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1. Introduction
The United States is in the midst of a fatal drug epidemic. The number of Americans
dying from drug overdoses rose from 16,849 to 52,404 between 1999 and 2015 (Hedegaard et al.
2017), with provisional (and incomplete) data indicating a further increase to at least 64,070 for
the 12-month period ending in January of 2017 (National Center for Health Statistics 2017).
Drug overdoses are the leading cause of injury deaths in the United States, exceeding the number
of motor vehicle fatalities since 2009 (Paulozzi 2012). The rapid growth in drug mortality
originally involved prescription opioids like OxyContin, often in combination with other drugs
(Jones, Mack, and Paulozzi 2013; Paulozzi, Mack, and Hockenberry 2014). However, the 20,145
and 15,446 fatalities during the latest 12-month period with available data reported to involve
involving synthetic opioids (mostly fentanyl) and heroin exceed the 14,427 fatalities with opioid
analgesic use reported on the death certification (National Center for Health Statistics 2017).
Poisonings, over 90 percent of which are now due to drugs, are by far the most important
factor explaining the declines in life expectancy observed since 1999 initially among 45-54 year
old non-Hispanic whites by Case and Deaton (2015) and subsequently among a broader age
range of whites in mid-life (Kochanek, Arias, and Bastian 2016; Kolata and Cohen 2016; Squires
and Blumenthal 2016). Anne Case and Angus Deaton attribute this rising mortality to “deaths of
despair” (Case and Deaton 2017; Deaton 2017) which they view as a form of suicide that
“respond(s) more to prolonged economic conditions than to short-term fluctuations, and
especially social dysfunctions … that come with prolonged economic distress” (Deaton 2017, p.
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3).1 In their view, it is the social and economic environment rather than opioids (and presumably
drugs more generally) that are the fundamental cause of the increased death rates.
At first glance, the particularly large increase in drug drug deaths in Appalacia and the
rust-belt seems consistent with the deaths of despair hypothesis. However, other areas not
associated with declining economies also have high overdose fatality rates2 and potential
confounding factors in hard-hit area, such as race/ethnicity or education characteristics, might
actually be the source of the geographic patterns. Moreover, it is difficult to reconcile this
mechanism with a number of important patterns of life expectancy and mortality. Why has the
increase in drug mortality been dramatically stronger for whites than non-whites, even though
the latter group has faced greater economic insecurity and worse economic conditions? Why hs
mortality risen more in mid-life for white women than men, at same time the relative economic
position of males has declined relative to females? And why aren’t the same increases in
fatalities being observed in other developed countries, that have also faced difficult economic
times in recent years.3
These difficulties raise the possibility that changing economic conditions are not the
primary mechanism for the rapid rise in overdose mortality. An alternative possibility is that it is
changes in the availability and use of risky drugs that are of particular importance – in short that
the drug environment, rather than economic problems, that are the key driver in rising drug
fatalities. Under such an explanation, whites might have been more affected than nonwhites
because they have more widely been prescribed opioids (K. O. Anderson, Green, and Payne
1

Others have asserted potential rolse to rising income inequality, international trade, stagnant wages, increased
unemployment and general social and economic decline (Stiglitz 2015; Meara and Skinner 2015; Pierce and Schott
2016).
2
For instance, in 2014, the highest opioid fatality rates in the country were in New Hampshire and Massachusetts
had the fourth highest rate (Ruhm 2017b).
3
For example, Case and Deaton (2017) present evidence showing that there has been little change in drug, alcohol
and suicide mortality since the turn of the century for 50-54 year olds in France, Germany, Sweden, the United
Kingdom, Canada and Australia.
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2009; Burgess et al. 2014; Singhal, Tien, and Hsia 2016) and deaths in the United States might
have increased more in other countries because the large majority of opioid consumption has
occurred in the U.S.4
The goal of this study is to shed light on the relative contribution of these two
mechanisms – deaths of despair versus deaths from the drug environment – to the rapid rise in
fatal overdoses. The analysis below addresses the first of these questions, namely the extent to
which deteriorating economic conditions are responsible, while future work aims to study the
second hypothesis – the role of the drug environment as a primary causal factor.
To operationalize the examination of “deaths from despair”, I focus on relatively longrun changes in a variety of economic factors including dimensions related to labor market
outcomes, household wealth and international trade shocks. This is distinguished from prior
literature that has examined how transitory economic fluctuations have affected various types of
drug use or abuse (Arkes 2007; Ruhm 2015; Carpenter, McClellan, and Rees 2017; Martin
Bassols and Vall Castelló 2016; Hollingsworth, Ruhm, and Simon 2018). A working assumption
is that changes in economic conditions cause changes in drug use and problems. There is some
evidence of reverse causation – whereby rising opioid use has had negative effects on labor
markets (Krueger 2017). To the extent this occurs, the analysis below may overstate the role of
economic conditions as a contributor to the fatal drug epidemic.
Economists and other social scientists have previously examined how specific factors or
policies may have been related to opioid use or drug fatalities including the roles of: medical
marijuana (Powell, Pacula, and Jacobson 2015; Chu 2015; Bradford and Bradford 2016), abusedeterrent drug formulations (Alpert, Powell, and Pacula 2017; Evans, Lieber, and Power 2017),

In 2007 the United States contained 4.6 percent of the world’s population but constituted 80 percent of global
opioid and 99 percent of global hydrocodone consumption (Manchikanti et al. 2010).
4
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Naloxone availability (Rees et al. 2017), Medicare Part D (Powell, Pacula, and Taylor 2015), and
state policies influencing the availability of prescription opoioids (Dowell et al. 2016; Meinhofer
2016; Buchmueller and Carey 2018). However, any observed effects would, at most, explain
only an small portion of the overall change in overdose deaths.5 This analysis is attempting to
examine the broader question of the sources of overall rise in drug deaths. The analysis
implements methods of measuring the combined effects of multiple proxies for economic
conditions and to account for the incomplete reporting of drug involvement on death certificates.
The analysis conducted to this point reveals three main findings. First, counties that
suffered relative or absolute decline did also have larger increases in drug mortality rates than
counties with better economic performance. This pattern shows up using any of the economic
proxies examined below, in part because they are at least reasonably highly correlated with each
other. Second, the estimated impact of the economy dramatically attenuated – by more than half
for drug fatalities overall and by 80 percent for those involving opioid analgesics – implying that
the observed correlations are likely to be largely spurious. Third, changes in economic conditions
are estimated to explain around one-eighth of the observed increase in drug deaths occurring
between 1999 and 2015. The portion of the rise in opioid analgesic deaths accounted for is an
even smaller 6 percent, whereas around one-fifth of the rise in heroin fatality rates may be
explained.6 In some sensitivity tests, a slightly larger share of the increase in drug deaths may be
explained by economic factors (and in others a smaller share) and, even with the multiple proxy
methods employed, it is possible that there is modest remaining attenuation bias. However, these

5

For example, Dowell et al. (2016) find that implementing a combination of two state policies designed to reduce
access to prescription opioids (pain clinic laws and mandated provider review of information in prescription drug
monitoring programs) would reduce drug overdose deaths by around 12 percent.
6
The portion of the growth in synthetic opioid deaths explained is similar to that for all drugs but is imprecisely
estimated.
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results strongly refute the hypothesis that changing economic factors are the primary cause of
rising overdose mortality.

2. Methods
In order to examine to what extent long-term deterioration in economic conditions is a
driver of the increase in fatal overdoses, I perform a county-level analysis where the outcomes
are changes in various types of drug mortality rates and the key explanatory variables are five
measures for economic conditions. In all cases, the dependent variables and economic proxies
represent “long-changes”, covering substantial periods of time. In the main model, changes in
county level fatal overdose rates cover the period 1999 through 2015, with subperiods examined
in additional analyses. Many of the economic measures are for the same (or similar) time period
as those for drug mortality but others, particularly exposure to import competition, cover an
earlier period. This partially reflects data limitations but also may be desirable to the extent that
the fatal drug epidemic is affected by lagged changes in economic conditions.
The basic econometric model is:
𝑀𝑘 = 𝑬𝑘 𝛽 + 𝑿𝑘 𝛾 + 𝜀𝑘 ,

(1)

where 𝑀𝑘 is the change in the specified drug mortality rate (per 100,000) in county 𝑘 between
two years (usually 1999 and 2015), 𝑬𝑘 measures changes in one or more proxies for economic
conditions, 𝑿𝑘 is a vector of supplementary covariates (included in most specifications) and 𝜀𝑘 is
the regression error term.
The coefficients of interest, 𝛽̂ , show estimated economic effects on mortality growth. A
requirement for unbiased estimates is cov(𝐸𝑘 , 𝜀𝑘 ) = 0, implying that 𝑿𝒌 must adequately control
for influences on mortality trends and are spuriously correlated with 𝑬𝑘 . However, the estimates
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will be attenuated if the vector of supplementary covariates includes variables that are caused by
changes in economic conditions. This issue will be addressed by testing the sensitivity of the
results to the inclusion of potentially endogenous variables and by estimating specifications with
only predetermined covariates (i.e. by measuring characteristics at or before the beginning of the
analysis period). In most models, observations are weighted by 2015 county populations, to
avoid attributing undue influence to the treatment effects observed in small counties.7 However,
since weighting can reduce efficiency under some circumstances (Wooldridge 1999; Solon,
Haider, and Wooldridge 2015), sensitivity of the results to use of unweighted estimates is be
explored.
Throughout the econometric analysis, the explanatory variables, 𝑬 and 𝑿, are
standardized to have a mean of zero and a standard deviation of one (by subtracting the mean
and dividing by the standard deviation). As a result, the regression coefficients show estimated
“effect sizes” of a one standard deviation change in the regressor and the intercept term indicates
the average change in the dependent variable.
The general empirical strategy is to use the econometric estimates from equation (1) to
estimate how changes in economic conditions affected trends in fatal overdoses and then to
compare these estimated impacts to the total change over the period. This strategy faces multiple
challenges. First, there is not a clear conceptual framework determining what aspects of the
economy are likely to be most important or exactly what is meant by changes in economic
conditions. This is addressed by including measures proxying multiple, potentially overlapping,
aspects of the economy including: labor market conditions, the level and distribution of income,
housing prices which are an important component of household wealth, and international trade
exposure.
7

For example, in 2015, the smallest 50 percent of counties contained just 5.8 percent of the U.S. population.
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Second, no one economic indicator will completely capture the economic effects of
interest, so that estimates from a single measure will suffer from attenuation bias. The primary
strategy to address this is to use the method developed by Lubotsky and Wittenberg (2006) for
simultaneously including multiple proxies in the model and then including a weighted sum of the
coefficients from them to minimize attenuation bias.
In the Lubotsky and Wittenberg (LW) approach, 𝐸𝑘∗ is a latent variable for economic
conditions that affects changes in mortality rates according to:
𝑀𝑘 = 𝛽𝐸𝑘∗ + 𝑿𝑘 𝛾 + 𝜀𝑘 .

(2)

We do not observe 𝐸𝑘∗ but instead have multiple proxies, 𝐸𝑘𝑗 , where the additional subscript
indicates the jth proxy, which are related to the latent variable according to:
∗
𝐸𝑘𝑗 = 𝜌𝑗 𝐸𝑘𝑗
+ 𝜇𝑘𝑗 .

(3)

The key assumptions are that 𝐸𝑘∗ is uncorrelated with 𝜀𝑘 and that all of the 𝜇𝑘𝑗 are uncorrelated
with 𝐸𝑘∗ and 𝜀𝑘 . The second assumption implies that the proxy variables operate only through
their effect on 𝐸𝑘∗ and do not independently affect 𝑀𝑘 . A key advantage of this framework is that
the covariances between the error terms of the economic proxies (𝜇𝑘𝑗 ) are unrestricted and,
specifically, are allowed to be non-zero.8
Equations (2) and (3) cannot be directly estimated, since 𝐸 ∗ is unobserved, but LW show
that attenuation bias can be minimized by simultaneously including all of the economic proxies
in the model in the regression model:
(4)

𝑀 = ∑𝑘𝑗=1 𝛽𝑗 𝐸𝑗 + 𝑿𝑘 𝛾 + 𝜀,

8

By contrast, potential alternative approaches, including instrumental variables estimates and factor or principal
component analyses require zero covariances. The estimated effects of models with a single economic proxy will
suffer from attenuation bias. For example, suppressing the supplementary covariates and under the simplifying
𝑣𝑎𝑟(𝐸 ∗ )
normalization that 𝜌1 = 1, the OLS estimator of 𝑀𝑘 = 𝛽1 𝐸𝑘1 + 𝜀𝑘 converges to 𝛽̂1 = 𝛽
, which is
𝑣𝑎𝑟(𝐸 ∗ )+𝑣𝑎𝑟(𝜇1 )

biased towards zero for all positive 𝑣𝑎𝑟(𝜇1 ).
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(where 𝑘 = 5 in this application), and then calculating the weighted sum of the proxy
coefficients:
(5)

𝑐𝑜𝑣(𝑀,𝐸 )
𝛽̂ = ∑𝑘𝑗=1 𝑐𝑜𝑣(𝑀,𝐸𝑗 ) 𝛽̂𝑗 ,
1

where 𝐸1 is the proxy chosen as the base. I use as 𝐸1 the economic measure with the largest
𝑐𝑜𝑣(𝑀, 𝐸𝑗 ) value since LW show that 𝛽̂ , calculated in this manner, has the same scale as 𝐸1 .9
Since the explanatory variables are all standardized, 𝛽̂ can also be interpreted indicating effect
sizes for changes in the latent variable 𝐸 ∗ . However, to the extent that the vector of proxy
variables do not fully account for all aspects of 𝐸 ∗ , some attenuation bias may remain.
As an alternative, I address the issue of attenuation bias through a series of generalized
method of moments (GMM) estimates where each of the economic proxies is instrumented by
the other four alternatives. These are not the primary estimates for two reasons. First, the
instrumental variables procedure assumes that the error terms, 𝜇𝑘𝑗 , for the individual proxies in
equation (3) are uncorrelated with each other. This is unlikely to hold and implies that the
estimates obtained could be biased either upwards or downwards. Second, the estimated effects
may vary sharply depending on which of the economic proxies is instrumented for. Despite these
shortcomings, the GMM estimates may provide useful information as a check on the robustness
of the estimates obtained using the LW procedure.
Bootstrapped standard errors (with 500 replications) are calculated for the multiple proxy
estimates, as recommended by LW. In other cases, robust standard errors are displayed in the

9

Using this procedure, the base proxy could differ when examining different types of drug mortality (e.g. heroin
versus opioid analgesics), but will be the same when including different sets of supplementary covariates for a given
dependent variable. For these estimates, I “reverse code” the standardized changes in median household incomes
and home prices (by switching the sign on the variables) so that increases in all of the economic proxies are
expected to result in higher growth in drug deaths.
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tables. All analyses were conducted using STATA Statistical Software: Release 15 (StataCorp
2017).
Identifying the specific drug categories involved in fatal overdose rates is complicated
because no specific drug is identified on the death certificates on around one-fifth of drug
fatalities (depending on the year), leading to a substantial understatement of mortality rates.10
Corrected mortality rates were obtained by using information from death certificate reports
where at least one specific drug category was identified to impute drug involvement for cases
where drug involvement categories were left unspecified (i.e. exclusive mention of ICD T-Code
50.9) using the following procedure, previously implement by Ruhm (2017b).
Year-specific probit models were first estimated, by maximum likelihood, for the sample
of fatal overdoses where at least one drug was specified on the death certificate. The dependent
variables in these models were equal to one if opioid analgesics, heroin, or synthetic opioids,
respectively, were mentioned and zero if not. Dichotomous individual explanatory variables
included: sex, race categories (white, black, other nonwhite), Hispanic origin, marital status
(currently married versus not), education categories (high school dropout, high school graduate,
some college, college graduate), age categories (≤20, 21-30, 31-40, 41-50, 51-60, 61-70, >70),
day-of-the week indicators, location of death categories (hospital inpatient, hospital
outpatient/ED, dead on arrival at hospital/ED, home, other) and census region. Predicted
probabilities of opioid analgesic, heroin or synthetic opioid involvement were next imputed,
using the probit estimates, for deaths without mention of specified drug category.

10

This was the case for 21.9 percent of overdose fatalities in 1999 and 17.2 percent in 2015. For these fatalities, the
death certificate lists only an unspecified category of drugs (ICD T-Code 50.9).
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Although the primary analysis used death rates adjusted for incomplete reporting of the
drugs involved in fatal overdoses using methods just described. Robustness of the results to
unadjusted mortality rates was also examined.

3. Data and Variables
Dependent Variables
The outcomes examined are mortality rates due to drug poisonings and overdose deaths
involving prescription opioids, heroin and synthetic opioids. Primary data come from death
certificates for 1999 through 2015, as provided on the Centers for Disease Control and
Prevention Multiple Cause of Death (MCOD) files, described in detail elsewhere (Centers for
Disease Control and Prevention 2017b). Each certificate contains a single underlying cause of
death (UCD), up to 20 additional causes, and demographic data. Information is utilized on cause
of death, using four-digit International Classification of Diseases, Tenth Revision (ICD-10)
codes, place of residence, age, race/ethnicity, gender, year, and weekday of death. Permission to
use restricted geographic information on the state and county of residence was also obtained. The
Institutional Review Board for the Social and Behavioral Sciences at the University of Virginia
reviewed this project and determined that it did not involve the use of human subjects.
The analysis covers the universe of occurring to US residents between 1999 and 2015
(foreign residents dying in the US were excluded). The study begins in 1999 because ICD-9
codes, used prior to 1999, are not fully comparable to ICD-10 categories.(R. N. Anderson et al.
2001). ICD-10 underlying cause of death (UCD) codes are used to classify the cause of death,
where the UCD is the “disease or injury which initiated the chain of events leading directly to
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death” (Centers for Disease Control and Prevention 2017a). Drug poisonings are defined
conventionally as fatalities with ICD-10 codes: X40-X44, X60-X64, X85, Y10-Y14 or Y352.
For overdoses, the death certificate lists one or more drug categories involved as
immediate or contributory causes of death. These were included separately in the MCOD files as
ICD-10 “T-codes” and are referred to below as drug mentions or involvement. The drug
categories examined are opioid analgesics (like oxycodone and hydrocodone), heroin and
synthetic opioids, defined by ICD-10 T-codes 40.2, 40.1 and 40.4 respectively
(www.icd10data.com/ICD10CM/Codes/S00-T88). Synthetic opioids include a variety of drugs,
the most important of which is fentanyl. Fentanyl has legal uses but recent increases in deaths
from this source are largely driven by non-prescription consumption (Rudd et al. 2016).
Although around half of fatal overdoses involve the use of more than one drug category (Ruhm
2016, 2017a), the analysis below does not examine drug combinations.
Death counts were converted into county mortality rates per 100,000 using population
data obtained from the National Cancer Institute's Surveillance Epidemiology and End Results
(SEER) program (https://seer.cancer.gov/popdata/). The SEER data are designed to supply more
accurate population estimates for intercensal years than standard census projections, and to
adjust for population shifts in 2005, resulting from Hurricanes Katrina and Rita.
In addition to total death rates, mortality rates were separately calculated for males and
females, non-Hispanic whites (hereafter “whites”) and nonwhites or Hispanics (hereafter
“nonwhites”), and by education groups (high school graduate or less, some college but not
graduated, college graduate or more). Finally, mortality rates were separately calculated for 2054 year olds and 20-54 year old whites, since these groups experienced particularly large
increases in overdose deaths over the study period.
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Calculating education-specific mortality rates encountered several challenges. First,
education was sometimes reported on death certificates in years rather than speciﬁc thresholds.
In these cases, ≤12, 13–15 and ≥16 years were classiﬁed as high school graduate or less, some
college and college graduate. Second, schooling status was missing on around 5 percent of
overdose death certificates.11 Education-specific mortality rates were calculated assuming that
the county-specific distribution of educational attainment was the same for these missing cases
as when schooling is reported. Third, the SEER data does not provide education-specific
population estimates. These were estimated by multiplying total or group-specific population by
the county education group share.12

Economic Indicators
Five county-level proxies for changes in economic conditions are included in the
analysis: unemployment and poverty rates, median household incomes and median home prices,
and exposure to imports. These are designed to capture multiple aspects of the economy across
the domains of labor market conditions, incomes, wealth and international trade shocks.
Data from the Bureau of Labor Statistics Local Area Unemployment Statistics Database
(www.bls.gov/lau/) are used to calculate three-year averages of unemployment rates, ending in
the year specified (e.g. 1997-1999 for the 1999 analysis year). Unemployment rates are averaged
to smooth short-term fluctuations or measurement error, which will be particularly severe for
smaller counties. Information on poverty rates and median household incomes are obtained from
the Bureau of the Census Small Area Income and Poverty Estimates
11

Education was missing for 7.2 percent of fatal overdoses in 1999 and 4.7 percent in 2015.
These data are from the 2000 Census and a five-year average of data from the 2011-2015 American Community
Surveys, as provided in the USDA Economic Research Service (ERS) County Level Data Sets,
www.ers.usda.gov/data-products/county-level-data-sets/county-level-data-sets-download-data/. The education
shares refer to persons 25 and over and so the county shares are calculated for the percentage of the population over
this age in the specified education group.
12
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(www.census.gov/did/www/saipe/). Data on median home prices in 2000, the earliest year used,
are from the US Census; later data are 5-year averages from the American Community Survey
(ACS) for the periods 2006-2011, 2008-2012, 2011-2015. These data were obtained from various
issues of the Area Resource File/Area Health Resource File (ARF), http://www.arf.hrsa.gov, and
from American FactFinder (https://factfinder.census.gov/faces/nav/jsf/pages/index.xhtml).
Median household incomes and home prices are converted to $2015 using the All-Items
Consumer Price Index (www.bls.gov/cpi/). The last economic proxy reflects changes in exposure
to Chinese import competition between 1990 and 2007, using a measure constructed by Autor,
Dorn and Hanson (2013).13

Additional Covariates
Most models control for additional covariates designed to capture the potential effects of
confounding variables. Unless otherwise noted, each of these were available for each year during
the analysis period. The SEER data were used to calculate county population shares of: females,
Hispanics, black non-Hispanics, other nonwhite non-Hispanics, seven age categories (15-24, 2534, 35-44, 45-54, 55-64, 65-74, ≥75 years old); county percentages of persons ≥25 years old with
some college or who were college graduates was also included, using previously described
information from the ACS.14 The percentage of household headed by females in 2000 and of
foreign-born persons in the county in 2000, 2006-2010 and 2011-2015 were obtained from the
ARF. Data on the number of total hospital beds and active non-federal physicians per 1,000
13

Differences in measured trade exposure occur because of variations in local industry employment structure in
1970. They use an instrumental variables procedure to account for the potential endogeneity of US trade exposure;
the instruments are growth of Chinese imports to eight other developed countries. Their trade exposure measure is
calculated at the commuter zone rather than the county level. For this analysis, all counties within a commuter zone
are assumed to have the commuter zone level of import exposure, using a crosswalk of 1990 commuter zones to
countiesThe import exposure and crosswalk files were obtained from: www.ddorn.net/data.htm.
14
Thus, in the regressions, the excluded (reference) categories are population shares of males, whites, <15 year olds
and the non-college educated.
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population were provided from the same source and included as proxies for the county’s health
infrastructure.15
The USDA ERS county level data sets, described above, also contain information on the
2013 “rural-urban” continuum code of the county, containing the following nine categories:
metropolitan with population ≥1,000,000, 250,000 - 999,999 and <250,000 (three
classifications); urban area with population ≥20,000 and 2,500 – 20,000, adjacent to or not
adjacent to metropolitan areas (four classifications); rural area with population <2,500 adjacent
to or not adjacent to metropolitan areas (two classifications). In the regression models, dummy
variables for eight of the classifications are included, with the largest metropolitan areas as the
excluded reference group.
Finally, two measures of the state-level legal environment related to drug use are
included in some models. The first indicates whether the state has a prescription drug monitoring
program (PDMP) in place that requires reporting by drug dispensers to the PDMP. The second
controls for whether the state has legalized the use of marijuana for medical or recreational
purposes. These variables are included because there is at least some evidence that each may
influence drug use and abuse (Bachhuber et al. 2014; Bradford and Bradford 2016; Buchmueller
and Carey 2018). Data for both variables comes from the Prescription Drug Abuse Policy System
(www.pdaps.org.)
The goal when including these supplementary covariates is to absorb the effects of
potential confounding factors while not controlling for those variables that might result from
changes in overdose death rates. In most cases, 2015 (or latest year available) values of these
regressors are included, so that the models account for population and area characteristics at the

15

The number of hospital beds were not available for 2011 and 2015. The former was calculated by averaging
values for 2010 and 2012; the latter by using the 2014 number of beds.
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end of the analysis period. However, the biased estimates might be obtained if these
supplementary variables are affected by changes in drug death rates (or factors correlated with
them). This does not seem to be a major concern for most of the population share variables.
However, one exception is that drug consumption and abuse might influence the percentage of
households in the county that are headed by females. For this reason, 2000-year values of this
variable (near the beginning of the analysis period) are controlled for throughout. It seems
somewhat more likely that the drug policy or the medical infrastructure variables are affected by
changes in drug deaths and so results are compared in models with and without their inclusion.
As an alternative, models are estimated that use the supplementary covariates at the beginning of
the analysis period (around 1999) since these cannot be affected by subsequent changes in drug
mortality rates. On the other hand, they are likely to less fully control for demographic
differences in 2015 that are spuriously related to drug death rates.
Table A.1 provides summary statistics on the dependent variables, economic proxies, and
(approximately) 2015-year values of the additional covariates, with observations weighted by
2015 county populations. As previously mentioned, the independent variables are standardized in
the regressions but the table shows unstandardized values. Also, the table shows actual average
changes in median household incomes and home prices, rather than the reverse coded (opposite
signed) variables included in the econometric estimates.

4. Descriptive Patterns
Before turning to the econometric estimates, I provide descriptive information on patterns
of drug mortality over the 1999-2015 period. Figure 1 illustrates the changes in total drug death
rates, as well as corresponding changes for opioid analgesic, heroin and synthetic opioid
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mortality. The drug fatality rate rose fairly steadily over time, from 6.0 to 16.3 per 100,000 from
1999 to 2015, a 170 percent increase. The three opioid sub-categories all grew relatively faster
over the period by: 286, 455 and 902 percent for opioid analgesics, heroin and synthetic opioids.
However, the patterns of growth were quite different, all of the increase in opioid analgesic
mortality occurring from 1999-2011, whereas heroin death rates were essentially flat from 19992006 and then grew 437 percent between 2006 and 2015, with the fastest growth (276 percent)
taking place from 2010-2015. Synthetic opioid death rates increased throughout the period but
started from a low level, 0.4 per 100,000 in 1999, reaching 1.3 per 100,000 in 2013 and then
exploding to 3.5 per 100,000 by 2015.16
Figures 2 through 5 show corresponding drug mortality patterns for subgroups stratified
respectively by sex, race/ethnicity, age and education. The overall patterns of steady overall
growth in drug death rates, rapid increases in opioid analgesic mortality until 2011, of heroin
fatality rates from 2006 and particularly 2010 through 2015, and of fatal synthetic opioid
overdose deaths skyrocketing after 2013 are seen for most population groups. Beyond these
broad patterns, the figures also indicate a number of subgroup differences. For instance, level
and growth in drug death rates are generally higher for males, non-Hispanic whites, persons in
their prime working years (25-64) and the less educated, than for their counterparts.
Particularly interesting, however, are the patterns for particular categories of drug
involvement. For example, changes in opioid analgesic deaths over time track fairly closely for
males and females, (although with a lower level for women) but the increase in heroin deaths
after 2010 and synthetic opioid mortality after 2013 is dramatically higher for men. NonHispanic whites and blacks had similar drug mortality rates in 1999 but these grew dramatically

16

By contrast, the methadone death rate, after rising rapidly from 0.4 to 2.5 per 100,000 from 1999 to 2007,
declined to 1.2 per 100,000 in 2015.
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faster for whites than blacks thereafter, largely due to increases in opioid analgesic deaths. On
the other hand, heroin fatality rates were at relatively similar levels for whites, blacks and
Hispanics through 2006, after which disparities began to emerge. However, all three groups (but
other nonwhites much less so) have experienced rapid increases in heroin death rates since 2010
and fentanyl mortality after 2013.
The rise in overall drug mortality has been concentrated among individuals of primeworking age (25-64 year olds in the figure) and this is also true for deaths involving opioid
analgesics. However, heroin deaths skew younger, with rates and growth for 15-54 year olds
exceeding those of persons 55 and over, and with the largest increase in heroin death rates since
2010 occurring among 25-34 and 35-44 year olds. Opioid analgesic deaths have increased
rapidly since 2013 for all age groups but with the fastest growth for 25-34 year olds. Finally, the
levels and growth rates in all types of drug deaths examined are monotically decreasing in
education.
What these findings suggest is that there is variation in both the risk of fatal overdoses
across subgroups as well as a differential response to shocks in the drug environment that
increase the risk of death from different drugs. For example, increases in the risk of opioid
analgesic deaths appear to affect males and females fairly equally and to hit persons in late
middle-age (from 45-64) relatively hard, whereas growth in heroin deaths seems to particularly
affect males and somewhat younger individuals.

5. Econometric Estimates (to be completed, highlights below)
Models without Supplementary Covariates (Table 1)
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Entered one at a time (top panel), all proxies indicate that worsening economic
conditions are correlated with higher growth in drug mortality, most significant.
(Remember incomes and home prices “reverse coded”.) Unemployment, import exposure
somewhat weaker than others in most cases.



But entered together (bottom panel), most effects dramatically weaker, less significant.
Indicates high correlations between measures (maybe provide more information on this).
Home prices and poverty rates largest effects in most cases.

Drug Mortality – All Causes (Table 2)


Four models: no supplementary covariates (repeats bottom panel, 1st column of Table 1);
2015 demographic covariates (population shares), 2015 demographic plus supplementary
covariates, 1999 demographic plus supplementary covariates (included to test for
possible endogeneity of 2015 covariates). Multiple proxy estimates shown in bottom
panel.



Without supplementary controls, home prices & poverty rates most important proxies.
Multiple proxy estimate indicates that econ conditions explain 29% (2.975/10.34) of
change in drug deaths.



Adding in covariates attenuates most econ condition coefficients, change in poverty rates
remains most important. And multiple proxy estimate indicates that in preferred
specification (column c), econ conditions explain 13% (1.327/10.34) of total growth in
drug deaths. This is 45% (1.327/2.975) as large as without supplementary covariates,
indicating importance of confounding factors



Column (d) controls for 1999 covariates to address endogeneity concerns. Multiple proxy
estimates almost as large as in column (c), indicating this is not a major issue.
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Various Sources of Drug Mortality (Table 3)


All “preferred” specification shown but other models estimated



Importance of individual proxies varies somewhat, but poverty rates, home prices often
have largest coefficients. (Import exposure plays key role for synthetic opioids but is
unimportant or has wrong sign for others.)



Inclusion of supplementary covariates attenuates multiple proxy estimates considerably:
by 55%, 80%, 32% and 69% for all drugs, opioid analgesics, heroin and synthetic
opioids. These calculations use information for models corresponding to column (a) in
table 2, which are not shown. (MP estimates of 2.975, 1.101, 1.224, 1.279) vs. those
shown in the lower panel of Table 3 (1.327, 0.221, 0.832, 0.392).



For all causes, the MP estimates indicate the economic conditions explain a small portion
of the total growth in overdose fatalities: 13%, 6%, 21% and 12% (not significant) for all
drugs, opioid analgesics, heroin and synthetic opioids.

Subperiods (Table A.2)


Table here focuses on periods with fasted growth in specific cause of death – 1999-2011
for opioid analgesics, 2006-2015 for heroin and 2010-2015 for heroin and synthetic
opioids – to see if economic condtions more important for these periods.



Somewhat larger effects are obtained for opioid analgesics (15% for 1999-2011 vs. 6%
for 1999-2015) and smaller effects for heroin (12% for 2006-2015 & 17% for 2010-2015
vs. 21% for full period), with larger but still imprecisely estimated effects for synthetic
opioids (23% for 2010-2015 vs. 12% for full period, but neither is statistically
significant)
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But none of this changes bottom-line conclusion that economic conditions explain only a
small share to the total increase.

Robustness checks (Table 4)


Unweighted estimates similar to o lower than weighted estimates (12%, 5%, 22% and 9%
explained)



Unadjusted mortality rates (for incomplete reporting) also pretty similar (10%, 24%, 15%
of opioid analgesic, heroin and synthetic opioid fatality growth explained).



Effects for synthetic opoiods never significant. Comparison of means suggest that growth
in all drug and opioid analgesic mortality somewhat higher in small than large counties,
but the opposite is true for heroin and synthetic opioids.

GMM (IV) Estimates (Table 5)


Results vary with proxy instrumented by the others, but usually not very much – except
for import exposure in some cases. (Examine conditions that would give significant
upwards bias in this one and don’t focus on it in the remainder of the discussion.)



IV estimates for growth in all drug mortality similar to MP estimates. For opioid
analgesics, they are always smaller (& never significant), while for heroin and synthetic
opioids they are in the same range (but again never significant for the latter).



Bottom-line is that the results are pretty robust to the choice of methods to deal with
attenuation bias.

Sub-Groups (Table 6 & A.3, which may become Table 7)


Higher growth in drug mortality for males, whites, 20-54 year olds (especially whites)
and non-college educated than for counterparts
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Generally, economic conditions explain a larger amount of absolute growth in all types of
drug mortality for the most affected groups, as would be expected.



However, the percentages of total growth explained are pretty similar across groups
o Some suggestion of a higher share of opioid analgesic growth being explained for
whites than non-whites
o & of heroin for females (but absolute increase is very small for them)
o & again all effects for synthetic opioids are insignficant

6. Discussion and Next Steps (to be completed)

Page 21

References
Alpert, Abby, David Powell, and Rosalie Liccardo Pacula. 2017. “Supply-Side Drug Policy in
the Presence of Substitutes: Evidence from the Introduction of Abuse-Deterrent Opioids.”
NBER Working Paper 23031. doi:10.3386/w23031.
Anderson, Karen O., Carmen R. Green, and Richard Payne. 2009. “Racial and Ethnic Disparities
in Pain: Causes and Consequences of Unequal Care.” Journal of Pain 10 (12): 1187–1204.
doi:10.1016/j.jpain.2009.10.002.
Anderson, Robert N, Arialdi M Minlino, Donna L Hoyert, and Harry M Rosenberg. 2001.
“Comparability of Cause of Death Between ICD-9 and ICD-10: Preliminary Estimates.”
National Vital Statistics Reports. http://www.cdc.gov/nchs/data/nvsr/nvsr49/nvsr49_02.pdf.
Arkes, Jeremy. 2007. “Does the Economy Affect Teenage Substance Use?” Health Economics
16 (1): 19–36. doi:10.1002/hec.1132.
Autor, David H., David Dorn, and Gordon H. Hanson. 2013. “The China Syndrome: Local Labor
Market Effects of Import Competition in the United States.” American Economic Review
103 (6): 2121–68. doi:10.1257/aer.103.6.2121.
Bachhuber, Marcus A., Brendan Saloner, Chinazo O. Cunningham, and Colleen L. Barry. 2014.
“Medical Cannabis Laws and Opioid Analgesic Overdose Mortality in the United States,
1999-2010.” JAMA Internal Medicine 174 (10): 1668.
doi:10.1001/jamainternmed.2014.4005.
Bradford, Ashley C., and W. David Bradford. 2016. “Medical Marijuana Laws Reduce
Prescription Medication Use in Medicare Part D.” Health Affairs 35 (7): 1230–36.
doi:10.1377/hlthaff.2015.1661.
Buchmueller, Thomas C, and Colleen Carey. 2018. “The Effect of Prescription Drug Monitoring
Programs on Opioid Utilization in Medicare.” American Economic Journal: Economic
Policy. doi:10.3386/w23148.
Burgess, Diana J, David B Nelson, Amy a Gravely, Matthew J Bair, Robert D Kerns, Diana M
Higgins, Michelle van Ryn, Melissa Farmer, and Melissa R Partin. 2014. “Racial
Differences in Prescription of Opioid Analgesics for Chronic Noncancer Pain in a National
Sample of Veterans.” The Journal of Pain : Official Journal of the American Pain Society
15 (4): 447–55. doi:10.1016/j.jpain.2013.12.010.
Carpenter, Christopher S, Chandler B McClellan, and Daniel I Rees. 2017. “Economic
Conditions, Illicit Drug Use, and Substance Use Disorders in the United States.” Journal of
Health Economics 52: 63–73.
http://www.sciencedirect.com/science/article/pii/S0167629616305732.
Case, Anne, and Angus Deaton. 2015. “Rising Morbidity and Mortality in Midlife among White
Non-Hispanic Americans in the 21st Century.” Proceedings of the National Academy of
Sciences 112 (49): 201518393. doi:10.1073/pnas.1518393112.
———. 2017. “Mortality and Morbidity in the 21st Century.” Brookings Papers on Economic
Activity.
Centers for Disease Control and Prevention. 2017a. “CDC Wonder: Underlying Cause of Death
1999-2015.” Accessed March 9. https://wonder.cdc.gov/wonder/help/ucd.html.
———. 2017b. “Multiple Cause of Death Data on CDC WONDER.” Accessed January 9.
https://wonder.cdc.gov/mcd.html.
Chu, Yu-Wei Luke. 2015. “Do Medical Marijuana Laws Increase Hard-Drug Use?” Journal of
Law and Economics 58 (2): 481–517. doi:10.1086/684043.

Page 22

Deaton, Angus. 2017. “Economic Aspects of the Opioid Crisis: Testimony before the Joint
Economic Committee of the United States Congress.”
Dowell, Deborah, Kun Zhang, Rita K. Noonan, and Jason M. Hockenberry. 2016. “Mandatory
Provider Review and Pain Clinic Laws Reduce the Amounts of Opioids Prescribed and
Overdose Death Rates.” Health Affairs 35 (10): 1876–83. doi:10.1377/hlthaff.2016.0448.
Evans, William N, Ethan Lieber, and Patrick Power. 2017. “How the Reformulation of
OxyContin Ignited the Heroin Epidemic.” Notre Dame Department of Economics Working
Papers.
Hedegaard, Holly, Margaret Warner, D Ph, and Arialdi M Miniño. 2017. “Drug Overdose
Deaths in the United States , 1999 – 2015.” Vol. NCHS data.
Hollingsworth, Alex, Christopher J Ruhm, and Simon. 2018. “Macroeconomic Conditions and
Opioid Abuse.” Journal of Health Economics, no. 23192. doi:10.3386/w23192.
Jones, Christopher M, Karin A Mack, and Leonard J Paulozzi. 2013. “Pharmaceutical Overdose
Deaths, United States, 2010.” JAMA 309 (7): 657–59. doi:10.1001/jama.2013.272.
Kochanek, Kenneth D, Elizabeth Arias, and Brigham A Bastian. 2016. “The Effect of Changes
in Selected Age-Specific Causes of Death on Non-Hispanic White Life Expectancy between
2000 and 2014.” NCHS Data Brief ePub (250): 1–8. http://dx.doi.org/.
Kolata, Gina, and Sarah Cohen. 2016. “Drug Overdoses Propel Rise in Mortality Rates of Young
Whites.” New York Times, January 16. https://www.nytimes.com/2016/01/17/science/drugoverdoses-propel-rise-in-mortality-rates-of-young-whites.html.
Krueger, Alan. 2017. “Where Have All the Workers Gone? An Inquiry into the Decline of the
U.S. Labor Force Participation Rate.” Brookings Papers on Economic Activity.
Lubotsky, Darren, and Martin Wittenberg. 2006. “Interpretation of Regressions with Multiple
Proxies.” Review of Economics and Statistics 88 (3): 549–62. doi:10.1162/rest.88.3.549.
Manchikanti, Laxmaiah, Bert Fellows, Hary Ailinani, and Vidyasagar Pampati. 2010.
“Therapeutic Use, Abuse, and Nonmedical Use of Opioids: A Ten-Year Perspective.” Pain
Physician 13 (5): 401–35.
Martin Bassols, Nicolau, and Judit Vall Castelló. 2016. “Effects of the Great Recession on Drugs
Consumption in Spain.” Economics and Human Biology 22: 103–16.
doi:10.1016/j.ehb.2016.03.005.
Meara, Ellen, and Jonathan Skinner. 2015. “Losing Ground at Midlife in America.” Proceedings
of the National Academy of Sciences 112 (49): 15006–7. doi:10.1073/pnas.1519763112.
Meinhofer, Angelica. 2016. “The War on Drugs: Estimating the Effect of Prescription Drug
Supply-Side Interventions.” SSRN Working Paper 2716974.
National Center for Health Statistics. 2017. “Provisional Counts of Drug Overdose Deaths, as of
8/6/2017.” https://www.cdc.gov/nchs/data/health_policy/monthly-drug-overdose-deathestimates.pdf.
Paulozzi, Leonard J. 2012. “Prescription Drug Overdoses: A Review.” Journal of Safety
Research. doi:10.1016/j.jsr.2012.08.009.
Paulozzi, Leonard J., Karin A. Mack, and Jason M. Hockenberry. 2014. “Variation among States
in Prescribing of Opioid Pain Relievers and Benzodiazepines - United States, 2012.”
Journal of Safety Research 51: 125–29. doi:10.1016/j.jsr.2014.09.001.
Pierce, Justin R., and Peter K. Schott. 2016. “Trade Liberalization and Mortality: Evidence from
U.S. Counties.” NBER Working Paper Series. National Bureau of Economic Research
Working Paper 22849. doi:10.5860/CHOICE.41Sup-0414.
Powell, David, Rosalie Liccardo Pacula, and Mireille Jacobson. 2015. “Do Medical Marijuana

Page 23

Laws Reduce Addictions and Deaths Related to Pain Killers?” NBER Working Paper No.
21345.
Powell, David, Rosalie Liccardo Pacula, and Erin Taylor. 2015. “How Increasing Medical
Access to Opioids Contributes to the Opioid Epidemic: Evidence from Medicare Part D.”
National Bureau of Economic Research Working Paper 21072. doi:10.2139/ssrn.2851163.
Rees, Daniel I., Joseph J Sabia, Laura M Argys, Joshua Latshaw, and Dhaval Dave. 2017. “With
a Little Help from My Friends: The Effects of Naloxone Access and Good Samaritan Laws
on Opioid-Related Deaths.” NBER Working Paper 23171.
Rudd, Rose A, Noah Aleshire, Jon E Zibbell, and R Matthew Gladden. 2016. “Increases in Drug
and Opioid Overdose Deaths — United States , 2000 – 2014.” MMWR Morb Mortal Wkly
Rep 64 (50–51): 1378–82. doi:10.15585/mmwr.mm6450a3.
Ruhm, Christopher J. 2016. “Drug Poisoning Deaths in the United States, 1999-2012: A
Statistical Adjustment Analysis.” Population Health Metrics 14: 2. doi:10.1186/s12963016-0071-7.
Ruhm, Christopher J. 2015. “Recessions, Healthy No More?” Journal of Health Economics 42:
17–28. doi:10.1016/j.jhealeco.2015.03.004.
———. 2017a. “Drug Involvement in Fatal Overdoses.” SSM - Population Health 3 (December
2016). Elsevier: 219–26. doi:10.1016/j.ssmph.2017.01.009.
———. 2017b. “Geographic Variation in Opioid and Heroin Involved Drug Poisoning Mortality
Rates.” American Journal of Preventive Medicine. doi:10.1016/j.amepre.2017.06.009.
Singhal, Astha, Yu Yu Tien, and Renee Y. Hsia. 2016. “Racial-Ethnic Disparities in Opioid
Prescriptions at Emergency Department Visits for Conditions Commonly Associated with
Prescription Drug Abuse.” PLoS ONE 11 (8). doi:10.1371/journal.pone.0159224.
Solon, Gary, Steven J. Haider, and Jeffrey M. Wooldridge. 2015. “What Are We Weighting
For?” Journal of Human Resources 50 (2): 301–16. doi:10.3368/jhr.50.2.301.
Squires, David, and David Blumenthal. 2016. “Mortality Trends among Working-Age Whites:
The Untold Story (Issue Brief).” New York.
http://www.commonwealthfund.org/publications/issue-briefs/2016/jan/mortality-trendsamong-middle-aged-whites.
StataCorp. 2017. “Stata Statistical Software: Release 15.” 2017. doi:10.2307/2234838.
Stiglitz, Joseph E. 2015. “When Inequality Kills.” Project Syndicate, December 7.
https://www.project-syndicate.org/commentary/lower-life-expectancy-white-americans-byjoseph-e--stiglitz-2015-12?barrier=accessreg.
Wooldridge, Jeffrey M. 1999. “Asymptotic Properties of Weighted M-Estimators for Variable
Probability Samples.” Econometrica 67 (6): 1385–1406. doi:10.1111/1468-0262.00083.

Page 24

Table 1: Estimated Effect of Economic Conditions on Changes in Drug Death Rates, 1999-2015
Economic Proxy

All Drugs

Opioid Analgesics

Heroin

Synthetic
Opioids

Measures Included Separately
in Unemployment Rate

1.376***
(0.322)

0.301***
(0.108)

0.738***
(0.151)

0.563***
(0.120)

in Poverty Rate

2.207***
(0.469)

0.802***
(0.220)

0.964***
(0.257)

0.589***
(0.195)

in Median Household
Income

2.063***
(0.444)

0.678***
(0.196)

0.875***
(0.238)

0.423**
(0.196)

in Import Exposure

0.500
(0.370)

0.171
(0.146)

0.116
(0.170)

0.586***
(0.212)

in Median Home Price

2.277***
(0.568)

0.902***
(0.269)

0.852***
(0.329)

0.470*
(0.241)

Measures Included Together
in Unemployment Rate

0.276
(0.352)

-0.148
(0.171)

0.310*
(0.179)

0.300**
(0.143)

in Poverty Rate

1.105**
(0.530)

0.556**
(0.264)

0.356
(0.261)

0.231
(0.215)

in Median Household
Income

0.230
(0.723)

-0.107
(0.294)

-0.061
(0.242)

-0.240
(0.268)

in Import Exposure

0.340
(0.334)

0.125
(0.130)

0.048
(0.150)

0.507**
(0.201)

in Median Home Price

1.455*
(0.752)

0.713**
(0.303)

0.555*
(0.290)

0.365
(0.259)

10.34

3.57

4.03

3.21

Dependent Var. Mean

Note: In the top panel, each cell shows results of a different regression where the dependent variable is
the specified drug death rate per 100,000 and only a single measure of economic conditions is included in
the model. In the second panel, all five measures of economic conditions are controlled for
simultaneously. Changes in median household incomes and home prices are “reverse coded” (i.e. the
signs are switched from positive to negative and vice versa) so that, for all measures, positive coefficients
indicate that worsening economic conditions are correlated with higher mortality rates. Observations are
weighted by 2015 county populations. Regressors are standardized to have a mean of zero and a
standard deviation of one, so that coefficient shows “effect sizes” of a one standard deviation change in
the independent variable. Change in unemployment rates refer to three-year averages of annual rates for
the periods ending in 2015 versus 1999. Changes in poverty rates and median household incomes
($2015) are from 1999 to 2015. Sample sizes are 3,124, except for median home prices (n=3,122) and
import exposure (n=3,100). In the lower panel, missing values are set to zero and a missing value dummy
variable is included in the model. Robust standard errors are in parentheses. Drug poisoning deaths refer
to cases where the ICD underlying cause of death code is X40-X44, X60-X64, X85, Y10-Y14 or Y352.
Opioid Analgesic, heroin and synthetic opioids refer to deaths involving ICD-10 codes T40.2, T40.1 and
T40.4 respectively. These are adjusted for non-reporting of the drugs involved in overdose deaths using
the methods described in the text. *** p<0.01, ** p<0.05, * p<0.1

Page 25

Table 2: Estimated Effect of Economic Conditions on 1999-2015 Change in Total Drug Death Rate,
with Various Sets of Controls
Proxy for Economic
Conditions

(a)

(b)

(c)

(d)

in Unemployment Rate

0.276
(0.352)

0.230
(0.314)

-0.005
(0.287)

0.252
(0.298)

in Poverty Rate

1.105**
(0.530)

1.007***
(0.375)

1.116***
(0.351)

0.704*
(0.365)

in Median Household
Income

0.230
(0.723)

-0.191
(0.498)

-0.459
(0.457)

0.064
(0.432)

in Import Exposure

0.340
(0.334)

-0.259
(0.214)

-0.148
(0.204)

0.145
(0.217)

in Median Home Price

1.455*
(0.752)

0.645
(0.694)

0.697
(0.617)

0.479
(0.573)

Multiple Proxy Estimate

2.975***
(0.846)

1.531**
(0.608)

1.327***
(0.481)

1.402***
(0.512)

None

D2015

D2015, S2015

D1999, S1999

Additional Controls

Note: See note on Table 1. Each column in table shows results of a different model where the dependent
variable is the change in the total drug death rate per 100,000 from 1999-2015. The sample mean change
in the weighted drug poisoning rate is 10.34 per 100,000. Changes in median household incomes and
home prices are “reverse coded” (i.e. the signs are switched from positive to negative and vice versa) so
that, for all measures, positive coefficients indicate that worsening economic conditions are correlated
with higher mortality rates. Sample sizes are 3,124. When the measure of economic condition is missing,
the these variables are set to equal zero and a missing value variable is created and included in the
model. Demographic controls in 2015 (D2015) include the 2015 county population shares of females,
Hispanics, black non-Hispanics, other nonwhite non-Hispanics, age categories (15-24, 25-34, 35-44, 4554, 55-64, 65-74, ≥75 years old), and person with some college or college graduates (among those ≥25
years old), % female headed households (in 2000), and % foreign-born (in 2010). 2015 supplementary
controls (S2015) include 8 urban-rural categories (metropolitan with population 250,000-999,999;
metropolitan with population <250,000; urban with population ≥20,000 adjacent to a metropolitan area or
not adjacent to a metropolitan area, urban with population 2,500-19,999 adjacent or not adjacent to
metropolitan areas, and rural with population <2,500 and adjacent or not adjacent to metropolitan areas),
active non-federal physicians and hospital beds per 100,000 and whether the state legal
medical/recreational marijuana and prescription drug monitoring program (two variables). These were
measured in 1999, except urban-rural location which is from 2013. Demographic and supplementary
variables in 1999 (D1999 and S1999) are the same as for 2015 except: they are measured in 1999 (2000
for % female headed households and foreign born individuals), with the same urban-rural classifications
as for 2015. Robust standard errors are in parentheses in the top panel; bootstrapped standard errors
(500 repetitions) in parentheses in middle panel. *** p<0.01, ** p<0.05, * p<0.1
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Table 3: Estimated Effect of Economic Conditions on 1999-2015 Changes in Various Types of Drug
Death Rates, Preferred Specification
All Drugs

Opioid Analgesics

Heroin

Synthetic
Opioids

in Unemployment Rate

-0.005
(0.287)

-0.200
(0.138)

-0.050
(0.168)

-0.124
(0.146)

in Poverty Rate

1.116***
(0.351)

0.276*
(0.162)

0.537**
(0.230)

0.257
(0.184)

in Median Household
Income

-0.459
(0.457)

-0.163
(0.170)

-0.181
(0.258)

-0.391
(0.288)

in Import Exposure

-0.148
(0.204)

0.003
(0.110)

-0.203*
(0.109)

0.251**
(0.112)

in Median Home Price

0.697
(0.617)

0.164
(0.160)

0.591**
(0.292)

0.360
(0.375)

Multiple Proxy Estimate

1.327***
(0.481)

0.221
(0.165)

0.832***
(0.289)

0.392
(0.448)

10.34

3.57

4.03

3.21

Economic Proxy

Dependent Var. Mean

Note: See notes on Tables 1 and 2. Models correspond to those in column (c) of Table 2, containing
controls for the 2015 set of demographic and supplementary characteristics. *** p<0.01, ** p<0.05, *
p<0.1
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Table 4: Multiple Proxy Estimates of Effect of Economic Conditions on 1999-2015 Changes in Various
Types of Drug Death Rates, Robustness Checks
Specification

All Drugs

Opioid Analgesics

Heroin

Synthetic
Opioids

Main Model

1.327***
(0.481)
[10.34]

0.221
(0.165)
[3.57]

0.832***
(0.289)
[4.03]

0.392
(0.448)
[3.21]

Unweighted

1.304***
(0.444)
[10.84]

0.224
(0.194)
[4.45]

0.606***
(0.137)
[2.79]

0.228
(0.144)
[2.60]

0.289*
(0.166)
[2.97]

0.797**
(0.383)
[3.37]

0.410
(7.020)
[2.75]

Unadjusted Mortality
Rates

Note: See notes on Tables 1 through 3. Table shows multiple proxy estimates for models with additional
controls for the 2015 set of demographic and supplementary characteristics. Dependent variable means
are in brackets. The first three rows show repeat the results shown in Table 2. The second three rows
estimate corresponding models without weighting the data. The last three rows show results for changes
in reported (rather than adjusted) opioid analgesic, heroin and synthetic opioid mortality rates. *** p<0.01,
** p<0.05, * p<0.1
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Table 5: IV Estimates of Effects of Economic Conditions on Changes in Drug Death Rates, 1999-2015
All Drugs

Opioid Analgesics

Heroin

Synthetic
Opioids

in Unemployment Rate

1.995***
(0.637)

0.194
(0.250)

0.775**
(0.337)

0.524
(0.334)

in Poverty Rate

1.020***
(0.375)

0.046
(0.160)

0.607***
(0.210)

0.170
(0.198)

in Median Household
Income

1.668***
(0.433)

0.186
(0.177)

0.882***
(0.234)

0.353
(0.228)

in Import Exposure

4.569**
(2.283)

0.143
(0.741)

2.553**
(1.172)

0.211
(1.030)

in Median Home Price

1.557***
(0.501)

0.167
(0.194)

0.966***
(0.279)

0.185
(0.258)

Multiple Proxy Estimate

1.327***
(0.481)

0.221
(0.165)

0.832***
(0.289)

0.392
(0.448)

Economic Proxy
GMM Estimates

Note: See notes on Tables 1 through 3. Each cell in the top panel of the table shows results of a different
generalized method of moments estimate where the specific proxy of changes in economic conditions is
instrumented by the other four proxies. The bottom panel repeats the corresponding multiple proxy
estimates from Table 2. All specifications also control for for the 2015 set of demographic and
supplementary characteristics. Robust standard errors are shown in parentheses for the GMM estimates
and bootstrapped standard errors (500 repetitions) for the multiple proxy estimates. *** p<0.01, **
p<0.05, * p<0.1
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Table 6: Estimated Effects of Economic Conditions on 1999-2015 Changes in Various Types of Drug
Deaths for Population Subgroups
All Drugs

Opioid
Analgesics

Heroin

Synthetic
Opioids

All Drugs

Males
1.557**
(0.687)
[12.78]

0.215
(0.254)
[3.57]

0.499*
(0.258)
[4.90]

0.916*
(0.471)
[6.04]

0.466
(1.384)
[4.54]

1.040***
(0.270)
[8.01]

0.314
(0.261)
[5.43]

0.947***
(0.337)
[5.10]

0.446
(0.457)
[4.01]

0.544
(0.750)
[4.84]

1.586***
(0.472)
[7.50]

0.598
(0.467)
[7.88]

1.980**
(0.779)
[9.59]

0.832
(1.420)
[5.91]

3.726***
(1.227)
[23.40]

0.149
(0.189)
[1.85]

0.160
(2.378)
[1.13]

0.760***
(0.147)
[2.12]

0.267
(0.173)
[1.95]

0.096
(0.325)
[1.45]

0.474
(0.373)
[2.40]

0.125
(0.619)
[1.77]

0.787**
(0.400)
[7.58]

1.914***
(0.655)
[10.00]

1.026
(0.861)
[7.58]

Some College
0.797
(1.487)
[7.45]

1.104**
(0.485)
[12.23]

0.287
(0.502)
[4.27]

0.336
(0.321)
[4.19]

0.230
(0.345)
[3.36]

Full Population

College Graduates
0.599
(0.395)
[3.69]

0.220
(0.138)
[3.59]

20-54 Year Old Non-Hispanic Whites

≤ High School Graduates
3.036***
(1.099)
[24.09]

Synthetic
Opioids

Nonwhite or Hispanic

20-54 Years Old
2.171***
(0.778)
[16.75]

Heroin

Females

Non-Hispanic Whites
1.903***
(0.551)
[13.89]

Opioid
Analgesics

0.081
(1.865)
[1.02]

1.327***
(0.481)
[10.34]

0.221
(0.165)
[3.57]

0.832***
(0.289)
[4.03]

0.392
(0.448)
[3.21]

Note: See notes on Tables 1 through 3. Table shows multiple proxy estimates for specified population
group in models with additional controls for the 2015 set of demographic and supplementary
characteristics. Dependent variable means are in brackets. *** p<0.01, ** p<0.05, * p<0.1
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Figure 1: Drug Mortality Rates (Per 100,000)

Note: The left-hand-side Y-axis refers to the mortality rate for all drugs. The right-hand-side Yaxis refers to mortality rates for opioid analgesics, heroin and synthetic opioids.
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Figure 2: Drug Mortality Rates by Sex
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Figure 3: Drug Mortality Rates by Race/Ethnicity
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Figure 4: Drug Mortality Rates by Age
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Figure 5: Drug Mortality Rates by Education
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Table A.1: Summary Statistics for Variables Used in Main Analysis
Variable

Mean

Std. Dev.

Outcomes:  in Drug Death Rates per 100,000 (2015 vs. 1999)
All Drugs
Opioid Analgesics
Heroin
Synthetic Opioids

10.34
3.57
4.03
3.21

9.03
4.21
4.47
4.466

1.75
2.91
-2,804
3.293
17.9

1.56
2.47
5,828
2.031
22.2

0.508
0.176
0.131
0.066
0.136
0.137
0.126
0.134
0.127
0.086
0.063
0.294
0.305
0.180
0.132

0.012
0.170
0.127
0.068
0.027
0.025
0.014
0.013
0.017
0.021
0.019
0.049
0.108
0.059
0.110

0.209
0.091
0.043
0.015
0.046
0.026
0.007
0.008

0.407
0.288
0.202
0.122
0.210
0.158
0.081
0.089

2.764
2.896
0.462
0.911

2.044
2.048
0.499
0.284

Economic Proxies ( 2015 vs. 1999)
Unemployment Rate (3-year ave. ending in 1999 or 2015)
Poverty Rate
Median Household Income, 2015$
Instrumented Import Share of Employment (2007 vs. 1990)
Median Home Price, 2015$: % (2011-2015 average vs. 2000)
Demographic Covariates: Population Shares (2015)
Females
Hispanics
Non-Hispanic Blacks
Other Race (Non-Hispanics)
15-24 Year Olds
24-34 Year Olds
34-44 Year Olds
44-54 Year Olds
54-64 Year Olds
64-74 Year Olds
≥ 75 Year Olds
Some College (≥25 years old)
College Graduate (≥25 years old)
Female-headed Household (2000)
Foreign born (2011-2015)
Supplementary Covariates (2015)
Urban-Rural Status Share (2013)
Metropolitan Area: Population 250,000 - 999,999
Metropolitan Area: Population <250,000
Urban Area: Population ≥20,000, adjacent to metropolitan area
Urban Area: Population ≥20,000, not adjacent to metro area
Urban Area: Population 2,500 - 19,999, adjacent to metro area
Urban Area: Population 2,500 - 19,999, not adjacent to metro area
Rural Area: Population <2,500, adjacent to metro area
Rural Area: Population <2,500, not adjacent to metro area
Medical/Policy Variables (2015)
Active Nonfederal MD's per 1000
Hospital beds per 1000: 2015
State Law Legalizing Marijuana for Medical or Recreational Uses
State Prescription Drug Monitoring Program

Note: Variables are measured at the county level and are weighted by 2015 county populations.
Independent variables are standardized to have a mean of 0 and a standard deviation of 1 in the
econometric analysis. Death rates involving opioid analgesics, heroin and synthetic opioids are adjusted
for incomplete reporting on death certificates using the methods discussed in the text. Entries in
parentheses indicate if variable dates are different from 2015 or change from 1999 to 2015. Prescription
drug monitoring programs (PDMP) are those with requirement that dispensers must report data to PDMP.
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Table A.2: Multiple Proxy Estimates of Effect of Economic Conditions on Changes in Various Types of
Drug Death Rates For Selected Time Periods
Time Period

Opioid Analgesics

Heroin

Synthetic Opioids

1999-2015

0.221
(0.165)
[3.57]

0.832***
(0.289)
[4.03]

0.392
(0.448)
[3.21]

1999-2011

0.567**
(0.253)
[3.80]

2006-2015

0.491*
(0.279)
[3.99]

2010-2015

0.613
(3.005)
[3.60]

0.508
(1.690)
[2.25]

Note: See notes on Tables 1 through 4. Table shows multiple proxy estimates for models with additional
controls for the 2015 set of demographic and supplementary characteristics, except in the the fourth
through sixth rows where corresponding 2011 covariates are controlled for. The time period of analysis is
listed in the first column. *** p<0.01, ** p<0.05, * p<0.1
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Table A.3: Percentage of 1999-2015 Change in Drug Deaths Explained by Economic Conditions for
Subgroups
Group

All Drugs

Opioid
Analgesics

Heroin

Synthetic
Opioids

Full Population

12.8%***

6.2%

20.6%***

12.2%

Male

12.2%**

6.0%

15.2%*

10.3%

Female

13.0%***

6.1%

35.8%***

13.7%

Non-Hispanic White

13.7%***

10.2%*

18.6%***

11.1%

Nonwhite/Hispanic

11.2%

6.6%

19.8%

7.1%

25-54 Years Old

13.0%***

5.8%

21.1%****

14.1%

Whites: 25-54 Years Old

15.9%***

10.4%**

19.1%***

13.5%

≤ High School Graduate

12.6%***

7.6%

20.6%***

10.7%

Some College

9.0%**

6.7%

8.0%

6.8%

College Graduate

16.2%

8.1%

14.2%

7.9%

Note: See notes on Tables 1 through 4 and 6. Table shows point estimates from the multiple proxy model
multiple of the change from 1999-2015 in drug poisoning deaths, of the specified type, as a percentage of
the total change in drug deaths over the same period. Estimates are from the preferred specification, that
also controls for the set of 2015 set of demographic and supplementary covariates. *** p<0.01, ** p<0.05,
* p<0.1
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