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Abstract

This dissertation consists of three essays on the intersection of economics and
public health policy and politics.

The first essay evaluates how exposure to increased levels of Deaths-of-Despair
(deaths from suicide, drug overdose, alcohol poisoning, and liver disease and cirrhosis)
in a community impacts the outcomes in U.S. Presidential elections. Using county-
level panel data and two-way fixed effects regressions, I find that a standard deviation
increase in this mortality rate led to an increase in the Republican (GOP) vote share
of 2.39 percentage points. Prior studies have linked increasing political polarization
and conservatism to economic trends such as income inequality, import competition,
and financial crises. Controlling for these and other economic and demographic
factors, exposure to Deaths-of-Despair maintains a positive and significant impact
on GOP vote shares. This impact is larger and only statistically significant in later
years (2016-2020), compared to earlier (2004-2012). There were stronger effects in
counties that the GOP candidate won in the previous election, and in counties with
higher White population percentages. The results are maintained when using an
instrumental variables approach to mitigate endogeneity concerns.

The second essay, coauthored with Ruben Juarez and Alika Maunakea, studies
how after having been affected by the highest increase in COVID-19 cases since the
start of the pandemic, Honolulu and Maui counties in Hawaii implemented vaccine
passport mandates for select industries in September 2021. The degree to which
such mandates impacted COVID-19 mitigation efforts and economics remains poorly
understood. We therefore examine the effects of these mandates on changes in three
areas using difference-in-difference regression models: (1) business foot traffic; (2)
number of COVID-19 cases per 100,000 individuals, and (3) COVID-19 vaccination
rates across counties affected or unaffected by the mandates. We observed that
although businesses affected by mandates experienced a 6.7% decrease in foot traffic
over the 14 weeks after the mandates were implemented, the number of COVID-
19 cases decreased by 19.0%. Notably, the vaccination rate increased by 1.41% in
counties that implemented mandates. In addition, towards the end of the studied



period, the level of foot traffic at impacted businesses converged towards the level
of that of non-impacted businesses. As such, the trade-off in temporary losses at
businesses was met with significant gains in public health and safety.

In the third essay coauthored with Teresa Molina, we examine whether and how
migration decisions respond to state-level changes in abortion policy in the United
States. Using data from Guttmacher Institute and the American Community Survey
for information on gestational age limits and interstate migration from 2006-2019,
we estimate a gravity model, regressing bilateral migration onto the gestational age
restrictions of the origin and destination states, a variety of economic, demographic,
and political control variables for both states, as well as state-pair and year fixed
effects. Across several different specifications, we find that individuals are less likely
to move to states with more restrictive policies.
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Chapter 1

Introduction

\The rst wealth is health." (Ralph Waldo Emerson, 1860)

To understand an individual's happiness, productivity, and overall well being,
there is nothing more telling than their health. Good health allows us to enjoy
wealth, success, and personal relationships. Without it, these aspects of life become
signi cantly more challenging to navigate and appreciate fully. Therefore, prioritizing
health is crucial, as it forms the basis for a ful lling and prosperous life.

There are countless determinants of health, with a great deal of research focused
on genetics, behaviors, or access to and quality of healthcare. In addition, some of
the largest historical gains to public health have come through means of policy. Pol-
icy can determine what choices an individual can make, whether through provision
of services, such as vaccinations or clean water, or prevention of certain behaviours,
which can include regulating reproductive choices, access to public spaces, or gen-
der arming care. While some policies are based on medical and epidemiological
research, others are determined by political leanings.

Beliefs surrounding preventive measures, disease, and addiction can drastically
alter health outcomes. For example throughout the ongoing opioid epidemic in the
United States, stigmatization of addiction hinders some from receiving treatment
services whether due to their own beliefs or lack of provision in an area due to the
political atmosphere. The COVID-19 pandemic saw many align the safety measures
they were willing to take with their partisan leaning, rather than solely basing it on
medical evidence. Political beliefs have been determining factors in policies for both
of these issues as well as abortion policy, which can have detrimental impacts on
women's health.

Given how salient our health is to overall well being, public health can also impact



political outcomes. Widespread negative shocks to health are felt throughout society.
The devastation to communities through loss of life seen in both the opioid epidemic
and the COVID-19 pandemic altered many citizens' political views. Polarization
heightened during the COVID-19 pandemic as some saw the surrounding policies
as a threat to personal freedoms, while others found that scienti ¢ reasoning was
taking a backseat to partisanship. These events highlighted how some respond to
large declines in health with a desire to provide additional care to their community
members in need, and others opt to distance themselves from those impacted. The
interdependence of health policy, public health trends, and political views shape
citizens' lives at a very personal level.

This dissertation investigates some of these interactions. Speci cally, | seek to
understand rst how trends in public health impact communities' responses through
their partisan voting choices, and then | evaluate how health policy can impact local
economies, public health, personal health decisions, and migration choices. Using
econometric modeling and a variety of public and private data sources, | conduct an
empirical analysis of these questions.

The remainder of this dissertation will proceed as follows: The rst essay pre-
sented in chapter two evaluates how communities respond to high levels of Deaths-of-
Despair {mortality from suicide, drug overdose, alcohol poisoning, and liver disease
and cirrhosis{ in U.S. presidential elections. Using both two-way xed-e ects and
instrumental variable modeling, this paper looks into this electoral impact and po-
tential mechanisms. The second essay, co-authored with Ruben Juarez and Alika
Maunakea, studies the impacts of the COVID-19 vaccine or test mandate policies in
Honolulu and Maui counties that were put into place in the Fall of 2021. We evalu-
ate the impacts on foot tra c to businesses, COVID-19 cases, and vaccine uptake.
Finally, the third essay, coauthored with Teresa Molina, evaluates the relationship
between abortion policies and interstate migration. This paper uses the gestational
age limit of legal abortion in each state as an added element to a standard migration
gravity model.

Collectively, these studies add to the understanding of health economics through
both the evaluation of policies and how public health trends impact communities.
This dissertation contributes to the literatures of health economics, political economy,
policy evaluation, and migration studies.



Chapter 2

Exposure to Deaths-of-Despair
and U.S. Presidential Election
Outcomes

Over the last 20 years, mortality from Deaths-of-Despair { particularly from opi-
oids { has been increasing in the United States. Nearly 50,000 deaths in 2019 involved
opioids, over six times the rate seen in 1999 (CDC, 2022). Case and Deaton (2015)
coined the name "Deaths-of-Despair' and found that increases of this mortality {
which comprises of suicide, drug overdose, alcohol poisoning, and liver disease and
cirrhosis { were large enough to o set a previously increasing trend in life expectancy
for large portions of the U.S. population. While all of these types of deaths have
been rising over this period, there is a notable increase in drug overdoses follow-
ing the mainstream introduction of Fentanyl in 2014, as seen in Figure 2.2. With
an average of 130 deaths from opioid related drug overdose occurring per day in
2018 and 2019 (HRSA, 2020), many individuals, families, and communities have
felt the devastating e ects. While the beginning of this epidemic was concentrated
in middle-income, non-Hispanic White areas (Case and Deaton, 2015), Deaths-of-
Despair mortality rates have begun to show a signi cant increase in non-White areas
in more recent years, particularly among Black and Hispanic communities (Drake
et al., 2020). As of 2017, the estimated cost of healthcare expenditure in the U.S.
due to the opioid epidemic alone was USD 215.7 billion, and an additional USD
8 billion of incurred costs through the criminal justice system (Neville and Foley,
2020). Employers end up covering much of the additional costs including medical
expenses, lost productivity and loss of life, which have been estimated to have cost
them USD 18 billion (Fuhrmann-Berger, 2018).



Surrounding communities faced many consequences of higher rates of drug and
alcohol misuse and overdose. These concerning trends impact a wide array of in-
dividual and household welfare including both substance users and other household
members' mental health, likelihood to develop substance or opioid use disorder, fam-
ily dissolution and neglect, and increased costs for other caretakers (Winstanley and
Stover, 2019; Voss et al., 2023). Local healthcare systems are impacted with in-
creased worker burnout (Pike et al., 2019), complications for other conditions with
higher rates of comorbidities of SUD (Khayata et al., 2022; Cohen-Mekelburg et al.,
2018), and overall increased costs (Neville and Foley, 2020). Areas with greater opi-
oid use see more auto loan defaults, which leads to higher consumer nance rates for
all borrowers (Jansen, 2022).

Given the salient e ects of these types of substance use and resulting mortality,
community members in nearby areas may respond to the concerning trend in various
ways. Limited research has been conducted to understand individual responses to the
epidemic. Elections provide an environment where individuals can select candidates
and parties most closely aligned to their views on the best approach to the crisis.
As drug and alcohol addiction as well as mental health are still taboo subjects in
much of the nation, the response to the impacted areas can greatly vary. While some
states focused on educating prescribers and patients on risk of addiction and available
resources for treatment (including Connecticut, Massachusetts, and Indiana) others
chose to further criminalize drug possession and usage (including Louisiana, Kansas,
and Maryland) (Parker et al., 2018).

This paper evaluates citizens' responses to exposure to Deaths-of-Despair (DoD)
in their communities through partisan voting outcomes. Speci cally, | estimate a two-
way xed e ects regression using county-level data to study how this mortality rate
shifts voting behavior in U.S. presidential elections from 2004-2020, and | examine
how the impacts vary across time, partisan environments, and demographics.

The results show that exposure to Deaths-of-Despair is a strong predictor of elec-
tion outcomes. In the overall sample, a standard deviation increase in this mortality
rate was associated with an increase in the GOP vote share of 2.39 percentage points.
This could suggest that the Republican policy approach to these deaths is seen as
more e ective than that of the Democrats'. For example, Republican politicians
tend to focus statements about opioids on illicit drug trade, while Democrats point
to holding pharmaceutical companies accountable (Stokes et al., 2021). The impact
was stronger in later year elections, after the introduction of Fentanyl, compared
to earlier years, with 2016 and 2020 seeing the same mortality increase leading to
a 2.53 percentage point increase for the GOP candidate, compared to only 0.42 for
2004-2012. Counties that had voted for the GOP candidate in the previous election
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saw a 2.78 percentage point increase for the GOP. Finally, results show that this
impact was stronger in Whiter counties, where a county with a standard deviation
higher percent of White citizens saw a 3.74 percentage point rightward shift with the
same mortality rate change. The heterogeneous impacts across partisan and demo-
graphic groups indicate how existing community level beliefs and preferences alter
the responses to these deaths.

As the two-way xed e ects model may face endogeneity concerns, | implement
an instrumental variables strategy to account for this potential issue. First, an inter-
action instrument composed of baseline Deaths-of-Despair mortality interacted with
annual state level Fentanyl seizures is constructed based on the idea that increases
in Fentanyl supply and use should yield larger increases in DoD in areas that may
have been more susceptible to this type of mortality at baseline. The remaining
two instruments are based on existing literature that has identi ed areas that were
more heavily targeted by Purdue Pharma for the introduction of Oxycontin, speci -
cally those with higher cancer rates and more lenient prescription laws, and therefore
experienced larger increases in DoD mortality (Arteaga and Barone, 2023a; Alpert
et al.,, 2019). Across all four speci cations, the coe cients on the instrumented
Deaths-of-Despair mortality remain positive and signi cant.

This paper contributes to the evaluation of Deaths-of-Despair and the opioid epi-
demic in the United States. While most prior economic studies aim to identify the
reasons behind recent increases in opioid and alcohol related deaths, this paper begins
to look at the e ects of living in a highly impacted community. A large literature
focuses on how economic shocks a ect this type of mortality, including poor eco-
nomic conditions (Case and Deaton, 2017) and economic uncertainty (Knapp et al.,
2019). Less is known about how health and healthcare-related issues may a ect these
outcomes, but some recent work provides evidence that these increases may be in
part due to targeted marketing of OxyContin from Purdue Pharma based on lenient
laws around prescriptions (Alpert et al.,, 2019) and high rates of cancer mortality
(Arteaga and Barone, 2023a). Additionally, increased legal imports exploited for
smuggling led to an external supply increase (Hansen et al., 2020). Researchers have
also investigated whether trade competition with China increases Deaths-of-Despair,
and evidence is somewhat mixed, (Pierce and Schott, 2020; Ruhm, 2319)

IPierce and Schott (2020) found that the trade shock of China's entrance into the WTO pos-
itively and signi cantly impacted DoD mortality in areas with high trade competition. On the
other hand, Ruhm (2019) found that this impact was very small and possibly not di erent that
zero. Both of these papers focused on the 10-15 years after the shock, which by the end of this
period, the economy is estimated to have adjusted to and decreased the impact of this shock
(Bloom et al., 2019).
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The economic literature evaluating the impacts of high Deaths-of-Despair mor-
tality rates in a community are sparse, particularly for political outcomes. Arteaga
and Barone (2023b), a contemporaneous working paper, uses the relationship found
in their previous study between 1990s cancer rates and later opioid outcomes as a
way to estimate House of Representative election outcomes. They use the 1996 can-
cer mortality rate as a proxy measure of later opioid prescriptions, addiction, and
deaths. In contrast, my paper focuses on all Deaths-of-Despair, including opioid
deaths, and focuses on presidential elections. | use their earlier nding to instrument
my mortality rate in later regressions, along with additional instrumental variables
to alleviate endogeneity concerns.

Additionally, this paper contributes to the wide body of literature studying how
various health, economic, and social issues impact American elections. Historically,
times of economic and social hardship tend to aid in the rise of right-wing populist
movements (Hutchings and Valentino, 2004; Inglehart and Norris, 2016; Algan et al.,
2018). Che et al. (2020) and Autor et al. (2020) found that exposure to increased
trade with China led to an overall rightward shift in election outcomes. For the
2020 election, community deaths due to the COVID-19 pandemic were positively
correlated with votes for President Trump, but this may have been more so related
to political beliefs that led to higher mortality than the deaths leading to increased
support (Lake and Nie, 2022). Interestingly, the researchers found that swing states
with large expansions in health insurance uptake were less likely to vote for Trump,
potentially due to his policy platform of repealing the ACA (Lake and Nie, 2022).

2.1 Data

2.1.1 Data Sources
Mortality Data

The mortality data is from the CDC Wonder Database Mortality Files. The
causes of death used to measure Deaths-of-Despair, following Case and Deaton
(2015), include suicide, drug overdose, alcohol poisoning, and liver disease and cirrho-
sis, with corresponding ICD10 codes: K70, K73-74, X60-84, Y87.0, X40-45, Y10-15,
Y45, Y47, Y49. Values less than ten are suppressed for privacy, so counties with
mortality below that level are not included in the main results. To partially over-
come this limitation, three years of mortality rates are combined and averaged to
decrease the level of suppression, allowing for over 85% of counties to be used in this
analysis. The mortality rate attributed to each election in yeat is from yearst 2 to
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t (i.e. 2018-2020 for 2020). The CDC's cause-of-death classi cation system changed
in 1999 to the current measurements. Thus, the rst election year with three years
of the new data structure available is 2004.

The Deaths-of-Despair mortality rate per 10,000 people is calculated as follows:

T otal Deaths of Despair

Deaths of Despair o = .
Pall et T otal P opulation

10,000 2.1)

The Death-of-Despair mortality rate for countyc in yeart is equal to the proportion

of these deaths to the population and multiplied by 10,000. The CDC provides a
crude mortality rate in their data release; however, they deem 1,559 observations
(representing 401 counties) in the requested sample unreliable measures. To avoid
losing observations, mortality rates are calculated as shown above. Using this variable
or only the ‘reliable’ measures does not greatly impact the value or signi cance in
any of the results of this paper.

Election Data

The county level election data for U.S. Presidential elections from 2004 to 2020
are from the MIT Election Data + Science Lab. The dependent variable used is the
two party GOP vote share for each election, calculated in each county as the votes
for the GOP candidate divided by the total votes cast for either the Republican or
Democratic candidate in the election.

Instrumental Variables Data

As described in the next section, | will use an instrumental variables strategy to
identify the causal e ect of Deaths-of-Despair. The instruments are based on prior
literature which focus on determinants of increased Deaths-of-Despair. First, an in-
teraction instrument composed of baseline mortality and state level Fentanyl seizures
is used to estimate the increased DoD mortality due to the shock of increased supply
and use of Fentanyl on areas that may have been more susceptible to this type of
mortality at baseline. The preceding instruments are based on literature identifying
areas that were more heavily targeted by Purdue Pharma for the introduction of
Oxycontin, speci cally those with higher cancer rates and more lenient prescription
laws which led to higher DoD mortality rates.

The state level Fentanyl seizures data are from the National Forensic Labora-
tory Information System (NFLIS), a part of the U.S. Department of Justice Drug
Enforcement Administration Diversion Control Division. The NFLIS Public Data
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Query System provides annual state level data on forensic analyses of seized drugs.
The category used for this report are for those classi ed as \Fentanyl and Fentanyl-
related.” Regressions are run using only drugs categorized as pure Fentanyl, and
together for pure and any Fentanyl-related drug. (NFLIS, 2023)

CDC Wonder Database Mortality Files are also used to calculate the state level
cancer mortality rates from 1994-1996, used in the IV regression. Following Arteaga
and Barone (2023a), the mid-1990s cancer mortality rates are used as a proxy for
some of the expected focus of Purdue Pharma's targeted expansion of marketing
of OxyContin. Cancer mortality are marked as \Neoplasms" in the data base with
corresponding ICD-9 codes: 140-239.

Import Competition Data

Import competition is controlled for in this paper, given previous literature point-
ing to its impact on election outcomes (Autor et al., 2020). Annual national import
value data separated by 4-digit NAICS industry codes is from the United Nations
Comtrade Database. A pre-sample 4-digit NAICS industry employment proportion
for each county is taken from the U.S. Census County Business Partners Database.
The selected pre-sample year is 2000, as the largest import shock from this time was
the Permanent Normal Trade Relations with China, beginning in 2001 (Pierce and
Schott, 2016). The advantages of using the pre-shock employment is that it elimi-
nates potential endogeneity of imports impacting the prominent industries in an area
and that it can illuminate where labor may have previously been, rather than where
workers now are.

In a similar style to Autor et. al. (2013), the import competition exposure
variable is the value of import exposure to each worker in a region, apportioned to
each county by their national share of an industry:

X emplen2000

ImportC ompetition 4 =
P P ° empl 2000

IMPOrts (2.2)

Import competition exposure in countyc in yeart is equal to the county's pre-sample
national share of employment in industryn multiplied by national imports value of

industry n in year t, summed across all 4-digit NAICS industries. In general terms,
the import competition exposure variable is the value of imports in each industry
n assigned to counties by the pre-sample proportion of that industry's workers in
each county, and then summed for all industries within each county. Import values
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are measured in 1,000's of U.S. dollafs.Following Autor et. al. (2013), import
competition is instrumented using the above calculation with lagged values of other
developed nation's import value to assess U.S. import competition based on Chinese
expansion and not other endogenous reasons. Following the mortality measure, this
variable is averaged from years 2 tot for each election yeat.

Other Data

Additional variables are included to control for confounding factors that may
vary across time and geography, and would thus not be accounted for in the use
of xed e ects. County-level labor force participation rates from the USDA County
Level Databases and county-level GDP per capita from the U.S. Bureau of Economic
Analysis (BEA) are implemented as economic controls. As counties drastically vary
in population and demographics, the data to control for county population, gender
composition, age groups, and race proportions are from the U.S. Census Bureau's
County Population by Characteristics data sets. To retain consistency, all controls
are lagged and averaged froh 2 to t for each election yeat.

2.1.2 Summary Statistics

Summary statistics are presented in Table 1, where each variable, excluding GOP
vote share and the instrumental variables, are averaged for the three years before
the election ¢ 2 throught). The variables are unweighted in columns (1)-(5) and
weighted by the 2000 county population in columns (6)-(7), as they will weighted
as such in the regressions. The means for Deaths-of-Despair, GOP vote share, im-
port competition, and White percent of the population are higher when unweighted,
showing that less populated counties tend to have higher values for these variables.

Figure 2.2 shows the mortality rates of Deaths-of-Despair in the 2004 and 2020
election periods, respectively. The maps show that earlier impacted areas appear to
have worsening mortality rates, as well as expansion of this concerning trend into
new areas. Figure 2.3 shows the change in the GOP vote share over this time period.
While the general liberal and conservative areas remain somewhat similar, there is
a striking decrease in moderate areas (purple and lighter shaded regions). In 2004,
the Northern-Midwest area was fairly moderate with a slight liberal leaning. In

2This measure deviates slightly from Autor et. al. (2013). Rather than measuring this value
per worker by dividing by total workers in each year t, the value used in the regression is per
capita by dividing by year t's county population. Labor force participation rates are found to be
more important indicators than unemployment; thus, the per capita measure is a better indicator
for this analysis than only those in the labor force.
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2020, this region visibly has higher support for the GOP. Much of the 2016 and 2020
elections' news coverage focused on these previously \safe" Democratic areas.

2.2 Empirical Strategy
2.2.1 Two-Way Fixed E ects Regression

First, | estimate a two-way xed e ects regression at the election year and county
level, regressing the GOP vote share onto the Death-of-Despair mortality rate and
controlling for economic and demographic county characteristics. The following spec-
i cation is used:

GOPvst= o+ 1DODgt 24) + Xé’(t 2ty 2F ¢t ¢t o (2.3)

Where GOP vs; represents the GOP vote share in countg in yeart. DoD¢; 2y IS
the average Death-of-Despair mortality per 10,000 in countyin yearst 2 through
t. The economic and demographic controls in county in yearst 2 to yeart are
depicted asxg(t 21)» which include the Autor et. al. (2013) import competition
per capita measure, GDP per capita, labor force participation rate, percent female,
percent White, and percents in age groups 18-65 years old and over 65 years old.
Finally, .and . are county and year xed e ects, respectively.

The model is estimated using data from U.S. Presidential elections from 2004 to
2020. Each observation is weighted by the county population. Standard errors are
clustered at the county level.

2.2.2 Instrumental Variable Regressions

As the two-way xed e ects strategy will not control for any potential unobserv-
able, time-variant, and county-speci ¢ factors that could be correlated with both the
outcome and independent variable, | use an instrumental variable approach to mit-
igate concerns of endogeneity. The instruments are based on prior literature which
focus on determinants of increased Deaths-of-Despair. First, an interaction instru-
ment composed of baseline mortality and state level Fentanyl seizures is used to
estimate the increased DoD mortality due to the shock of increased supply and use
of Fentanyl in areas that may have been more susceptible to this type of mortality
at baseline. The preceding instruments are based on literature identifying areas that
were more heavily targeted by Purdue Pharma for the introduction of Oxycontin,
speci cally those with higher cancer rates and more lenient prescription laws, which
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were found to increase later DoD mortality.

Counties which had higher prevalence of Deaths-of-Despair prior to the study
period may have been pre-disposed to higher rates in later years. Similar to the
shift-share labor literature (Bartik, 1991), | create a variable using the pre-period
(2001) mortality rate in each county and interact it with the state-level reported
Fentanyl seizures. This estimates the DoD in a given year based on the base level
susceptibility and opportunity through higher supply. The rst two instruments de-
scribed are created in this way. The rst uses only reports of pure Fentanyl, denoted
asDoD001 Fents, whereDoD o001 represents the Death-of-Despair mortality rate
in 2001 for countyc, and Fentg; is the amount of pure-Fentanyl seizures in state
in yeart. The second uses any drug categorized as Fentanyl-related, represented by
DoDc2o01 FentAll ¢, with FentAll ¢ is the amount of any Fentanyl related seizures
in state s in year t. Table 2.2 reports the rst stage results of these variables on the
mortality rate, with columns (1)-(2) using this interaction term. Given the positive
and signi cant coe cients and high F statistics, these instruments are strong pre-
dictors for Deaths-of-Despair. Both measures of this estimate are assumed to follow
the Assumption 1 (relevancy) and Assumption 2 (strict exogeneity) for shift-share
instrumental variables as described in Goldsmith-Pinkham et al. (2020).

Using documents released during litigation against Purdue Pharma, prior studies
found that the pharmaceutical company's strategy focused on areas where health
providers would be more likely to prescribe OxyContin to their patients, which was
linked later to higher prescription rates and opioid related deaths (Arteaga and
Barone, 2023a; Alpert et al., 2019). Arteaga and Barone (2023a) evaluated the
transition of OxyContin from its use for pain in cancer patients to general use. The
unsealed documents showed that Purdue felt that areas with higher cancer rates had
already been using their product for pain management and thus, would be more likely
to prescribe it to other patients as well. Arteaga and Barone (2023a) found this to be
true, as well as further analysis showing the e ects persisted to lead to more opioid
deaths and decreased quality of life. | use this connection by creating a variable of the
state-level cancer mortality rate during this transition (1994-199§) interacted with

year xed e ects. This is represented a€ancerMortality si994:1996) 1(Y ear=t),

where CancerMortality si1904.1906) IS the state s cancer mortality ratet in 1994-1996.

A further nding of this unsealed litigation and a growing topic in economic
literature, is the use of triplicate prescription laws. These laws required doctors to le
triplicate records of any opioids they prescribed, a rather tedious task which signaled
more oversight. States with these laws were less targeted by Purdue Pharma and
later had lower prescription rates, lower rates of opioid addiction, and fewer opioid
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deaths (Alpert et al., 2019). The states with these laws at the time of OxyContin's
transition to general use were: California, ldaho, lllinois, New York, and Texas.
| create an instrumental variable based on this by interacting an indicator equal
to one if a state did not have these triplicate prescription lawsyin the mid-1990s

and year xed e ects. This is denoted adNonT riplicate s;1994:1996) 1(Y ear=t),

whereNonT riplicate s1904:1996) IS @ binary variable equal to one in stétes that did not

have such triplicate prescription laws. Columns (3) and (4) of Table 2.2 report the
rst stage results of these two variables. Both estimates have positive and signi cant
impacts on the mortality rate, with increasing magnitude throughout the period. The

F statistics for both estimations are higher than the required threshold, indicating

strong instruments.

Based on these prior ndings, four instrumental variable estimations are imple-
mented. The rst stage of the IV models predict Deaths-of-Despair based on the
instrumental variables and the other economic and demographic controls, as shown
below:

I-:bODc(t 2t)= ot Ve + x((;)(t oty 2F ¢ttt ot (2.4)

[boDc(t 1) represents the expected Death-of-Despair mortality per 10,000 in
county cin yearst 2 throught. IV represents one of four instrumental variables
described above. The rst two instruments are interaction terms using countg's
pre-period 2001 DoD mortality rate interacted with the annual state-level Fentanyl
seizure measure. The rst estimate uses only pure Fentanyl reports in staseand
yeart (DoDc,001 Fents), while the second uses both pure and all Fentanyl-related
drugs in states and yeart (DoDc001 AllFent ). The third and fourth instruments
are based on proxy measures for Purdue Pharma's targeted marketing of OxyCon-
tin from 1994-1996. The third IV is the states 1994-1996 cancer mortality rate
interacted with a dummy for each year CancerMortality 1994:1006) 1(Y €ar= t)).
The nal instrumental variable uses an indicator of the non-triplicate prescription
status for states in the mid-1990s, equal to one if the state did not have such policy,
multiplied by year xed e ects ( NonT riplicate si1994:1006) 1(Y ear= t)).

The instrumented Deaths-of-DespairI])oDC(t 21), IS used as the main explanatory
variable in equation 2.3. The coe cient ; will now report the relationship between
the mortality rate and the election outcome based only on the variation due to each
instrumental variable used.
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2.3 Results

2.3.1 Two-way Fixed E ects Results

Table 2.3 presents the results of the regression as described in Equation 2.3. Col-
umn (1) uses the baseline model exactly as described, while column (2) separates the
mortality by early (2004-2012) and later (2016-2020) years, which also corresponds
to before and after the large rise of Fentanyl in 2014. Columns (3)-(4) include in-
teractions between the mortality measure and county characteristics, where column
(3) interacts the mortality with counties the GOP candidate won the previous pres-
idential election and column (4) uses the percent of the population that is White.
All regressions include xed e ects for the year and county and are weighted by
pre-period county population in 2000. All independent variables are averaged for the
three years prior to the election and standardized.

Focusing on column (1), the coe cient for Deaths-of-Despair shows that a stan-
dard deviation increase in the mortality rate is correlated with a 2.39 percentage
point higher vote share for the GOP candidate. This is approximately 1.54 times the
impact of a standard deviation increase in exposure to manufacturing automation
(Frey et al., 2018), and 1.31 times the impact for a standard deviation increase in
COVID-19 cases in the 2020 election (Baccini et al., 2021) .

Similar to Autor et. al. (2020), the impact of import competition is positive
and signi cant on GOP vote share. Additional economic control variables show that
higher labor force participation and GDP per capita are correlated with lower sup-
port for Republican candidates. The demographic control variables show increased
support for Republicans in Whiter and more male counties.

As Deaths-of-Despair are increasing throughout this period, we might expect
larger e ects when mortality rates were highest. One of the main drivers of the in-
creases in DoD mortality was increased overdose from synthetic opioids, particularly
Fentanyl, beginning around 2014 (CDC, 2022). To estimate the impact before and
after the introduction of Fentanyl, the sample is split into \earlier" years (2004, 2008,
and 2012) and \later" years (2016 and 2020). These results are shown in column
(2). While the e ect is positive in earlier years, it is not signi cantly di erent than
zero and has a much smaller magnitude than in the overall sample and in later years.
The coe cient for later years shows that the GOP vote share is expected to be 2.53
percentage points higher with a standard deviation increase in the mortality rate.
These results are consistent with the fact that the introduction of Fentanyl increased
this mortality rate and led to the opioid epidemic being more widely discussed across
the nation, and more prevalent in health policies and elections (Centers for Disease
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Control and Prevention, 2022).

The makeup of each county can provide additional insight into how impactful
exposure to Deaths-of-Despair is on election outcomes, as di ering characteristics
are likely to result in varying responses. More conservative and Whiter areas may
di er compared to more liberal and more diverse or non-White areas. To study this,
the mortality rate is interacted rst with a dummy variable equaling 1 if the GOP
candidate in the previous election won more than 50% of the vote share. Next, the
mortality variable is interacted with the percent of the population that is White.
Columns (3)-(4) of Table 2.3 share these results, respectively.

Column (3) shows the results with the dummy for the Republican winning the
last election. The sum of the interaction coe cient and the main e ect of mortality
indicates that a standard deviation increase in mortality in a county that voted for
the Republican candidate in the previous election, is associated with a 2.78 percent-
age point higher GOP vote share. The coe cient on the mortality alone shows that
this same increase in a county where the Republican candidate lost the last elec-
tion would still be accompanied by a 1.53 percentage point higher GOP vote share.
This indicates a cascading e ect of the Deaths-of-Despair mortality, with an overall
right shift in the election outcomes that increases already right-leaning counties even
further.

Column (4) shows the results of interacting the percent of the population that is
White with the mortality rate. The sum of the interaction and the main e ect of
mortality show that a standard deviation increase in mortality in a county that is a
standard deviation Whiter than the mean will have a 3.74 percentage point higher
GOP vote share. The interaction coe cient shows that this is a 1.17 percentage
point increase over an averagely White counties.

2.3.2 IV Regression Results

As the two-way xed e ects regressions cannot control for any potential endogene-
ity issues arising from time-varying county-speci ¢ unobservables, an IV regression
is used. The results using the instrumental variable models corresponding to column
(1) of Table 2.3 are shown in Table 2.4 and the interactions corresponding to Table
2.3's columns (3) and (4) are shown in Tables 2.5 and 2.6. Columns (1) of Tables
2.4, 2.5, and 2.6 use the interaction variable described above which uses the county
level pre-period DoD mortality rate in 2001 interacted with the state's annual Fen-
tanyl seizures to estimate the annual DoD rate, with the following column for each
being the same measure using all Fentanyl-related drugs. Column (3) of Tables 2.4,
2.5, and 2.6 use the IV interacting the 1994-1996 state cancer mortality rate with
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year dummies. Finally, column (4) of Tables 2.4, 2.5, and 2.6 use the IV of non-
triplicate law status of each state in the mid 1990's multiplied by year dummies as
an instrument.

Across speci cations, the coe cients on Deaths-of-Despair maintain their positive
sign and statistical signi cance. Columns (1) and (2) of Table 2.4, using the variation
in the mortality based on the interaction IV with base level mortality and Fentanyl
supply, show around a 5.05 percentage point higher GOP vote share for a county
with a mortality rate a standard deviation higher than average. This estimate is just
under double the magnitude of the two-way xed e ects result. The OLS estimation
may be downward biased due to endogeneity or measurement error. Alternatively as
this regression focuses on areas that saw relatively higher rates of mortality in early
years and a larger Fentanyl supply, these coe cients suggest that the \complier"
counties had a larger response in terms of voting outcomes, which may have been
due to the earlier and more severe period of increasing deaths in their communities.

The models using Vs related to Purdue Pharma's Oxycontin marketing show
similar trends in columns (3) and (4). The larger magnitudes than the two-way
xed e ects results indicate a stronger response in the targeted counties of these
regressions. As the previous literature indicated (Arteaga and Barone, 2023a; Alpert
et al., 2019), the increased marketing of OxyContin led to higher Deaths-of-Despair,
resulting in this stronger reaction through voting.

Tables 2.5 and 2.6 show the persistent results focusing on more Republican and
Whiter counties. Table 2.5 shows the results of instrumenting for mortality and the
interaction with an indicator of the GOP candidate winning the prior election in
the county. For most IV speci cations, the e ect was around fty-percent stronger
in these Republican counties. Table 2.6 shows that Whiter areas had about 0.9-
1.7 percentage point higher vote share for the GOP candidate for each standard
deviation increase in mortality, similar to the two-way xed e ects results.

| also report the reduced form in Table 2.7. All instruments show positive and
signi cant impacts on the GOP vote share. Columns (1) and (2) using the baseline
DoD mortality and annual drug seizures show similar results, with pure Fentanyl
seizures having a slightly higher magnitude than all Fentanyl related drugs. Columns
(3) and (4) using the targeted Purdue Pharma marketing strategies show positive
and signi cant impacts with all year dummies, and a notable increase in magnitude
following 2014 when Fentanyl became more mainstream. Column (3) presents similar
results to those in Arteaga and Barone (2023a) which found a standard deviation
increase in the 1996 cancer rate corresponded with a 4.9 percentage point higher vote
share for Republican candidates, while I nd that a standard deviation increase in
the mid-1990s cancer rate saw a 1.11-3.33 percentage point higher GOP vote share.
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2.4 Robustness Checks

| run additional regressions to ensure that the exposure to Deaths-of-Despair is
due to the impactful nature of these deaths rather than to any form of mortality.
| estimate the two-way xed e ects regression as described in Equation 2.3 with
mortality rates for other leading causes of death: Diabetes Mellitus, Heart disease,
and Stroke (cerebrovascular diseases). The results are presented in Table 2.8, with
column (1) showing the result using Deaths-of-Despair as seen in Table 2.3, column
(2) using Diabetes deaths, column (3) heart disease, and column (4) for stroke. All
coe cients in columns (2)-(4) show much smaller magnitudes and lower signi cance
than that for Deaths-of-Despair. Only Diabetes deaths have a slight signi cance,
but a very small magnitude.

To ensure that the results are showing a change in votes rather than the compo-
sition of voters, | estimate the regressions shown in Table 2.3 using turnout as the
outcome rather than GOP vote share. These results are shown in Table 2.9. All
regressions indicate a negative and signi cant impact on election turnout from in-
creased Deaths-of-Despair; however, the magnitudes are all very small. While these
results exhibit statistical signi cance, the political and economic signi cance is very
small, as the low magnitudes indicate that this would not be impactful to election
outcomes.

The areas that experienced large increases in Deaths-of-Despair over this time
period may have had di ering characteristics at baseline, such as having a larger
white population or lower GDP per capita. These baseline characteristics could
have led to dierent trends in GOP vote shares (compared to other areas) even
without the changes in Deaths-of-Despair. To check for this, | allow for di erential
trends by baseline characteristics to see if it changes my results. | interact the 2000
GOP vote share, the DoD mortality rate and each of the economic and demographic
controls in the presample year of 2002 with year indicators to capture how these
di erences at baseline may impact elections over time. The results are presented in
Table 2.10 with each column including the interaction of the baseline variable in the
column name with year dummy variables. The coe cient on the DoD mortality rate
remains positive and signi cant, with a magnitude similar to that seen in the two-way
xed-e ects results for each regression with these additional control variables. This
indicates that the result is deriving from the mortality rate and not an observable
trend related to any of these variables.
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2.5 Discussion

The results show a signi cant and positive impact of higher exposure to Deaths-
of-Despair resulting in larger support for the Republican candidate. While this result
alone has implications for elections and voter decision making, examining potential
mechanisms behind the e ect and explanations for the heterogeneous results are
needed to provide a broader understanding.

This impact on voting is not surprising given how people were greatly a ected
by these deaths and the surrounding opioid epidemic. The wide reaching household,
healthcare, and economic impacts show the salience and e ects on these communities.
Households with members with opioid misuse or OUD are more likely to experience
dissolution and worse outcomes for children (Winstanley and Stover, 2019), with
further impacts on family members who may have to become caretakers, notably
grandparents, for children who are no longer able to stay with their parents (Voss
et al., 2023). Healthcare systems experience more burnout among workers (Pike
et al., 2019), complications with other treatments when patients have comorbidities
of SUD or OUD (Cohen-Mekelburg et al., 2018; Khayata et al., 2022), and overall
higher expenditures on healthcare (Neville and Foley, 2020). Employers have higher
costs related to medical expenses and lost productivity (Fuhrmann-Berger, 2018),
and individuals face higher consumer nance rates in a ected areas (Jansen, 2022).
More directly, a survey analysis compared respondents' perceptions of whether the
area they lived in was below-, at-, or above- average in terms of overdose deaths and
the actual ranking of where they live; there was a signi cant correlation between
their perceived rankings and reality (Gollust and Haselswerdt, 2021). There is also
a high correlation between the number of opioid related posts state legislators put
on social media and the state's overdose mortality rate (Stokes et al., 2021).

Given this evidence, we can assume people are both aware of these deaths in
their communities and face many impacts, leaving the question open as to why this
would lead to increased support of Republican Presidential candidates. This may
be due to an average preference for the GOP policies regarding addiction and the
opioid epidemic. While both Democratic and Republican politicians acknowledge
addiction and the opioid epidemic to be a serious issue that needs intervention, their
approaches are not the same. Surveys have shown that while most Americans across
parties support treatment to be o ered to those su ering from addiction, they are
not willing to host nor pay for treatment facilities in their communities (Benedictis-
Kessner and Hankison, 2019; Schneider et al., 2021). Conservative states tend to
commit less funds towards treatment and resources, which aligns with the preferences

23



just described. As the surveys highlight, many citizens do not want to be paying
more for others' treatment, which aligns with the Republican policy. Additionally,
Republican state legislators are more likely to express on social media the need to
curb the illicit drug trade when discussing opioids, while Democratic legislators focus
on holding pharmaceutical companies responsible (Stokes et al., 2021).

As the results show that the net e ect of these deaths does match the hypoth-
esis that there is an average policy preference for the Republican platform, they
also highlight the notable heterogeneity across partisan and demographic identities.
Counties that voted for the Republican candidate in the previous election had an
e ect around double that of Democratic voting areas. Surveys throughout this pe-
riod found that self-identi ed Republicans or conservatives were less likely to support
any type of investment into treatment for addiction (Benedictis-Kessner and Hanki-
son, 2019), and less likely to support additional COVID-19 resources for drug users
(Schneider et al., 2021). As the increasing Deaths-of-Despair mortality rate height-
ened the level of salience and discussion of these deaths, already Republican areas
with these preferences were likely to shift further in their support in order to align
with this increasingly important stance. The mortality rate's e ect on elections was
also higher in Whiter counties. The rst research and media reports on the opioid
epidemic focused on middle income, White individuals (Case and Deaton, 2015). Re-
search suggests this may have made White citizens more aware and invested in the
epidemic as White survey respondents had a closer perception of how their local area
compared to others regarding overdose death rates (Gollust and Haselswerdt, 2021).
Being more aware of the situation likely increased the responsiveness and importance
ranking of policy platforms regarding addiction among Whiter populations.

2.6 Conclusion

This paper sought to evaluate the impacts of exposure to Death-of-Despair mor-
tality in a community on U.S. Presidential election outcomes. This measure has the
ability to signi cantly alter the outcome of an election, with increases leading to
more support for the Republican Party. The impacts of this mortality are stronger
in later years during the period, following the increased prevalence of Fentanyl over-
doses. Additionally, stronger impacts were seen in counties that had voted for the
Republican candidate in the previous election and in Whiter areas.

3Republicans tended to respond to the issue primarily through small expansions of Medicaid,
compared to Democratic areas which adopt the much larger ACA medicaid expansion (Grogan
et al., 2019).
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| use instrumental variable estimations to mitigate endogeneity concerns regard-
ing the variable of interest. The results maintain the positive and signi cant e ects
seen in the two-way xed e ects regressions. These estimates focus on increased
Deaths-of-Despair in areas more susceptible to higher mortality based rst on high
pre-period rates and annual Fentanyl supply, and then based on targeted marketing
by Purdue Pharma during the introduction of OxyContin.

My results in conjunction with prior studies' survey analysis point to an aver-
age preference for Republican policies related to addiction treatment and the opioid
epidemic leading to these results, as well as explanations for the heterogeneous im-
pacts. Further research must be conducted to better understand this phenomenon
in American politics and how it relates to other trends being studied.

2.7 Tables

Table 2.1: Summary Statistics

Unweighted Sample Weighted by 2000 Population
mean N sd min max mean sd
GOP vote share 61.22 11,933 14.41 7.38 94.17| 48.01 16.06
Deaths of Despair per 10,000 12.99 11,933 5.60 2.62 59.91 11.39 4.62
Annual State All Fentanyl Like Seizures 954,48 11,933 2833.99 0.00 25146.001288.54 3283.95
Annual State Fentanyl Seizures 765.41 11,933 2233.12 0.00 19142.0QL002.67 2554.70
Mid 1990s Cancer Mortality rate per 100,000 207.12 11,933 27.94 107.16 262.79 203.90 30.79
Mid 1990s Non-Triplicate State Laws 0.83 11,933 0.37 0.00 1.00 0.68 0.47
Per capita IC 1.80 11,933 18.42 0.00 751.86| 0.66 8.32
Per capita IC - other countries 0.21 11,933 1.60 0.00 73.53 0.09 0.66
Percent pop. White 78.99 11,933 18.72 2.73 99.35| 65.16 21.75
Percent pop. female 50.23 11,933 1.82 34.26 57.18 50.85 1.19
Percent pop. age 18-65 61.57 11,933 3.23 36.95 78.14 63.26 2.93
Percent pop. over age 65 15.16 11,933 4.12 3.23 56.04 13.06 3.67
LFPR 47.49 11,933 6.10 23.68 82.00 | 49.71 4.69
GDP per capita 38.80 11,933 26.58 9.58 852.38) 52.08 30.16

Statistics for 2,539 U.S. counties where data for all variables was available. Data includes years corresponding to US Presidential
elections in 2004-2020. Import competition and GDP are reported per capita in thousands of US dollars. All variables, except for
GOP vote share are for the three year average in the years before the election.

25



Table 2.2: 1V First Stage Results

@) @ 6) @
VARIABLES Pre-period DoD * Pre-period DoD * Mid 90s Cancer Rate  Mid 90s Nontripli-
Fent Supply Fent Supply (all) year trend cate Law Status year
trend
2001 DoD per 10,000 * Annual State Fentanyl Seizures (1000's) 0.00712%**
(0.000512)
2001 DoD per 10,000 * Annual State All Fentanyl Like Seizures (1000's) 0.00560***
(0.000398)
1994-1996 Cancer Mortality rate * 2008 0.000885**
(0.000348)
1994-1996 Cancer Mortality rate * 2012 0.00142*
(0.000550)
1994-1996 Cancer Mortality rate * 2016 0.00517***
(0.000758)
1994-1996 Cancer Mortality rate * 2020 0.00789***
(0.000826)
1994-1996 Non-Triplicate State Laws * 2008 0.0670***
(0.0237)
1994-1996 Non-Triplicate State Laws * 2012 0.130%**
(0.0414)
1994-1996 Non-Triplicate State Laws * 2016 0.322%*
(0.0516)
1994-1996 Non-Triplicate State Laws * 2020 0.465**
(0.0620)
Per capita IC - other countries (3 Year average, standardized) 0.116 0.112 0.105 0.0875
(0.0762) (0.0772) (0.0734) (0.0761)
LFPR (3 Year average, standardized) 0.0408 0.0490 -0.0418 0.00937
(0.0730) (0.0738) (0.0751) (0.0640)
GDP per capita (3 Year average, standardized) -2.390%** -2.474%% -1.528** -1.435%*
(0.581) (0.592) (0.669) (0.490)
Percent pop. female (3 Year average, standardized) -0.315%** -0.322%* -0.206*** -0.272%
(0.0823) (0.0840) (0.0692) (0.0739)
Percent pop. age 18-65 (3 Year average, standardized) -0.163 -0.171 0.00645 0.0188
(0.105) (0.108) (0.0761) (0.0761)
Percent pop. over age 65 (3 Year average, standardized) 0.0700 0.0698 0.156** 0.107
(0.0818) (0.0833) (0.0747) (0.0743)
Percent pop. White (3 Year average, standardized) 0.566*** 0.564*** 0.549%* 0.552%*
(0.168) (0.170) (0.174) (0.148)
Observations 11,933 11,933 11,933 11,933
R-squared 0.729 0.728 0.725 0.718
F-test 97.6 100.43 23.93 13.21
Dependent variable mean -0.181 -0.181 -0.181 -0.181

Standard errors in parentheses, clustered at the county level. All regressions include year and county xed e ects. Observations are weighted by county population in
2000. Estimates for Deaths-of-Despair in U.S. Presidential elections years from 2004-2020. All variables are averaged for the three years before the election and standard-

ized, except for excluded instruments.
*** p <0.01, * p<0.05, * p<0.1
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Table 2.3: Two-way Fixed E ects Results

@) @) 3 4
VARIABLES Base model Early vs. late years Interaction: GOP Interaction: % White
won last election
Deaths of Despair per 10,000 (3 Year average, standardized) 2.391%** 1.529%* 2.570%**
(0.261) (0.310) (0.259)
Deaths of Despair per 10,000, 2004-2012 0.415
(0.323)
Deaths of Despair per 10,000, 2016-2020 2.531%**
(0.269)
DoD * GOP won last election 1.252%**
(0.258)
DoD * % pop. white 1.169*+*
(0.171)
County voted GOP last election 3.474%*
(0.334)
Percent pop. White (3 Year average, standardized) 15.32%+* 14.84%* 13.55%* 15.15%*
(1.621) (1.533) (1.540) (1.602)
Per capita IC (3 Year average, standardized) 6.126%** 7.262%* 5.838*+* 4.394**
(2.126) (2.276) (1.996) (1.878)
LFPR (3 Year average, standardized) -2.101%* -2.071%* -1.962%* -1.653**
(0.775) (0.789) (0.717) (0.754)
GDP per capita (3 Year average, standardized) -18.68** -14.91% -16.98*** -19.07**
(6.116) (5.551) (5.615) (5.723)
Percent pop. female (3 Year average, standardized) -9.410%** -9.160%*** -8.687*** -8.186***
(0.902) (0.884) (0.862) (0.881)
Percent pop. age 18-65 (3 Year average, standardized) -5.760%** -4.971%** -4.786%** -4.843%*
(0.735) (0.753) (0.821) (0.710)
Percent pop. over age 65 (3 Year average, standardized) -1.692** -1.522* -1.389* -2.161%
(0.771) (0.782) (0.720) (0.731)
Observations 11,933 11,933 11,933 11,933
R-squared 0.423 0.443 0.461 0.445
Number of Counties 2,539 2,539 2,539 2,539
Dependent variable mean 48.02 48.02 48.02 48.02
DoD + Interaction 2,781 3.739%*
SE (0.234) (0.31)

Standard errors in parentheses, clustered at the county level. All regressions include year and county xed e ects. Observations are weighted by county popu-

lation in 2000. Estimates for U.S. Presidential elections in 2004-2020. All independent variables are averaged for the three years before the election and stan-
dardized.

¢ <0.01, ** p<0.05, * p<0.1
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Table 2.4: IV Second Stage Results

@) @) [€) 4)
VARIABLES Pre-period DoD * Pre-period DoD * Mid 90s Cancer Rate  Mid 90s Nontripli-
Fent Supply Fent Supply (all) year trend cate Law Status year
trend
Deaths of Despair per 10,000 (3 Year average, standardized) 5.043%** 5.074%** 11.74%* 5.248**
(1.107) (1.131) (1.515) (1.415)
Per capita IC (3 Year average, standardized) 5.325%* 5.315** 3.856 5.645**
(2.161) (2.163) (2.641) (2.226)
LFPR (3 Year average, standardized) -2.240%* -2.241%* -2.590%** -2.250%**
(0.716) 0.717) (0.791) (0.703)
GDP per capita (3 Year average, standardized) -12.01* -11.94% 4.853 -11.47*
(5.798) (5.849) (5.426) (5.925)
Percent pop. female (3 Year average, standardized) -8.381%* -8.370%** -5.771% -8.292%*
(0.868) (0.872) (1.024) (1.041)
Percent pop. age 18-65 (3 Year average, standardized) -5.357** -5.352%** -4.333%* -5.322%*
(0.635) (0.632) (0.831) (0.615)
Percent pop. over age 65 (3 Year average, standardized) -1.866** -1.868** -2.314* -1.885**
(0.752) (0.753) (0.988) (0.761)
Percent pop. White (3 Year average, standardized) 13.82%* 13.80*** 10.01%+* 13.69*+*
(1.717) (1.707) (2.339) (1.838)
Observations 11,933 11,933 11,933 11,933
R-squared 0.387 0.386 -0.040 0.381
Number of Counties 2,539 2,539 2,539 2,539
Dependent variable mean 48.02 48.02 48.02 48.02

Standard errors in parentheses, clustered at the county level. All regressions include year and county xed e ects. Observations are weighted by county popu-
lation in 2000. Estimates for U.S. Presidential elections in 2004-2020. All independent variables are averaged for the three years before the election and stan-
dardized.

¢ p <0.01, ** p<0.05, * p<0.1

Table 2.5: IV Second Stage - Previous Election Interaction Results

[@) @) 3) (4)
VARIABLES Pre-period DoD * Pre-period DoD * Mid 90s Cancer Rate  Mid 90s Nontripli-
Fent Supply Fent Supply (all) year trend cate Law Status year
trend
Deaths of Despair per 10,000 (3 Year average, standardized) 4.228** 4.370%** 9.658%** 2.680**
(0.993) (1.012) (1.444) (1.191)
DoD * GOP won last election 2.142%+* 2.113%** 2.818%** 2.464%*
(0.559) (0.543) (0.533) (0.436)
County voted GOP last election 3.359%+* 3.340%+* 2.927%** 3.570%**
(0.374) (0.379) (0.439) (0.332)
Per capita IC (3 Year average, standardized) 4.665** 4.634** 3.314 5.892%**
(2.017) (2.021) (2.493) (2.143)
LFPR (3 Year average, standardized) -1.874% -1.887% -1.960%** -1.724%
(0.646) (0.647) (0.684) (0.653)
GDP per capita (3 Year average, standardized) -8.941* -8.637* 5.505 -12.16**
(4.740) (4.738) (4.831) (5.301)
Percent pop. White (3 Year average, standardized) 11.67%+* 11.61%* 8.476%** 12.26%+*
(1.586) (1.568) (2.102) (1.692)
Percent pop. female (3 Year average, standardized) -7.438%* -7.394%* -5.236%* -7.888%*
(0.835) (0.824) (0.929) (0.964)
Percent pop. age 18-65 (3 Year average, standardized) -3.947%* -3.943%* -2.838%* -3.985%*
(0.765) (0.747) (0.808) (0.757)
Percent pop. over age 65 (3 Year average, standardized) -1.582** -1.593** -1.984** -1.478**
(0.683) (0.685) (0.888) (0.698)
Observations 11,933 11,933 11,933 11,933
R-squared 0.406 0.401 0.025 0.436
Number of Counties 2,539 2,539 2,539 2,539
Dependent variable mean 48.02 48.02 48.02 48.02
DoD + Interaction 6.369*** 6.48*+* 12.476*** 5.144*+*
SE (0.986) (0.955) (1.363) (1.254)

Standard errors in parentheses, clustered at the county level. All regressions include year and county xed e ects. Observations are weighted by county popu-

lation in 2000. Estimates for U.S. Presidential elections in 2004-2020. All independent variables are averaged for the three years before the election and stan-
dardized.

% <0.01, ** p<0.05, * p<0.1
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Table 2.6: IV Second Stage - White Percentage Interaction Results

[€) 3) (4)
VARIABLES Pre-period DoD * Pre-period DoD * Mid 90s Cancer Rate  Mid 90s Nontripli-
Fent Supply Fent Supply (all) year trend cate Law Status year
trend
Deaths of Despair per 10,000 (3 Year average, standardized) 5.280%** 5.328*** 12.44%+ 6.861***
(1.041) (1.056) (1.200) (1.202)
DoD * % pop. white 0.980*** 0.902** 0.567 1.741%
(0.371) (0.392) (0.480) (0.251)
Percent pop. White (3 Year average, standardized) 13.63*** 13.61%* 9.568*** 12.65%**
(1.663) (1.650) (2.198) (1.860)
Per capita IC (3 Year average, standardized) 3.848* 3.944* 3.187 3.391
(2.053) (2.070) (2.684) (2.097)
LFPR (3 Year average, standardized) -1.869%** -1.902%** -2.404%** -1.653**
(0.715) (0.720) (0.764) (0.679)
GDP per capita (3 Year average, standardized) -12.12* -11.94* 6.239 -8.605*
(5.437) (5.500) (5.233) (5.030)
Percent pop. female (3 Year average, standardized) -7.322%% -7.380%* -4.929%** -5.928***
(0.930) (0.935) (0.970) (0.905)
Percent pop. age 18-65 (3 Year average, standardized) -4.574%* -4.626%** -3.791%* -3.744%*
(0.669) (0.677) (0.905) (0.609)
Percent pop. over age 65 (3 Year average, standardized) -2.265%* -2.238** -2.587*** -2.681%*
(0.721) (0.723) (0.979) (0.727)
Observations 11,933 11,933 11,933 11,933
R-squared 0.405 0.403 -0.089 0.347
Number of Counties 2,539 2,539 2,539 2,539
Dependent variable mean 48.02 48.02 48.02 48.02
DoD + Interaction 6.26% 6.23% 13.005*** 8.602%*
SE (0.997) (0.995) (1.021) (1.157)

Standard errors in parentheses, clustered at the county level. All regressions include year and county xed e ects. Observations are weighted by county popu-
lation in 2000. Estimates for U.S. Presidential elections in 2004-2020. All independent variables are averaged for the three years before the election and stan-

dardized.
*%  <0.01, ** p<0.05, * p<0.1
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Table 2.7: IV Reduced Form

@) 6) @
VARIABLES Pre-period DoD * Pre-period DoD * Mid 90s Cancer Rate  Mid 90s Nontripli-
Fent Supply Fent Supply (all) year trend cate Law Status year
trend
2001 DoD per 10,000 * Annual State Fentanyl Seizures (1000's) 0.0359***
(0.00772)
2001 DoD per 10,000 * Annual State All Fentanyl Like Seizures (1000's) 0.0284***
(0.00612)
1994-1996 Cancer Mortality rate * 2008 0.0395***
(0.00505)
1994-1996 Cancer Mortality rate * 2012 0.0362%**
(0.00639)
1994-1996 Cancer Mortality rate * 2016 0.108***
(0.00861)
1994-1996 Cancer Mortality rate * 2020 0.0921***
(0.00914)
1994-1996 Non-Triplicate State Laws * 2008 0.880**
(0.319)
1994-1996 Non-Triplicate State Laws * 2012 1.213%**
(0.399)
1994-1996 Non-Triplicate State Laws * 2016 4.037%**
(0.753)
1994-1996 Non-Triplicate State Laws * 2020 1.758*
(0.689)
Per capita IC (3 Year average, standardized) 6.533%* 6.487** 5.713%** 6.036**
(2.144) (2.140) (1.953) (2.042)
LFPR (3 Year average, standardized) -2.031** -1.990** -3.290%* -1.915%
(0.864) (0.868) (0.817) (0.792)
GDP per capita (3 Year average, standardized) -23.97*** -24.39%* -12.60 -19.62%**
(6.998) (7.054) (8.210) (6.479)
Percent pop. female (3 Year average, standardized) -9.940*** -9.974%*x -7.769%* -9.483***
(0.959) (0.964) (0.796) (0.968)
Percent pop. age 18-65 (3 Year average, standardized) -6.167% -6.208*** -4.444%% -5.171%*
(0.907) (0.922) (0.610) (0.734)
Percent pop. over age 65 (3 Year average, standardized) -1.521* -1.522* -0.527 -1.298
(0.851) (0.855) 0.717) (0.810)
Percent pop. White (3 Year average, standardized) 16.64*** 16.63*** 16.22%+* 16.51%+*
(1.703) (1.714) (1.462) (1.665)
Observations 11,933 11,933 11,933 11,933
R-squared 0.405 0.405 0.473 0.415
Number of Counties 2,539 2,539 2,539 2,539
Dependent variable mean 48.02 48.02 48.02 48.02

Standard errors in parentheses, clustered at the county level. All regressions include year and county xed e ects. Observations are weighted by county popu-
lation in 2000. Estimates for U.S. Presidential elections in 2004-2020. All independent variables are averaged for the three years before the election and stan-

dardized, excluding instrumental variables.
** pn <0.01, * p<0.05, * p<0.1
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Table 2.8: Robustness Check: Alternate Mortality Rates

1) @ (©)] 4

VARIABLES Deaths of Despair  Diabetes  Heart Disease Stroke
Deaths of Despair per 10,000 (3 Year average, standardized) 2.391%**

(0.261)
Deaths from Diabetes per 10,000 (3 Year average, standardized) 0.386**

(0.154)
Deaths from Heart Disease per 10,000 (3 Year average, standardized) 0.262
(0.724)
Deaths from Stroke per 10,000 (3 Year average, standardized) -0.199
(0.199)

Percent pop. White (3 Year average, standardized) 15.32%+ 16.64*** 16.66*** 16.62**

(1.621) (1.769) (1.769) (1.765)
Per capita IC (3 Year average, standardized) 6.126™**  6.861*** 6.805*** 6.885***

(2.126) (2.204) (2.199) (2.212)
LFPR (3 Year average, standardized) -2.101%** -1.881* -1.949** -1.971*

(0.775) (0.869) (0.861) (0.866)
GDP per capita (3 Year average, standardized) -18.68***  -24.65%** -24.61%** -24.76%*

(6.116) (7.033) (7.101) (7.119)
Percent pop. female (3 Year average, standardized) -9.410***  -10.38*** -10.36*** -10.30%**

(0.902) (1.011) (1.006) (1.010)
Percent pop. age 18-65 (3 Year average, standardized) -5.760***  -6.169*** -6.126*** -6.100***

(0.735) (0.921) (0.910) (0.907)
Percent pop. over age 65 (3 Year average, standardized) -1.692** -1.633* -1.609* -1.470*%

(0.771) (0.858) (0.869) (0.865)
Observations 11,933 11,933 11,933 11,933
R-squared 0.423 0.392 0.391 0.391
Number of Counties 2,539 2,539 2,539 2,539
Dependent variable mean 48.02 48.02 48.02 48.02

Standard errors in parentheses, clustered at the county level. All regressions include year and county xed e ects. Observations are
weighted bycounty population in 2000. Estimates for coe cients onto GOP vote shares in U.S. Presidential elections from 2004 - 2020.
All independent variables are averaged for the three years before the election and standardized.

*+ 1 <0.01, * p<0.05, * p<0.1
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Table 2.9: Robustness Check: Alternate Outcome - Turnout

VARIABLES Base model Early vs. late years Interaction: GOP Interaction: % White
won last election
Deaths of Despair per 10,000 (3 Year average, standardized) -0.859%** -1.372%* -0.843%*
(0.172) (0.215) (0.168)
Deaths of Despair per 10,000, 2004-2012 -1.130%**
(0.162)
Deaths of Despair per 10,000, 2016-2020 -0.840%+
(0.181)
DoD * GOP won last election 0.978%
0.177)
DoD * % pop. white 0.104
(0.113)
County voted GOP last election -0.101
(0.187)
Percent pop. White (3 Year average, standardized) -0.421 -0.486 -0.528 -0.436
(0.806) (0.816) (0.807) (0.807)
Per capita IC (3 Year average, standardized) -2.702* -2.546* -2.942%* -2.857*
(1.226) (1.162) (1.261) (1.262)
LFPR (3 Year average, standardized) 0.677 0.681 0.955* 0.717*
(0.414) (0.416) (0.406) (0.416)
GDP per capita (3 Year average, standardized) -1.647 -1.130 -1.545 -1.681
(2.961) (3.003) (2.775) (2.927)
Percent pop. female (3 Year average, standardized) 1.585%** 1.619%** 1.614%* 1.694%**
(0.518) (0.518) (0.504) (0.483)
Percent pop. age 18-65 (3 Year average, standardized) 2.772%= 2.881%* 3.169%* 2.854%*
(0.543) (0.556) (0.528) (0.524)
Percent pop. over age 65 (3 Year average, standardized) 4.143%* 4.166*** 4.162%* 4.101%+*
(0.493) (0.497) (0.483) (0.493)
Observations 11,933 11,933 11,933 11,933
R-squared 0.670 0.671 0.676 0.670
Number of Counties 2,539 2,539 2,539 2,539
Dependent variable mean 56.47 56.47 56.47 56.47
DoD + Interaction -0.394*** -0.739*+*
SE (0.151) (0.194)

Standard errors in parentheses, clustered at the county level. All regressions include year and county xed e ects. Observations are weighted by county popu-
lation in 2000. Estimates for U.S. Presidential elections in 2004 -2020. All independent variables are averaged for the three years before the election and stan-
dardized.

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

Table 2.10: Robustness Check: Baseline Characterstic Controls

1) ) ) 4) ®) (6) (7) (8) 9)
VARIABLES DoD GOP vote share  Import Competition % Female % White % Aged 18-65 Aged Over 65 LFPR GDP per capita
Deaths of Despair per 10,000 (3 Year average, standardized)  2.246** 2.257% 2.392% 2.492% 1.366%* 1.929%* 1.656%** 2.223%* 2.250%*
(0.273) (0.261) (0.261) (0.248) (0.236) (0.243) (0.232) (0.266) (0.254)
Percent pop. White (3 Year average, standardized) 15.15%** 15.54% 15.31%* 15.43% 16.12% 15.77%* 14.08*** 12.65*** 14.87%
(1.584) (1.688) (1.619) (1.625) (1.523) (1.473) (1.318) (1.623) (1.780)
Per capita IC (3 Year average, standardized) 6.674% 5.968*** 12.34%* 5.939% 2.505 4.751% 5.650%* 7.948%* 5.116%*
(2.223) (2.134) (5.302) (2.066) (1.620) (2.030) (2.127) (2.400) (1.950)
LFPR (3 Year average, standardized) -2.142%% -1.782** -2.169%** -2.022%* -0.443 -1.793** -2.568*** -2.074% -2.305%**
(0.770) (0.756) (0.777) (0.755) (0.687) (0.719) (0.736) (0.776) (0.830)
GDP per capita (3 Year average, standardized) -17.67%* -20.12% -18.77%* -19.89%*  -16.71%* -2.026 -12.06** -9.739** 6.397
(6.128) (6.061) (6.147) (5.545) (5.487) (3.452) (5.811) (4.665) (4.806)
Percent pop. female (3 Year average, standardized) -9.269% -9.296%** -9.501%** -9.755%*  -6.320%* -7.311% -5.675%** -9.154%* -8.420%*
(0.889) (0.910) (0.902) (0.877) (0.837) (0.823) (0.776) (0.878) (0.843)
Percent pop. age 18-65 (3 Year average, standardized) -5.660%** -5.500%** -5.787%* -5.824%%  -3.484%* -6.919%* -3.661%* -6.014%* -6.080%*
(0.740) (0.768) (0.734) (0.750) (0.652) (0.698) (0.702) (0.740) (0.687)
Percent pop. over age 65 (3 Year average, standardized) -1.564** -1.748** -1.663** -1.938*  -2.545%* -2.407%* -0.976 -1.049 -2.905***
(0.771) (0.778) (0.771) (0.774) (0.702) (0.732) (0.715) (0.754) (0.769)
Observations 11,933 11,933 11,918 11,933 11,933 11,933 11,933 11,933 11,933
R-squared 0.428 0.437 0.426 0.429 0.520 0.494 0.512 0.455 0.484
Number of Counties 2,539 2,539 2,535 2,539 2,539 2,539 2,539 2,539 2,539
Dependent variable mean 48.02 48.02 48.02 48.02 48.02 48.02 48.02 48.02 48.02

Standard errors in parentheses, clustered at the county level. Regressions include base level of variable in column name interacted with year indicators. All regressions include year and county xed e ects.

Observations are weighted by county population in 2000. Estimates for U.S. Presidential elections in 2004-2020. All independent variables are averaged for the three years before the election and standard-
ized.

%D <0.01, ** p<0.05, * p<0.1
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2.8 Figures

Figure 2.1: Components of Deaths-of-Despair over study period. Mortality rates
are shown per 100,000 and are from the CDC Mortality Files. The three categories
combined comprise the overall Deaths-of-Despair measure used throughout the pa-

per.
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