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Abstract: The opioid crisis has impacted many regions of the United States, transcending socioeconomic,

demographic, and political divides and leading to urgent calls for public health and law enforcement inter-

ventions. It has hit both micropolitan and rural smaller communities especially hard, with severe increases in

prescription drug-induced fatalities over time. This paper explores socioeconomic determinants and spatial

disparities of fatalities caused by drug and opioid overdose (both intentional and unintentional), focusing

specifically on rural-urban differences and understanding the separate role of net farm income in the drug

overdose crisis. Our panel data analysis of all US counties spanning the 1970-2016 period indicates that

rurality, as measured by lower population density, is associated with higher deaths rates. Importantly, while

our research suggests that the opioid crises went hand in hand with declining net farm income, the effect

appears to be small. Specifically, we estimate that each $10,000 reduction in net income per farm is associ-

ated with a 0.04 increase in overdose age-adjusted deaths per 100,000 people. This effect is more prominent

in counties with persistent poverty, which also is predominantly rural. Given the pronounced variability in

farm financial indicators over time, the relative health of the farm sector in rural areas may warrant more

attention if the pressing health crisis is to be addressed effectively.
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1. INTRODUCTION

The prescription and illicit drug overdoses crisis has reached far into American society, tran-
scending economic, political, and demographic lines and leaving few communities untouched.
The Council of Economic Advisors (2017) estimated that fatalities from drug overdoses cost
the nation $432bn in 2015, in terms of the statistical value of lost lives and 2.8% of national
GDP. In addition, national Center for Health Statistics (NCHS) data show a dramatic 5.6-
fold upward shift in the trend line of age-adjusted mortality rates between 1998 and 1999,
from an average increase of 0.13 deaths per year per 100,000 population in 1970-1998 to an
increase of 0.73 deaths per year since then. This shift has been attributed to decisions in
the 1990s to more aggressively treat pain with opioids (Kolodny et al. (2015); Rosenblum
et al. (2008)); importantly, this period also preceded the 2001 recession as well as China’s
accession to the World Trade Organization on December 11, 2001 (Case and Deaton (2015)).

One common belief is that rising death rates, in particular those related to opioids and
synthetic drugs,1 reflect declining economic opportunities (Monnat (2019)), especially in ru-
ral areas (Keyes et al. (2014); Monnat (2019)). A more detailed overview of opioid-induced
death distributions across the rural-metro continuum suggests that prescription opioids and
synthetic prescription opioid mixtures are overwhelmingly located in sparsely populated ru-
ral areas. In contrast, synthetic drugs, heroin, and opioid syndemic counties have been
predominantly urban and metro where delivery networks are relatively well-established and
people are economically more secure (e.g., see Peters et al. (2020)). Therefore, with agri-
culture being an important sector in many rural communities, understanding how to farm
financial wellbeing potentially buffer negative impacts of economic distress that may lead to
drug dependence and induced fatalities is important and may help design policies addressing
rural financial hardship and poverty traps. In this paper, we identify factors associated with
age-adjusted death rates from a drug overdose, which include prescription drugs, opioids,
various sedatives, and illicit drugs, both intentional and unintentional drug overdoses.2

We estimate a fixed-effects panel data model using annual data and covering all US
counties over the 1970-2016 period, and by splitting the sample, periods of pre-and post-
1999 to mark “the wave 1” of the three waves in drug epidemics when the deaths rates
started to rise due to prescription opioid overdose.3 Relating these shifts in death rates4 to
important economic factors also makes the sample split particularly interesting for further
study, where individual regressors may have different effects in the different periods. For
example, the pre-1999 sample covers the period before potential threats to workers from
automation, robots, and artificial intelligence gained more prominence, at least in terms of
public awareness (see also Acemoglu and Restrepo (2018)). Moreover, the period roughly
coincides with the Reagan era, which started in the 1970s and has also been referred to as

1A Center for Rural Pennsylvania (2017) in-state opinion survey finds respondents identifying a variety of
causes of the crisis, including poor personal decision-making, over-prescription and inadequate law enforce-
ment. Monnat and Rigg (2016) find that prescription opioids abuse rates among youth are highest in rural
areas (6.8%) followed by small urban (6.0%), and lowest in large urban areas (5.3%).

2Opioid-related deaths make more thank 2/3 of the total drug related deaths rates across all U.S. states
Scholl et al. (2019).

3Available https://www.cdc.gov/drugoverdose/epidemic/index.html
4Throughout the paper death rates refer to drug overdose death rates.
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the Me Decade, referencing the general new attitudes of Americans concerning “narcissism,
selfishness, personal rather than political awareness” (Schulman (2001); Wolfe (1976)). As
for the post-1999, the period covers several recessions. As noted above, China’s accession to
WTO, major sectoral shifts in employment, including shrinking of farming and factory jobs
and the rise in the service-related employment.

In addition to the primary variables of interest (e.g., rurality and net farm income), our
model controls various socioeconomic variables, including demographic, sectoral employ-
ment, and labor markets variables such as unemployment rates and income. Our results
suggest that higher levels of rurality as measured by lower population density are associated
with higher drug overdose fatality rates. The analysis further reveals that a $10,000 reduc-
tion in net income per farm is associated with an increased death rate from opioid overdoses
by 0.04 death per 100,000 people. The effect is almost twice as large in the sub-sample of
persistent poverty counties. As for other control variables, our results suggest the effect of
per capita income is statistically different from zero, and this variable is associated with
lower death rates; at the same time, death rates were higher with increased welfare transfer
payments (used to proxy for poverty), all else held constant. Regarding sectoral employment
shares, we found some variations and differences in effects across regions and the rural-urban
continuum, but the differences were primarily in terms of their statistical significance rather
than the direction of effects. The agricultural and manufacturing sector employment shares
are consistently found to be associated with lower death rates.

Our research draws on and extends earlier work examining socioeconomic and demo-
graphic drivers of opioid-induced deaths in the US and various mental health indicators.
Overwhelming evidence indicates that a lack of job opportunities, economic downturns and
prevalence of deaths rates lead to mental health problems (Arkes (2007); Betz and Jones
(2018); Carpenter et al. (2017); Goetz et al. (2015); Hollingsworth et al. (2017); Ruhm
(2015)). Importantly, we contribute to the long line of research work that explores rurality
and poverty spells of opioid epidemics (Keyes et al. (2014)). Past research has indicated that
deaths from prescription opioids have been of particular concern in smaller rural and remote
areas (Monnat (2018); Monnat (2019); Monnat et al. (2019); Monnat and Rigg (2016); Pe-
ters et al. (2020)) that rely heavily on farming and manufacturing industries, and whose
population are predominantly white, poor, and aging (Peters et al. (2020)). These past
studies also suggested heterogeneity in the effects of various socioeconomic and employment
variables and the subsequent importance of place-specific policies to addressing the crisis.
We complement them by focusing on the financial health of farming, which is inherently more
cyclical than, for example, earnings from manufacturing, and by further exploring differences
in death disparities along the lines of lingering and persistent poverty.

2. DATA AND DESCRIPTIVE STATISTICS

Data for this research were obtained from multiple sources, including the National Center
for Health Statistics (NCHS), the US Census Bureau, and the Bureau of Economic Analysis.
We extract drug-related mortality statistics from the NCHS Compressed Mortality Files
(CMF), which provide county-level mortality and population data to construct the dependent
variable. The 1968-1988 data are publicly available, while the CMFs for 1989-2016 are
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available on CD-ROMs and are usage restricted. The mortality data files report more than
100 underlying causes of deaths by different age groups using the International Classification
of Disease (ICD). The CMF for 1999-2016 uses ICD10 codes to identify underlying causes of
deaths, CMF for 1989-1998 uses ICD 9 codes, and all prior years starting in 1968 are based
on ICD 8 classification. We used all ICD codes related to illicit drug poisoning deaths (both
intentional and unintentional), including opiates, heroin, and prescription drugs.5

To calculate age-adjusted mortality rates, and following common practice in the health
literature, we first calculate age-specific rates per 100,000 people for each county (a total
of 9 age groups is used for the population 15 years and older) and multiply them by the
number of people in the specified age group in the standard population. The US year 2000
population was used for the latter. Hence, the final mortality variable is an age-adjusted
rate per 100,000 of 15 years and older population.

Independent variables are retrieved from the sources shown in Table 1. Because of data
availability for race and unemployment, as well as the significant shift in drug overdose rates
marking the start of the first wave in 1999, we carry out separate estimations for the periods
1970-1998 and 1999-2016, in addition to estimating a model covering the entire period. We
also lag the regressors by one year, leaving 113,639 observations in the overall panel across
2,966 counties. This also reflects nondisclosure of data in a subset of fewer than 50 small
rural counties. Our results should be interpreted with this in mind.

Figure 1 shows a sharp increase in the average annual number of age-adjusted deaths per
100,000 population by US region, rising from less than 1 in 1970 to more than 17 in 2016.
The Northeast US especially experienced a sharp increase in recent years, while growth rates
have tapered off in the West and South. The maps in Figures 2a and 2b show the same
variable for US counties for the two different periods of observations. Both the coasts and
non-coastal areas are impacted, but the relatively lower death rates in the agriculturally-
dependent center of the country also stand out, as do the high and widespread death rates in
the West in the 1970-1998 period. Further, strong regional and state clusters appear in the
1999-2016 period. The Great Plains and New York State show low rates, while the Central
Appalachian region and Utah, Arizona, and New Mexico are high.

We measure farm financial status by net farm income per farm proprietor using Bureau
of Economic Analysis (BEA) Regional Economic Information System data. We use NCHS
population data files to calculate percent black, percent white, and other races and the shares
of female and male populations by county. The population with the Hispanic origin is only
available starting in 1999; this distinction was not made in prior years. Data on income are
from the US Bureau of Economic Analysis. Unemployment rates starting from 1990 were
available from the Bureau of Labor Statistics. Because poverty rates from the US Census
Bureau are available starting only in 1989, we use welfare receipts per capita as an alternative
proxy. Sectoral employment shares and percent self-proprietor employments are calculated
using the US BEA employment series. Public sector employment is the excluded category.

5ICD10 codes used were X40-X44, X60-X64, X85, Y10-Y14. These codes corresponded to 292, 2920-2929,
304, 3040-3049, 3051-3059, 853-858, 9500-9505, 9620, 9800-9805 in ICD9 classifications. ICD 8 codes
included various codes within a broader 304 code (drug dependence), 309.1, E853, E854, E 855, E856
and E950 (for more detailed descriptions about ICD 8, 9 and 10 categories of drug overdose deaths see
http://www.wolfbane.com/icd/.
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Figure 1: Age-Adjusted Opioids-Related Death Rates by U.S. Region,
1968-2016

Note: Shared areas denote recession as defined by the National Bureau of Economic Research.

These variables do not allow us to infer that workers in any sector are more or less prone to
die from overdoses. We can, however, infer that a higher employment share in a given sector
relative to public sector employment is associated with a different overall death rate for the
entire county if the parameter estimate is statistically different from zero. As noted, for the
main analysis, we consider three separate samples. A full sample corresponding to the years
1970-2016, an early, pre-1999 sample from 1970 to 1998, and the most recent, post-1999
sample for 1999-2016. This provides a structural break in the time series that matches the
year in which the death rate dramatically increased. We also explore spatial differences in
deaths rates across the rural-urban divide and their regional variations, and for counties in
persistent poverty. The US Department of Agriculture’s (USDA) Economic Research Service
(ERS) defines a persistent poverty county as one in which more than 20% of the population
were below the poverty line during the 1980, 1990, 2000 censuses and according to the recent
2007-2011 American Community Survey.6

6For description refer to https://www.ers.usda.gov/data-products/county-typology-codes/
descriptions-and-maps/.
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Figure 2a: Opioids-Related Death Rates by County, 1970-1998

Figure 2b: Opioids-Related Death Rates by County, 1999-2016

Source: Authors. Color version on-line.
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Table 1: Variable Definitions, Descriptions, Sources
and Summary Statistics

Variable Description Source Mean Std. Dev. Min Max
AgeAdjusted-
Death

Age adjusted
Deaths per
100,000 people

NCHS (Com-
pressed Mortal-
ity Files)

4.10 7.83 0 198.31

Ln FarmIncome -
FP

Net farm in-
come per farm
proprietor, log

BEA 9.74 1.30 -2.61 14.70

Per Inc Pc per capita in-
come, $1000

BEA 26.88 7.99 7.36 180.31

PctBlack %
black/African
American

NCHS (Popula-
tion Files)

9.96 14.47 0 86.9

Male female male to female
population ratio

NCHS (Popula-
tion Files)

0.98 0.09 0.74 8.01

Prop Emp % proprietor
employment

BEA 26.75 11.02 0.20 78.04

Ln Personal-
Transfers pc

Personal trans-
fer payments
per capita,
$1000 log

BEA 1.41 0.46 -1.31 2.72

Unemp rate % unemployed BLS 6.16 2.71 0.7 30.60
Emp ag % agricultural

employment
BEA 2.12 2.95 0 52.41

Emp constr % construction
employment

BEA 6.83 3.65 0.12 82.58

Emp manuf % manufactur-
ing employment

BEA 16.71 11.97 0 75.50

Emp mine % mining em-
ployment

BEA 2.13 5.12 0 89.30

Emp retail % retail employ-
ment

BEA 16.67 4.23 0.36 56.39

Emp wholesale % wholesale em-
ployment

BEA 3.96 2.44 0 43.09

Emp transp util % transporta-
tion & utilities
employment

BEA 4.27 3.55 0 75.01

Emp finance % financial
services em-
ployment

BEA 6.60 3.09 0 43.86

Emp service % Service em-
ployment

BEA 19.77 11.23 0.10 85.92

Pop density population den-
sity

BEA 120.42 366.23 0.16 13,544.8

PctWhiteNon-
Hisp*

% white of non-
hispanic ethnic-
ity

NCHS (Popula-
tion Files)

80.27 19.14 2.09 100

PctBlackeNon-
Hisp*

% black of non-
Hispanic ethnic-
ity

NCHS (Popula-
tion Files)

9.34 14.67 0 86.73

Notes: The sample contains 113,639 county by year observations, over the 1970-2016 period for the 2,966
counties. * data are only available starting 1999.
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3. ESTIMATION METHOD

To examine the effects of socioeconomic and other factors on drug overdoses, we estimate
the following fixed effects model employing a panel dataset with c indexing counties and t
indexing years (from 1970 to 2016):

Deathct = β0 + β1ln(Net F lct) + β2PopDenct−1 + β3Econct−1 + β4Demct−1+
β5Empct−1 + λt + λc + λst + εct

(1)

The dependent variable, Deathct, as described above represents the age-adjusted drug overdose-
related mortality rate per 100,000 people in county c and year t. Net FIct is our primary
variable of interest that measures net farm income per farm proprietor and is used to proxy
the farm wealth. In addressing this farm-level problem, it is also important to consider
that in addition to economic hardship perpetuating the drug-dependence crisis in rural ar-
eas, the lack of mental health treatment facilities in farming communities can lead to dis-
proportionately higher death rates in rural areas relative to more urban and metro areas.
PopDenct−1 measures county population density and captures urban/rural effects on drug
overdoses while controlling for metro adjacency status through the fixed effects. As noted,
the non-prescription opioid crisis is a growing concern for rural America, and research in-
dicates higher rural rates of deaths from a drug overdose, likely attributable to economic
stressors, youth outmigration, greater prescription activity, and hence the availability of opi-
oids in the market and networks that facilitate easy distribution and variety of drugs (Keyes
et al. (2014); Monnat (2019); Monnat and Rigg (2016)).7

Econct−1 is a vector of variables measuring a county’s socioeconomic conditions, includ-
ing per capita income, unemployment, and poverty rates (which we proxy using welfare
transfers per capita). Higher-income levels are associated, in addition to access to more
rewarding forms of employment, with better health services and healthier behaviors, includ-
ing nutrition, physical activities, and recreation, all of which could lead to lower levels of
anxiety and depression (Cross et al. (2001); Lynch et al. (2000); Subramanian et al. (2002);
Subramanian and Kawachi (2004)). Welfare-dependency (our proxy for poverty) and unem-
ployment, on the other hand, likely are associated with greater illicit-drug abuse problems
(Correa (2021)). However, as documented by the Center for Disease Control and Prevention,
in recent years, illicit drug-related problems have surged among all income groups and demo-
graphics, including women (Rudd et al. (2016)). Demct−1 controls for county demographic
characteristics including percent black and white population of non-Hispanic origin, and the
male/female population share.

Empct−1 measures county employment shares in agriculture, construction, manufactur-
ing, mining, retail, wholesale, transportation and utility, finance, and the services sector
(public sector employment is omitted). We hypothesize that working in certain sectors influ-
ences workers’ outlook and economic anxiety differently, compared to being employed in the
public sector, and that this will be revealed by the coefficient estimates. For example, mining
jobs have been in decline; as a result both of labor-saving technical change and environmen-
tal regulations. Likewise, manufacturing jobs have been destroyed through outsourcing as

7More recent estimates across rural-urban lines indicate death rates to be higher in urban areas Hedegaard
and Spencer (2021), but this shift happened in 2017, which is not covered in our sample time frame.
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well as automation. These shares (percent employed in each sector) are lagged by one year
to account for a delayed effect of changing employment opportunities on drug abuse and
subsequent mortality. In addition to these major industry employment shares, we control
for the share of self-employed. Goetz et al. (2015) found that self-employment significantly
reduces the average number of poor mental health days reported, despite well-known stres-
sors associated with working for oneself, such as uncertainty related to income and long
working hours. Hence, the effect of self-employment on drug overdose is indeterminate.

Parameter λc represents county-specific fixed effects that are time-invariant, including
geographic, environmental, and physical conditions, while time-varying factor λt affects
all counties in the same manner, including national-level policies related to drug epidemics,
health insurance policies and the like. λst correspond to state-specific time trends to capture
both the across state differences in death rates as well as state-specific policies and strategies
implemented towards addressing the opioid crisis. Last, εct is the error term. We cluster
errors at the county level to account for potential heteroskedasticity and error correlation
over time within a clustering unit.

4. RESULTS

In Table 2, we report the regression results from the full sample, and the columns (2) and
(3) correspond to pre-and post-1999 samples, respectively. Overall, our results indicate
farm income to be a significant determinant of drug overdose deaths across US counties.
Specifically, the estimated coefficient associated with farm income suggests that for every
$10,000 increase in net farm income per farm proprietor, a county’s drug-overdose age-
adjusted fatality declines by 0.04 per 100,000 people, all else held constant. While this effect
may appear to be small, net farm income is a significant determinant of a drug overdose
in a county. Importantly, this variable remains highly significant in post-1999 of the opioid
epidemics sample and is marginally significant at the 10% significance level in the pre-1990
period; the magnitude also decreases in the later period. In terms of rurality, our results
show that more rural counties (lower population density) had higher age-adjusted death
rates. However, we note that rurality was not statistically significant in determining age-
adjusted death rates during the pre-1999 period.

In terms of other control variables, as seen in Table 2, higher income levels were associated
with lower death rates in the entire sample. Specifically, for every $1,000 increase in per
capita personal income, we estimated a decline in drug fatality rates by 0.06 per 100,000.
Comparing this with the effect of net farm income, we note that a $10,000 increase in income
translates into an almost ten times larger effect than that of net farm income; all else held
constant. Interestingly, the income effect was not statistically significant when we split the
sample into two sub-periods of interest. Higher poverty rates (as proxied by income transfers)
were associated with higher death rates over time, except in the 1970-1998 sub-period, where
their effect is not statistically significant.

The effects of sectoral employment shares were more consistent across samples. A higher
employment share in agriculture is associated with fewer drug overdoses over the entire
period and in the pre-1999 period and, while negative, was marginally significant at the 10%
significance level in the post-1999 sample. Higher manufacturing employment shares were
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estimated to be associated with lower death rates; this is the only variable that consistently
remained significant in all periods. Higher employment shares in mining were associated with
lower death rates from a drug overdose over the entire period 1970-2016 only, and the higher
employment shares in the retail sector were associated with reduced fatality rates over the
full period as well as in the post-1999 period, but the effect was not statistically significant
in the pre-1999 sample. Higher employment shares in the transportation and utilities sector
and finance sector were highly and significantly associated with lower death rates during the
full-time and pre-1999 periods. We also note that the share of self-employed was significant
statistically in the pre-1999 period only and indicated higher death rates.

A higher share of African-Americans in a county was associated with fewer drug-related
deaths over the entire period, but with more deaths in 1970-1998; the effect in the 1999-2016
period was not statistically different from zero. African-Americans may have been relatively
more affected by the recessions of the earlier sub-periods than were other ethnic groups,
including Whites.8

Over the entire period, counties with proportionately fewer males than females had higher
age-adjusted death rates. We do note that this does not necessarily imply that death rates
are higher among the female population; in fact, the overall average death rate of the male
population is higher than that of females across counties. Several factors could explain this
observed association. Females tend to experience more chronic illnesses, and they are more
susceptible to the risk of addiction from prescription pain medications and notably also use
them for longer terms (Office on Women’s Health (2017)). Centers Centers for Disease Con-
trol and Prevention (2019) suggest that women make up 65% of opioid users. Another factor
could be related to the availability of Medicaid among the female population (more than 70%
are women rely on Medicaid as their primary insurance), and the opioid prescription rates
also tend to be higher among Medicaid patients relative to private insurance holders. A third
factor could relate to inappropriate use and abuse of opioids without prescriptions, which
have been rising and are particularly of concern among the young population (National Insti-
tute on Drug Abuse (2021)). It is possible that access to prescription opioids by the female
population also increases drug abuse problems by their male partners and youngsters in a
county.

In comparing results across samples, we note that for the period 1970-1998, our regressors
generally have less predictive power, with only a few variables exhibiting a statistically
significant effect on drug overdose death rates. Another noticeable difference is that while
the recent sample (1999-2016) tends to closely mimic the entire sample time frame in terms of
signs and magnitudes of the coefficients, the pre-1999 sample overall shows smaller parameter
estimates for the few control variables that are statistically significant. One explanation why
this latter subsample overall showed less statistical significance is that age-adjusted death
after controlling for the county, year, and state-specific time trends exhibit less variation

8In the appendix Table A.1, we report model results with more refined measure of ethnicity (available only
for 1999-2016). These results show that both Whites and African-Americans had significantly higher death
rates than Hispanics. In this model, we are also controlling for an unemployment rate also available post-
1999 from the Bureau of Labor Statistics. Higher unemployment rates are associated with statistically
significant increase in death rates from drug overdose. Death rates decrease with increasing farm income
and population density, all else held constant.
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Table 2: Determinants of Age-Adjusted Death
Rates, different time periods

(1) 1970-2016 (2) 1970-1998 (3) 1999-2016
L.Per inc pc -0.0576*** 0.0014 0.0005

(0.0066) (0.0062) (0.0182)
L.PctBlack -0.0406*** 0.0319*** 0.0962

(0.0109) (0.0093) (0.0655)
L.Male female -3.4043*** -0.1451 -0.4734

(0.3869) (0.3014) (2.1045)
L.Prop emp 0.0012 0.0157*** -0.0065

(0.0060) (0.0052) (0.0191)
L.Ln PersonalTransfers pc 1.2843*** 0.1102 4.2544***

(0.2249) (0.1612) (1.0496)
L.Ln FarmIncome FP -0.1213*** -0.0247* -0.1222**

(0.0208) (0.0146) (0.0544)
L.Emp ag -0.1232*** -0.0616*** -0.0433*

(0.0127) (0.0161) (0.0229)
L.Emp constr -0.0032 -0.0078 0.0785**

(0.0108) (0.0073) (0.0400)
L.Emp manuf -0.1007*** -0.0092** -0.0830***

(0.0055) (0.0043) (0.0237)
L.Emp mine -0.0785*** -0.0069 -0.0314

(0.0115) (0.0077) (0.0433)
L.Emp retail -0.1387*** 0.0058 -0.1145***

(0.0113) (0.0086) (0.0401)
L.Emp wholesale -0.0034 0.0118 0.0319

(0.0199) (0.0141) (0.0714)
L.Emp transp util -0.0138** -0.0186*** 0.0117

(0.0061) (0.0056) (0.0199)
L.Emp finance -0.0504*** -0.0336** 0.0518

(0.0174) (0.0132) (0.0541)
L.Emp service -0.0001 0.0015 -0.0027

(0.0019) (0.0016) (0.0052)
L.Pop density -0.0027*** -0.0002 -0.0100***

(0.0004) (0.0004) (0.0028)
cons -20.6118 -65.4070** 30.1542

(33.5022) (31.6007) (225.1415)
R2 0.38 0.06 0.14
N 113,639 74,205 39,434

Note: Standard errors in parentheses are clustered by county. Column (1) corresponds to the full sample
covering 1970-2016; columns (2) and (3) correspond to pre- and post-1999 samples, respectively. Significant
statistically at 1% (***), 5% (**) or 10% (*). Includes county & year fixed effects and state-specific time
trends.
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compared to the earlier sample period. The lower significance could be the result of fixed
effects soaking up much of the variation in the dependent variable compared to the earlier
period.9

Farm-level income can play a particularly important role in local economic wellbeing and
buffer some of the consequences of financial recessions (these periods are shown as shaded
areas in Figure 1). In column one of Table 3, we report regression results from the sample
restricted to farm recession years (1980, 1983, 1995, 2002, 2006, 2009, and 2014) when farm
income declined by at least 20% over the previous year in nominal terms. In this sample, we
again estimated the farm income variable to be highly significant statistically and negatively
associated with death rates during these recession periods. We also note that the effects of
other variables remain relatively consistent with the results reported in Table 2.

In addressing this farm-level problem, it is also important to consider the lack of men-
tal health treatment facilities in farming communities relative to urban areas with higher
population densities. For example, Figure 3 shows a dearth of such facilities in a number
of farming-dependent counties in 2016. Healthcare disparity is vivid not only across the
rural-urban divide but is particularly prominent among the poor and in communities in per-
sistent poverty. Lingering poverty may further exacerbate and create systematic problems
with implications for not only poor residents but also for the non-poor. A recent study by
USDA showed that approximately 79% of counties with more than 20% of the population in
poverty since 2014 were rural – that is, one in every four rural counties were in high poverty
(Farrigan et al. (2020)).

Moreover, extremely poor counties, defined as those with high poverty rates over the
past 30 years, were all rural in 2018 and geographically concentrated in regions with a high
rate of racial minorities (Farrigan et al. (2020)). Rural persistent poverty overlaid by dispro-
portionately large shares of the population that are in poor health condition and aging in
rural areas (James et al. (2018)) may make the problem of drug overdose deaths particularly
complex to solve. To further explore the effects of farm-level income in persistently poverty
counties, we estimate our model including only these counties. As shown in column (2) of
Table 3, farm income is also associated with a significant reduction in drug overdose death
rates in these persistently poor counties. One important observation from this sample is that
the estimated coefficient associated with the farm income variable is twice as large in these
areas of persistent poverty. In terms of employment shares, higher shares of agriculture,
wholesale, and self-employment are associated with lower death rates, while the financial
employment share is associated with higher death rates. Income is statistically significant
and associated with fewer death rates. Higher poverty (as proxied by personal transfer pay-
ments per capita) is found to be associated with higher death rates in a county; all else
held constant. Specifically, every $1,000 dollar increase in welfare transfers per capita, as a
measure of poverty and economic distress, is associated with an increase in the number of
deaths by 0.6 per 100,000 people in a county.

9As a sentivity analysis, we also used the year 1996 to mark the appearance of OxyContin in the market to
split the sample periods and in addition, considered the year 2002 to mark the period of rapid increase in
prescription drug-related deaths. We found no meaningful changes in the estimated coefficients compared
to the ones resported in the manuscript. These results are available upon request.
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Table 3: Sample of Farm Recession and Persistent
Poverty

(1) Farm recession
years only

(2) Persistent poverty
counties only

L.Per inc pc -0.0470** -0.0844**
(0.0209) (0.0369)

L.PctBlack -0.0239 -0.0935***
(0.0387) (0.0308)

L.Male female -3.1741** -7.7050***
(1.4388) (1.2037)

L.Prop emp -0.0385** -0.0915***
(0.0193) (0.0190)

L.Ln PersonalTransfers pc 3.0248*** 4.2310***
(0.7965) (0.7931)

L.Ln FarmIncome FP n -0.1631** -0.2137***
(0.0670) (0.0681)

L.Emp ag -0.1194*** -0.0755**
(0.0297) (0.0353)

L.Emp constr 0.0032 0.0014
(0.0347) (0.0379)

L.Emp manuf -0.1223*** -0.0452***
(0.0186) (0.0166)

L.Emp mine -0.0217 -0.0568*
(0.0349) (0.0333)

L.Emp retail -0.1597*** -0.0736**
(0.0394) (0.0361)

L.Emp wholesale 0.0126 -0.1648**
(0.0679) (0.0655)

L.Emp transp util -0.0147 -0.0600
(0.0196) (0.0396)

L.Emp finance 0.0002 0.3971***
(0.0589) (0.0733)

L.Emp service 0.0038 -0.0231**
(0.0055) (0.0098)

L.Pop density -0.0050*** 0.0033
(0.0015) (0.0022)

cons 16.6432 453.0897***
(133.2585) (88.3981)

R2 0.37 0.34
N 17,350 12,507

Note: Standard errors in parentheses are clustered by county. Significant statistically at 1% (***), 5% (**)
or 10% (*). Includes county & year fixed effects and state-specific time trends. Column (1) corresponds to
a sample that is restricted to farm recession years (1980, 1983, 1995, 2002, 2006, 2009 & 2014); column (2)
corresponds to a sample of poverty persistent counties per to USDA typology.
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Figure 3: Availability of 2016 Mental Health Treatment Facilities by County

Note: Farming-dependent counties are highlighted

5. SENSITIVITY ANALYSES

Given that opioid addiction rates are unevenly distributed across the nation, we conducted
sensitivity analyses across the rural-urban continuum (as defined by the USDA’s Economic
Research Service) as well as by the Census region. For the former, we specifically compared
results of non-metro adjacent and non-adjacent counties separately10, with the following
salient findings based on the full sample including all years (see Appendix Table A.2). Av-
erage per capita income retained its statistically significant (and negative) effect in both the
metro non-adjacent and the metro adjacent counties. Per capita welfare transfers, as a proxy
for poverty, were also consistent across the two samples and were associated with higher drug

10We employ 2003 Rural-Urban Continuum Codes (RUCC) of USDA (available
https://www.ers.usda.gov/data-products/rural-urban-continuum-codes.aspx) to create the two sam-
ples. Specifically, counties with RUCC codes 4,6,8 are defined as adjacent to metro, while counties with
RUCC codes 5,7, and 9 are referred to as non-adjacent to metro counties. We note that RUCC codes
have been updated decennially, and while there have been some changes over time in a county’s RUCC
codes, the changes have not been much limiting our ability to explore their effect with the FE model.
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overdose rates. In terms of farm wealth, the variable was estimated to be highly significant
and negative in both samples, but the magnitude was larger in the not-adjacent to metro
sample. The population density was associated with higher death rates in metro adjacent
counties but was associated with declining rates in the metro non-adjacent counties. One
plausible explanation is that increased commuting into the urban core causes more stress
and leads to more drug abuse.

In terms of employment shares by sector, larger shares of jobs in the agriculture, manu-
facturing, and retail sectors were associated with lower death rates in both samples. These
findings were consistent with the national sample over the same time period. The importance
of manufacturing jobs is noteworthy given that much of this employment occurs outside of
core metro areas. Mining sector jobs were associated with lower death rates, as were agri-
cultural and retail sector jobs in both samples. Employment shares in transportation and
utilities were also negatively associated with the death rates on both samples, but the ef-
fect was only marginally significant in non-adjacent to metro counties. Higher shares of
self-proprietors were significant in metro adjacent areas and indicated a negative associa-
tion with drug overdose death rates; all else held constant, but a positive and marginally
significant association in the non-adjacent to metro sample.

Employment shares in the finance and construction sectors were positively and signifi-
cantly associated with death rates in the metro adjacent counties but had the opposite effect
in the non-adjacent counties, although construction sector jobs in the non-adjacent to metro
counties were estimated to be only marginally significant at 10% level. The reason for this is
not entirely clear except that the finance jobs in metro adjacent counties may be subject to
greater competition and, therefore, more stressful. Last but not least, a higher share of the
black population was significant statistically and exhibited a negative association with death
rates relative to other races/ethnicity in both samples. Higher shares of males to female
populations also indicated negative effects on death rates in both samples, which was also
consistent with the nation as a whole.

As a next step, we also examined differences in the regression parameters across the four
US Census regions, again employing the entire sample (see Appendix Table A.3). Our results
suggest that higher per capita income is negatively associated with a drug overdose death
in the Northeast and the Midwest and that it has no effect in either the West or the South.
Conversely, greater welfare transfers per capita are associated with more deaths in the South
and the West, but there is no association in the other regions. In terms of farm income,
the effect was estimated to be statistically significant and negative only in the Midwest and
the South, marginally significant in the Northeast, and it was not statistically different from
zero in the West region. In all regions, rurality, as measured by population density, indicated
higher drug overdose death rates; all else held constant.

Agricultural employment shares were estimated to be statistically significant and nega-
tive in all Census regions, except for the West; for that region, the effect was marginally
significant in the Northeast region. The construction employment share was negatively sig-
nificant in the Midwest, significant and positive in the Northeast, and had a statistically
insignificant association with drug overdose fatalities in the South and the West. Manufac-
turing employment was estimated statistically significant and negative for all regions; the
effect, however, was marginally significant at a 10% level in the Northeast. Employment in
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mining was highly significant and negative in the South and marginally significant in the
West and was estimated not to matter in the Northeast and Midwest regions.

Employment in the retail sector was also estimated to have negative and significant
effects in all regions, but it was only marginally significant in the West. Employment in the
wholesale sector was associated with more deaths in the Northeast and lower death rates in
the West, and it did not matter in the Midwest or the South. Employment in transportation
and public utilities mattered only in the Northeast and the South: in both regions, higher
shares were associated with lower death rates. Finance sector employment was estimated
to raise death rates in the South and lower them in the West and Midwest. Service sector
employment was associated with higher death rates in the Northeast and negative in the West
and did not matter for the other two regions. Another interesting difference is observed for
the self-employment shares. Specifically, greater shares of self-employment were estimated to
be statistically significant and positive in the West region but negative in the South. These
significant variations across sectoral employment warrant further investigations. The black
population shares mirrored the national pattern in the Midwest and the South, but in the
West showed larger death rates relative to other races. Male/female ratios were consistent
with the national sample, except for the Northeast, where the effect was indistinguishable
from zero.

6. CONCLUSION AND FUTURE RESEARCH

Misuse and abuse of opioid drugs (both prescription and illicit) have contributed to a dra-
matic increase in drug overdose mortality across the US, with significant implications for
overall socioeconomic welfare and wellbeing of individuals, communities, and public health
in general. While the drugs have reached almost all parts of the US, disparities in mortality
rates across racial, social, and economic lines have been particularly noteworthy. In this
paper, we focus on understanding the drug epidemic from the lenses of farm financial status
and rurality. Using the sample of all US counties over the period 1970-2016, our results show
that farm wealth, as an indicator of financial health, has been an important factor buffer-
ing the impacts of drug overdose deaths, and particularly in counties in persistent poverty,
which are dominated by rural communities. While significant, the estimated coefficient is
economically small, implying that every $10,000 reduction in net farm income per proprietor
on average resulted in approximately 0.04 more deaths per 100,000 people in the following
year in a county. We also note that death rates in rural areas, as proxied by population
density, have been rising, and they are also higher in counties with larger welfare payments
per capita, all else held constant.

Another important observation from our analysis is that while we have less complete data
for the earlier period, splitting the data into the pre- and post-1999 periods, where 1999
marks Wave 1 of the opioid epidemic, revealed that important structural shifts appear to
have occurred in the relationships between these regressors and fatal drug overdose deaths
between these two periods. Not only did the trend line turn upward sharply starting in
1999, but the effects of the different variables also changed. Beyond this general finding,
our results are consistent with past research suggesting the importance of economic factors,
including especially income and unemployment as well as population density (rurality) (Arkes
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(2007); Betz and Jones (2018); Carpenter et al. (2017); Hollingsworth et al. (2017); Monnat
(2019); Monnat et al. (2019); Ruhm (2015)). We also estimated differences in death rates
by race, finding a lower death rate among blacks relative to other races. However, a more
refined measure of race and ethnicity in the more recent period shows death rates to be
lowest among Hispanics. In terms of sectoral employment, our estimated results indicated
important regional and temporal variations, in some cases showing opposite effects. We do,
however, note that in most of the models, agricultural and manufacturing employment are
consistently associated with lower death rates, implying that communities experiencing job
losses in these important sectors in recent decades suffer more from drug abuse problems.

These findings are largely in line with past research on opioid epidemics indicating that
the brunt of the opioid health crisis has been borne by socially and economically disadvan-
taged and “left behind” communities (Monnat (2018); Monnat et al. (2019)). Peters et al.
(2020) find that less populated, remote, and rural communities with majority white and
aging populations fit perfectly into the narrative of “death of despair” as they have been
primarily hit hard by prescription drug-related deaths. These communities have also pre-
dominantly relied upon on-farm and factory jobs which have been in decline since the 1990s.
The authors also show that the impacted population in urban areas was more ethnically
diverse primarily due to heroin and other synthetic mix drugs and well-established network
connectivity (Peters et al. (2020)). Past studies have also suggested geographic variations
in death rates (Kiang et al. (2019); Ruhm (2015)) and differences in overdose mortality
rates across different labor markets (Monnat (2018); Monnat et al. (2019)). Consistent with
our findings of manufacturing jobs, Seltzer (2020) also suggested strong evidence of a rela-
tionship between rising death rates and changes in the US sectoral labor market, and more
specifically, the decline in manufacturing jobs using the two-decade-long data at the state
level from 1999-2017.

More broadly, our findings are also consistent with previous research that has focused
on understanding the socioeconomic, demographic and labor market effects on all causes
of mortality (Cosby et al. (2019); McLaughlin and Stokes (2002); Yang and Jensen (2015);
Yang et al. (2011)) and life expectancy (Murray et al. (2006)), in general, as well as on the
mortality rates related to specific causes of deaths such as cancer, other chronic conditions,
cardiovascular diseases, diabetes (Chan et al. (2015); Turi and Grigsby-Toussanit (2017))
and unintentional injuries (Karb et al. (2016)), among others. An important commonality
across different causes of deaths is the increasing disparities in mortality rates between rural
and urban, and the most severe outcome in areas where rurality intersects with poverty.

Past research has suggested the importance of health policies tailored for specific geo-
graphic needs as opposed to a national level “one size fits all” approach that ignores place-
specific heterogeneities. Our research also indicates significant heterogeneity both across
geography as well as across social lines such as persistent poverty and rurality. The impor-
tance of farm-level income directly speaks to rural policy related to farm financial health
indicators, and specifically, in times of farm recessions (e.g., Goetz and Debertin (2001)).
The most recent projections for 2021 indicate a staggering 9.1% decline in net farm income
relative to 2020 (USDA (2021)). Such a decline may further increase drug-induced fatal-
ity rates and will likely also hit rural areas in persistent poverty hard. Meanwhile, while
prescription drug overdose rates have fallen, this decline has been more than offset by a
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widespread substitution to synthetic illicit drugs (e.g., fentanyl), causing even greater rates
of drug overdose fatalities across the US (Park and Powell (2021)). This, in turn, appears
to have a greater toll in terms of reduced labor force participation and increased reliance on
social security programs such as disability payments (Park and Powell (2021)).

Overall, we acknowledge that these intertwined relationships and the very nature of
drug abuse make it challenging to sort out cause and effect. While our study employs a
panel data model allowing us to control for time-invariant unobservables across counties
through county fixed effects, as well as with the year fixed effects and state-specific trends
for potential effects of overall national- and state-specific health disparities, infrastructure,
health policies that make this health problem geographically uneven, there remain other
time-varying unobservables (e.g., mental and physical health conditions, treatment resources,
other county-specific policy interventions, among others), that could potentially confound
estimated effects of many of the control variables including labor market outcomes (Krueger
(2017); Stephens and Deskins (2018)), income (Davlasheridze et al. (2018)), to name a
few. More research is warranted in the future with careful choice of matching methods or
suitable instruments to address these reverse causality problems (e.g., Goetz et al. (2018)).
For example, Betz and Jones (2018) employ Bartik-style instruments (i.e., national-level
industry growth variables) to address the reverse causality between local employment and
wage growth and opioid overdose.

While identification will be a challenging task, the effects of mental health treatment fa-
cilities and other mental health programs on overdose rates would be a fruitful extension of
the present study and will further aid in pinpointing disparities across the rural-urban con-
tinuum stemming from public health resources and infrastructure gaps. Because the density
of such facilities is largely time-invariant, we were unable to include them in our panel fixed
effects model. Relatedly, it is important to examine the efficacy of specific policies designed
to reduce overdoses. For example, Erfanian et al. (2019) show that how access is provided
to Naloxone and the attendant conditions for immunity matter in important ways, both
positive and negative, as do spillover effects across state boundaries. A more recent study
by Wettstein (2019), using a quasi-experimental setting, also suggests that the expansion
of insurance among young adults under the affordable care act has contributed to a signifi-
cant decline in opioid mortality among this age population (Wettstein (2019)). Considering
that opioid dependence is high among those using Medicaid as primary health insurance
(McAdam-Marx et al. (2010); Sullivan et al. (2010)), it would also be a fruitful extension to
explore how the increased expenditure on Medicaid contributes to mortality. Furthermore,
understanding the effects of other disability payments would be an interesting dimension of
future research, although sorting out cause and effect may be especially challenging in this
case.

Last but not least, a wide array of other socioeconomic and geographic factors are re-
lated to economic decline or resilience (Han and Goetz (2019); Partridge and Tsvetkova
(2017)) that were not considered in this study. Some interesting factors include the effects
on drug overdose fatalities of unemployment compensation (State vs. non-State) and edu-
cational assistance payments and worker displacement due to global trade or technological
advancement.
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APPENDIX

Table A.1: Race Measured Differently And
Unemployment

AgeAdjustedDeath AgeAdjustedDeath
L.per inc pc -0.0883*** -0.0779***

(0.0234) (0.0234)
L.PctWhiteNonHisp 0.2280*** 0.2281***

(0.0537) (0.0535)
L.PctBlackeNonHisp 0.3230*** 0.3379***

(0.0834) (0.0820)
L.male female -2.2032 -2.2021

(2.7943) (2.7827)
L.prop emp -0.0154 -0.0196

(0.0268) (0.0269)
L.ln PersonalTransfers pc 5.4162*** 4.7771***

(1.3848) (1.3898)
L.ln FarmIncome FP n -0.1894*** -0.1945***

(0.0732) (0.0732)
L.emp ag -0.0768** -0.0785**

(0.0310) (0.0309)
L.emp constr 0.0495 0.0607

(0.0526) (0.0529)
L.emp manuf -0.1145*** -0.1010***

(0.0293) (0.0301)
L.emp mine 0.0655 0.0709

(0.0860) (0.0864)
L.emp retail -0.1758*** -0.1687***

(0.0513) (0.0509)
L.emp wholesale 0.0161 0.0138

(0.0840) (0.0839)
L.emp transp util 0.0466** 0.0457**

(0.0211) (0.0208)
L.emp finance -0.0411 -0.0413

(0.0804) (0.0804)
L.emp service 0.0033 0.0021

(0.0048) (0.0048)
L.pop density -0.0088*** -0.0090***

(0.0023) (0.0022)
L.unemp rate 0.1292**

(0.0556)
cons -15.4290** -15.6005**

(6.6914) (6.6699)
R2 0.11 0.11
N 37,156 37,145

Note: Sample corresponds to 1999-2016. Standard errors in parentheses are clustered by county.
Significant statistically at 1% (***), 5% (**) or 10% (*). Includes county & year fixed effects and
state-specific time trends.
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Table A.2: Results by Adjacent and Non-adjacent
Metro Counties

Adjacent Non-Adjacent

L.per inc pc -0.0512*** -0.0607***
(0.0142) (0.0077)

L.PctBlack -0.0583** -0.0437***
(0.0228) (0.0128)

L.male female -5.5217*** -2.1688***
(0.6973) (0.4731)

L.prop emp -0.0278*** 0.0132*
(0.0103) (0.0074)

L.ln PersonalTransfers pc 1.5190*** 1.3983***
(0.4139) (0.2726)

L.ln FarmIncome FP n -0.0991*** -0.1242***
(0.0351) (0.0259)

L.emp ag -0.1253*** -0.1157***
(0.0208) (0.0161)

L.emp constr 0.0368** -0.0230*
(0.0174) (0.0137)

L.emp manuf -0.0758*** -0.1105***
(0.0092) (0.0070)

L.emp mine -0.0493** -0.0898***
(0.0198) (0.0142)

L.emp retail -0.0886*** -0.1640***
(0.0199) (0.0138)

L.emp wholesale 0.0325 -0.0113
(0.0346) (0.0244)

L.emp transp util -0.0521*** -0.0125*
(0.0184) (0.0066)

L.emp finance 0.1001*** -0.0895***
(0.0327) (0.0207)

L.emp service -0.0065 0.0011
(0.0040) (0.0021)

L.pop density 0.0200*** -0.0028***
(0.0047) (0.0004)

cons -143.6372 -4.1986
(116.3347) (35.3967)

R2 0.42 0.36
N 39,272 74,367

Note: Sample corresponds to 1970-2016. Standard errors in parentheses are clustered by county. Adjacent
to metro counties are defined by RUCC codes 4,6,8, and the non-adjacent to metro counties are defined by
RUCC codes 5,7,9. Includes county and year fixed effects and state-specific time trends. Significant
statistically at 1% (***), 5% (**) or 10% (*).
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Table A.3: Results by Census Regions

Northeast Midwest South West

L.per inc pc -0.0579*** -0.1081*** -0.0065 -0.0008
(0.0195) (0.0098) (0.0119) (0.0210)

L.PctBlack -0.0693 -0.0718* -0.0440*** 0.7436***
(0.0460) (0.0399) (0.0116) (0.1560)

L.male female 0.6854 -4.2319*** -3.6975*** -4.6202***
(1.5262) (1.0636) (0.4430) (1.6922)

L.prop emp 0.0103 0.0058 -0.0325*** 0.0753***
(0.0210) (0.0099) (0.0081) (0.0242)

L.ln PersonalTransfers pc -1.0396 0.6496 1.2075*** 2.8321***
(0.6520) (0.4051) (0.3203) (0.7668)

L.ln FarmIncome FP n -0.0814* -0.0844** -0.1796*** -0.1168
(0.0473) (0.0376) (0.0292) (0.0753)

L.emp ag -0.1124* -0.0784*** -0.1554*** 0.0100
(0.0615) (0.0221) (0.0172) (0.0422)

L.emp constr 0.0980** -0.1173*** 0.0227 0.0080
(0.0437) (0.0213) (0.0139) (0.0348)

L.emp manuf -0.0260* -0.1078*** -0.1009*** -0.1269***
(0.0143) (0.0098) (0.0073) (0.0271)

L.emp mine 0.0075 0.0163 -0.1338*** -0.0520*
(0.0559) (0.0222) (0.0166) (0.0293)

L.emp retail -0.2403*** -0.1897*** -0.1004*** -0.0786*
(0.0354) (0.0183) (0.0160) (0.0435)

L.emp wholesale 0.1957*** -0.0164 -0.0054 -0.1964**
(0.0668) (0.0298) (0.0293) (0.0828)

L.emp transp util -0.0554*** -0.0063 -0.0602*** -0.0509
(0.0129) (0.0073) (0.0155) (0.0377)

L.emp finance -0.0629 -0.0708** 0.0684*** -0.2829***
(0.0493) (0.0304) (0.0244) (0.0581)

L.emp service 0.0159*** 0.0031 -0.0031 -0.0309***
(0.0040) (0.0028) (0.0028) (0.0088)

L.pop density -0.0042*** -0.0020** -0.0014** -0.0062***
(0.0006) (0.0010) (0.0006) (0.0015)

cons -25.0675 -527.2539*** 304.5082*** -157.4341***
(22.3385) (30.2213) (32.7094) (46.7054)

R2 0.68 0.34 0.42 0.32
N 8,537 41,986 48,845 14,271

Note: Sample corresponds to 1970-2016. Standard errors in parentheses are clustered by county.
Significant statistically at 1% (***), 5% (**) or 10% (*). Includes county & year fixed effects and
state-specific time trends.
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