Drivers of the Fatal Drug Epidemic

Christopher J. Ruhin
Frank Batten School of LeadershipR&blic Policy
University of Virginia
235 McCormick Road
P.O. Bx 400893
Charlottesville VA 229044893
phone: 4342433729
email: ruhm@virginia.edu

June2018
Abstract

This studyexamine the contributions of the mediusrun evolution of local economies and of
changes in the Adr ug e nlevelchanges émrugandirelateg x pl ai ni
mortality ratedrom 19992015 A primaryfinding is thatdrug mortality rates did increase more

in counties experiencingelativeeconomic declinéhan inthose with more robust growthuyt

thatthe relationship is weak and mos#gcountedy confounding factors. In the preferred
estimatesless than on¢enth of the rise in drug and opieidvolved fatality ratesis explained

and te contributionis evensmaller quite possibly zerayhenallowing for plausibleselection

on unobservable€onversely, the risk of drug deaths varies systematically over time across
population subgroups in ways that aomsistent with an important role for the public health
environment related to thevailability and cost of drug#n particular, the relative risk and share

of drug mortality increased rapidly for males and younger adults, compared to their counterparts,
when theprimary driver of thdatal drug epidemic transitioned from prescriptionllicit

opioids.These resultsuggest that efforts to improl@cal economieswhile desirable for other
reasons, are not likely to yield significant reducsiaomoverdose mortalitybut with greater

potential for interventions directly addresgthe drug environment.
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participants athe Food and Drug Administration, Vanderbilt Universiiipiversity of Chicago,
University of Connedicut, University of Munich,University ofPittsburghand Washington
Center for Equitable Growtlor helpful comments on earlier versgoof this paperl also
received valuable insighfrom critical comments oa prior draftposted publicly by Anne &e
and Angus Deaton.



The United States is in the midst of a fatal drug epidefe.number of Americans
dying fromoverdosesose from16,849 t063,632between 1999 an2016(Hedegaard, Warner,
and Minifio 2017)Drug mortality isthe leading cause of injury deatihghe United States,
exceeding the number of motor vehicle Rits since2009(Paulozzi 2012)The rapid growth
in fatal overdosesriginally involved prescrippn opioidslike OxyContin often in combination
with other druggJones, Mack, and Paulozzi Z)Paulozzi, Mack, and Hockenberry 2014)
However,the19,413and 15,49 fatalities duringg016reportedon death certificate® involve
synthetic opioids (mostly fentanyl) and hersimbstantiallyexceeédthe 14487 deathsdue to
opioid analgesi&(Hedegaard, Warner, and Minifio 201Ppisoning deathover 90 percent of
which are now due to drugs, are by far the most important factor explainimgctieases in
mortality ratesobserved since 1999 initially among-88 year old nofHispanic whitesn
influentialresearclby Anne Case and\ngusDeaton(2015)and subequently among a broader
age range amid-life whites(Kochanek, Arias, and Bastian 2016; Kolata and Cohen 2016;
Squires and Blumenthal 2016; Ruhm 2018)

This analysis investigates whethbke tfatal drug epidemic @rimarily driven by
underlying demandide or supphside factors.Specifically, on the demarside, | examinéo
whatextentthe countylevel evolution ofeconomicconditionsis related to corresponding growth
in drug mortalityrates With regards to supplygvidence is provided on the alternative
hypothesis that changes in the drug environment are a main cause of rising overdose deaths.
Since directneasuement otheseenvironmental factors is difficult, the strategy below exgl
the dramatic changes in sources of drelated deaths occurring over the sample period.

Specifically,increasesn fatal overdoseduringthe first decade dhe 2F century primarily

The ter msi desdppni-sgi ddémmondt be interpreted cautiously s
opioids, prior supphdriven increases in consumption will raise contemporaneous demanttanensa.
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involved opioid analgesic medications, whereas lgtewth hasmainly beendue to illicit
opioids such as heroin and fentanyl.

The analysis reveals four main results. First, counties suffering relative or absolute
economic decline did experience larger increases in drug and related mortality rates than those
with more robust economic performance. This pattern shows up using inlesteconomic
proxies examined, in part because they are reasonably highly correlated with each other.
Second, the estimated impact of the economy is dramatically attefiuagedreequarters or
morei when adding controls for countgvel characterigts, suggesting that the observed
correlations are largely spurious. Third, in the preferred specifications, changes in economic
conditions explain less than etenth of the observed increase in drug deattsirringfrom
19992015. In sensitivity tests, slightly larger share may sometimesaoeounted foand, even
using the multiple proxy methods, modest attenuation bias could pEi@stver a small
amount of remaining omitted variables bias would be sufficient to completely eliminate the
contributons of economic factors, making it quite plausible that they play no role at all. Fourth,
the temporal patterns of drug deaths across sex and age groups suggest that changes in the drug
environment are an important determinant of risingrdosemortality. Of particular relevance,
the explosive growth in illicit opioid death rates after 2010 was accompanied a rising share of
drug deaths among males and relatively young aditisse results suggest a predominant role
for the public environment surroundinguds in causing the tal overdose epidemic. While they
do not complety eliminatea possibleontribution ofdemandsidemechanismsthey strongly

suggest the efficacy of policies aimed at addresauagjability, cost and risky use of drugs

1. Background
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Economists and other social scientists have examined how a variety of specific factors or
policies are related to opioid use or drug fatalities including: medical mariBachhuber et al.
2014; Chu 2015; A. C. Bradford and Bradford 2016; A. C. Bradford et al. 2018; Wen and
Hockenberry 2018; Powell, Pacula, and Jacobson 2@b8fedeterrent drug formulations
(Alpert, Powell, and Pacula 2018; Evans, Lieber, and Power 204Bxone availabilityRees
et al. 2017; Dieac and Mukherjee 201,&ubstance abuse treatmévensen 2015;

Borgschulte, CorredeWaldron, and Marshall 2018xdvertisingD. M. Anderson 201Q)

physician market structu®V. D. Bradford 2017)and stat@rescription opioigolicies(Dowell

et al. 2016; Meinhofer 2016; Buchmueller and Carey 2018; Dave, Grecu, and Saffer 2017)
However, the observed effects explain, at most, only a small portion of the total change in
overdose dea#i? This study examines the broader question of the sources of the extremely large
(278 percent from 19992016) overall rise in drug deaths. The investigation also implements
methods of measuring the combined effects of multiple proxies for economicicosdit

accounting for the incomplete reporting of drug involvement on death certificates, and testing
sensitivity of the findings to the presence of uncontrolled confounding factors.

The rise infatal drugoverdoses could be part of a broader phenomengnafing
Adeat hs of fdreespmametaprolenged ecbnomic conditions than to stesrh
fluctuations, and especially social dysfunct.i
(Deaton 2017p.3. Others have asserted potential roles for rising income inequality,
international trade, stagnant wages, increased unemployment or general social and economic

decline(Stiglitz 2015; Meara and Skinner 2015; Pierce and Schott 20hé3e hypotheses

2 For example, Dowell et a§2016)find that implementing a combination of two state policies designed to reduce
access to prescription opioids (paiinic laws and mandated provider review of information in prescription drug
monitoring programs) would reduce drug overdose deaths by around 12 percent.
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suggest thademandside factorsare fundamentalriversof theincreass indeatfs. In addition

to drug mortality, Case and Deat(2015, 2017emphasize the imptance offatalitiesdue to
suicides and al cohol i ¢ {Forths reasdiositEnadnertalifyher eaf t
rates fromdrugs, suicides and alcohol (DS#&) also ofteexamined below.

At first glance theparticularly largegrowthin overdosemortality in Appalachiaand the
rustbeltseems consistent with tdemanddriven increases in drug problenkéowever,other
areas not witlobust economielavealsoexperiencedtrong upsurges ioverdose fatalitied-or
instance, New Hampshiend Massachusettad thefirst and fourth highesitate opioidideath
rates in 2014(Ruhm 2017b)despitehealthyeconomigerformance. Imayalsobedifficult to
reconciledemanerelatedmechanisrawith dramaticallylargerincreases in drudeath rates
experienced byhitesthanblacks, despite the generally greater economic insecurity faced by
minoritiesand an absence of similar mortality growth among midlife adults in other developed
countries also encountering economic difficulties.

An alternative is thathanges irsupplyside factors related to thevailability and use of
risky drugsareof particular importance. Under such an explanation, whites might have been
more affected than nonwhites because they haeamore widely prescribed opioid&. O.
Anderson, Green, and Payne 2009; Burgess et al. 2014, Singhal, Tien, and Hsandd&éjhs
may havegrownmore inthe United States than ather countries becauséthe largel.S. share

of prescriptionopioid consmption# Similarly, drug fatality ratesould have increasedhore

3 Dowell et al.(2017)confirm that mortality rates from these sources have trended upward, albeityogrfzitl

amounts.

4 Case and Deaton (2017) show that there has been little change in DSA mortality since 202 fgediOolds in

France, Germany, Sweden, the United Kingdom, Canada and Australia. In 2007, by one estimate, the United States
containedds percent of the worl dds population but constitut
hydrocodone consumptidiManchikanti et al. 2010)
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rapidly in ruralthan urbarareasbecause aflifferences in education, age or race/ethnicifyso,
the measured effect of changes in macomomic conditions should decline or disappear once
county population characteristics are controlled for.

This studyfirst examineghe ability of mediunrun changes in economic conditions
related to labor market outcomes, household wealthraechational trade shocksto explain
the rapid risen fatal overdosesl hese arelistinguished from prioliteratureexamininghow
transitory economic fluctuationaffectvarious types of drugroblems(Arkes 2007; Ruhm 2015;
Carpenter, McClellan, and Rees 2017; Martin Bassols and Vall Castell6 2016; Hollingsworth,
Ruhm, and Simon 2017; Betz and Jones 20The working assumption is thaconomic
conditionscausechanges in drug problemidowever, here isalsoevidenceof reverse causation
T wherebyrising opioid usenegatively affectéabor market¢Krueger 2017; Harris et al. 2017;
Aliprantis and Schweitzer 2018) o theextent this occurs, thempirical findingamayoverstate
the role of economic conditioms contributingto the fatal drug epidemic.

Evidence isnextprovided on the alternative hypothesis that changes in the drug
environment areraimportantcause ofising overdose deathBirectly measuring sucsupply
sidefactors is difficultandthe strategy usetiereis to exploit the dramatic changes in sources of

drugrelated deatheccurringover the sample period. Specifically, growth in fatal overdoses

5 For instance dss edudad individuals are likely to be particularly vulnerable to a more dangerous drug

environment due to being less knowledge about the (@Bler and Lleradviuney 2010)r having less to lose

from them(Becker and Murphy 1988)

6 These analyses indicate that drug problemsgiase during temporary downturns. For example, Hollingsworth, et

al. (2017)find that a one percentage point increase in annual county unemployment rate predicts a 3.6% increase in
theopioid death rate and a 7.0% rise in opimethted emergency department visits. However, it is unclear how the
effects of temporary fluctuations in economic conditions are related to the-kengechanges focused upon here,

or what share of sheterm \ariations in drug death rates are accounted for by them.

7 0n the other hand, Currie et €018)find evidence that opioids may be associated sithall increases in the
employmentto-population ratios of women (but not men).

Page5



duringthe first decade dhe 2F centuryprimarily involvedopioid analgesiovhereadater
increasesgincearound 2010yveremainly due taillicit opioids such aseroin and fentanyl

The timing of these patterpsobablyreflectssupply-related changes in the drug
environmentThe number of opioid prescriptions dispensed more than doubtegén 1996,
when OxyContin first became available on the U.S. market, and(P&kalla et al. 2017)n
large part beazse of aggressive marketing efforts by pharmaceutical manufacaisrensll as
recommendai ons f or aggressive ther ahveiuttailc soipginodi d
(Quinones 2015; Presidents Commission 2017; Baker 261ain 2010 through 2016, the
number of opioid prescriptions written declined by 13% as increasing attention to the growth in
opioid-related deaths led to aggressagionsto reduce consumptianvolving (among others)
increasednonitoring of drug closure offpill millsé and pain clinic regul at
prescriber guidelines; and physician educaf@owell, Haegerich, and Chou 2016; Meinhofer
2016; Pezalla et al. 2017 lso, the release of ambusedeterrent formulation of OxyContin in
2010reduced demand batmost certainlffueledsome substitution to herowhich had been
become increasingly available at high levels of purity and low cost, in part due to the expansion
of Mexicanimportsinto the eastern United Statesdwith illicit fentanyl emerging as anajor
risk in 2013(Drug Enforcement Administration 2016; Jones, Lurie, et al. 2016; Evans, Lieber,
ard Power 2018; Alpert, Powell, and Pacula 2018)

Prior researcprovides mixed evidence d¢row the evolution of economic conditions is
related tadrugdeathsand other mortalityPierce and SchofR016) find that import competition

is positively related to countevel suicide and accidental poisoning mortality rates, with

8 However, the intensive marketing efforts by drug manufacturers continued during this(Gemnachittee on
Homeland Security and Governmental Affairs. 2018)
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especially strong effects for middéged whites.Charles et al2018)showthat declines in
manufacturing employment are linked to high ratespabid use and deathahile across
sectional analysis by Monné018)indicates that rates of econonaicfamily distressard
dependence on mining, are positively assediatithcountydrug mortality ratesrinally,
O6Brien and (2&7fikds that lovalevalsnof economic mobility predicted larger
increases in overall county mortality rates ofs#byear old NofHispanic whites, for thregear
periods centered around 2000 and 2012, but with no efftiéghedfor per capita incomes,
poverty and unemployment rateisGini coefficients.On the other hand;ase and Deaton
(2017)indicatethatnational trends imedian household incomes and@dluse mortality rates
are poorly alignedalthough withsomeindicationof an inverse association for midelged non
Hispanic whits) and tentativly concludethat thedata danot support incoméased
explanatios of the mortality patterns. However, thegte thdimitations ofsuchnational
comparisonanddo not consider economic conditions other than household inc@easrally,
these studies control for a limit set of economic measures and do not fully account for the
potential effects of confounding factors.

There has been even lesgestigation othe role of the drug environment using credible
identification stréegies probably because of the difficulty in measuring its components well

Evidence has been provided of strong positive correlations between the napioidl

9 Their primary analysis doe®t control for alternative economic indicators and there could be measurement issues
since the analysis period spans the changeover from th® 6IDCD-10 coding systems. Theain specifications

include an interaction between the ptatle shock pertband 1990 median household incomes but will not capture

the effects of changing income levels or of other potentially important economic factors. Increasing import
competition predicts growth in unemployment rates and declines in incomes, employmeitcaridrte

participation rates but these are not simultaneously included in models that directly controlling for trade shocks.
Since their analysis ends in 2013, they do not capture the effects of economic conditions on drug deaths during the
period wheradllicit opioids have become dominant. The increase in accidental poisoning deaths explained by
international trade exposure is also small compared to the total growth observed over the analysis period.
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prescribing behaviaand fatal overdosg®aulozzi 2012; Dart et al. 201B)it this association
couldpotentialreflectdemanedside or confounding factors.
2. Methods
2.1 Examining theRole of Economic Conditions

| first investigatethe extentto which sustainedeterioration in economic conditioasea
driver of increasegin fatal overdoseby performinga countylevel analysis where the outcomes
are changes in drugy DSA mortality ratesoccurring between 1999 and 2045d the key
explanatory variables amhanges irfive measuresf economic conditionsver the same or
similar periods

Denotemortality ratesper 100,000 in countfattime 0byd . Letd rdp indicatean
early and lateperiod (usually 1999 areD15)with mortality determined according:to
(1) 0 R = T
where [ represents one or more proxies for economic conditiods= is a vector of
supplementargxplanatory variableS he coefficients on theupplementaryegressorgan
change over time, reflecting potentsilifts in determinants of mortality that differentially affect
population subgroups, while the effect of economic conditions is assurbeditoeinvariant

The change in mortality rates betweentilie periodscan be written as

) Yo 0 0 Yed £ HE Voo,
whereYO ©O O ,¥® & & handYd: & . The regression analog to (2) is:
(3) Yoo Vgt L1 ¥Eroo-,

where- is the error tern¥®

101t is unclear conceptually how to examine the effeaftchanges in economic conditions in a framework where
these effects are timearying. Empirically, such a model would be estimated/as: [ » Yl L7
yL ¢ - . I discuss below the results of this model when examining changes idrta@ahortality rates.
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The coefficients of interedt,, show estimatedconomiceffects on mortality growthA
requiremenfor unbiasedstimatess thatthe supplementary covariatesistadequately control
for influences onmortality trendsthatare spuriouslygorrelatedwith nyUCh that coO i ) =
0. However the estimatesvill be attenuated if theupplementargontrolsincludevariables that
are caused by changes in economic conditibhs.is not a problem fothe predetermined
variablesz , but could be aissue forYL. For example, individua)garticularly young ones,
often migrateo areas witlbetter economic conditior{&reenwood 1997)mplying that changes
in agespecificpopulation shares are likely to b#ected byeconomigoerformanceSimilarly,
localities hit by internaonal trade shocks experienaductions in the supply of marriageable
men and increases in the fraction of children born to unwed mdihesaitor, Dorn, and
Hanson 2017)

For this reason, | also estimate alternative version @quation (3using
Ainstr ume n ty4 denoted aSf thas areaconstructed by calculating changes
between initial year county level valuesfeindcensus divisiogchange®ccurringbetween the
starting and ending analysis yeaas detailed in Appendix Athe operational assumption is that
economic conditins maycausally affecthe supplementary covariates within but not across
census divisiong.

Models contrding for Véklargely avoidthe problemof endogeneity biabut at the cost

of less fullyaccountingor potential confounding factor$herefore, | present results for

11 For the migration example, this implies that individuals might systematically move to counties with better
economic conditions within a census region but not outside it. This procedure will not address potential biases from
differential migration rates between counties as a function of drug use or depentfendyrection of any resulting

bias is uncertaifput movemenis typically from areas wh weaker to stronger economiesth healthy individuals

being more mobile that thoséno are less healthBlanchard et al. 1992; Halliday 200T) mobility based on drug

use follows a similar pattern, the estimates here will overstate the effects of econndifions since persons with

low overdose mortality risk will have relatively high rates of migration to counties with strong economies.
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specifications that alternatively control s and¥L" Empirically, the estimated economic
effects are generally attenuated more when inclubitagather tharyL*

Observationsaaregenerallyweighted by2015county populationsto avoid attributing
undue influence to the treatment effects observed in small cotittiesever, weighting can
reduce efficiency under some circumstan@#soldridge 1999; Solon, Haider, and Wooldridge
2015)sosensitivityof the results to use of unweighted estim&esxplored.Most models
examine how changes in mortality rates from 19945 are related to the evolution of economic
conditions over approximately the same period. However, ladlige economic conditions
operate with a delay, by controlling for laggedher than ecntemporaneoushanges irthese
variablesover appoximately the 1992000 periogd andl examine results for subperiods.

The explanatory variable¥ WEJ—- AL andY=" are standardized to have a mean of zero
and a standard deviation of one (by sutitrey the mean and dividing by the standard deviation)
sot he regression coefficients show estimated
the regressaand the intercept term indicates the average change in the dependent.variable

The ecomometricresultsfrom equation §) are usedo estimatédhow changes ineconomic
conditiors affecttrends in fatal ouelosesandthe predictedmpactsarethencomparedo the
actualchange over the perioth a model with only a single proxy for economic conditions, this

is measured as:

(4) PT ¥ %@bl AERAAmP

2 For example, in 2015, the smallest 50 percent of counties contained just 5.8 percent of the U.S. population.
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wherel s the regression coefficient drand, is the standard deviation bt . SinceY [
has been standardized- shows the standard deviation change in mortality ratedictedfrom

a one standard deviatignowthin ¥ .22
2.2 Multiple Proxy Estimates
Implementingthe strategyjust describedaces challenge3.here is not a clear conceptual
framework determining wat aspects of the economy are likely tafemost important
determinants of growth in drug mortalitypmexactly what is meant by changes in economic
conditions. This is addressed by includprgxiesfor multiple, potentially overlappingaspects
of the economy including: labor market conditioimgome, poverty rates and home pricas (
important component of household wegléindinternational tradexposure
Sinceno singleeconomic indicatocompletelycapture the effects of interesl
implementthe method developed hyibotsky and Wittenber{P006)for simultaneously
including multiple proxiesn the modehnd then including a weighted sum of the coefficieémts
minimize attenuation bia&' An important advantage of this framework is that the covariances
between the error terms of the proxies are unrestricted and, specifically, are allowed to be non
zero® Details of the Lubotsky and Wittenberg (LW) procedure are provided in Appendix A.
Bootstrapped standard errors (with 1000 replications) are calculated for the multiple
proxy (MP) estimates. In other cases, robust standard errors, clustered at the commuter zone

level, are displayed on the tablés.

B For example, if a one standard deviation increa§qﬁpredicts a ondalf standard deviation increaseMi

( T®, ), 50 percent of the mortality growth is estimated to be accounted for by changing economic conditions.

14 Since, the coefficients on the individual proxies may sometimes also be of interest (e.g. if economic conditions
cannot be well summarized by a single latent variable) these results are also presented for the primary specifications.
5 Instrumental variakels estimates and factor or principal component analyses require zero covariances

16 Clustering is at the commuter zone since this is the level of the observations on the import exposure variable.
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2.3 Incomplete Specification of Drug Cateigsrinvolved in Overdose Deaths

Identifying the drugnvolved in fatal overdoseis complicatedecauseo specific drug
categoryis identified on the death certificates aroundonefifth of drug fatalities leading to a
substantial understatement of nadity ratesinvolving specifictypes ofdrugs.” Corrected
mortality rates were obtained using information from death certificate reports where at least one
specific drug category was identified to impute drug involvement for cases minazevas
identified,usinga proceduregreviously implememdby Ruhm(Ruhm 2017h)

Y earspecific probitspecificationsverefirst estimatedor the sample of fatal overdoses
with at least one drumentioned The dependent variables in these models were equal to one if
opioid analgesic®r illicit opioids,respectively, wex mentioned and zero if not. Dichotomous
explanatory variables included: sex, race (white, black, other nonwhite), Hispanic origin, marital
status (currently marrieak the time of deathersus not), education categories (high school
dropout, highschoolgaduat e, some coll ege, c20,R13@3e gr adu
40, 4150, 5160, 6170, >70), dayof-theweekof deathindicators, location of death (hospital
inpatient, hospital outpatient/ED, dead on arrival at hospital/ED, home, othesg@ud region
Predicted probabilities of opioidnalgesiaor illicit opioid involvement weraextimputed, using
the probit estimates, for deathihout mention of specifieddrug categoryRobustness of the
results tahe use ofincorrectedmortality rates was also examined.
2.4 Selection on Unaslervables

A condition for obtaining unbiased estimates of the economic measures of key interest,
in equation 8), is that colfO i+ ) = 0 or, equivalently, that the supplementary covariates

and Y= account for altelevantconfounding factorsHowever if there areomitted variables that

17 This was the case for 21.9 percent of overdose fatailiti#899 and 17.2 percent in 2015. For these fatalities, the
death certificate lists only an unspecified category of drugs (I&Inde 50.9).
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affect mortality rates and are correlated with cov(YO v ) ) andi will be biased. This is
referred tdbelowas selection on unobservabtesl examinedsing methods developed by Oster
(2016)that extendbnthose introduced baxltonji, Elder and Tabef2005)

Oster(2016)shows that thé&rue treatment effecis approximated by:
5) Tt T —
where] andY are the coefficiento@andRs quared from a Ashorto r eq
controls for= andY=L;t and'Y are the corresponding coefficient andsuared from the
Al ongo equation that i nclYudietteRsgmedfomppl ement a
hypothetical regressionith an additional vector of covariateg,, that are orthogonal 5 and
Y4 and capture all remaining determinants of mortality rateseasures the relative importance
of selection of observables and unobseres#f { RY and'Yare obtainedby estimating the
Al ongo and fA s\ValoesfodandY g mestshbe assumesd.

Manipulation of equationd) also allows the relative importance of selection on

unobservables that wouediminate theestimated treatment effect to bemputed as

(6) 17

and theY  that would do sdo beapproximatd by:
(7) Y Y — Y Y

2.5 Changes in the Drug Environment

8y will be less than one if the dependent variable is measured with@godue to misclassificatiorf the

cause of death or drugs involved in fatal overdoses). Definings the covariance betweérandy F» asthe
covariance betwees andY [, and with, and, being the variances s andsr ,1 ]1 . The magnitde
of the difference betweén” and' is therefore increasing it I AY Y,andY Y.
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To examineghe hypothesis that chargje thedrugenvironmentreakey source of the
rise in fatal overdosesestimate a series obuntylevel panel data models examining whether
changes in thgroupspecificcomposition obpioid analgesior illicit opioids death rates
correspondin expected waygo breaks or reversals in enall drugspecific mortality Define
0  as the specified drug mortality rate per 100,000 (adjusted for incomplete reporting on death
certificates) for groupQin countyQat timeo.

Thefirst set of estimatesdicatethe share ofatalitiesaccounted for bgroup™Qin
countyQat timeo, 'Y , according to:

(8) Yo e 1 1« opg<

for J—-ﬁ & set of timevarying county characteristi¢%; g is avector of county fixeeeffects
accouning for all timeinvariantdeterminants{| <s avector of year dummy variablesidoj g <
is theerror term.

The time coefficientsyy'showthe yearspecificshare of drug deaths accounted for by the
populationgroupbutdo not unambiguously indicate effects of the drug environn@onisider
thedecompositiod 4 <« L<Wheref Jefers tahe (unobserved) drug environment dhg
to other timevarying determinants of mortalitfe.g.national economic coritibns or changes in
medical technologigsWeombinedoth effectsHowever, when the drug environment changes
abruptly, it is likely to be the primarily determinant of contemporaneous changésritess

other factors change ptecisely the same timend in the same directiolo address thikatter

19J—-. @lways includes the population share of gri@por examplewith two population groups, denoted 16y
Tip , and_  the countypopulation share of groyp in yearo, "Y , S0"Y will depend in

part on_ . In these models, the three economic indicators with annual data available (unemployment rates,
poverty rdes and median incomes) are also controlled for to insure that the results are not being driven by
differential effects oBconomidfactors on mortality shares.
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possibility, | conducted supplementary analys@sadditional drug categori¢batexperiened
different breaks imortality trends than those for opioid analgesics or illicit opioids.
Statistical significance of theendbreakscan be more formallgxamined throughpline
specificatioms of:
9) Yo Lge gl Vi Q2 Q0 0YY of g
"Yi 'Q&sQ linear trend ranging from16 for 19992015andd § "Y&¥trendsplineequal to 0
in all initial sample years and increasing by one anituallyafter a specified time perio&or
instancethegrowthin drug deathsvasdominated by opioid analgesics from 1999 to around
2010 butby illicit opioids thereafter. This is representeldy settingd 0 "o for all years up to
2010 androm 1-5, respectivelyin 20122015 ¢ then shows thdrug deatlshare trendrom
1999201Q withe  “ indicatingthe correspondingendfrom 2011-2015 Thestatistical
significance of* teststhe hypothesis thdahe mortality sharechangedstartingaround2010.
| directly examine hovdrugspecificmortality rates change over tinia a treatment
group (e.g. males) relative to a reference group (e.g. femadeg the regression model
(10) 0 =I§I J||< J||< oP -,
where"Ois a treatment group dummy variable equd {@) for areferencetreatmentigroup
and with—  being theregression disturbanckn (10), observationgor each county and yeare
includedfor at leastwo population groupswith controlsincorporatedor county fixedeffects,
general time effects and treatment graoimpe interactionsP shows thdreatment versus
reference grougifferences in time effestControls for time-varying county characteristics
(J—-g ) affect the estimated reference group time effafbt not the treatment group
differentials(P) of primaryinterest, ango that are optional in the model.

Correspondingrendspline modelgakethe form
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(11) 0 gl J« YIQeQDOYY -
where”Yi Q¢ iQatreatmengroup linear time tren(tanging from @16 for the treatmengroup
andalwaysequal toO for the reference grojand0 U "Yi§¥n additionaltreatment group
specific trendspline, defined as abov@showsreference groufime effectse indicatesthe
initial mortality rate trend differential for thteeatment groupelative to the reference growgmd
* “ showsthe correspondinglifferencein later periods

All variablesfor this portion of the analysis are defined at the colmigl and so robust

standard errors are clustereddounty

3. Dataand Variables
3.1Dependent Variables

The outcomes examined arertality rates due to drug poisonings
drug/suicide/alcoholic liver disease deafb$A) anddrugdeaths involving prescriptioor illicit
opioids Primary datacomefrom the Multiple Cause of Death (MCODi)es (Centers for
Disease Control and Prevention 20WHhich provideinformationfrom death certificates om
single underlying cause of dedqthCD), up to20 additional causes, and demograplaciables
Data areutilized oncause of deathlusing fourdigit International Classification of Diseases,
Tenth RevisiofICD-10) codescountyof residere, age, racethnicity,gendergeducationyear,
and weeklay of deathSpecial permission was obtained to use the county information, which is
not provided on the public use files

The analysis covelthe universe oDSA fatalitiesto US residentfrom 19992015
(foreign residents dying in the US were excludddie studybegnsin 1999 because IGD

codes, usedarlier, arenot fully comparable to ICELO categorie$R. N. Andersn et al. 2001)
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UCD codesareused to classify theeason fodeath Drug poisoningsncludelCD-10 cods:
X40-X44, X60-X64, X85 Y10-Y14 or Y352 DSA deaths include these plusmirug suicides
(X65-X84, Y87.0,*U03) and alcohol death$GD-10 code K7). | examined sensitivity of the
results teexcludingintentional drug death®odesX60-X64) from the definition of overdoses
and expanding DSA deaths to include a broa@dinition of alcoholrelated mortality?°

For fatal overdosesthe deatltertificates list, as ICBD1 0 -cddEsO pne or more drug
categories involved as immediate or contributory causes of deatmdihdrug categories are
opioid analgesicand illicit opioids, which include both heroin asgnthetic opioids, defined by
ICD-10 T-codes 40.2, 40.1 and 40respectivelySynthetic opioids includseverakypes of
drugs the most importariieingfentanyl. Fentanyl has legal uses but recent incegaskeaths
are largelydriven by norprescription consumptiofRudd et al. 2016)Althougharoundhalf of
fatal overdoses involve the use of more than one drug catégohyn 2016, 2017a)he analysis
belowdoes noexaminedrug combinations.

Death countareconverted intaountymortality rates per 100,000 usinggulation data

from the National Cancer InstituteSurveillance Epidemiology and End Results (SE&EBjram

(https://seer.cancer.gov/popdatd/he SEER data are designed to supply more accurate
population estimates fantercensal years than standard census projections, and adjust for
population shifts in 2005, reking from Hurricanes Katrina and Rita.

In addition to totatleathrates, mortality rateareseparately calculated for malesd

females,nofHi s pani ¢ whi t e s anfinorevhiteseof Hispanics fjherbafter e s 0 )

20 Specifically, | followCase and Deaton (2015, 20b¥)incorporatingnon-alcohol and unsped#fd sources of

chronic hepatitis (ICELO code K73) and cirrhosef the liver (ICD10 code K74in the alcohol categoryhis

definition is almost certainly too broad since most of the added deaths will not involve alcohal. In addition to heavy
alcohol usecirrhosis frequently results from hepatitis C (often due to injection drug use) and nonalcoholic fatty
liver disease and steatohepatffiational Institute of Diabetes and Diges and Kidney Diseases 2018kss than

half of cirrhosis deaths in 2013 were alcehalated(Yoon and Chen 2016)
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Anonwhiteso), e dahaolgtaduateor lgss, samp «ollegeltbut gohgraduated,
college graduate or moemong persons aged 25 and abpaadfor 20-59 year olds, as well as
for other agegroupsin some analyses
3.2Economic Indicators

Five countylevel proxies forchanges ireconomic conditionare included:
unemploymenand povertyates,median household incomes and home prices, and exposure to
imports.These are designed to capture multiple aspects of the ec@wwosg the domains of
labor market conditions, incomerealh and international trade.

Data from the Bureau of Labor Statistiascal Area Unemployment Statistics Database

(www.bls.gov/lau) areused to calculatéditeeyear averages afnemployment rategnding in

the year pecified (e.g. 1992999 for thel999 analysis year)Jnemployment rates are averaged
to smooth shofterm fluctuationor measurement errpwhich will be particularly severe for
smaller countie® Information onthreeyear averages ipoverty rates and edian household
incomes(ending in the year specifiedjeobtained from the Bureau of the Cen&uisall Area

Income and Poverty Estimat@sww.census.gov/did/www/saipefpataon median homerices

in 2000are from the US Census; later data age&r averages from the American Community

Survey(ACS for the period20052009,2007-2011 0r2011-2015 obtainedrom various issues

of the Area Resource File/Area Health Resource (RiRF), http://www.arf.hrsa.goyvand from

2! several challenges are encountered when calculating edusptoific mortality rates. First, education is
sometimes reported i n vydsar sl i atthheesig 5 chaasnd ss(hle@li eca ft &h raerseh
ashigh school graduate or less, some college and college graduate. Second, schooling status is missing on around 5
percent death certificates for overdoses (e.g. 7.2% in 1999 and 4.7% in 2Qicatidgtespecific mortality rates are
computed by assuming that the couspgcific distribution of educational attainment is the same for the missing and
non-missing cases. Third, since t8&ERdata does not provide educatispecific population estimatethese are

calculated by multiplying total or groegpecific population by the county education group share, with the latter

obtained from 2000 Census and a fixgar averages from the 262015 American Community Surveys, as

provided in the USDA EconomiResearch Servic&ERS County Level Data Setsyww.ers.usda.gov/data
products/countyeveldatasets/countyteveldatasetsdownloaddata/

22|1n some models, employmetua-population ratios are controlled for instead of unemployment rates.
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American FactFinde(https://factfinder.census.gov/faces/nav/jsf/pages/index.xhitedlian

householdncomes and home prices are converted to $2015 using tited Consumer Price

Index (vww.bls.gov/cpi). Thelast economic proxy reflecthanges in exposure to Chinese

import competitiorbetween 199 and 2@.1, usng a measure constructed Agemoglu, et al.
(2015) thatbuilds upon earlier work bautor, etal. (2013)2

In some specificatias) lagged rather than contemporaneous changes in economic
conditions are controlled for, covering the period from approximately-2090, rather than
19992015. These sgrifications differslightly based on the available data. Specifically, for the
startingperiod(approximately 1990), unemployment ratesaveraged for 1990992 median
incomes and poverty ratasaverages of 1989 and 1993 valussd the instrumentedhport
competition variablés from 1990200Q obtainedfrom Autor, et al. (2013).
3.3 AdditionalCovariates

Most modeldncludesupplementargovariatedo capture the effects pbtential
confounding variabledJnless otherwise noted, these were available for analysisyear.The
SEERdata were usetb calculate county population sharesfefales, Hispanics, black non
Hispanic, other nonwhite neHlispanicsseverage categories (184, 2534, 3544, 4554,55-
64,657 4, O7 5 ;goenty pescentatied of persdd 5 vy ewith someocblldge or who
were college graduategerealso included, using previously described information from the

ACS?* The percentage of househsltkaded by females in 20@@d 2010and of foreigAborn

23 Differences inmeasuredrade exposure occur because of variations in local industry employment structure in
1970.Theyuse an instrumental variablpsocedure t@ccount for the potential endogeneity of US trade exppsure

the instruments amgrowth of Chinese imports to eight other developed countries. Theirdrapdsuraneasuras

calculatecat the commuter zone rather than the county I&a@lthis analysisall counties within a commuter zone

are assumed to have the commuter zone level of import expasimg a crosswalk of 1990 commuter zones to

counties The import exposure and crosswalk files were obtained fwomw.ddorn.net/data.htm

24Thus, in the regressions, the excluded (reference) categories are population shares of males, whites, <15 year olds
and the norcollege educated.
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persons in the county in 2000, 26P610 and 201015 were obtained from tHeRF.
Informationon the number of hospital beds and active-femteral physicians per 1,000
population were from the same source prukiedthe countyd kealth infrastructuré.

The ERSCounty level data setdsoprovide2013countyfi r uurrad an o ccodes i nuum
metropolitan with pG@ 9998%ndb<a50,000 (tke@ 0, 000, 250,
classifications); urban with popdlai o n 02 0, 0i®0,00&amdidjadent o @rtot
adjacent ta metropolitan are@dour classifications); rural with population <2,500 adjacent to or
not adjacent ta metropolitan are@wo classifications)Dummy variables for eight of tke
classifications are includian the regression modelwith the largest metropolitan areasthe
excluded reference group.

Finally, two measures of trstatelevellegal environment related to drug use are
incorporatedThe first indicates whether tlstate has a prescription drugnitoring program
(PDMP) that requires reportingp it by drug dispensers. The second controls for whether the
state has legalized marijuansefor medical or recreational purpaséata for both variables

comefrom the Prescription Drug Abuse Policy Segsh(www.pdaps.org)They are included

because there evidencethat each may influence drug use and al§Bsehhuber et al. 2014; A.
C. Bradford and Bradford 2016; Buchmueller and Carey 2018)

AppendixTable A.1 provides summasfatistics on the dependentiables, economic
proxies, anchdditional covariatemeasuredn (approximately) 1999 and 20,1ith
observations weighted by 2015 county populatidime analysis sample consists of 3,098

countieswith consisentboundarieovertime periodand data available for all of the economic

25The number of hospital beds was not available for 2011 and 28&5ofimer were calculated by averaging
values for 2010 and 2012; the latter by using the 2014 number of beds.
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proxies?¢ The table shows actual values; howeverneentioned, the independent variables are
standardized in the regressioAfso, changes in median household incomes and home prices,
are revers-coded (opposite signed) in the econometradels so that positiveoefficients
always indicatehatworsening economic conditiomse associated with higherortality growth
3.3 Analysis of Changes in the Drug Environment

The variables includeevhenexaminingchanges in the drug environmeme somewhat
different Instead of davingasingle observation per county.¢.showing mortality rate
changedrom 19992015), this investigation includesepanel data with 17 observatioper
county(onefor each year fron19992015). This allows county fixedffectsto be included,
controlling for all timeinvariantcounty characteristicandreducingthe need for supplementary
covariatesSomevariablescontrolled forin the analysis of mediwterm changesieconomic
conditionsareinappropriate toncludeherebecause therns no timevariation (e.g. import
penetration shares) smceannual values would need to be extrapolated or interpolated from a
small number of years (e.g. home price changes and felnaign-born or in femaleneaded
households)introducing measurement error which is particularly problematic in fetéstt
models.The results were generally not sensitive tordraainingchoice of covariates.

Separate estimates are frequently praviokesex andor203 9 year ol ds (fAyou
adults)comparedtel0-59 year ol ds (Aol dero adults). The u
for examining changes in agelated patterns of drug mortalithese groupsontain an equal

number of years and constitute a large share of total drug mortalitg%&egn 2015).

4. Descriptive Patterns

26 Three counties were dropped because information on education shares was missing; 24 and 2, respectively, were
excluded because of missing infation on import exposure and home prices.
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Figure 1displayschangedgrom 19992015in total drug death raterondrugsuicides
and alcohol mortalityas well asopioid analgesic and illicit opioithvolved drugfatality rates.
Overalldrugmortality rates rose steadily, from 6.®t16.3 per 100,000 from 199915, al70
percent increasé&londrug suicide death rates started autsiderably higher (9.3 per 100,000 in
1999 butgrewmore slowly by 30% reaching 12.1 per 100,000 in 2C13lcohol deaths also
increased relativelgradually(from 4.3 to 6.5 per 100,000 onverselyppioid analgesic and
illicit opioid death ragsroseextremely rapidly: from 1.3 and 1.2 per 100,000 in 1999&wmd
7.4 per 100,000 in 2015, but with quite different pattefdlsof the growthin opioid analgesic
mortality occuredfrom 19992011 whereasllicit opioid death rateitially rose modety,
reaching 2.1 per 100,000 2006 andconsiderably more rapidly theiféaxr, particularly from
2010-2015where thanortality rate explodeffom 2.6 to 7.4 per 100,000.

Figure2 shows corresponding patterns of drug mortality for subgroups stratifiseioy
and age. Drug death rategrehigher for males than female#/hile opioid analgesic deagh
grew at similar rates for both sexes, illicit opioid fatalities increased much more rapidly for men
after 2010. Overall drug mortality rates rose at fasdynmonrates for 2639 and 4669 year
olds, although at somewhat higher absolute levels for the latter gnodyjth much slower
growth for >60 year olds. However, the patteagaindiffered across types of drugs, with the
increases in illicit opioid deth rates skewed towards-30 year olds especially after 2010,
while those involving opioid analgesics particularly affecteéb@@/ear oldsThese patterns
raise initial doubts about the possibility that a single set of economic determinants can explain

these differentiairends in mortality rate®

2T Intentional drug deaths rose 42% over the period, from 1.2 to 1.6 per 100,000, with the result that all suicides
(drug and nondrug) grew by 31%.

28 Whites and less educated individuals experienced faster grodthgrdeaths than their counterparts (Appendix
Figure A.1) Trends imon-DSA mortalityrateswere fairly similar to those fall drugdeaths but with larger
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5. Changes in Economic ConditionsEconometric Results

| next present econometmiesultsexamining the extent to whiaghediumrun changes in
county economic conditions predict corresponding changes in DSAlmorates. The first
specifications shownodelscontrollingfor economic conditionbut without supplementary
covariatesPotential confounding factors are nextluded. Aseries of robustness checks are
thenconducted, estimates are provided for poportesubgroupsnd investigatioris providedof
the effects of remaining selection on unobservables
5.1 Models without Supplementary Covariates

Table 1 showsegressiortoefficientsonthe economiproxieswhere the dependent
variablesare growth from 1992015 inmortality rates due to all drugs, opioid analgssied
illicit opioids andall DSA fatalities. These models do mmntrolfor potentialconfounding
factors Changes in median household incoraes home pricearereversecodal so that
positive coefficientalwaysimply that worse economic performance is associated with faster
mortality increasesTheregressorarestandardized so that coefficients show estimated effects of
a onestandard deviation change in the explanatorjaisée. The top panel tabtisplaysresults
where the economic measutes/e been included separately, watrery cell represdimg results
of adifferentregresgn. In thesecondpanel, the five economic proxieseincluded
simultaneoushandeach colummresentdindings from a single regressid.Values refer to the
null hypothesis that the coefficients on the macroeconomic variables jointly equaltzetbird
panel shows the multiple proxy (MP) estimate from the model with the fiveoedomproxies as

well as the percent of the total mortality change explained by economic conditions

overall gender, race and education differentialsandich higher concentration among oldervraiials, including
those 060 (Appendi x Figure A.2).
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Whencontrolled forseparately, the economic psogoefficientsare positivefor all
outcomesand,except for import exposurajghly significant(top pand. Forexamplea one
standard deviatiodecreasén countymedian household incomé$2817in 2015 dollars) is
associated with a 2.Qq3er 100,000 faster growth in overdose mortaditgl a 068 per 100,000
increase in thepioid analgesic drug death ratgince thestandard deviation®r these two
outcomes are 1073and 3.8 per 100,000a one standard deviatiamcomereduction predicts
around &0 percent increase in mortality rafemm these source$heuniformly positive
coefficients indicate that countiegperiencingelativeeconomiadeterioration had higheéhan
averagegrowthrates of fatal overdoses

Including the five economic proxies simultaneousijually alwayssubstantially
attenuates thestimate effects of individual economic proxies (see the middle panel of Table 1)
For instance, the coeffia on median household inconsaeduced0 percent for overall drug
mortality and switches sign fallicit opioid deathsandopioid analgesideath ratesThis
attenuations expectedecause the economic variablesraa@sonably highly correlated with
each otherexcept for import exposure which is barely associated with the other four measures
(see Appendix Table A.2The Rsquared is also uiermly low, ranging between 052 and
0.08, providing a further indication of the limited explanatory power of changes in economic
conditions With that said, the{values from the test that the coefficients for the five economic
proxies are jointly equal to zeedways indicate that worsening economic conditions predict

higher growth in mortality rates

29] also estimated models that controlled for county level Gini coefficients in 2000 and changes freP0 P0G
an additional proxy, to capture potential effects of economic inequality not accounbsdtti@ combination of
median incomes and poverty rates. Growth in inequality generally predloteergrowth in mortality rates,
although often by statistically insignificant amounts. Gini coefficients in 2000 were also negatively related to
mortality rate increases and the predicted effects were usually statistically significant.

Page24



The third panebf Table 1shows multiplgproxy estimatesas well as the estimated
percentage of the growth in mortality rates accountefiyidhe latent measure of economic
conditions TheMP estimateexceeds the coefficiesitor any single economic measyie either
the top or middle panef ohe tablg by at leastl5 percent and generally much moie
indicatingthe importance of correcting for attenuation blawiding theMP estimate by the
standard deviation of treependentvariablesuggestshatchangesn economic conditionare
associated witB3 percent of the rise in drug mortality rat@6 percent othat forall DSA death
rates and 26 t@8 percentof thoseinvolving opioid analgesicand illicit opioids.However, these
estimates are likely tbe serious biased by omittedndounding factorsan issueaddressedext.
5.2 ModelsWith Additional Covariates

The models just described contexiclusivelyfor one or more ofhe economic proxies
and so do not account fpotential correlations with county characteristi€able 2 beginso
remedy this by summarizirgstimates fronmodels where the dependent variable is the change
in drug mortality rates and various sets of controls are included. Column (a) repeats the results
from Table 1 with the five economic variables included sinamiéously but nothing else.

Column (b) adds to this the setk§99countycharacteristicé= ) andchanges in these
characteristicrom 19992015 (YL); column (c)includes instrumented rather than actual
changes in the supplementary covariafé%i.

Controlling for= and Y= reduceghe multiple proxy estimate 5% from 2.95 to
0.43) Using instrumented changestead (column c), the MP estimaseattenuatd by 73% (to
0.79. Thesuggestshatmostof the observed relationship lbeten changes in mortality rates and
economic conditiongeflectsconfounding factorsThe evolution of local economiesdstimated

to explain5 percent of the rise in drug mortality model (b)and9 percent in column (¢)
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compared t@3 percent irspecification(a). The MP estimasaarestatistically significantn
model (c) but not model (b) Themost important confoundingounty characteristicaresex
and race/ethnicity differencesdthe shardoreignborn. Together, these account 6% ofthe
total attenuation in the MP estimate in the mact@trolling for = andY+hand87%when
including= andyék(see Appendix Table A). Age structure of the county also parole
but the remaining supplementary covarigtebanrural statusshare of femaldeaded
householdsmedical infrastructure arithetwo drug poliy variable3 are much less important.

The starting and ending analysis years (1999 and 2015) were determined by data
availability. To insure that thresuls are not overly sensitive to this choitestimated models
for alternative starting dates ranging from 1999 through 2003 and ending periods varying from
2011 through 2015These results, summarized in Table A.5, indicate moderate sensitivity to the
choice of starting yearseconomic conditionsavesomewhat more explanatory powemihen
beginningthe analysis latér but not ending periods and do not change the basic conclusion that
changes in economic conditions explhitie of theincreases in drudeath rates.

The firstpanelof Table 3repeatdhe MP estimate angercentagehange in drug death
ratesaccounted foby economic factorsas well as displaying the\Rlues for the joint
hypothesis of no effect of the five individual macroecongmnaxies The nexthreepanels
show corresponding estimates @ioid analgesigllicit opioid and all DSA Comparing results
for models (b) and (c) to (a) indicates thateast 73ercent of the original correlation between

economic conditions angarious types of drugnortality growth isdue toconfounding factors

30| estimated drug mortality models with controls additional controls included for 1999 levels of the economic
proxies. These findings, summarized in Table A.3, indicatetkligflgher explanatory power of changes in
economic conditions, 9% and 10% of the total change in models controllite=fandY<, that were offset by the
1999 levels being responsible f&% and-9% of the growth. In the same table, | show reswitls employment
population ratios rather than unemployment rates used as an economic proxy. When this is done, economic
conditions are estimated to account for 6% to 12% of the change in drug deaths.
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with more than 100 percent accounted for in some moedétsthe additional controlshe
estimated change in mortality rates accounted fahbyeconomic variablesnges fronb to 7
perent for opioid analgesi¢s2 to 5 percent foiillicit opioids, and-3 to 3 percent of all DSA
deathsThe null hypothesis of no macroeconomic effect is never rejected in specifications
controlling for=  and¥Y=, or for illicit opioids or DSA mortalitywhen including=  and
YLE These findings indicatdnatthe macroeconomgccouns for no more tharonetenthof the
rise in mortalityratesandgenerallyconsiderably les$.
5.3 AdditionalRobustess Checks

| testedthe robustness of the resultsatwariety ofchanges in specifications, estimation
methodsand samplescluding usingunweighted datagported rather thacorrectedopioid
analgesic andlicit opioid death rateshanges in the econontonditionsover an earlier period
(approximately 190-2000) rather than from 1992015 and estimates for stfgeriods where
growth in the specified category of opioid mortality was highest (2284 for opioid
analgesics and 20a8015 for illicit opioids). | als@stmateda series of instrumental variables
(IV) models wher@ach economic proxy was instrumented by the other Fonally, | changed
the outcome variable definitions by limitingug deaths to those classified as accidental or of
undeterminedntentandemployinga broader definition of alcohotlated suicide in the
calculation of all DSA death&esults of these robustness tedttailedin Appendix B,confirm
of the conclusion that economic conditions explain little of the rise in mortality rates.
5.4 Sulsamples

| examined whether thesults differedor subsamples stratified by demographic

characteristics and type of countiable A.7 summarizes the results for sex, race/ethnicity,

31 Coefficients on the individual macroeconomic proxiesdisplayed in Table A.6.
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educatiorand selected age groufigEonomic conditions explain somewhabma of the rise in

drug and DSA mortality rates for whites (particularly those age8@@nd females than for

their nonwhite or male counterparts but in no case was more than 17% of the change in death
rates accounted for and the fraction was below I®%e large majority of cases.

TableA.8 provides results separately for counties in metropolitan statistical areas
(MSAs), those that are urban but not in MSAs and rural counties. Although much attention has
been paid to the plight of rural areas, thénestes provide no indication that tBeolution of
economic conditions more relevanin these locations. To the contrary, the explanatory power
of the combined economic proxieshighest for metropolitan counties although, even for these,
theynever acounts for more than 15 percent of the change. For rural counties, the percent of the
change irdrug mortality ratesexplained ranges between 0 and 3 percent.

5.5 Selection on Unobservables

Theprecedinganalysistreatsthe supplemental covariatés and Y=L or Y5 as being
sufficiently comprehensive, such that coM§ ) = 0. This is a fairly strong assumption
Methods developed Wyster(2016)arenextimplemented t@xamine how the results change
with remaining selection on unobservablés discuss@, the key parameters drefi , 'Y and
YT the multiple proxycoefficientsand Rs qu ar ed farodn Arégdessopabfo
equation (3) as wellagdandY , for which values must be assumed. For many applications,
Alton;ji et al., (2005)and Oster2016)recommend setting=1, implying thatselection on
observables and unobservaldes equally importanHowever,hereit seems likelythat thekey
important aspects of the selection psxwiill have been accounted fothereforeprovide

results assuming that= 0.5,wherethatobservablesaccount for twethirds of all selection.

Choosing a highed value would further reduce tmeagnitudeof the estimated treatment effect.
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For the base model, | s&t 1 Ywhich allows for considerable measurement error in the
dependent variable. These values are somewhat arbitrary and so | also present estifates of
which the estimated treatment effect would be xatb (Y & vhand theY  value
yielding azeretreatmeneffectwith (d = 0.5). Thefindingsare summarized in Tab#e Column

(a) shows theprior MP estimate. Columns (b) and (c) display tlselectioncorrected estimated
effect and percentage of the tatabrtality rate change explainadth d = 0.5 andY T U
The last two columns shdw and'Y’

The striking result is that even small amountseofiainingselection on unobservabliss
sufficient to eliminate any role for economic conditions as an explanation for rising mortality
rates. For instance, with= 0.5 andY & U ° is less than zero iall 10 specifications
and, in most caséds, > 0.3 or'Y’ @ would be sificient to eliminate the effecThus, itis
quite plausiblethat mediumterm changes in countgvel economic conditions are completely

unrelated tahegrowth in drug or DSA mortality ratdsom 19992015

6. Changes in the Drug Environment

| nextexaminewhetherchanges in the drug environment, rather than in economic
conditions, ar@ cause of rising drug mortality ratéhe identifying feature of this analysis is
that the nature of the fatal drug epitie changed sharply over timgeing driverby opioid
analgesics from999through around 2010 and then with these replaced by explosive growth in
fatalities involving illicit opbids. If economior socialfactorsareof primary importancgit is
not obvious whyuch achange would have affect@ho would die of fatal overdoseenly
which drugswould be involvedBYy contrast, if population su@roups are at differential risk,

changes in the drug environmeiouldalter the composition of drugortality. Particularly
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important in this regard isat males and young adults &e morelikely thantheir counterparts
to use and abuse illicit drugs bmith much smaller differencearfdsometimes in the reverse
direction)for legal pain relievers or sedativEsubstance Abuse and Mental Health Services
Administration 20172 Thus,while it is ambiguous which groupsalid have experienced the
largest mortality rate growth in the initial g&s of the fatal drug epidemic, which largely
involved opioid analges& menand youngradultsare expected toonstitute a higher share of
drug deathén thelater yearswhenillicit opioids dominated
6.1 OverdosdDeathRates asProxiesof the Drug Environment

Differential rends inoverall opioid analgesic and illicit opioid mortaltytes(anddeaths
from otherdrugs in the supplementary analgsare usedo proxychanges in the drug
environmentOne justification for this is that while drug quantities reflect the interaction of
supply and demand, it seems implausthitthe underlying components tife latter (e.g. health
problems causing pain) will exhibit sudden dramatic changes. Conversely,-siggfgactors
couldaltermarkedly and abruptly as technologies evolve, for instance, following the
introduction of OxyContin in 199641owever, he connectio between supply and death rates is
imperfect since mortality ratgmartially dependon fatality risk per use whiclvarieswith factors
such achangesn drug purity andhe availability of risk mitigating technologissich as
naloxone For these reasopkfirst provide evidence that mortality ratespplyuseful
information on the drug environment.

A close relationship between opioid analgesic prescripaigernsand deaths at the
national levehas previously been demonstrafPa@aulozzi LJ, Jones C, Mack K 2011 used

data from theAutomation of Reports and Consolidated Orders System (AR@O&®nfirm that

32 There are several likely reasons for this. For instance, males are more likely to undertake a variety of risky
behaviors than females and younger individuals may have greater access to illegal drug markets than older adults.
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these patterns also haddithe countylevel andafter adjustingor incomplete reporting of drug
involvementon death certificate ARCOSprovides information on flows of controlled
substances from manufacturers to retail distributors. Quarterly data were obtainegt@igihe
zip-code levefrom 20002015and conveted tocountyannualtotal per capita grams of
morphine milligram equivalents (MMHE)om seven major opioid¥.County-level opioid
analgesic death rategerethenregressed oMME gramsper capitan models that included
countyfixed effects’* The MME coefficientwas.0055498with a countyclustered robust
standard error aD002402 MME per capita rose frorhi34.7in 2000to 7111 in 2011 and fell
modestlythereafterBased on theeresults, thencrease in per capita MMiediceda 3.17
(95% confidece interval: 2.938.47) per 100,000 rise prescription opioid death ratéem
20002011, compared to an actual increas& a0 per 100,000. This suggettsithigher opioid
analgesic prescriptioruld explainaround85% of the rise in associateldaths.

Similar data are unavailable for illicit opioidsit therels good reason to believe that
overdosdatalitiesprovide a reasonable estimatesapplysidefactorsrelated to these drugs. For
examplepast year use of heroin among persot@exhibied no trendrom 20022007, rose
modestly from 2002010 and more rapidly thereafi@ubstance Abuse and Mental Health
Services Administration 201,7inimicking almost exactlyhe pattern oheroindeath rates
(Appendix Table C.1)Similarly, seizures of hein by law enforcement agencies did not show a
consistent trend prior to 2010 but increased sharply starting in thaiQ#ae of National Dug

Control Policy 2017)Fentanyl reports to the National Foremkaboratory Information System

33The ARCOS data are less complete prior to 2000 so the analysis starts in that year rather than 1999. See
www.deadiversion.usdoj.gov/arcos/index.hfar further information on ARCOS. Thegen opioids are:

Oxycodone, Meperidine (Pethidine), Hydromorphone, Hydrocodone, Morphine, Fentanyl and Methadone. MME
conversion factors were obtained fromitps://www.cms.gov/Medicare/Prescripti@itug-
Coverage/PrescriptionDrugCovContra/Downloads/OpMitphine EQ-ConversionFactorsAug-2017.pdf

34 The regression contains 50,105 observat{oresghted by 2015 populationfom 3,140 counties
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increased modestly from 2001 through 2012 but rapidly beginning in(20L8 Enforcment
Administration 2017)again mirroring the pattern of deaths.
6.2 Distribution of Drug Deaths

Opioid analgesideath rats rose rapidly from 1992010 and remained relatively stable
thereafter, whereas illicit opioid mortality ratdsanged little from 1992005, increased
modestlyfrom 20062010before exploding afte2010 (see Figure 1lratality ratesnvolving
other drugshangedverthe periodbut not enough to affect the dominance of#teends.This
is illustratedin Figure3, whichdisplaysshares of total drug deaths involviogioid analgesics
and illicit opioids anddifferences between the two. fie fraction ofopioid analgesioverdose
fatalitiesincreased fron21% to39% from 19992010 and then declingd 30% in 2015.
Converselythe share involvinglicit opioids fell from 20% to 16% from 1992005, returned to
slightly abovets 1999 leveby 2010 and thenosedramatically to45% in 2015

Sinceyounger adults and men amdatively heavy users of illicit drugs, tharug
environment hypothesis suggests thairtblkare overalloverdose deaths shouidve risen
after 2010. The predictions are less clear for 12@8Q althoughrelativelyrapid growth in
opioid analgesic deaths for persons in their 40s and 50s, dotednin Figure, suggesthat
t hi s ghare af grug gatalities maave increaseduring thisperiod

Figure4 confirms thesexpectationslt showsestimatedyear coefficients from
regressions afquation 8), of thegroup share of countyevel drug deathen vectors of year
and countyeffects population share arttiethree measures of county economic conditions
which annual datareavailable (unemployment rates, poverty percentages and median

household incomes$j.Themalepercentagef drugdeaths declinelly around 5 points from

35 The estimatearenot sensitive to thehoice ofsupplementary regressasith available annual data once county
and year fixeeeffects are included.
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19992010 and then recovered bgproximately3 points between 2010 and 2083nce sex
specific shares sum to one, the pattern is exactly reversed for femfates not the case for 20
39and40-59 year oldssincesomeoverdosaleathsnvolve younger or oldgpersons.
Nevertheless, thigaction of fatal overdosesvolving 20-39 year oldgespecially males
declined rapidlybetweerll999and2009 or 2010, and imeased substantially ther&af with the
reversepattern for 4669 year olds osrall and 4669 year old wome#*.

Table5 formally testsfor trendbreaks showing results oquation 9), where"Y'Y O 0 ‘O
indicatesthe initial annual change in group shares of the specified drug deéathd{ii¥oduces
a splinewith aknotat201Q and thentercept shows the group share in 1998eresults
indicate a cleabreak in thdarendafter 2010for all groupsexcept 4659 year old males

Theagerelated difference is particularly dramat&0-39 year olds accounted for 41% of
drug deaths in 199%his shardell an estimate@®.49 percentagpoints per year through 2010
and therroseby 086 (1.35- 0.49) points annuallyhereafter The predictedproportion of deaths
involving 4059 year olds increaddy 0.34 percentage points per year initially and dedline
1.25 points per annum after 2010. The male share of drug aEstfesasetdy an estimated 0.34
percentage points per year through 2010 and increased®pd@ints annually thereafter.
Coefficients for females are the opposite of those for males@ak not shown on the table.
Younger(20-39 year old¥emales shovgimilar bu weakerpatterrs to thosdor younger males,
suggestingstrongeragethan gendereffects on the composition of drug use. The share of drug
deaths accounted for 49 year old males declines throughout the analysis period, although
faster towards the end ib.

6.3 Sex and AgeDifferentials in DrugSpecificMortality Rates

36 No cleartrends werdound for 2639 year old femalesr 40-59 year old malesyhich is unsurprisingiven the
potentially offsetting effects of age and sex on legal versus illicit dru¢seseAppendix Figure A)3
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Finally, | examinedwvhether sexand agespecificopioid analgesic and illicit opioid
mortality rates (and those due to other narcaticsupplementary analysevaried over time in
ways casistent withchanges in the drug environmenhe strongest prediction is that illicit
opioid mortality rates of males and younger adults ng# rapidly after around 2010elative to
their counterpartsince these groups are ttepected to be theeaviest users of these drugs.

Figure5 showsregressioradjusted differences in mortality rate chanfpgsnales,
relative to femalesobtained by estimating equation (1Bjgure6 supplies corresponding
informationfor 20-39 year oldcomparedo 4059 year oldsSolid linesshow treatmentrgup
differential year effectgjotted linesdisplay95 percent confidence intervalgertical lines
indicateyears with breaks or reversals in mortality tre(@B31 1 for opioid analgesienortality
ratesand 2005 an@010 for illicit opioidg. Of interest isvhetherthe treatmen{(versus
reference) grougifferentialschange substantialground these years

The patterns ifigures5 and6 align closely with predictionsf the drug environment
hypothesis. Most importantlyhe relativellicit opioid deathsof malesand 2039 year olds
begartorise rapidlyaround 20 or 2011, coinciding withexplosive growth in overatirug
fatality rates from this sourééOpioid analgeg death rates riskaster for males thaiemales
early in the analysis peridzlit decline in relative terms after 2010. Téigygests that there was
some substitutioby malesout of opioid analgesics and into illicit opioidsut this is dwarfed by
thelarge overaltise in male illicit opioid death rates. There was no evidence of a trend break in
opioid analgesic fatajtratesfor 20-39 year olds relative tihosefor personsaged 4659.

Statistical significance of these patterns wasfirmedfrom esimates of equation (1,

wheretreatment versus reference grdrgnd splinemodels were estimatedith knotsin 2011

3" Thereis alsosome indication ofnodest increases after 2005, particularly for males, smmgiwith the initial
(much slower) growth in illicit opioid deaths.
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for opioid analgesics and 2010 for illicit opioidlicit opioid death ratesnitially rose
marginally faster for males arydung adultsear olds than for their counterpartby 0.03 per
100,000 annually in both casgsee Table b However after 2010 or 2011, thennualmortality
growth wasmnuchhigher for the treatment groupsy 0.91 and 0.87 per 100,000 foales and
20-39 year old. The differences were less dramatic for opioid analdetsitty rates, with
relativetrend reductiongor the males and young adulige in the analysis perioBut these
were much smaller than tleerrespondingncreases for illicit opioid deathproviding further
evidence that the composition@ferdose deaths changadng with the drug environment.

Appendix Cdetailsasupplementary investigatiomhereillicit opioid deathrates were
decomposethto those involvingheroinversussynthetic opioid andwith additional analysis of
deaths involvingcocaine and methadorighis is useful because these drug categ@xdsbit
substantiallydifferenttime patternsreduaeng the possibility thathe changes in segpecific and
agespecific drug deathates observed aboveesult from confounding factors thaappen to have
changedaround 2010 or 201 5pecifically, keroin deathrates werefairly constantrom 1999
2006, rose modestly from 20@®10 and quickly from 2012015 Synthetic opioidmortality
grw slowly from 19992013 andhenby more than 250% from 2013015. Cocaine deaths rates
rosesubstantiallyfrom 19992006, declined to 1999 levels by 2009 and increased again after
2012. Methadone fdlity ratesrose dramaticalljrom 19992007andthendecined.

Resultsof this supplementary analyspovide further evidence that the composition of
overdose deaths follaed changes in the drug environmeldtale heroin death rate differentials
(relative tofemale$d were virtually constant from 1998006,increasd starting in 2007Ayith
accelerated growth after 20Ilhere was essentially rs@xdifference in gnthetic opioiddeath

ratesthrough 2013 but with much more rapidalegrowth starting in 2014vViale cocaine and
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methadonaleath ratesose (relatie to those for womerfjom 1999through 2006 or 20Qthen
declined, with a subsequent resurgence in relative male cocaine maitatityg in 2013There
were no ageelateddifferences in heroiinvolved mortality rates from 1998006, butfaster
growth for 20-39 (relative to 4659) year oldsafter 2007 and especialifter201Q Synthetic
opioid rates grew slightly more for 48 than 2639 year olds from 1999013 but with
dramatically fasteincreasesor the younger age group after 20Ccaine deths became
increasingly concentrated among-3® year oldgrom 19932006 and were mostly flat
subsequentlyAge differentials in methadone fatality rates weogseybut generallyrending

upwards prior to 200@nd therfalling.2®

7. Discussion

Counties experiencing economic declinem 19992015hadlarger increasem drug,
suicideandalcoholmortality than those ith more robust economic growtHowever the
relationshipwasfairly weakand modiy due tocountycharacteristicspuriouslyassaiatedwith
thechanges irrconomic conditionsEEmpirically, the most important of theseeredifferences in
the percent ofemale, nonwhite and foreigmorn county residentéfter controlling for
confounding factordess tharonetenthof theincreasen drug mortality ratesvasexplained by
economicdfactorsandeven less of aIDSA deathsEven nodest amounts amitted variables
biaswould be sufficiento completelyeliminateany remainingassociatioa

Conversely, the data provide support for hlgpothesis that changes in the drug

environment played a key role. During the first decade of thie&dtury, rising drug mortality

38 As a placebo test, | also examined breaks in trend folD®h deaths. The male (vs. female) trend differential
increased slightly after 2010 while that for29 (versus 4&9) yearolds became slightly less negative. However,
both changes were tiny compared to the overall treatment vs. control group differences.
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was largely driven bypioid analgesk, with more recent growtteing mostly duéeroin and
fentanyl. This shift was acaogpanied by a change in the compositiomeérdosealeaths,
particularly during the period of rapydincreasen illicit opioid mortality which has been
concentrated among males and younger adsitshfindings are consistent with population
subgroups faag differential risks that depend on specific aspects of the public health
environment related to drugs.

Changes in economic conditions from 198®15(or from 19932000 do notaddresshe
full arrayof potentialsocialor economidnfluences ofdrugmortality and it is possible that
demand factors not controlled for in this analysis could play somé&ta@vever,it is difficult
to see how explanations attributiogerdose fatalitieto theeffects ofselfmedication for
feelings of hopelessne@som whateversourcg would predictdramatic demographic group
changes in the relative risk of drug deaths over smet periods® Therefore, hese results
suggest thamprovements in theconomic and social condition$ disadvantaged groupshile
desirable for other reasons, are unlikelypéothe most effective means of addressing the fatal
drug epidemic*

Put differently the findings can beiewedas providingnformation onwhether the fatal
overdosezpidemicreflectsbroader consequees of changes in social and economic conditions
or if there is somethindistinctiveaboutthe dangers of drugs themselvEhis is important for
bothanalyticalapproacheand policy. For instancenost specifications estimatéerecombine

intentional dug deaths with other overdofsalities. This is appropriate ¢ drug epidemic has

39 For instance, economic inequalityiiludedonly to the extenit is captured bynedian incomes and poverty
rates.Social mobility couldalsobe importan{Chetty etal2 0 1 4 ; O6Brien, Venkataramani
400n the other hand, social interactions could magnify the effects on population groups at high risk of abusing the
drug categories experiencing increased sufplgeser, Sacerdote, andh®mkman 1996)

41 Demandside factors might play a more important role for other mortality outcomes, such as the relatively slow
reductions in heart disease mortality experienced by US midlif¢Hispanic whites since 1990.
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uniquecausesHowever if all suchdeaths represeatform of suicide, itnay be more correct to
groupthemwith nondrug suicidesor to focuson broader categories déathsAs an empirical
matter, the findingsverenot sensitive to these choic&shanges in economic conditioascount
for essentially identical (small) shares of the growth in drug destt) howeverdefined,andan
evenlesserfraction of DSA mortaity. From a policy perspective, these results indicatethigat
most immediatdenefitswill probablybe obtainedrom interventiondocusingdirectly onthe
drugenvironment

Some pogress has been made in addressindnéinens from opioid analgesicEhese
effortsinclude establishment alrug monitoring programsestrictonson pain clinics and
online pharmacieglevelopment oabusedeterrentdrugformulations promulgation ofopioid
prescription guidelines; and proposals for mandatory proviigragion(Alexander, Frattaroli,
and Gielen 2015; Meinhofer 2016; Jones, Lurie, et al. 2016; Meara et al. 2016; Dowell,
Haegerich, and Chou 2016; FDA 2016; Madras 2017)

Expanded treatment options should almost certainly plasgarfuturerole given the
effectiveness of medicatidmased approaches utilizing methadone, buprenorphine and
naltrexongSchwartz et al. 2013; Woody et al. 2014; Mattick et al. 2088)ong the small
proportion of addictsurrentlyreceive treatmenmedicationbasedapproaches adenited and
oftenuseinsufficient dosage(Substance Abuse and Mental Health Sm¥¢i2011; Volkow et al.
2014 ; DO Au n nNaloxerie administratrsavés lives and efforts are underway to
raiseits availability to firstresponders and caregivéf3ompton and Throckmorton 2013; Coffin
and Sullivan 2013; Jones, Lurie, and Compton 2&k&s et al. 2017althoughthe benefitsnay
be offset by increaseattugconsumptiordue to aeductionin risk per episodéDoleac and

Mukherjee 2018)Primary prevention of risky drug use is crititait we knowless about how to
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achieve thisOngoing physician education efforts are importpatticularlyin light of evidence

that graduates dfighly ranked medical schogisescribefewer opioids than their counterparts

(Schnell and Currie 2018 Communitybased prevention strafies have shown promising
results(Hawkins et al. 2008; Albert et al. 201dnd efforts to staunch the supply of illicit

fentanyl and its analogs atmdoubtedlynecessaryHowever, there are questions whether an

A adf-theaboveodo approach, s uRrhe saisd etnhted sp r@opnonsi esds iboyn
Drug Addiction and the Opioid Cris{2017) is best or whether it would be more efficacious to

prioritize a smaller set of key initiatives.
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Table 1: Estimated Effect of Economic Conditions on Changes in Various Death Rates, 1999-2015
Opioid

Economic Proxy All Drugs Analgesics Illicit Opioids DSA
Measures Included Separately
Din Poverty Rate 2.205%** 0.798*** 1.334%*+ 2.320%**
(0.560) (0.242) (0.446) (0.752)
Din Median Household 2.068*** 0.679*** 1.136** 2.515%**
Income (0.546) (0.254) (0.496) (0.773)
Din Median Home Price 2.289*** 0.908** 1.158* 2.840***
(0.649) (0.354) (0.627) (0.680)
Din Unemployment
Rate 1.370%** 0.295** 1.069%** 1.144
(0.464) (0.131) (0.253) (0.765)
Din Import Exposure 0.572 0.398** 0.168 0.570
(0.414) (0.182) (0.328) (0.511)
Measures Included Together
Din Poverty Rate 1.102** 0.519** 0.782* 0.793
(0.515) (0.259) (0.403) (0.599)
Din Median Household 0.206 -0.097 -0.043 0.751
Income (0.671) (0.329) (0.543) (0.951)
Din Median Home Price 1.465* 0.710* 0.626 1.959**
(0.805) (0.409) (0.668) (0.883)
Din Unemployment
Rate 0.307 -0.143 0.536 -0.146
(0.452) (0.213) (0.365) (0.669)
Din Import Exposure 0.212 0.269 -0.065 0.214
(0.392) (0.177) (0.343) (0.470)
R? 0.082 0.059 0.051 0.060
P-Value <0.001 <0.001 <0.001 <0.001
Multiple Proxy Estimate 2.949%** 1.164*** 1.710%** 3.256
(0.798) (0.239) (0.428) (2.395)
% of Total D Explained 32.5% 27.6% 25.6% 26.3%
Dep. Var. Mean [SD] 10.37 3.58 6.27 15.39
[9.06] [4.22] [6.67] [12.38]

Note: Each cell in top panel 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 (n=3,098). All five measures of economic conditions are controlled for simultaneously in the

secondpane. Changes in median household incomes and home
signs are switched from positive to negative and vice versa) so that, for all measures, positive coefficients

indicate that worsening economic conditions correlate 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 c oeelidtionchaegain s hows
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the independent variable. Change in unemployment and poverty rates refer to three-year averages of
annual rates for the periods ending in 2015 versus 1999. Changes in median household incomes ($2015)
are from 1999 to 2015. Changes in import exposure are from 1999 to 2011. Drug poisoning deaths refer
to ICD underlying cause of death codes X40-X44, X60-X64, X85, Y10-Y14 or Y352. Opioid Analgesic and
illicit opioids refer to ICD-10 codes T40.2 and T40.1 or T40.4 respectively. DSA indicates deaths from
drug poisoning, nondrug suicides or alcoholic liver disease. Nondrug suicides refer to ICD-10 codes X65-
X84, Y87.0 and *U03, and alcohol to ICD-10 code K70. Deaths involving opioid analgesics or illicit opioids
are adjusted for non-reporting of the drugs involved in overdose deaths using the methods described in
the text. Multiple proxy estimates refer to the model with all economic proxies are simultaneously included
and are estimated using the methods discussed in the text. Bootstrapped standard errors (1000
repetitions) are shown in parentheses for the multiple proxy estimates and robust standard errors with
clustering at the commuter zone level are displayed in all other cases. The percentage of total change
explained is calculated by dividing the multiple proxy estimate by the standard deviation of the dependent
variable. P-Value refers to the null hypothesis that the five economic measures are jointly equal to zero.
*** n<0.01, ** p<0.05, * p<0.1
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Table 2: Estimated Effect of Economic Conditions on 1999-2015 Change in Total Drug Death Rate,
with Various Sets of Controls

Economic Conditions Proxy €) (b) (c)
Din Poverty Rate 1.102** 0.638 0.736**
(0.515) (0.397) (0.361)
Din Median Household Income 0.206 -0.604 0.171
(0.671) (0.434) (0.393)
Din Median Home Price 1.465* 0.337 0.115
(0.805) (0.441) (0.350)
Din Unemployment Rate 0.307 0.160 -0.185
(0.452) (0.257) (0.312)
Din Import Exposure 0.212 -0.283 -0.302
(0.392) (0.237) (0.262)
R? 0.082 0.431 0.441
P-Value <0.001 0.496 0.003
Multiple Proxy Estimate 2.949%** 0.431 0.792*
(0.798) (0.488) (0.436)
% of Total D Explained 32.5% 4.8% 8.7%
Additional Controls None X1999, DX X999, DX!

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. X199 refers to controls for

county population shares of: females, Hispanics, black non-Hispanics, other nonwhite non-Hispanics, age

categories (15-24, 25-34, 35-44, 45-54,55-64,65-74, O75 years old), and person w
college graduates (among those 025 year s-bon Ao, % femal
included are controls for 8 urban-rural categories (metropolitan with population 250,000-999,999;
metropolitan with population <250, 000; wurban with popu
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 total hospital beds per 1,000 and whether the state legal

medical/recreational marijuana and prescription drug monitoring program (two variables). These were

measured in the 1999, except urban-rural location is from 2013, % female-headed households and %

foreign-born are from 2000. DX refers to changes in these supplementary covariates between 1999 and

2015 except in the later year % female-headed households are from 2010 and % foreign-born are the

average from 2011-2015. DX' refers to instrumented changes in these supplementary covariates

calculated by adjusting 1999 values by the census division changes in these variables from 1999-2015

(see the text for additional details). *** 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 Death Rates

(@)

(b)

(©

All Drugs
P-Value <0.001 0.496 0.003
Multiple Proxy Estimate 2.949%** 0.431 0.792*
(0.798) (0.488) (0.436)
% of Total D Explained 32.5% 4.8% 8.7%
Opioid Analgesics
P-Value 0.001 0.695 0.037
Multiple Proxy Estimate 1.164*** 0.197 0.306*
(0.239) (0.185) (0.170)
% of Total D Explained 27.6% 4.7% 7.3%
lllicit Opioids
P-Value <0.001 0.373 0.289
Multiple Proxy Estimate 1.710*** 0.305 -0.101
(0.428) (0.407) (0.310)
% of Total D Explained 25.6% 4.6% -1.5%
DSA
P-Value <0.001 0.604 0.106
Multiple Proxy Estimate 3.256 -0.343 0.351
(2.395) (0.583) (0.987)
% of Total D Explained 26.3% -2.8% 2.8%
Additional Controls None X1g99, DX X999, DX

Note: See notes on Tables 1 and 2. *** p<0.01, ** p<0.05, * p<0.1
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Table 4: Estimated of Effects of Economic Conditions on Changes in Drug Death Rates, 1999-2015,
Accounting for Selection on Unobservables

Adjusted Estimates
Type of
Drug/Additional Unadijusted d=0.5, Rmax=0.75 '
Covariates Estimate b % of D d Y
Explained
€Y (b) (©) (d) (e)

All Drugs

X1999, DX 0.431 -0.720 -7.9% 0.187 0.551

X1999, DX! 0.792 -0.135 -1.5% 0.427 0.705
Opioid Analgesics

X1999, DX 0.197 -0.551 -13.1% 0.132 0.441

X1999, DX! 0.306 -0.210 -5.0% 0.297 0.597
lllicit Opioids

X1999, DX 0.305 -0.148 -2.2% 0.336 0.660

X1999, DX! -0.101 -0.519 -7.8% <0.00 <Y
DSA

X1999, DX -0.343 -2.159 -17.4% <0.00 <Y

X1999, DX! 0.351 -1.164 -9.4% 0.116 0.479

Note: See notes on Tables 1 through 3. Column (a) shows multiple proxy estimates without correction for
selection on unobservables (from Table 3). Columns (b) and (c) show the selection-adjusted treatment
effect and% of the change in mortality rates explained, assuming that d=0.5 and Rmax=0.75. Column (d)
shows the value of d that would give a zero estimated treatment effect, with Rmax=0.75, and column (e)
shows the Rmax value that would do so, with d=0.5. Rmax < Y implies that the hypothetical R-squared that
would eliminate the treatment effect is less than the observed R-squared from the model that includes
supplementary covariates. See text for further details.
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Table 5: Regression-Adjusted Share of Drug Deaths Involving Specified Population Group, 1999-2015

20-39 Males: 20- 40-59 Females: Females: Males: 40-
Regressor Males Year Olds 39 Years Year Olds 40-59 20-39 59 Years
Old Years Old  Years Old Old
() (b) (©) (d) (e) ® (9)
Trend -0.34%** -0.49%** -0.36%** 0.34*** 0.49%** -0.13*** -0.15***
(0.06) (0.07) (0.06) (0.07) (0.05) (0.04) (0.06)
Post 0.49%** 1.35%** 0.96%** -1.59%** -1.17%** 0.36%** -0.47%**
(0.13) (0.14) (0.12) (0.24) (0.15) (0.07) (0.15)
Intercept 64.72%** 40.83*** 28.34%** 49.20%** 17.59%** 12.43*** 31.60%**
(0.36) (0.48) (0.39) (0.39) (0.31) (0.24) (0.32)

Note: Table shows predicted trends in percentages of drug poisoning deaths occurring among the

specified group from a panel of 1999-2015 county-level data.
percentage

time trend, i

n

The
point

ATrend?o
ter ms,

compared

coefficient
to

for the period after 2010. Intercept shows the estimated group-specific mean value of the dependent
variable in 1999. Estimates are obtained from county-level regressions also control for county fixed-
effects and the group population share. Sample contains 36,207 county-year observations, for 3,062
counties with a positive number of drug deaths in the specified year. Observations are weighted by 2015
county populations. Robust standard errors, clustered at the county level, are shown in parentheses. ***

p<0.01, ** p<0.05, * p<0.1

Table 6: Sex and Age-Specific Differences in Opioid Analgesic and lllicit Opioid Mortality Rate Trends

Sex-Specific Age-Specific
Regressor (Reference Group: Females) (Reference Group: 40-49 Year Olds)
Opioid Analgesics Illicit Opioids Opioid Analgesics lllicit Opioids
Trend 0.05%** 0.03*** -0.15%** 0.03***
(0.01) (0.01) (0.02) (0.01)
Post -0.24%** 0.88*** -0.11** 0.84***
(0.03) (0.05) (0.05) (0.06)
Group Main Effect 0.92%** 1.13%* -0.92%** -0.66***
(0.11) (0.10) (0.15) (0.12)

Note: See note on Table 5. Table shows differences in intercepts and time trends for males compared to

females and 20-39 versus 40-4 9 year ol ds. The ATrendo coefficient
trends between the treatment and r eifnthegeme@ldrendgforoups.
periods after a change in the overall trend effect.

opioid analgesics and 2010 for illicit opioids. Regressions also control for county fixed-effects and year
dummy variables. Sample contains 106,426 group-year observations from 3,132 counties. Observations
are weighted by 2015 county populations. Robust standard errors, clustered at the county level, are

shown in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Figure 1: Drug, Nondrug Suicide and Alcohol (DSA) Mortality Rates
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Figure 2: Drug Mortality Rates (per 100,000) by Sex and Age
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Figure 3: Percent of Drug Deaths Involving Opioid Analgesics and lllicit Opioids, 1999-2015
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Figure 4: Regression-Adjusted Changes Since 1999 in Share of Drug Poisoning Deaths
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Note: Figure shows coefficients on year dummy variables from county-level regressions that also control
for county fixed-effects, the group population share, as well as the county unemployment and poverty
rates, and median household incomes. Data are weighted by 2015 county populations.
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Figure 5: Sex Differences in Opioid Analgesic and lllicit Opioid Mortality Rates (Males vs. Females)
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Note: Figure show difference in predicted mortality rates for males in the given year versus those for
females from models with sex-specific mortality rates regressed against sex main effects, county fixed-
effects, year dummy variables and year-by-sex interactions. Dashed lines show 95 percent confidence
intervals. Vertical lines show years with a break or reversal in the drug-specific mortality rate trend.

Figure 6: Age Differences in Opioid Analgesic and lllicit Opioid Mortality Rates (20-39 vs. 40-59 year olds)
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Note: Figure show difference in predicted mortality rates for 20-39 year old in the given year versus those
for 40-59 year olds from models with age-specific mortality rates regressed against age main effects,
county fixed-effects, year dummy variables and year-by-age interactions. Dashed lines show 95 percent
confidence intervals. Vertical lines show years where with a break or reversal in the drug-specific mortality
rate trend.
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Appendix A Further Description of Methods and Additional Tables

Additio nal Details on Methods

Instrumented Values of County Characteristics.

Anstr ument eYkadenotedla¥e are amristructed by calculating changes
between initial year county level valuesfeindcensus divisiochanges occurring between the

starting and ending analysis years. For continuous variables, these are calculated as:

)

(A1) AR

whered refers to the value of the supplemental covariate in census digiiontaining

county’Q The vector of covariates also includes binary variables indicating whether states have
specific policies irplace In all cases, once implemented, these policies remained in effect
through the end of the sample period. Therefore, for thesablesiyd was set to zero for

counties with the policies in place at timéi.e. p . Where® 11, the instrumented

change was calculated as the expected change in census division values for persons in counties
without the policy at timet

(A.2) AR ® ® s 8

Multiple Proxy Estimates

In theLubotsky and Wittenber(l.W) approach(0 is a latent variable for economic
conditions that affects changes in mortality rates according to:
(A.3) Yo ryo £ ¥Epr -,
We do not observe but instead have multiple proxié®, , where the additional subscript
indicates thg™ proxy, which are related to the latent variable according to:

(A.4) yo "¥yo
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The key assumptions are th&D' is uncorrelated with and that all of thé  are uncorrelated
with YO and- . The second assumption implies that the proxy variables operate only through
their effect onYO' and do not independently afftY0 . An important advantage of this
framework is that the covariances between the error terms of the economic pgroXiese
unrestricted and, specifically, are allowed to be-nero#

Equations A.3) and @.4) cannot be directly estimated, sirfGeis 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:

(A.5) Yoo B t Yo £ ¥y&r -,
(whered v in this applicationand then calculating the weighted sum of the proxy

coefficients as:

(A.6) f B

K] e
| =

whereYO is the proxy chosen as the base. | usg@she proxy with the largest regressio

coefficient { ) in a model that includes all of the economic measures but without supplementary

covariates. LW show thét, calculated in this manner, has the same scaf®asSince the
explanatory variables are all standardiZzedan also be terpreted indicating effect sizes for
changes in the latent variabfi€¥ . However, to the extent that the vector of proxy variables does

not fully account for all aspects B0, some attenuation bias may remain.

42 Models with a single ecomaic proxy will suffer from attenuation biaSuppressing the supplementary covariates
andwith the simplifying normalization thdt  p, the OLS estimator #0 1 YO - converges tb

I ————, whichis biased towardgero for positived &1
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Additional Tables

Table A.1: Summary Statistics for Variables Used in Main Analysis

Variable Mean Std. Dev
Outcomes: Din Drug Death Rates per 100,000 (2015 vs. 1999)
All Drugs 10.37 9.06
Opioid Analgesics 3.58 4.22
lllicit Opioids 6.27 6.67
Drug, Suicide, Alcohol (DSA) 15.39 12.38
Nondrug DSA 5.02 7.35
Nondrug Suicide 2.76 5.67
Alcohol 2.26 4.21
Economic Proxies (02015 vs. 1999)
Poverty Rate (3-year average) 2.93 2.47
Median Household Income (3-year average, 2015$ -2,817 5,586
Median Home Price, 2015%$: %D (2011-2015 average vs. 2000) 17.85 22.31
Unemployment Rate (3-year average) 1.77 1.04
Instrumented Import Share of Employment (2011 vs. 1999) 1.57 2.03
Additional Covariates (1999 & 2015) 1999 £r1999-2015
Population Shares Mean SD Mean SD
Females 0.509 0.012 0.001 0.006
Hispanics 0.123 0.148 0.049 0.034
Non-Hispanic Blacks 0.121 0.128 0.010 0.027
Other Race (Non-Hispanics) 0.045 0.054 0.021 0.020
15-24 Year Olds 0.139 0.029 0.002 0.013
24-34 Year Olds 0.145 0.023 0.008 0.015
34-44 Year Olds 0.162 0.014 0.036 0.013
44-54 Year Olds 0.131 0.012 0.004 0.011
54-64 Year Olds 0.085 0.013 0.043 0.011
64-74 Year Olds 0.065 0.019 0.020 0.011
O 75 Year Olds 0.058 0.019 0.005 0.009
Some College (025 years ol d)] 0275 0.048 0.019 0.033
College Graduate (025 year s 0.242 0.095 0.063 0.028
Female-headed Household (2000, 2010) 0.179 0.059 0.019 0.012
Foreign born (2000, 2011-2015) 0.109 0.102 0.021 0.020
Medical/Policy Variables (2015)
Active Nonfederal MD& per 1000 2.514 1.903 0.247 0.720
Hospital beds per 1000: 2015 3.603 2.713 -0.708 1.616
Marijuana Legal in State for Medical/Recreational Uses 0.160 0.367 0.305 0.460
State Prescription Drug Monitoring Program 0.195 0.396 0.724 0.447
Urban-Rural Status Share (2013)
Metropolitan Area: Population 250,000 i 999,999 0.210 0.408
Metropolitan Area: Population <250,000 0.092 0.289
Urban Area: Population 020, ( 0.043 0.203
Urban Area: Population 020, ( 0.015 0.122
Urban Area: Population 2,500-19,999, adjacent to metro 0.047 0.211
Urban Area: Population 2,500-19,999, not adjacent to metro | 0.026 0.158
Rural Area: Population <2,500, adjacent to metro 0.007 0.082
Rural Area: Population <2,500, not adjacent to metro 0.008 0.089
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Note: Variables are measured at the county level and 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. Entries in parentheses indicate if variable dates are different from 1999 or
2015. Prescription drug monitoring programs (PDMP) are those with requirement that dispensers must
report data to PDMP. For poverty, unemployment rates and household incomes, the variables are three-
year averages ending in the year specified.

Table A.2: Correlations Between Economic Proxies

Poverty Income Home Prices  Unemployment Imports
Poverty 1.000
Income -0.702 1.000
Home Prices -0.530 0.641 1.000
Unemployment 0.487 -0.436 -0.284 1.000
Imports 0.154 -0.074 -0.098 0.101 1.000

Note: Table shows correlations between economic proxies with observations weighted by 2015 county
popul ations. Proxy names are abbreviated (e.g.
unemployment rate).
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Table A.3: Estimated Effect of Economic Conditions on 1999-2015 Change in Total Drug Death Rate, with Additional Economic Controls

E)c(glr;ci)r% i(cj: Proxy/% (@) (b) © (d) (e) () )]

Proxies for ¥

Multiple Proxy Estimate 2.949%** 0.431 0.792* 0.798 0.891**
(0.798) (0.488) (0.436) (0.558) (0.389)
Proxies for [
Multiple Proxy Estimate -0.289 -0.778
(16.237) (7.020)
% of Total D Explained -3.2% -8.6%

EP Ratios as one Proxy for

Multiple Proxy Estimate 0.521 1.117**
(0.481) (0.485)
% of Total D Explained 5.6% 12.3%
Additional Controls None X1999, DX X1999, DX! X1999, DX X1999, DX! X1999, DX X1999, DX!

Note: See note on Tables 1 and 2. Estimates in columns (a) through (c) repeat those in Table 2. Those in columns (d) and (e) add controls for
1999 levels of the economic proxies. Estimates in column (f) and (g) use employment-to-population ratios, rather than unemployment rates, as an
economic proxy, with all other economic variables remaining unchanged.

Page60



Table A.4; Estimated Effect of Economic Conditions on 1999-2015 Changes in Drug Death Rates, Various Sets of Supplementary Variables

Model (@) (b) (© (d) (e) (f) (9) (h) (0 0 (k)

X199, DX

Multiple Proxy Estimate ~ 2.949%* 2.114* 1285% 2082+ (0.083* 2.795%* 2607** 2651%* 1256*  0.866*  0.431
(0.798) (0.517) (0.561) (0.872) (0.452) (0.770) (0.788) (0.808) (0.542) (0.477) (0.488)

% of Total D Explained 32.5% 23.3% 14.2% 32.9% 10.8% 30.8% 29.8% 29.3% 13.9% 9.6% 4.8%

X1999, DX!

Multiple Proxy Estimate ~ 2.949%* 1.808%* 1.216** 2.444** 0.966* 2.885** 2.697** 2.363** 1066*  0.614  0.792*
(0.798)  (0.493) (0.440) (0.780) (0.438) (0.841) (0.788) (0.691) (0.431) (0.399)  (0.436)

% of Total D Explained 32.5% 20.0% 13.4% 27.0% 10.7% 31.8% 29.8% 26.1% 11.8% 6.8% 8.7%

Additional Controls None A B C D E F G B.D A,B,.D All

Note: See note on Table 2. Table shows multiple proxy estimates for effect of economic conditions on 1999-2015 change in total drug mortality
rates. Each cell shows results of a different regression. All models control for the five economic proxies. The top panel also controls for 1999 levels
and changes between 1999 and 2015 in the specified additional controls. Middle panel uses instrumented, rather than actual, changes in controls.
Additional controls abbreviations are as follows. A: age shares; B: sex and race/ethnicity shares; C: education shares; D: share foreign-born; E:
share female-headed households; F: urban-rural county designations; G: medical infrastructure and state drug policies. *** p<0.01, ** p<0.05, *
p<0.1
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Table A.5; Estimated Effect of Economic Conditions on Changes in Drug Death Rates Over Various Time Periods

Model (@) (b) (€) (d) (e) (f) (9) (h) (i) ()
Time Period 1999-2015 2000-2015 2001-2015 2002-2015 2003-2015
Multiple Proxy Estimate 0.431 0.792* 0.381 0.534 1.585 0.932 1.206 0.831 1.882* 1.452
(0.488)  (0.436)  (0.488)  (0.395)  (2.439)  (1.269)  (1.521)  (0.895)  (1.003)  (1.038)
Dependent Var. Mean [SD] 10.37 [9.06] 10.24 [8.63] 9.62 [8.47] 8.21[8.48] 7.47 [8.35]
% of Total D Explained 4.8% 8.7% 14.4% 6.2% 18.7% 11.0% 14.3% 9.8% 22.5% 17.4%
Time Period 1999-2011 1999-2012 1999-2013 1999-2014 1999-2015
Multiple Proxy Estimate 0.413 0.769** 0.360 0.654** 0.386 0.634** 0.248 0.688** 0.431 0.792*
(0.375) (0.369) (0.302) (0.306) (0.342) (0.309) (0.360) (0.326) (0.488) (0.436)
Dependent Var. Mean [SD] 7.25 [7.45] 7.20[7.07] 7.91[7.22] 8.78 [7.92] 10.36 [9.06]
% of Total D Explained 5.6% 10.3% 5.1% 9.2% 5.3% 8.8% 3.2% 8.7% 4.8% 8.7%
Additional Controls DX DX! DX DX DX DX DX DX DX DX'

Note: See note on Tables 1 through 3. The economic conditions controlled for are the same as those above but cover the time period specified for
changes in unemployment rates, median household incomes and poverty rates. All models include initial year supplementary covariates as well as
changes in either actual or instrumented values over the specified time period, with the following exceptions: home price changes always refer to
the average for 2011-2015 versus 2000 and changes in the shares of female-headed households always refer to 2010 versus 2010 and those of
foreign-born households refer to the average for 2011-2015 versus. 2000. *** p<0.01, ** p<0.05, * p<0.1
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Table A.6: Estimated Effect of Economic Conditions on 1999-2015 Changes in Various Death Rates

Economic Conditions

Proxy All Drugs Opioid Analgesics lllicit Opioids DSA
Din Poverty Rate 0.638 0.736** 0.229  0.291* 0.629** 0.526**  0.610 0.267
(0.397) (0.361) (0.176) (0.167) (0.309) (0.257) (0.461) (0.416)
Din Median Household -0.604 0.171 -0.123 -0.058 -0.821* -0.325 -0.523 0.890**
Income (0.434) (0.393) (0.184) (0.167) (0.466) (0.270) (0.476) (0.430)
Din Median Home Price 0.337 0.115 0.091 0.227 0.468 -0.010 -0.313 -0.483
(0.441) (0.350) (0.202) (0.193) (0.399) (0.261) (0.482) (0.413)
Din Unemployment Rate  0.160  -0.185 -0.069 -0.250* -0.008 -0.394  0.022  -0.332
(0.257) (0.312) (0.151) (0.147) (0.212) (0.249) (0.320) (0.398)
Din Import Exposure 0283 0302 (94 -0.055 -0.203 -0.204 -0.371 -0.190
(0.237) (0.262) (0.129) (0.140) (0.182) (0.163) (0.300) (0.328)
R2 0.431 0.441 0.259 0.310 0.476 0.529 0.404 0.398
P-Value 0.496 0.003 0.695 0.037 0.373 0.289 0.604 0.106
Other Controls DX DXx! DX DX! DX DX! DX DX!

Note: See notes on Tables 1 and 2. Each column in table shows results of a different model where the
dependent variable is the change in the specified death rate per 100,000 from 1999-2015, with the five

economic proxies simultaneously controlled for. All models include 1999 supplementary covariates as

well as changes in either actual or instrumented values from 1999-2015. P-Value refers to the null
hypothesis that the five economic proxies are jointly equal to zero. *** p<0.01, ** p<0.05, * p<0.1
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Table A.7: Estimated Effect of Economic Conditions on 1999-2015 Changes in Various Death Rates
for Population Subgroups

G All Drugs Opioid Analgesics Illicit Opioids DSA

o @ ©® | @ ® @ ® @ ©
All 4.8% 8.7%* 4.7% 7.3%* 4.6% -1.5% | -2.8% 2.8%
Males 0.3% 8.6%* 3.5% 6.8% -0.6%  -3.6% | -5.2% 2.2%
Females 9.6%** 6.6%** 4.4% 5.5% 16.0%** 4.1% | 2.5% 3.8%
Whites 7.2% 17.1%** | 8.4%* 17.3%*** 3.3% 3.4% | 48% 17.2%**
Nonwhite/Hispanics 1.7% 6.1% 0.2% 2.6% 0.5% 1.1% | 6.1% 10.9%
20-59 Years Old 3.2% 8.5%** 3.0% 7.4%** 4.4% -0.5% | -3.1% 3.1%
Whites: Aged 20-59 7.7% 18.3%*** | 7.1%  17.4%*** 4.1% 6.0% | 3.4% 14.8%**
Whites: Aged 45-54 3.4% 11.4%* 6.3% 13.0%** 2.6% 3.3% | 1.6% 7.9%
O High Sch 42% 2.9% 6.0% 3.8% 2.0% -6.3% | 0.9% -0.1%
Some College 5.3% 4.4%** 6.0% 1.8% 3.4% 0.1% | -1.2% -0.5%
College Graduate 3.0% 6.7% 0.3% 4.5% 1.6% 2.6% | 0.1% 6.5%
Other Controls DX DX’ DX DX' DX DX' | DX DX

Note: See notes on Tables 1 through 3. Entries show the estimated percentage of the change in the
specified mortality rate explained by changes in economic conditions, based on the multiple proxy
estimates. All models include 1999 supplementary covariates as well as changes in either actual or
instrumented values from 1999-2015. Statistical significance is based on bootstrapped standard errors.
*** n<0.01, ** p<0.05, * p<0.1
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Table A.8: Estimated Effect of Economic Conditions on 1999-2015 Changes in Various Death Rates, By Type of County

All Drugs Opioid Analgesics lllicit Opioids DSA
(@) (b) (@) (b) (@) (b) (@) (b)
Metropolitan Counties
Multiple Proxy Estimate 0.541 1.207** 0.376 0.517** 0.353 0.007 -0.448 0.699
(0.646) (0.544) (0.234) (0.212) (0.675) (0.644) (0.701) (0.607)
Dependent Var. Mean [SD] 10.08 [8.51] 3.34 [3.57] 6.44 [6.68] 14.62 [10.82]
% of Total D Explained 6.4% 14.2% 10.5% 14.5% 5.3% 0.1% -4.1% 6.5%
Urban Counties
Multiple Proxy Estimate 0.393 -0.018 0.176 0.509 0.676 -0.345 -0.131 0.358
(1.125) (1.145) (0.469) (0.466) (0.656) (0.573) (152.907)  (128.934)
Dependent Var. Mean [SD] 12.35 [10.55] 4.86 [5.89] 5.70 [6.44] 20.13 [15.91]
% of Total D Explained 3.7% -0.2% 3.0% 8.6% 10.5% -3.5% -0.8% 2.3%
Rural Counties
Multiple Proxy Estimate 0.091 0.061 0.167 0.271 0.107 0.200 -0.464 -0.179
(16.535) (18.130) (1.229) (1.056) (0.450) (0.411)  (1,103.710) (782.132)
Dependent Var. Mean [SD] 11.31[14.18] 5.37 [8.58] 4.10[6.73] 19.20 [24.08]
% of Total D Explained 0.6% 0.4% 1.9% 3.2% 1.6% 3.0% 1.9% 0.7%
Additional Controls (DX ¢ s DX DX DX DX DX DX DX DX'

Note: See notes on Tables 1 through 3. All models include 1999 supplementary covariates as well as changes in either actual or instrumented
values from 1999-2015. Sample in top panel consists of metropolitan counties (n=1153). Second panel shows estimates for urban counties with

020,000

popul at i o nl909 and adceht o imetropolitad ¢cobnfie@ (N=895). Third panel shows estimates for counties with

<2,500 population or population 2,500-19,999 and not adjacent to metropolitan counties (n=1,050). *** p<0.01, ** p<0.05, * p<0.1
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Figure A.1: Drug Mortality Rates by Race/Ethnicity and Education
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