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Abstract

Since the start of commercial production of oxycodone and hydrocodone in the 1990s,
consumption of prescription painkillers has consistently increased, as has the number of deaths
attributable to the use of prescription opioids and related substances (such as, heroin and
synthetic opioids). Previous studies have found that poor economic conditions are linked to
worsening health outcomes and increases in risky behaviors such as substance abuse. A
burgeoning literature examines this connection, focusing on the interrelationships between
economic conditions, health outcomes, and overdose rates. This study attempts to examine the
relationship between local economic conditions and prescription opioid use. Using novel and
newly available data from the Drug Enforcement Agency on county-level opioid consumption,
and data from the Bureau of Labor Statistics on county-level unemployment rates, | find that
increases in unemployment rates are, in fact, negatively related to prescription opioid use,
although subgroup analysis suggests that this relationship differs somewhat in counties with

different demographic and socioeconomic characteristics.
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Introduction

In October of 2017, acting Secretary of Health and Human Services (HHS) Eric Hargan
declared the abuse of opioids a public health emergency (Hargan 2017). That same year, the US
health care system dispensed nearly 200 million opioid prescriptions, with roughly 17% of the
population having at least one prescription filled (Centers for Disease Control and Prevention
2018). Over this same period, there were more than 70,000 fatal drug-related overdoses. Some
67% of these events involved some type of opioid (Scholl et al. 2018). HHS estimates that 130

Americans perish every day from opioid abuse (Department of Health and Human Services 2019).

The Centers for Disease Control and Prevention (CDC) provides prescription guidelines
based on the long-term health impacts of opioids, with the goal of mitigating potential harm to
patients (Dowell and Chou 2016). However, prescribing doctors have tended to rely on personal
judgement when making prescription decisions (Kilaru 2014). In addition, Paulozzi et al. (2014)
have identified differences in prescription practices based on geographic location. Rural areas in
Southern, Appalachian, and Western states have higher rates of opioid prescriptions per capita than
the rest of the country (Rolheiser, Cordes and Subramanian 2018). This variation in prescription
standards is not correlated with differences in health status and shows no indication of improving
health outcomes (Paulozzi et al. 2014). According to Elinore McCance-Katz of the Substance
Abuse and Mental Health Services Administration (2017), roughly half of prescription opioid

abusers received their drugs from family or friends.

Drug-related deaths in the United States totaled more than 60,000 in 2016, a 21.4% increase
from 2015. Two-thirds of these deaths involved some type of opioid (Scholl et al. 2018). Cicero
et al. (2014) have found that the majority of new heroin users began their opioid abuse through the

misuse of prescription opioids. The authors also identified a shift in the demographics of opioid



users. In previous decades, opioid use had been concentrated in urban areas among minority
populations and primarily consisted of illegal drugs such as heroin. In the late 2000s, however,
opioid use became increasingly common in rural areas and among white populations (Cicero et al.
2014). Indeed, one reason for the overall rise in prescription opioid abuse may be regional
differences in the sharing of prescription drugs among family and friends, which is more

acceptable in rural areas (McCance-Katz 2017).

Much of the literature on the causes of the opioid epidemic focuses on the increased
availability and affordability of prescription opioids, especially as the implementation of Medicare
Part D moved costs from patients to insurers (Zhou et al. 2018). However, some researchers have
focused on the relationship of general macroeconomic conditions and drug use. For example,
Hollingsworth (2017) found that unemployment rates are positively related to drug-related
mortality rates and to opioid-overdose-related hospital visits. In addition, in an examination of
falling labor force participation rates, Krueger (2017) found that over half of males who had
dropped out of the labor force took some sort of pain relief medication. However, relatively few
studies directly assess the relationship between economic conditions and the use of prescription

opioids.

In this paper, I estimate the impacts of local unemployment rates on the per-person use of
oxycodone and hydrocodone. | use Drug Enforcement Administration data recently published by
the Washington Post to measure prescription opioid use in a given area. These data provide
information on the exact number of pills sent to each county in the United States in each month. 1
combine these data with Bureau of Labor Statistics unemployment data to estimate the relationship

between unemployment rates and prescription opioid use at the county level.



Background

My period of analysis (2009 to 2012) coincides with the period of economic recovery after
the Great Recession. The Recession caused large spikes in unemployment across the United States
(Hacker et al. 2012). Moreover, compared to recessions in the 1980s and 1990s, the recovery was
comparatively slow (Hoffman 2014). By 2013, the United States had yet to replace 15% of the
jobs lost in 2008 and 2009 (Zmitrowicz and Khan 2014; Farber 2015). Additionally, the recovery
was geographically inconsistent. Certain areas lagged others in job growth substantially; this was
particularly true in the Ohio Valley and Appalachian regions (Economic Innovation Group 2017).
These areas tended to have disproportionately large populations who lacked high school degrees,
and job creation in these areas was generally insufficient to return even to 2000 employment levels

(Economic Innovation Group 2017).

The slow nationwide recovery was accompanied by declining labor force participation
rates. In 2015, participation fell to a forty-year low of 62.4% (Zmitrowicz and Khan 2014; Krueger
2017). The decline was even more pronounced among the prime working age population (50.6%
in 2013). The slow recovery rate and decline in labor force participation were partly related to the
aging of the population and pre-Recession trends, primarily an increased demand for higher
education among those in the prime working age (Krueger 2017). Another aspect of the slow
recovery was the limited recovery of the construction sector. Prior to the Recession, the United
States was enjoying a construction boom, but weak housing markets after 2009 meant that this
sector never fully recovered (Hoffman 2014). Krueger (2017) also identified dissatisfaction with

employment as a strong correlate of falling labor force participation.



Literature Review

Given the relatively recent onset of the opioid crisis, there is limited direct research on the
nexus of economic trends and prescription opioid abuse. The extent of opioid abuse, and the
transition to misuse of prescription opioids, are difficult to measure (Currie et al. 2018).
Researchers have been limited in their ability to measure drug abuse, other than through the use of
survey data or mandatory reporting mechanisms, such as the cause of death listed on death
certificates (Hollingsworth 2017). However, a large body of literature addresses the relationship
between economic conditions and mental and physical health. Additionally, researchers have
increasingly focused on the role played by economic trends in rates of opioid abuse and other risky

behaviors.

Economic Factors and Health Outcomes

A considerable body of literature indicates that economic downturns are associated with
negative health outcomes. Economic conditions have been found to be related to both physical and
mental well-being at the individual and societal levels. Individuals who experience financially
stressful situations tend to have poorer health outcomes (Brackbill et al. 1995; Laitenen 2002).
More specifically, studies of the relationship between health and employment have found that, in
general, the unemployed were more likely to face negative health outcomes than those with
consistent employment (Jin 1997; Dooley 1996; McGree 2015). In addition, Laitenen (2002) found
that those with an unhealthy Body Mass Index (BMI) tend to stress-eat, consume more alcohol,
and engage in other unhealthy behaviors. Unemployment and uncertain working conditions were

among the key stressors that the author identified as correlates of a high BMI.

Brackbill et al. (1995) studied hypertension among the general population. After

controlling for demographic and health factors, they found that people who experienced



unemployment reported experiencing more hypertension than the employed. Rates of hypertension
were particularly high among those who had been unemployed for more than a year. These
negative health outcomes manifested in a variety of ways, the most common being cardiac disease,

substance abuse, and suicide (Dooley 1997; Pharr 2012).

In addition, unemployment is associated with a higher risk of depression. The unemployed
also have more negative self-assessments of mental health than the employed (Goldsmith 1997;
Holland 2012). Moreover, in an examination of an area’s internet search trends and the number of
applications for unemployment insurance in that area, Tefft (2011) found that searches for
“depression” and “anxiety” were more common in places with higher numbers of unemployment
insurance claims. Additionally, Mossakowski (2009) found that unemployment during youth was

associated with feelings of depression much later in life.
Economic Factors and Risk-Taking Behaviors

Several studies have examined the linkages between economic factors and risk-taking
behaviors. Some of these assess the extent to which variation in levels of opioid abuse can explain
variation in labor market outcomes. For example, in 2017 Krueger performed a study of the decline
in labor force participation among prime working age males. The author found that increased
opioid use can explain a substantial portion of the decline in this group’s labor force participation
during the first fifteen of the 21% century. Other studies assess the extent to which limited economic
opportunity is predictive of risky economic behavior. For example, Kearney and Levine (2012)
described the feelings of hopelessness that often accompany a perceived lack of economic
opportunity. The authors found that early childbearing is more common in places with higher
levels of income inequality. Both strains of the literature suggest that there is an important link

between economic factors and risky behavior.



Economics of Hopelessness and Deaths of Despair

The “economics of hopelessness” theory dominates the literature on the relationship
between economic factors and opioid use. Case and Deaton (2015) found that, contrary to the
experience of other developed countries and other demographic groups within the United States,
mortality rates for non-Hispanic white men rose by 34 deaths per 100,000 between 2000 and 2015.
During the same period, Hispanics experienced a reduction of 60 deaths per 100,000, and the
mortality rate of black non-Hispanics fell by 200 per 100,000. The authors identified self-
destructive behaviors as especially prevalent among non-Hispanic white males. They noted that
this population had experienced increases in rates of suicide, alcohol-related liver disease, and
poisonings from drug abuse. However, while death rates rose for all non-Hispanic white men, these
increases were concentrated among those with lower levels of educational attainment.
Hollingsworth et al. (2017) also found evidence of large increases in drug use and overdoses

among non-Hispanic white men.

In 2017, Case and Deaton expanded on their 2015 work, studying deteriorating economic
outcomes among the groups that experienced rising mortality rates (Case and Deaton 2017). They
theorized that these groups believed that they were suffering from cumulative economic and social
disadvantages (e.g. limited career opportunities and marriage prospects) as their standards of living
declined. They argued that, as manual labor positions became less common and less likely to
ensure financial security, these individuals began to feel increasingly hopeless and turned to risky
or self-destructive behaviors, which are associated with increased rates of mortality. This
phenomenon, they argued, is most pronounced among those without a college degree, as these

individuals tend to experience “deaths of despair” at a much higher rate.



There is some disagreement in the literature about Case and Deaton’s research. Ruhm
(2018) challenged Case and Deaton’s findings, specifically with regard to the rise of drug use. He
concluded that the rise in drug-related deaths is related not to “despair,” but to changes in drug
availability and potency. He argued that if desperation over economic conditions was driving drug
abuse, we would have seen a decline in such abuse around 2010, as the economy improved. Instead
there was an acceleration in the number of “deaths of despair” during this period. A more
compelling reason for the increase in drug-related deaths, he argued, was changes to health care
policy in the 2000s that made access to prescription pain medication easier. He also pointed out
that, beginning in 2010, the introduction of newer, more potent and dangerous synthetic opioids
such as fentanyl was associated with an increase in the number of deaths. In support of this
perspective, Currie et al. (2018) found there were stronger differences in opioid prescription

patterns by region than by local economic conditions.

My Study’s Contributions to the Literature

This study attempts to resolve the disagreement between proponents of the “deaths of
despair” hypothesis and alternative explanations of the opioid crisis by using new data to study the
relationship between local economic factors and prescription opioid use. The clandestine nature of
illicit and improper drug use has made the estimation of general opioid use difficult. As a result,
the majority of studies on this topic have relied on self-reported measures of drug use, insurance
claim data, or CDC mortality data. Self-reports of illicit drug use are unlikely to produce accurate
estimates, as individuals may misreport such use to avoid potential legal consequences or due to
personal shame. Mortality data are useful for assessing the number of deaths from opioid abuse,
but they provide no information on the size of the population that habitually uses opioids but does

not die and claims data fail to account for a key segment of the population; those without insurance.



In contrast, data from the Drug Enforcement Administration’s ARCOS system, which tracks the
manufacturing and transportation of every monitored prescription drug in the country, allows
researchers, for the first time, to perform empirical analyses that exploit information on the number
of pills entering a county over time. Analyses of these data thus allow me to better understand the

relationship between employment rates and actual prescription opioid use at the county level.

Conceptual Framework

Based on my literature review, | expect to find that poor economic conditions are positively
associated with the use of prescription opioids. As noted, several studies have linked poor
economic conditions with deaths related to opioids. However, these studies have focused on
mortality rates, while my study focuses on opioid consumption. | predict that people in counties
with high unemployment rates will consume opioids at a higher rate than people in counties with
lower rates of unemployment. | also expect to find a stronger relationship between prescription
opioid use and unemployment than studies that focus on the relationship between unemployment
and opioid-related deaths. Studies focused on mortality are plagued by the problem of properly
assigning causes of death, and by the fact that only a relatively small number of people overdose.
My study avoids this problem. In order to reduce bias in my estimates, my model accounts for a
variety of potentially confounding factors, including a county’s economic and demographic
characteristics, as well as the extent of health care access within the county. These relationships

are presented graphically in Figure 1 and are described further in the following paragraphs.



Demographics
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Figure 1. Influences on Opioid Consumption

Economic Factors

Economic factors aside from employment may also be related to opioid use. For example,
some studies have found that, as income levels rise, deaths from opioids tend to fall (Hollingsworth
2017; Ruhm 2017; Visconti 2015). However, one study found that among those with higher
incomes deaths from prescription opioids are more common than deaths from other drugs such as
heroin or cocaine (Visconti 2015). Another found that opioid use was associated with poverty

status (Case and Deaton 2017).

An area’s employment profile may also affect opioid use. For instance, the use of opioids
may be more common in areas where a large portion of the population works in industries whose
workers are more likely to experience physical hardship or chronic pain. Thus, for example,
regions in which a large share of the workforce is employed in the mining or forestry industries
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may have larger numbers of people suffering from chronic pain related to their employment. These

individuals would presumably be more likely to pursue prescription pain relief.

Health Care Access

Many studies of opioid abuse rely on health insurer claims information (Cochran 2014;
Sullivan 2008), reflecting the fact that health insurance allows many individuals to access legal,
prescription opioids. However, research suggests that, in actuality, those most likely to self-report
prescription opioid abuse are uninsured (Wu et al. 2016; Becker 2008). These studies conclude
that a lack of health insurance prevents individuals from accessing treatment for addiction,

exacerbating opioid abuse because there is no health care provider to intervene preemptively.

Demographics

Certain demographic characteristics have been shown to be correlated with opioid
consumption. Much of the literature on opioids focuses on rising drug-related death rates among
prime working-age whites (Case and Deaton 2015; Ruhm 2017). Case and Deaton (2015)
specifically identify rising mortality rates from accidental poisonings (drug overdoses) among
white populations. Race has been addressed in most studies of the opioid epidemic when available
(Case and Deaton 2015; Hollingsworth 2017; Currie 2018). Per the “deaths of despair” arguments
proposed by Case and Deaton, opioid use also tends to decline as educational level increases
(Currie et al. 2018; Kelly et al. 2008). In addition, previous studies have examined the relationship

between marital status and opioid use (Hollingsworth 2017; Ruhm 2017; Toblin 2014).

Finally, veterans have been identified as a population especially vulnerable to opioid abuse
(Wu 2010). Advances in battlefield healthcare mean that growing numbers of veterans are

surviving traumatic injury and returning to the United States with chronic pain (Seal 2012).
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Veteran status is therefore likely to be associated with prescription opioid use and abuse, especially

among prime working-age males (Wu 2010; Seal 2012).

Data and Methodology
Data

My data cover 3,142 counties or county equivalents from 2009 to 2012.1 | use monthly
data for my drug use and unemployment variables, and annual data for my control variables. These
data come from a variety of sources as detailed in Table 1, and described in the following

paragraphs.

My data on drug use are drawn from the Drug Enforcement Administration’s ARCOS
system. This information was published by the Washington Post and is freely available online at
the Washington Post website. DEA ARCOS tracks the creation and transportation of controlled
substances in the United States to their point of distribution. The ARCOS data allowed me to
determine the number of hydrocodone and oxycodone pills that were brought into each county
over the course of each month during my period of analysis. | divided that number by the county’s
population size to estimate the number of pills-per-capita for each county-month. My
unemployment rate data are taken from the Local Area Unemployment Survey conducted by the
Bureau of Labor Statistics. This survey is the most comprehensive measure of the percentage of

the labor force that is currently seeking employment.

! Data on opioid prescriptions are available from the Washington Post for the years 2006 through 2012. The Bureau
of Labor Statistics provides unemployment data for that same period of analysis, and | use American Community
Survey data from the Census Bureau to create my demographic control variables. ACS data are consistently
available at the county level beginning in 2009. Thus, I limit my period of analysis to the period 2009-2012.
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As noted above, | control for several demographic and economic variables, and the data
for these variables come from a variety of databases. The bulk of these data are taken from the US
Census Bureau’s American Community Survey, five-year series. This survey collects data on
population size and distributions of sex, race, age, education, marriage status, sector of work, and
veteran status at the county level. | used the Census Bureau’s Small Area Health Insurance
Estimate for my health insurance information, and the Bureau’s Small Area Income and Poverty

Estimate for median household income and poverty rates.?
Methodology

| estimate an ordinary least squares (OLS) regression model with county and time fixed
effects to analyze the relationship between unemployment and prescription drug use. The inclusion
of county fixed effects in my regression allows me to control for factors that are unique to a county
and do not change over time. For example, cultural norms related to pain medication or other drug
use are likely to change slowly (if at all) over time, but are very likely to differ by county. Month
fixed effects allow me to control for broad factors that do not vary across counties but that change
over time, for example, national-level opioid awareness campaigns or changes in national
marketing campaigns for opioids. Because | have county-month panel data, | am also able to
include state-year fixed effects dummies in my regressions. These allow me control for unobserved
state level changes over time that impact drug use and unemployment rates. Examples of such
changes include evolving state-level attitudes about opioid use, state polices that decriminalize
marijuana use, or the implementation of state level opioid abuse programs. | thus estimated the

model as follows:

2 These data are collected at the county-year level. | assigned each annual value to the appropriate county-month
observation.
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drug useit = fo + Biunemploymentir + Sopovertyir + Bzincomeir + Ssmanual labori + Sshealth
insuranceit + feveteransit + f7maleit + fsmarriedic + fowhiteit + S1ohigh schoolit + f11bachelorsit +

S12ageit + ai + ye+ 0i*pe+ Mit

where i is a county index, t is a month index, ai represents county fixed effects, y: represents month
fixed effects, di represents a vector of state dummies, and it represents the error term. Table 1

provides definitions for all variables included in the regression.

Table 1. Definitions of VVariables

Variable Definition Source

Dependent

Variable

Drug Use A continuous variable measuring the per-capita ~ Automation of Reports and
number of oxycodone or hydrocodone pills Consolidated Ordering System,
shipped to a county in a specific month, divided Drug Enforcement
by the population of that county Administration. Data provided

by the Washington Post.

Independent

Variable

Unemployment A continuous variable measuring the proportion  Local Area Unemployment
of those seeking jobs who are not employed, Survey from the Bureau of
among the civilian non-institutionalized Labor Statistics
population aged 16 and over

Economic

Factors

Poverty A continuous variable measuring the portion of ~ Small Area Income and Poverty
the population that lives below the poverty line  Estimate from the United States

Census Bureau
Income A continuous variable measuring the median Small Area Income and Poverty

household income in a county Estimate from the United States
Census Bureau
Manual Labor A continuous variable measuring the portion of ~ American Community Survey
the population over the age of 16 that works in  from the United States Census
the natural resources, construction, Bureau
maintenance, production, transportation, or
material moving sectors
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Variable

Table 1. Definitions of Variables (cont.)

Definition

Health Care Access

Source

Health
Insurance

A continuous variable measuring the portion of
the population under the age of 65 that has
health insurance

Small Area Health Insurance
Estimate from the United States
Census Bureau

Demographic Factors

Male A continuous variable measuring the portion of ~ American Community Survey
the population that is male from the United States Census
Bureau
Married A continuous variable measuring the portion of ~ American Community Survey
the population that is married from the United States Census
Bureau
White A continuous variable measuring the portion of ~ American Community Survey
the population that is white from the United States Census
Bureau
High School A continuous variable measuring the portion of  American Community Survey
Degree the population that has only a high school from the United States Census
degree Bureau
Bachelor’s A continuous variable measuring the portion of ~ American Community Survey

Degree or better

the population that has a bachelor’s degree or
higher

from the United States Census
Bureau

Prime Working
Age

A continuous variable measuring the portion of
the population that is between the ages of 25
and 54

American Community Survey
from the United States Census
Bureau

Veteran

A continuous variable measuring the portion of
the population that is a veteran

American Community Survey
from the United States Census
Bureau
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Descriptive Statistics
Table 2 presents descriptive statistics for my dependent and key independent variables, as

well as for the demographic and employment characteristics included as control variables in my
regressions.® All estimates are weighted by average county population size over my period of
analysis. There is wide variation across county-month observations in terms of the number of
prescription pills per person per county. The average number of pills per person per month at the
county level is 3.3. The smallest number of pills per person was found in North Slope, Alaska (less
than 1/100™ of a pill per person); the largest number of pills per person was in Charleston, South
Carolina (almost 45 pills per person in April 2009).# The mean county unemployment rate is 9.1%,
but there is also substantial variation in this variable. Some counties in North Dakota — for
example Williams and Divide — have very low unemployment rates (around 1%). The highest

unemployment rate is 31.9%, in Imperial County, California in July 2011.

¥ My dataset contains 143,172 county-month observations, covering 2,983 counties or county equivalents
from 2009 to 2012. The counties not included in this dataset are excluded due to a lack of data from the
Drug Enforcement Administration on opioids. These counties may not have received any opioids during
the relevant time period. Alternatively, residents of these counties may have filled prescriptions in other
counties, but such a consideration is beyond the scope of this analysis. The Petersburg Census Area in
Alaska was created in 2008, and did not receive any opioids until 2010. I have included this census area
starting in 2010, when opioid data were first collected.

4 Charleston serves as a regional opioid distributor for local military service members, with individuals
coming from other counties to obtain opioids (Washington Post 2019).
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Table 2. Descriptive statistics for Dependent, Key Independent, and Control Variables

Variable Mean Minimum Maximum Star_1da_1rd
Deviation

Oxycodone or hydrocodone pills per 143,172 33 0.003 448 18
person
_Percentage of county population that 143,172 9.1 1 319 26
is unemployed
Economic Factors
Percentage of county population 143,172 15.4 29 53 55
below the poverty line
Median household income in dollars 143,172 52,394 20,990 121,250 13,731
Percenf[age of county population that 143,172 293 41 731 6.6
works in manual labor
Health Care Access
Percentage of county population
under 65 that does not have health 143,172 17.3 2.9 39.9 5.9
insurance
Demographic Characteristics
_Percentage of county population that 143172 492 423 76.4 13
is male
.Percent.age of county population that 143172 499 23.4 76.3 6.5
is married
Eerce_ntage of county population that 143,172 742 112 100 16.4
is white
Percentage c_)f county population that 143,172 571 216 80.9 85
has only a high school degree
Percentage of Icounty population that 143,172 28 37 798 10.3
has a bachelor's degree or better
Eergentage of.county population that 143,172 116 16.8 65.2 39
is prime working age (25-54)
_Percentage of county population that 143,172 9.7 25 304 39
is a veteran
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Figure 2 reports time trends for the number of prescription pills used per capita in my sample.
The graph shows an upward trend in this variable during the first three years of my panel, and a
downward trend in the final year. Figure 3 reports time trends for the average county
unemployment rate in my sample. The average unemployment rate increased initially but fell in
the second through fourth years. At the aggregate level, these trends are somewhat dissimilar.
My multiple regressions measure the relationships between these variables in a more nuanced

and sophisticated way.

Pills per Person
N W W W W W W
© w |l N w S a1 (o]

2.8
2009 2010 2011 2012

Year

Figure 2. Average number of pills per person by year- 2009-2012
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Figure 3. Average unemployment rate by year- 2009-2012

Regression Results

My regression results are summarized in Tables 3 and 4. In Table 3, Model 1 is a simple
ordinary least squares (OLS) regression that includes only my dependent and key independent
variables, while Model 2 introduces time-varying county-level controls to account for health
access, economic, and demographic characteristics. Model 3 adds county fixed effects, which
control for unobserved but fixed county-level characteristics over my period of analysis. Model 4
introduces month fixed effects, which control for unobserved factors that change over time, but
that do not vary across counties. Finally, Model 5 adds state-year dummies, which control for
unobserved state-level attributes that do not vary across counties, but that do change over my
period of analysis. Robust standard errors are reported for all coefficients. All regressions are

weighted by average county population size.

5 A table reporting unweighted regression results can be found in the Appendix. The results of my primary
unweighted specifications are similar to those of my weighted specifications. However, my unweighted subgroup
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| hypothesized that there is a positive relationship between county-level unemployment
rates and prescription pill consumption. However, | arrive at conflicting findings regarding this
relationship. In Models 1 and 2, which do not include fixed effects, there is a positive and
statistically significant relationship between unemployment rates and prescription opioid rates.
Model 1 suggests that a one-percentage-point increase in the county unemployment rate is
associated with a per-capita increase of 0.09 pills per month, or an additional 1.08 pills per year.
The unemployment coefficient in Model 2 is also positive and significant, but smaller in

magnitude.

The introduction of fixed effects leads to a reversal in the sign of the predicted
relationship of interest. In all three models that include fixed effects (Models 3 through 5),
increases in the county unemployment rate are associated with statistically significant decreases
in the number of prescription pain pills prescribed. In Model 3, which only includes county fixed
effects, an increase in unemployment of one percentage point is correlated with a reduction in
per-capita pills prescribed of 0.02, or 0.24 pills per year. The results of Models 4 and 5, in which

| introduce time and state-year fixed effects are largely similar to those of Model 3.

analyses differ somewhat from my weighted specifications. For instance, the relationship between unemployment
and opioid use is more strongly negative in counties with an above-median concentration of males. Additionally,
whereas my relationship of interest among counties with above-median levels of manual labor is negative in my
weighted specifications, it is positive in the unweighted specifications. My weighted and unweighted findings differ
in the same way when | disaggregate my sample according to poverty rates. Finally, while my relationship of
interest varies according to educational attainment in my weighted regressions, this is not the case in my unweighted
regressions.
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Table 3. Primary Specification Regression Results

Dependent Variable

Prescription Opioid Pills per Capita

@ 2 ©)) 4) ®)
County,
OLS with County Fixed County a_nd Month, and
OoLS con_trol Effects Month Fixed S‘Fate—Year
variables Effects Fixed
Effects
Key Independent
Variable
% Unemployed 0.09***  0.06*** -0.02** -0.03*** -0.02***
(0.005) (0.003) (0.008) (0.009) (0.006)
Economic Controls
Poverty Rate 0.11*** 0.03*** 0.0003 0.001
(0.004) (0.007) (0.007) (0.005)
Median Income 0.01 -0.01 -0.01 -0.05
($10,000) (0.001) (0.003) (0.003) (0.004)
% in Manual Labor -0.01*** -0.01* 0.004 -0.01**
(0.003) (0.008) (0.009) (0.007)
Health Care Access
Control
% Uninsured 0.02*** 0.04*** 0.03** -0.02
(0.003) (0.013) (0.013) (0.011)
Demographic Controls
% Male -0.22%** 0.10*** 0.10*** 0.05***
(0.005) (0.024) (0.024) (0.016)
% Married -0.01** 0.02* 0.02*** 0.01
(0.003) (0.009) (0.008) (0.005)
% White 0.04*** -0.01 0.0003 0.01
(0.001) (0.009) (0.010) (0.009)
% with only a High 0.05*** 0.13*** 0.08*** 0.03***
School Degree (0.003) (0.0112) (0.011) (0.011)
% with a Bachelor's 0.01*** 0.14*** 0.06*** -0.004
Degree or More (0.003) (0.015) (0.016) (0.012)
% Prime Working Age 0.09*** -0.07*%** -0.05%** -0.02**
(0.002) (0.014) (0.014) (0.010)
% Veterans 0.13*** -0.06** 0.04 -0.02
(0.005) (0.025) (0.026) (0.016)
Constant 2.51*%**  1.36%** -9.70*** -8.50*** -0.64
(0.038) (0.338) (1.949) (1.943) (1.364)
Observations 143,172 143,172 143,172 143,172 143,172
R-squared (within) 0.016 0.249 0.094 0.240 0.379

Robust standard errors in parentheses

*% 00,01, ** p<0.05, * p<0.1



In Table 4, I introduce several interaction terms into my analysis in order to determine
whether there is variation between different types of counties in terms of my relationship of
interest. Specifically, | interact my unemployment measure with dichotomous measures related
to the percentage of a county’s population that is male, the percentage of the county’s population
that is married, the percentage of county’s population that is employed in manual labor, the
percentage of the county’s population that lives in poverty, and the percentage of the county’s
population that has a bachelor’s degree or better.® For all five interactions, | generated binary

variables indicating whether a county was above or below the weighted median.
Male Interaction

Model 1 in Table 4 shows that, in counties with comparatively small male populations, a
one-percentage-point increase in the unemployment rate is associated with a statistically
significant reduction of .03 pills per person. In counties with comparatively large male
populations, a one percentage point increase in the unemployment rate is correlated with a
reduction of (-0.03+0.02) 0.01 pills per person. This relationship is statistically significant as

reflected in the results of the f-test shown at the bottom of the table.
Married Interaction

Model 2 indicates that, among counties with comparatively small married populations,
unemployment and the number of pills per county are not significantly related. However, for
counties with comparatively large married populations, this relationship is statistically
significant, as seen in the results of the f-test shown at the bottom of the table. Specifically,

among counties with comparatively large married populations, a one-percentage-point increase

61 also estimated regressions interacting unemployment with controls for median income, health insurance status,
percentage white, and percentage veteran. None of these interacted coefficients was statistically significant.
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in the unemployment rate is associated with a statistically significant decrease (-0.004-0.02) of

0.024 pills per capita.

Manual Labor Interaction

Model 3 indicates that unemployment and the number of pills per county are not
significantly related for counties with comparatively small populations that work in manual
labor. However, for counties with populations that work in manual labor at comparatively high
levels, this relationship is statistically significant. Specifically, among counties with
comparatively larger numbers of manual laborers, a one-percentage-point increase in the
unemployment rate is associated with a statistically significant decrease of (-0.001-0.02) 0.021

pills per capita.

Poverty Interaction

Model 4 shows that, in counties with comparatively low poverty rates, a one-percentage-
point increase in unemployment is associated with a statistically significant reduction of .01 pills
per person. In counties with comparatively high poverty rates, a one percentage point increase in
the unemployment rate is correlated with a statistically significant reduction of (-0.01-0.01) 0.02

pills per person.

Bachelor’s Degree Interaction

Model 5 shows that, in counties with comparatively low levels of secondary education, a
one-percentage-point increase in unemployment is associated with a statistically significant
reduction of .03 pills per person. In counties with comparatively high levels of secondary
education, a one percentage point increase in the unemployment rate is correlated with an

increase of (-0.03+0.06) 0.03 pills per person. Thus, counties with above-median levels of higher
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education, as defined by the possession of a bachelor’s degree or more, are the only subgroup

that conforms with my prediction of a positive relationship between unemployment rates and

prescription opioid use.

Table 4. Interaction Regression Results

Dependent Variable

Prescription Opioid Pills per Capita

1) (2) ®) (4) ()
Male Married Manual Labor  Poverty Bachelor's
Interaction  Interaction  Interaction Interaction  Interaction
Key Independent
Variables
% Unemployed -0.03*** -0.004 -0.001 -0.01* -0.03***
(0.006) (0.008) (0.012) (0.006) (0.006)
Unemployment*Male 0.02**
(0.006)
High Male -0.08
(0.058)
Unemployment* -0.02%*
Married (0.009)
High Married 0.15*
(0.084)
Unemployment* Manual -0.02**
Labor (0.011)
High Manual Labor 0.21**
(0.097)
Unemployment* -0.01*
Poverty (0.008)
High Poverty 0.14*
(0.080)
Unemployment* 0.06***
Bachelor's (0.016)
High Bachelor's -0.61%**
(0.189)
Economic Controls
Poverty Rate 0.001 0.001 0.001 0.001 0.002
(0.0055) (0.005) (0.005) (0.005) (0.005)
Median Income ($]_01000) -0.05 -0.05 -0.05 -0.05 -0.04
(0.004) (0.004) (0.004) (0.004) (0.003)
% in Manual Labor -0.01** -0.01* -0.01** -0.01** -0.01*
(0.007) (0.007) (0.007) (0.007) (0.007)
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Table 4. Interaction Regression Results (cont.)

Dependent Variable Prescription Opioid Pills per Capita
(1) ) @) (4) (%)
Male Married Manual Labor  Poverty Bachelor's
Interaction  Interaction  Interaction Interaction  Interaction

Health Care Access

Control
% Uninsured -0.02* -0.02* -0.02 -0.02 -0.02**
(0.010) (0.010) (0.010) (0.011) (0.009)
Demographic Controls
% Male 0.03** 0.05*** 0.04*** 0.05*** 0.04**
(0.017) (0.016) (0.015) (0.016) (0.016)
% Married 0.01 0.01** 0.01* 0.01 0.01*
(0.005) (0.005) (0.005) (0.005) (0.005)
% White 0.01 0.01 0.01 0.01 0.01
(0.009) (0.009) (0.008) (0.009) (0.008)
% with only a High School 0.03*** 0.03*** 0.03** 0.03*** 0.02**
Degree 0011)  (0.011) (0.012) 0.011)  (0.011)
% with a Bachelor's -0.004 -0.003 -0.004 -0.004 -0.0007
Degree or More 0012)  (0.012) (0.012) 0.012)  (0.013)
% Prime Working Age -0.02** -0.02** -0.02** -0.02** -0.02**
(0.010) (0.010) (0.010) (0.010) (0.010)
% Veterans -0.02 -0.02 -0.02 -0.02 -0.02
(0.016) (0.016) (0.016) (0.016) (0.02)
F-Statistics and p-Values on Joint Hypotheses
Ho: Unemployment + 4.45** 17.85*** 17.46*** 12.25*** 4.40**
Interaction =0 00350 00000  0.0000 0.0005  0.0360
Constant 0.08 -0.91 -0.51 -0.58 0.52
(1.403) (1.368) (1.366) (1.356) (1.206)
Observations 143,172 143,172 143,172 143,172 143,172
R-squared (within) 0.380 0.381 0.380 0.380 0.384

Robust standard errors in parentheses. All regressions include County, Time, and State-Year Fixed Effects.

wxk 0<0,01, ** p<0.05, * p<0.1
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Conclusion

My findings suggest that increases in the unemployment rate in a given county are
associated with decreases in per capita prescription opioid use. My simplest models suggest a
positive association, but the introduction of entity and time fixed effects reverse the sign of this
relationship. The estimated relationship is relatively small (roughly 2/100ths of a pill per capita
for a one percentage point increase in the unemployment rate). This finding runs counter to my

hypothesis, and to the deaths of despair hypothesis promoted by Case and Deaton (2015; 2017).

The results of my sub-group analysis also run counter to my expectations. Not only was |
expecting the overall relationship between unemployment and opioids to be positive, | expected
this relationship to be more strongly positive in places with higher poverty and greater employment
in manual labor jobs. However, | find that there is a more strongly negative relationship between
pill use and unemployment in areas with high rates of poverty and high rates of employment in the
manual labor sector. The relationship between unemployment and pill use per capita is also more
strongly negative in areas with lower marriage rates, which similarly runs counter to the deaths of
despair hypothesis. The only sub-group analysis that followed my predicted hypothesis of a
positive relationship was for counties with an above-median rate of college education. However,
this group of counties might be expected not to suffer from the deaths of despair problem, and
would thus be the most likely to make opioid- use decisions independent of economic

circumstances.

My results thus align in opposition to the deaths of despair hypothesis. | find not only that
there is not a positive association between unemployment and prescription opioid use, but that

there is in fact a negative correlation between the two. These findings generally support Ruhm’s
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(2018) focus on environmental factors and changes in drug availability and lethality as driving

factors in high levels of death related to opioids.

My analysis has several important limitations. First, the fact that pills can cross county
lines makes my estimates less precise. While it is likely that most members of the population
receive their prescriptions from a pharmacy located in their county of residence, there are likely
some individuals who do not. Those who live or work near county borders are likely to make
purchasing decisions based on ease of travel, and could therefore cross county lines to obtain
prescription opioids. With the data currently available, it is difficult to address this issue. Second,
the diversion of pills from their intended recipients to illegal markets damages our ability to
estimate precise relationships. Oxycodone and hydrocodone (the medications addressed in my
study) are especially likely to be diverted (Inciardi 2007) and are among the most likely to be

shared by friends or family (McCance-Katz 2017).

Finally, several omitted variables are likely associated with both unemployment and
prescription opioid use. Both the general health of the county and the quality of doctors in a county
would ideally be controlled for. I believe that both of these omitted variables are upwardly biasing
my estimated unemployment coefficients. It seems likely that high rates of poor health are
correlated positively with both unemployment and opioid use, while the quality of doctors is likely

negatively correlated with both (Kilaru 2014; Paulozzi 2014).

However, | believe that there is a more important omitted variable to consider: non-
prescription opioids such as heroin or fentanyl. Use of non-prescription opioids and its relation to
unemployment should generally follow the same patterns as prescription opioid usage. | suspect
that non-prescription heroin use would thus be positively correlated with unemployment, but
would be negatively correlated with prescription opioid use. Relevant to the latter point is the fact
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that individuals often transition from prescription opioids to heroin (Cicero 2014). If my
assumptions are correct, the omission of this control would exert a downward bias towards my
unemployment coefficients. Due to its illicit nature, heroin and fentanyl use is difficult to track,
especially at the county level. However, | believe that - due to the ability to substitute heroin or
fentanyl for prescription opioids — non-prescription opioid usage is a key factor to address in future

research.

In sum, omitted variable bias problems likely exert both downward and upward bias on my
estimates. However, | believe that the omission of a control for non-prescription opioid usage is
likely to be the most influential source of bias. While standards of health and doctor quality are
important, heroin or fentanyl use is likely to be strongly related to opioid use because either can
function as a substitute for prescription opioid pills, making it a key factor. | suspect that, in
totality, the omission of the variables described here likely biases my estimates downward, which
is to say that the true (unbiased) relationship might still be consistent with the deaths of despair

hypothesis.

The policy implications of my study are mixed. While improvements in the economic
circumstances of vulnerable populations will almost certainly improve the health outcomes of
groups suffering from the opioid epidemic, my research suggests that this may not be the most
efficient avenue for reducing opioid dependency. The phenomena of substance abuse and addiction
are complex enough that there is no one-size-fits-all solution. Policy makers should draw on a

diverse set of tools in order to combat this important public health problem.

Future studies should attempt to control for heroin use via proxies used elsewhere such as
the number of opioid-related overdoses and emergency room visits per capita (Hollingsworth

2017; Ruhm 2016). Because | used national level data, | faced constraints in terms of the variables
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that | was able to incorporate into my analysis. Census Bureau data are valuable, but are unable to
support controls for some variables that are key to addressing the question that I focus on.
Researchers should consider conducting localized analyses focusing on states whose public health
departments would be able to provide data on some of the variables for which | was not able to
control — for example, proxies for heroin or fentanyl use. Future research would ideally also focus
on states with substantial county-level variation in opioid use (e.g., Oklahoma or Oregon).
Additionally, qualitative studies would likely be useful here because they might be better able to

assess the extent of both prescription and non-prescription opioid use.

Identification of the key linkages between prescription opioid use (or abuse) and heroin
use is key to understanding the roots of the opioid epidemic. My sub-group analyses potentially
support these veins of research. | find that high-manual-labor and high-poverty areas experience
greater decreases in opioid use as unemployment rises. It is possible that these reductions in opioid
use correspond to increases in the use of other drugs. For example, those who become unemployed
might lose access to prescription opioids (via loss of income or health insurance) and instead begin
consuming other drugs such as heroin. Because prescription opioids and heroin have similar
chemical properties (Centers for Disease Control and Prevention 2018), I believe the two are likely
to be substitutes for one another. This would be consistent with the findings of Case and Deaton
(2015; 2017). The factors that drive drug use are enormously complex, and further research could

aid in identifying attainable policy solutions to the opioid epidemic.
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Appendix
Table A.1 Unweighted Primary Specification Regression Results

Dependent Variable Prescription Opioid Pills per Capita

@ 2 ©)) 4) ®)
County,
OLS with County Fixed County a_nd Month, and
OoLS con_trol Effects Month Fixed S‘Fate—Year
variables Effects Fixed
Effects
Key Independent
Variable
% Unemployed 0.17***  0.08*** -0.05*** -0.02%** -0.01***
(0.002) (0.002) (0.003) (0.004) (0.003)
Economic Controls
Poverty Rate 0.10%** 0.03*** -0.01 -0.004
(0.002) (0.004) (0.004) (0.003)
Median Income -0.01*** 0.02%** -0.01** -0.004*
($10,000) (0.001) (0.003) (0.002) (0.002)
% in Manual Labor -0.05*** -0.02%*** 0.002 0.002
(0.001) (0.005) (0.005) (0.004)
Health Care Access
Control
% Uninsured 0.01*** -0.03*** -0.02%** -0.02%**
(0.001) (0.006) (0.006) (0.007)
Demographic Controls
% Male -0.28*** 0.04*** -0.0007 -0.002
(0.004) (0.012) (0.010) (0.009)
% Married -0.04*** -0.02*** 0.002 0.002
(0.002) (0.004) (0.004) (0.004)
% White 0.06*** -0.008* -0.004 -0.002
(0.0006) (0.005) (0.004) (0.005)
% with only a High -0.03*** 0.08*** 0.02*** 0.01*
School Degree (0.002) (0.006) (0.006) (0.006)
% with a Bachelor's -0.06*** 0.08*** 0.01 0.003
Degree or More (0.002) (0.008) (0.008) (0.008)
% Prime Working Age 0.15*** -0.05*** -0.008 -0.005
(0.003) (0.008) (0.007) (0.006)
% Veterans 0.08*** -0.06*** 0.002 -0.01
(0.002) (0.011) (0.010) (0.010)
Constant 2.13***  10.74*** -0.70 2.58*** 3.57***
(0.017) (0.285) (0.995) (0.931) (0.918)
Observations 143,172 143,172 143,172 143,172 143,172
R-squared (within) 0.060 0.237 0.116 0.249 0.294

Robust standard errors in parentheses
**% p<0.01, ** p<0.05, * p<0.1
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Table A.2 Unweighted Interaction Regression Results

Dependent Variable Prescription Opioid Pills per Capita
1) (2) ©) (4) ()
Male Married Manual Labor  Poverty Bachelor's
Interaction Interaction  Interaction Interaction  Interaction
Key Independent
Variables
% Unemployed -0.02%** -0.008 0.003 -0.006* -0.01***
(0.005) (0.005) (0.007) (0.004) (0.004)
Unemployment*Male -0.04
(0.043)
High Male 0.01**
(0.005)
Unemployment* 0.006
Married (0.05)
High Married -0.007
(0.005)
Unemployment* Manual 0.13*
Labor (0.071)
High Manual Labor -0.02**
(0.007)
Unemployment* 0.14***
Poverty (0.035)
High Poverty -0.01%**
(0.004)
Unemployment* -0.24%**
Bachelor's (0.066)
High Bachelor's 0.02***
(0.007)
Economic Controls
Poverty Rate -0.004 -0.004 -0.005 -0.006* -0.004
(0.003) (0.003) (0.003) (0.004) (0.003)
Median Income ($10,000) -0.004* -0.004* -0.004* -0.004* -0.004*
(0.002) (0.002) (0.002) (0.002) (0.002)
% in Manual Labor 0.002 0.002 0.002 0.002 0.002
(0.004) (0.004) (0.004) (0.004) (0.004)
Health Care Access
Control
% Uninsured -0.02*** -0.02*** -0.02*** -0.02*** -0.02***
(0.007) (0.007) (0.007) (0.007) (0.007)
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Table A.2 Unweighted Interaction Regression Results (cont.)

Dependent Variable Prescription Opioid Pills per Capita
1) (2) ©) (4) ()
Male Married Manual Labor  Poverty Bachelor's
Interaction Interaction Interaction Interaction  Interaction
Demographic Controls
% Male -0.01 -0.003 -0.003 -0.003 -0.003
(0.009) (0.009) (0.009) (0.009) (0.009)
% Married 0.002 0.005 0.003 0.002 0.003
(0.004) (0.004) (0.004) (0.004) (0.004)
% White -0.002 -0.002 -0.002 -0.002 -0.002
(0.005) (0.005) (0.005) (0.005) (0.005)
% with only a High School 0.01* 0.01* 0.01* 0.01* 0.01*
Degree (0.006) (0.006) (0.006) (0.006) (0.006)
9% with a Bachelor's 0.003 0.003 0.003 0.003 0.004
Degree or More (0.008) (0.008) (0.008) (0.008) (0.008)
% Prime Working Age -0.004 -0.005 -0.005 -0.005 -0.005
(0.006) (0.006) (0.006) (0.006) (0.006)
% Veterans -0.01 -0.01 -0.01 -0.01 -0.01
(0.010) (0.010) (0.010) (0.010) (0.010)
F-Statistics and p-Values on Joint Hypotheses
Ho: Unemployment + 8.56*** 18.10*** 17.43*** 19.24*** 1.15
Interaction = 0 0.0035 0.0000 0.0000 0.0000 0.2838
Constant 3.96*** 3.47*** 3.49*** 3.55%** 3.61***
(0.912) (0.924) (0.922) (0.917) (0.917)
Observations 143,172 143,172 143,172 143,172 143,172
R-squared (within) 0.295 0.294 0.294 0.295 0.294

*kk p<0.01, *%k p<0.05, * p<0.1
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