehousing 0.995* 0.995† 0.998 0.996 0.998 

Retail trade & leisure services 1.005 1.003 0.997 1.008 0.961* 

Professional & business services 0.999 1.000 0.999 0.995† 0.998 

Health & social services 1.000 1.003 0.998 1.007† 1.020* 

Regional Fixed Effects    Y     Y     Y     Y     Y  

Percent Correct Classification 23.66 7.61 14.42 25.19 36.17 

N 224 92 208 131 47 

 
Notes:  Goodness-of-Fit χ2

D=3,524.686. Null χ2=1,090.437***. pseudoR2=0.475. Correct classification of 
low opioid class 94.54% (n=1,227). Unclassified counties (n=84) dropped from analysis. †p<0.10, 
*p<0.05, **p<0.01, ***p<0.001   
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Appendix 
 
Table A1.  Socioeconomic Indicators by Opioid Mortality Latent Classes for n=1,001 Metropolitan Counties in the 
Conterminous U.S. 
 

Metropolitan Areas 
Low 

Emerging 
Heroin 

High 
Heroin 

Rx 
Opioid 

Synthetic+ Rx
Opioid 

Syndemic 

 n=476 n=224 n=72 n=67 n=80 n=82 

    M SD    M SD    M SD    M SD    M SD    M SD 

Demographics in 2000 

Population Density (sq.mi./100) 3.49 12.44 8.62 33.17 5.49 9.15 1.15 1.34 5.96 14.13 7.59 15.11

Minority population (%) 26.33 2.91 25.60 2.64 25.49 2.62 25.31 2.99 25.26 3.25 24.80 2.26

Age 17 and younger (%) 12.30 3.66 12.12 3.11 12.45 2.54 13.11 2.58 13.31 3.97 13.53 2.75

Age 65 and older (%) 24.29 18.66 20.37 17.31 16.88 13.04 12.65 11.20 14.16 13.89 14.42 15.73

Natural amenity scale (z) 0.13 1.80 -0.22 1.62 -0.49 1.71 0.04 1.48 -0.16 1.82 -0.35 1.08

Urban Influence Code (1-12) 1.70 0.46 1.53 0.50 1.53 0.50 1.79 0.41 1.49 0.50 1.50 0.50

Drug Risk in 2000 

Non-opioid drug deaths (per 100k) 3.39 2.70 3.61 2.12 3.86 2.28 4.20 2.70 3.14 2.21 3.86 2.49

Opioid drug deaths (per 100k) 1.74 1.90 2.39 2.31 2.97 2.95 2.26 2.44 3.52 3.15 3.68 4.74

Opioid prescribing rate (per 1k) 74.21 36.10 74.98 34.33 81.93 26.84 102.02 56.23 82.31 32.41 89.39 27.50

Work disabled population (%) 1.89 0.72 1.79 0.60 1.90 0.53 2.78 0.90 2.01 0.71 2.08 0.63

Social Disorganization in 2000 

Median household income ($/1,000) 40.12 9.50 44.61 10.22 44.07 8.79 34.52 5.04 43.32 9.66 41.89 8.85

Violent crimes (per 100k) 183.47 142.38 164.40 117.69 194.60 168.47 158.87 81.47 172.81 149.89 161.93 140.40

Property crimes (per 100k) 529.71 349.17 614.77 643.59 852.44 1,052 395.30 195.17 521.22 367.73 484.02 275.26

Social capital, organizations (z) -0.67 1.87 -0.59 1.65 -0.56 1.36 -1.58 1.23 -0.37 1.47 0.07 2.76

Social capital, participation (z) -0.01 1.53 0.30 1.26 0.47 1.06 -0.70 1.06 0.39 1.29 0.30 1.01

Employment in 1990 

Agriculture, forestry & fishing (%) 5.13 4.56 3.17 3.47 2.94 2.42 4.66 4.10 3.29 2.97 2.28 2.05
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Mining (%) 0.92 1.81 0.64 1.50 0.48 0.94 1.08 2.06 0.75 3.20 0.61 1.28

Manufacturing (%) 17.90 7.97 19.52 8.23 21.78 8.52 26.33 10.43 19.31 7.10 20.10 6.99

Construction (%) 7.17 2.10 7.08 2.30 6.85 2.21 7.67 2.22 7.29 2.43 7.19 2.50

Transportation & warehousing (%) 4.25 1.49 4.37 1.85 4.25 0.99 4.27 1.62 4.37 1.54 4.57 1.73

Retail trade & leisure services (%) 21.73 3.63 21.84 3.58 21.82 4.02 20.04 3.74 22.19 3.20 22.23 2.44

Professional & business services (%) 8.64 2.60 9.16 2.34 8.58 1.99 6.58 1.67 8.88 2.33 8.95 2.46

Health & social services (%) 7.97 2.34 7.85 2.09 8.04 1.90 7.06 1.90 7.96 1.93 8.81 2.00

Percent Change from 1990-2000  

Agriculture, forestry & fishing -34.49 29.64 -46.20 23.97 -50.54 18.63 -30.11 24.31 -43.35 36.31 -49.95 24.23

Mining 3.83 113.52 -19.28 68.07 -13.78 62.80 24.99 195.52 -13.22 66.79 -26.40 52.63

Manufacturing 1.26 22.28 -3.90 21.57 -5.25 22.64 1.84 20.28 -5.42 23.67 -9.27 21.55

Construction 42.07 38.85 34.88 34.85 31.84 29.23 48.10 34.12 30.52 38.81 16.26 22.34

Transportation & warehousing 26.24 34.81 22.17 28.79 20.82 28.81 32.04 34.22 22.44 43.61 11.55 22.09

Retail trade & leisure services 37.15 27.48 33.21 24.73 29.69 21.64 38.88 21.34 28.56 22.77 23.49 17.15

Professional & business services -0.69 29.49 4.14 31.21 1.72 22.56 -1.89 28.45 4.45 36.91 -1.70 21.66

Health & social services 76.58 48.86 69.54 35.31 66.75 32.82 84.12 65.47 72.97 51.16 51.22 29.37

Percent Change from 2000-2016  

Agriculture, forestry & fishing 2.51 43.19 7.02 43.90 11.81 50.39 -11.91 39.15 -5.96 36.44 -5.97 38.55

Mining 132.66 341.55 121.13 287.49 35.74 92.57 83.84 131.83 94.58 258.44 95.19 201.62

Manufacturing -7.77 23.90 -12.38 18.57 -17.56 16.62 -24.86 16.51 -18.91 18.72 -22.75 12.50

Construction 4.84 26.28 1.74 18.76 -0.44 17.00 -9.15 19.60 -3.46 17.49 -7.76 15.41

Transportation & warehousing 13.77 31.88 14.33 27.45 7.13 23.93 10.98 43.23 0.84 21.36 -2.26 20.66

Retail trade & leisure services 21.05 24.30 23.22 21.57 15.43 16.21 9.62 15.84 13.49 18.97 9.09 14.95

Professional & business services 48.41 39.85 43.90 32.71 34.06 28.34 45.35 39.26 36.88 37.40 30.65 27.28

Health & social services 44.89 34.54 49.29 31.30 42.77 22.38 34.53 20.41 35.97 20.66 36.31 23.56
 
Notes:  M is mean and SD is standard deviation. Unclassified counties (n=65) not reported. 
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Table A2.  Socioeconomic Indicators by Opioid Mortality Latent Classes for n=1,929 Non-Metropolitan Counties in the 
Conterminous U.S. 
 

Non-Metropolitan Areas 
Low 

Emerging 
Heroin 

High 
Heroin 

Rx 
Opioid 

Synthetic+ Rx
Opioid 

Syndemic 

 n=1,225 n=224 n=92 n=208 n=131 n=47 

    M SD    M SD    M SD    M SD    M SD    M SD 

Demographics in 2000 

Population Density (sq.mi./100) 0.29 0.30 0.60 0.52 0.48 0.47 0.39 0.38 0.54 0.42 0.83 0.58

Minority population (%) 25.69 3.37 24.70 2.83 25.40 2.99 24.81 3.19 24.47 3.10 24.85 1.77

Age 17 and younger (%) 16.31 4.24 15.39 3.27 15.52 3.14 16.48 3.75 15.60 2.98 14.45 2.37

Age 65 and older (%) 18.93 20.31 14.37 17.73 16.49 20.54 15.01 15.61 11.41 14.41 13.96 21.09

Natural amenity scale (z) 0.10 1.60 0.23 2.09 -0.15 1.86 0.66 1.92 -0.29 1.71 -0.78 1.78

Urban Influence Code (1-12) 7.78 2.48 6.44 2.27 6.64 2.51 7.50 2.52 7.51 2.49 5.57 2.29

Drug Risk in 2000 

Non-opioid drug deaths (per 100k) 2.80 3.75 3.03 2.47 3.19 3.24 3.96 3.93 3.44 3.19 4.22 3.02

Opioid drug deaths (per 100k) 1.12 2.41 1.92 2.47 1.75 2.40 2.57 3.38 3.34 3.72 4.00 5.93

Opioid prescribing rate (per 1k) 76.79 36.54 78.63 33.19 74.56 36.15 99.89 50.00 105.43 69.64 105.88 41.47

Work disabled population (%) 2.17 1.00 2.25 0.77 2.19 0.74 2.94 1.47 3.09 1.56 2.59 1.05

Social Disorganization in 2000 

Median household income ($/1,000) 31.33 5.55 34.77 6.03 33.36 5.84 30.43 5.88 31.16 6.56 35.01 6.90

Violent crimes (per 100k) 145.54 408.46 183.70 445.99 166.44 173.72 162.79 126.94 119.20 95.73 120.62 96.05

Property crimes (per 100k) 479.52 1,782 731.10 2,582 801.70 1,545 409.50 312.34 391.88 288.38 475.07 284.33

Social capital, organizations (z) 0.49 2.62 0.39 1.63 0.51 2.01 -0.26 1.98 -0.13 1.76 0.33 1.54

Social capital, participation (z) 0.10 1.66 -0.15 1.25 0.03 1.15 -0.40 1.42 -0.60 1.38 -0.36 1.19

Employment in 1990 

Agriculture, forestry & fishing (%) 13.40 10.65 6.84 5.05 8.68 7.14 9.33 8.01 7.05 7.05 5.46 3.41

Mining (%) 2.06 4.05 1.77 4.11 3.00 5.98 2.99 5.63 3.80 7.11 1.76 4.71
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Manufacturing (%) 16.74 11.53 21.34 10.45 19.85 11.22 19.49 12.39 19.24 11.04 20.90 10.44

Construction (%) 6.42 2.20 6.96 2.08 7.01 2.25 7.18 2.36 7.36 2.47 7.45 3.04

Transportation & warehousing (%) 3.83 1.50 3.82 1.09 4.02 1.58 3.87 1.32 3.95 1.61 4.61 1.80

Retail trade & leisure services (%) 20.16 4.67 21.96 4.68 20.33 4.41 20.78 4.61 21.41 4.76 21.91 4.43

Professional & business services (%) 6.62 1.67 7.01 1.53 7.01 1.87 6.72 3.69 6.61 1.50 7.27 2.27

Health & social services (%) 7.42 2.68 7.83 3.13 7.36 2.45 7.33 2.71 7.60 2.27 8.00 2.45

Percent Change from 1990-2000  

Agriculture, forestry & fishing -16.24 38.18 -20.91 22.38 -21.87 24.30 -12.55 38.24 -0.49 84.24 -25.90 39.89

Mining 9.21 168.92 -8.13 81.58 4.77 174.48 10.72 184.42 16.87 134.50 49.53 197.66

Manufacturing 9.48 59.62 0.93 26.55 6.24 66.68 6.46 69.91 -1.57 33.86 -2.16 22.34

Construction 32.35 40.58 33.63 35.97 24.23 36.14 36.00 41.79 28.79 30.05 30.34 35.82

Transportation & warehousing 29.87 47.82 18.69 29.29 17.49 35.39 23.64 38.53 22.83 47.21 12.85 33.66

Retail trade & leisure services 24.65 23.42 28.51 20.73 24.48 21.00 31.95 24.96 29.40 23.78 25.95 16.62

Professional & business services -31.28 30.07 -21.13 27.23 -32.02 19.47 -22.36 31.67 -21.76 28.78 -19.74 22.93

Health & social services 78.69 80.37 73.94 42.09 69.26 48.30 89.89 104.04 86.32 78.49 67.14 38.48

Percent Change from 2000-2016  

Agriculture, forestry & fishing -14.97 32.28 -10.04 33.59 -22.02 30.64 -13.03 43.15 -22.53 34.30 -15.20 43.38

Mining 146.63 445.75 102.18 219.13 157.37 472.33 129.03 340.88 54.40 159.09 49.07 180.73

Manufacturing -10.70 51.66 -18.12 25.83 -17.88 42.04 -21.72 38.13 -21.31 32.06 -24.73 20.48

Construction 1.27 38.88 -5.15 21.69 -5.89 28.11 -10.89 27.76 -6.61 24.96 -18.18 22.35

Transportation & warehousing 2.94 44.16 3.23 32.87 1.41 62.99 2.07 46.21 -0.83 36.39 -1.27 29.97

Retail trade & leisure services 2.97 22.17 5.72 19.29 2.01 20.20 2.13 19.26 4.53 19.49 -1.55 17.30

Professional & business services 37.33 57.52 34.40 36.13 35.03 53.62 38.88 56.97 33.03 45.46 29.88 38.82

Health & social services 22.23 32.27 26.81 23.55 25.87 26.73 22.12 32.78 28.43 24.84 30.48 23.41
 
Notes:  M is mean and SD is standard deviation. Unclassified counties (n=84) not reported.  
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