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Abstract

We explore how the opioid crisis exposure affects firm downside risks implied from
equity options. Using a large sample of public firms from 1999 to 2020, we find that
firms headquartered in or having establishments in regions with higher opioid death
rates have higher costs of protection against downside risks. Employing various ro-
bust difference-in-differences settings, we show that the effects are reversed following
exogenous anti-opioid legislation, supporting a causal interpretation. Further analysis
shows that the opioid crisis heightens firm risk by lowering labor productivity. We
document greater impact among firms with higher reliance on labor and limited local
labor supply.
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1 Introduction

The opioid crisis refers to a widespread public health emergency characterized by the misuse,
addiction, and overdose deaths associated with opioid drugs in the United States.! Accord-
ing to the National Institute on Drug Abuse (NIDA) and the Centers for Disease Control
and Prevention (CDC), opioid drugs contribute to more than 75% of drug-involved overdose
deaths in 2022.2 Economic costs of the opioid crisis amounted to $1.5 trillion in 2020—37%
more than that in 2017, based on the estimate of the U.S. Congress Joint Economic Com-
mittee (JEC). Recent finance and economics literature has started to explore the impact of
the opioid crisis on public financing and corporate decisions.® However, little is known about
the effect of the opioid crisis on firm risks, especially downside risks.

We construct firm-level downside risk measures from equity options and investigate the
impact of the opioid crisis on firm downside risks by exploiting geographical variation of firm
exposure to the opioid crisis and state-level staggered adoption of anti-opioid legislation. As
snapshots of the opioid crisis across the U.S. in 2010 and 2020, Figures 1(a) and 1(b) show
that, despite the wide impact of opioid drugs on the U.S., there is a lot of geographical
heterogeneity in the death rates caused by drug use. The county-level death rates allow us
to capture firms’ exposure to the opioid crisis. Our panel regressions confirm that firms with
high exposure to the opioid crisis have higher downside risks, as priced in the option market.*
Using a staggered difference-in-differences (DiD) framework, we find that corporate down-

side risks drop after headquarters states implement Prescription Drug Monitoring Programs

1According to NIDA, a federal scientific research institute and the world’s largest funder of biomedical
research on drug use and addiction, opioids are a class of drugs that include the illegal drug heroin, synthetic
opioids such as fentanyl, and pain relievers available legally by prescription, such as oxycodone, hydrocodone,
codeine, morphine, and many others.

2https://nida.nih.gov /research-topics/trends-statistics /overdose-death-rates.

3See, for example, Cornaggia, Hund, Nguyen, and Ye (2022), Jansen (2023), and Ouimet, Simintzi, and
Ye (2025).

4Following Kelly, Péstor, and Veronesi (2016) and Tlhan, Sautner, and Vilkov (2021), the term “priced”
indicates that option prices reflect the higher risk associated with certain stocks compared to others, rather
than the market compensating investors for taking on a specific risk through expected returns.
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(PDMPs), which effectively reduce opioid death rates. We therefore establish causality that
the opioid crisis elevates corporate downside risks.

Why would the opioid crisis increase corporate downside risks? Employees, as the most
important and first stakeholders of a company, could be heavily influenced by the opioid crisis
for several reasons. First, employees addicted to opioid drugs often exhibit higher rates of
absenteeism (missing work) and presenteeism (being at work but not functioning effectively).®
Second, even if employees are not directly affected by the side effects of opioid drugs, they
might suffer from the negative consequences of opioid drug addiction in their social network.
For example, an employee might be distracted from work when her family members or close
friends are addicted to opioids. Last, the opioid crisis could increase labor market frictions,
as it gets harder for firms to find employee replacements when there is a turnover.® All these
reasons could adversely influence firms’ workforce and productivity. In addition, employees
with opioid use disorders impose higher costs on their employers, particularly through health
insurance and workers’ compensation. When firms fail to internalize labor costs associated
with the opioid crisis, firms face higher downside risks as the probability of negative outcomes
increases.’

Ouimet, Simintzi, and Ye (2025) show that firms respond to the labor shortages resulting
from the opioid crisis by investing more in technology and replacing relatively scarcer labor
with capital. If firms are able to adapt to the labor crisis caused by opioid abuse quickly,
for example, by replacing less productive labor with I'T technologies, then the opioid crisis is

expected to have no or minimal effects on corporate downside risks. Thus, it is an empirical

SWorkers with substance use disorders take nearly 50% more days of unscheduled leave than other workers,
have an average turnover rate 44% higher than that for the workforce as a whole, and are more likely to
experience occupational injuries that result in time away from work. See Goplerud, Hodge, and Benham
(2017) for a more detailed analysis.

® According to Krueger (2017), the opioid epidemic accounts for 43% of the decline in men’s labor force
participation rate between 1999 and 2015, and 25% of the decline for women.

"According to a survey by National Safety Council (NSC), 75% of employers say their work-
place is impacted by opioid abuse. Despite the widespread impact, only 17% of employers
feel extremely well prepared to deal with the issue. See https://www.nsc.org/in-the-newsroom/
poll-75-of-employers-say-their-workplace-impacted-by-opioid-use.
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guestion whether or to what extent the opioid crisis a ects corporate downside risks. We
investigate it with comprehensive panel data and Il the gap.

Our measures of corporate downside risks come from equity options. Option market pro-
vides rich forward-looking information about perceived uncertainty and risk (Kelly, Pastor,
and Veronesi (2016); Ilhan, Sautner, and Vilkov (2021); and Cao, Goyal, Xiao, and Zhan
(2023)), and the literature has shown that option traders have superior information com-
pared to traders in other markets (Easley, O'Hara, and Srinivas (1998) and An, Ang, Bali,
and Cakici (2014))® We construct two downside risk measures that are widely used in the
literature.

Speci cally, for each rm with equity options and on a daily basis, we select options with
a maturity of 30 days because short-term options have higher trading volumes and lower
transaction costs than their long-term counterparts. Consequently, the prices of short-term
options are more sensitive to investor information ow and changes in perceived uncertainties
and risks. If investors perceive a rm as riskier on the left tail, their demand and willingness
to pay for protection against downside risk would be higher. The rst measure that we extract
from options is model-free implied skewness, NMFIS. NMFIS re ects the asymmetry of the
risk-neutral distribution of underlying stock returns. Taking a negative sign, a more positive
NMFIS value indicates a shift of the probability mass under the risk-neutral measure from the
right to the left tail. The second measure is implied volatility slope, SlopeD, representing the
relationship between left-tail implied volatility and moneyness for out-of-the-money (OTM)
puts. A more positive value of SlopeD indicates that deeper OTM puts are relatively more
expensive, suggesting a relatively higher cost of option protection against downside risk. For
each rm-year, we take the average of daily NMFIS and SlopeD for our rm-year panel

analysis.

8Many other studies, such as Cremers and Weinbaum (2010) and Xing, Zhang, and Zhao (2010), also
examine the information advantage of options. Investors trade in the option market because of the higher
embedded leverage; therefore, information may be incorporated into the option market more e ciently.
Furthermore, option market participants primarily consist of institutional investors with a heightened risk
sensitivity.



Firm exposure to the opioid crisis is measured by the annual death rates from drug
poisoning at the county level of the headquarters of the companies. Drug-poisoning death
rates are a useful proxy for opioid abuse, as 75.79% of overdose deaths in the United States
involve opioids in 2022 (CDC (2024)) and are commonly used in the literature (Jansen (2023)
and Chen, Huang, Shi, and Yuan (2024)). After removing nancial and utility rms and
requiring non-missing variables, we assemble a sample of 35,847 rm-year observations from
4,496 unique public rms from 1999 to 2020.

We rst run panel regressions of corporate downside risks on the opioid crisis exposure
and document a positive association. A one standard deviation increase in opioid-related
death rate is associated with an increase of 0.020 (0.016) in NMFIS (SlopeD), which is
approximately 5% of the standard deviation of NMFIS (SlopeD). The ndings validate our
initial hypothesis that rms headquartered in regions with high degrees of opioid crisis are
perceived as riskier on the left tail. The results hold when we use alternative measures of
corporate exposure to the opioid crisis and include additional control variables.

An issue with our results might be that the rm's operations may not be centralized at its
headquarters, leading to varying degrees of exposure to the opioid crisis in di erent locations.
Therefore, we use the rm's data at the establishment level and construct rm-level opioid
crisis measures using the average opioid death rates and employee-weighted opioid death
rates from its various establishments. The results from the establishment-level data are
consistent with our baseline results: higher exposure to the opioid crisis leads to an increase
in downside risks.

Endogeneity concerns are non-negligible in our panel regressions. Alpert, Evans, Lieber,
and Powell (2022) exploit the state-level policy variations of limiting the early entry and
marketing of OxyContin and point out that the policy di erences in 1996 explain variations
in overdose deaths 20 years later. Although a non-pharmaceutical rm has little impact on
regional-level policies of introducing opioid drugs, it is still possible that economic factors

could a ect both the downside risks of local rms and the drug use of residents. To mitigate



omitted variable concerns, we use the staggered implementation of state-level Prescription
Drug Monitoring Programs (PDMPs) as exogenous shocks, which has been documented to
e ectively reduce local misuse of opioids and opioid-related death rates (Cornaggia, Hund,
Nguyen, and Ye (2022)).

Our staggered DiD analysis reveals a decrease in downside risk for rms located in states
that have implemented PDMPs. After the adoption of PDMPs, the NMFIS (SlopeD) of
treated rms decreases by 0.039 (0.030), which is about 10% (8%) of the standard deviation,
respectively. This result supports a causal e ect of the opioid crisis on corporate downside
risks. Moreover, we use propensity score matching (PSM) and stacked DiD methods to
address the potential bias from the staggered DIiD approach. The signi cant reductions
in corporate downside risks after headquarters states adopt PDMPs are robust to these
alternative methods. In addition to using the shock at the headquarters level, we also
construct a rm-level shock by aggregating the shocks experienced by each of the rm's
establishments and nd similar results.

Next, we identify the underlying mechanisms for the opioid crisis to increase corporate
downside risks. The opioid crisis may lead to lower labor productivity and the shortage of
quali ed employees, thus contributing to higher corporate downside risks. Measured as sales
per employee, labor productivity is signi cantly lower for rms headquartered in counties
with high opioid-related death rates. Then, we examine how rms respond to the heightened
downside risks posed by the opioid crisis. As a consequence of lower productivity, a rm more
exposed to the opioid crisis posts more job opportunities. We nd that both IT and non-IT
job postings signi cantly increase with county-level opioid-related death rates. On the one
hand, rms strive to replace labor with IT technologies by recruiting more IT jobs. On the
other hand, not all vacancies could be replaced by technology, leading to more recruitment
for non-IT jobs. Consistent with a local labor shortage conjecture, we nd that rms exposed

to the opioid crisis face greater recruitment di culties.



After showing that the opioid crisis negatively a ects labor productivity, we conduct a
set of cross-sectional tests for more corroborating evidence. If lower labor productivity and
labor replacement shortage are indeed the underlying mechanisms, our results should be
more pronounced among rms heavily dependent on labor and in regions with low labor
supply. First, we measure corporate reliance on labor by identifying labor-intensive indus-
tries. The operation outcomes of these labor-intensive industries are largely dependent on
labor productivity. For example, the mining, construction, and manufacturing industries are
labor-intensive. Automation is less technologically feasible as a large portion of the work
relates to unpredictable physical work. We nd that the opioid crisis signi cantly increases
local rms' downside risks only if the rms belong to labor-intensive industries. Though the
e ect of the opioid crisis on non-labor-intensive industries is also positive (but statistically
insigni cant), the magnitude is at most half of that on labor-intensive industries.

Second, local labor market frictions could also play an important role in the relationship
between the opioid crisis and corporate downside risks. If rms can easily nd replacement
employees, the adverse impact of the opioid crisis should be mitigated. To measure labor
supply, we consider the labor force participation rate, which is de ned as the number of
labor force over the total population. Consistent with our conjecture, we nd that rms in
counties with low labor supply su er more from the opioid crisis.

Our analysis shows that the opioid crisis increases rm downside risks by lowering labor
productivity and heightening labor market frictions. One alternative explanation is that
local economic conditions weaken with the opioid crisis, and corporate downside risks rise at
the same time!® This concern is more severe if the major customers of a rm are in the same
county and the demand for the rm's output reduces. To address these concerns, we conduct
two tests. First, we split the counties into two groups with high and low GDP growth rates.

We do not nd that our results di er across these two groups. Second, we identify rms

9See the report by McKinsey (2016) at https://www.mckinsey.com/capabilities/mckinsey-digital/
our-insights/where-machines-could-replace-humans-and-where-they-cant-yet.

ONote that we include county-level macroeconomic variables in our regressions and the DiD analysis to
control for the possible e ect of local economic changes.



with local customers. When we exclude these rms from our analysis, we nd quantitatively
unchanged e ects of the opioid crisis on downside risks. The results from these analyses are
also consistent with our baseline results.

Our paper is related to recent economics and nance literature on the opioid crisis.
Previous studies have documented the negative impact of the opioid crisis on local economic
conditions, such as increased municipal borrowing costs (Cornaggia, Hund, Nguyen, and Ye
(2022)), reduced deposit growth and mortgage lending (Li and Ye (2024)), spillover e ects
on consumer nance (Jansen (2023)), lower labor participation rates (Krueger (2017); Park
and Powell (2021); and Aliprantis, Fee, and Schweitzer (2023)), and lower real estate prices
(D'Lima and Thibodeau (2023)). In addition, studies have shown that the opioid crisis
negatively a ects rm outcomes, including reduced innovation (Cornaggia, Hund, Pisciotta,
and Ye (2023) and Chen, Huang, Shi, and Yuan (2024)) and decreased growth and investment
(Ouimet, Simintzi, and Ye (2025)). Our paper complements these studies by presenting the
rst evidence that the opioid crisis increases rms' downside risks. The results of our study
shed light on the possible distribution of rm outcomes in the opioid crisis.

Our paper also contributes to the literature on how rm risks are priced in the option
market. Kelly, Rastor, and Veronesi (2016) nd that options for those whose lives span
political events tend to be more expensive, re ecting that political uncertainty is priced
in the option market. At the rm level, Dubinsky, Johannes, Kaeck, and Seeger (2019)
extracts option-implied ex-ante earnings risks. Ilhan, Sautner, and Vilkov (2021) document
that carbon-intense rms with higher climate policy uncertainty have higher downside risks
implied from options. Cao, Goyal, Zhan, and Zhang (2024) nd that ESG-related uncertainty
is priced in the options market. Our study is the rst to explore the impacts of a rm's labor
conditions on the pricing of its options. Our paper also highlights the importance of taking
the corporate external environment into account in option pricing studies.

Our paper is also related to the literature on human capital and corporate outcomes. This

literature largely treats employees as intangible assets and documents that the market fails to



recognize the value of employee satisfaction and ratings (Edmans (2011) and Green, Huang,
Wen, and Zhou (2019)), and employee exibility (Au, Dong, and Tremblay (2021)). Some
recent studies attempt to understand the role of human capital on rm outcomes using
more detailed data, such as employees' online pro les (Li, Lourie, Nekrasov, and Shevlin
(2022)). Our paper complements this literature by studying the downside risks associated
with employee health and productivity with clear identi cation strategies.

The remainder of the paper is organized as follows. We describe the data and the con-
struction of the variables in Section 2. Section 3 presents our baseline results and robustness
tests. Section 4 analyzes identi cation results. Section 5 provides the underlying channels

of our results and further discussion. We conclude in Section 6.

2 Data and Measures

We collect data on drug and opioid poisoning death rates from the CDC WONDER Online
Database from 1999 to 2020. Our sample contains public rms in the U.S., excluding those in
the utility (SIC codes 4900-4949) and nancial (SIC codes 6000-6999) industries. The stock
price and return data for our sample rms are obtained from the Center for Research in
Security Prices (CRSP). Individual equity options data is from OptionMetrics. Accounting
information and institutional ownership data are collected from Compustat and Thomson
Reuters (13F), respectively. We gather county-level data on population, personal income, and
employment from the Bureau of Economic Analysis (BEA) and Bureau of Labor Statistics

(BLS) websites.

2.1 Exposure to the opioid crisis

To estimate a rm's exposure to the opioid crisis, we use the drug poisoning death rates
in its headquarters county as a proxy. The death rate is de ned as the number of drug-

poisoning deaths adjusted for the county population (per 100,000), re ecting the severity



level of the opioid crisis in a county. Following Jansen (2023) and according to the 10th
Revision (ICD-10) codes of International Classi cation of Diseases, we attribute deaths with
underlying causes including X40-X44 (accidental poisonings by drugs), X60-X64 (intentional
self-poisoning by drugs), X85 (assault by drug poisoning), and Y10-Y14 (drug poisoning of
undetermined intent) as opioid-related deaths! Note that the CDC suppresses death counts
if a county has fewer than ten deaths of an underlying cause in a given year to protect the
privacy of individuals. Therefore, for some county-year observations, we are not able to
calculate opioid-related death rates. To address this data truncation issue, we supplement
the suppressed data with the county-level drug poisoning mortality rates estimated using
hierarchical Bayesian models provided by the CDC's National Center for Health Statistics
(NCHS).12

One limitation of our proxy is that it is not a direct measure of the opioid-related death
rates because drug-related deaths also include deaths resulting from other forms of substance
abuse, such as cocaine, methamphetamine, and amphetamine. However, as shown by the
CDC recently, more than 75.79% of drug-related deaths involve the use of prescription or
nonprescription opioids. Our identi cation strategy, which exploits shocks that limit the
prescription of opioids, also con rms that drug-related death rates, dominated by opioid-
related death rates, signi cantly reduce after the policy shocks. Alternatively, we could
restrict the death causes to specic opioid abuse. However, the truncation issue of this
sample would become more severe, given that the number of deaths is more likely to be

fewer than ten, and there are no estimated data. As a trade-o, we rely on the drug-related

P https://wonder.cdc.gov/med-icd10.html

120ur original sample consists of 36,329 rm-year observations with available rm option data and control
variables. In this sample, there are 1,450 observations (3.99%) with missing opioid-related death rates due
to suppression of data by the CDC. When we supplement the publicly reported CDC death rates with
estimated death rates, our sample size is 35,847 rm-year observations, implying only 1.33% observations do
not have the opioid-related death rates. The details of the estimation procedure can be found at https://
www.cdc.gov/nchs/data-visualization/drug-poisoning-mortality/#techNotes. To further address potential
concerns related to data suppression, we restrict our sample to counties with more than 10 overdose deaths
and perform various robustness checks in Section 3.1.



death rates as a proxy of opioid-related death rates and acknowledge the limitation of this

measure.

2.2 Downside risk measures

The option market contains forward-looking information about various uncertainties, such
as political uncertainty (Kelly, Rastor, and Veronesi (2016)) and climate policy uncertainty
(lhan, Sautner, and Vilkov (2021)). In addition, option traders are documented to have
superior information to traders in other markets, and their information can predict future
asset prices (Easley, O'Hara, and Srinivas (1998) and An, Ang, Bali, and Cakici (2014)).
In this study, we use information from the option market to measure rm downside risks.
Following llhan, Sautner, and Vilkov (2021), we use OTM call and put options with absolute
values of deltas smaller than 0.5 from the Surface File of lvy DB OptionMetrics and focus
on measures derived from options with a maturity period of 30 days, i.e., short-term options.
Short-term options have higher trading volumes and lower transaction costs than their long-
term counterparts. Consequently, the prices of short-term options are more responsive to
investors' information ow and changes in perceived uncertainty and risks.

We construct two option-based measures to identify downside risks, NMFIS and SlopeD.
The rst measure, NMFIS, re ects the relative expensiveness of protection against left-tail
events compared to right-tail events. Following Bakshi, Kapadia, and Madan (2003), NMFIS
is computed using the standard formula for the skewness coe cient as the third central
moment of the risk-neutral distribution normalized by the risk-neutral variance (raised to
the power of 3/2), and then taking the negative value. Speci cally, NMFIS at time for the
period is constructed as:

g Wt ) 3(t )V )+2 (t )3,

NMFIS (t; )= EVE) € ) ; (1)

whereV (t; ) is the price of the volatility contract, W(t; ) is the price of the cubic contract,

(t; ) is the risk-neutral expectation of the underlying log return over the period, and r
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is the risk-free rate (see Bakshi, Kapadia, and Madan (2003) and llhan, Sautner, and Vilkov
(2021) for details). As NMFIS is in uenced by both the left and right tails, a more positive
value of the NMFIS indicates a shift of the probability mass under the risk-neutral measure
from the right to the left tail, suggesting a higher cost of option protection against downside
risk.

The second measure, SlopeD, is constructed by following Kelly, Pastor, and Veronesi
(2016) and quanti es the relationship between left-tail implied volatility and moneyness.
Speci cally, we regress the implied volatilities of OTM puts with Black-Scholes delta ranging
from 0.5to 0.1 on their corresponding deltas and a constant term. The slope coe cient
obtained from this regression is then denoted as SlopeD. A more positive SlopeD value
indicates that deeper OTM puts (with smaller absolute deltas) are relatively more expensive,

suggesting a higher cost of protection against downside risk.

2.3 Summary statistics

As the CDC starts to report drug-poisoning death rates at the county level in 1999, we
start our sample in 1999 and construct the two rm downside risk measures for all U.S.
public rms in the OptionMetrics. We use augmented 10-X header data to link county-level
opioid death rates according to the location of the rm's headquarters® Following Ilhan,
Sautner, and Vilkov (2021), control variables include Log(Assets), Dividends/net income,
Debt/assets, EBIT/assets, CapEx/assets, Book-to-market, Returns, CAPM beta, Volatility,
and Institutional ownership. We also include county-level variables as controls, including
Log(Population), Log(Per capita income), Population growth, and Employment growth,
following Gao, Lee, and Murphy (2020) and Cornaggia, Hund, Nguyen, and Ye (2022). After
excluding utility rms (SIC codes 4900-4949) and nancial rms (SIC codes 6000-6999), we

Bhttps://sraf.nd.edu/sec-edgar-data/10-x-header-data/. County-years with missing death rates are sup-
plemented with mortality rates estimated using hierarchical Bayesian models provided by the CDC's National
Center for Health Statistics (NCHS). In robustness checks in Section 3.2, we also use the weighted average
opioid death rate in the counties where the rm's establishments are located as a proxy for a rm's exposure
to the opioid crisis.

11



obtain a sample of 35,847 rm-year observations from 4,496 unique public rms from 1999
to 2020.

Summary statistics of our sample are presented in Table 1. We report rm-year variables
in Panel A, including headquarters’ Death rate, NMFIS, SlopeD, and rm-level control
variables. The mean of the Death rate is 13.326, showing that on average, 13 people out
of 100,000 die due to drug overuse. The average NMFIS (SlopeD) for the sample is 0.367
(0.376), with a standard deviation of 0.392 (0.355). Our sample covers rms with signi cant
cross-sectional variations in rm characteristics. For instance, the debt ratio at the 25th
percentile is 0.015, while at the 75th percentile, it rises to 0.353. In Panel B, we report
summary statistics for county-year observations. The average death rate at 14.673 is close
to that of rm-year observations, indicating the rms are not concentrated in counties with
extremely high or low death rates, allowing us to better estimate the overall impact of the
opioid crisis on rm downside risks.

We report the correlation matrix in Panel C. The correlation between NMFIS and SlopeD
is 0.547, which is reasonable because both variables capture downside risks, yet the infor-
mation contained in the two variables is not exactly the same. NMFIS has relatively high
correlations with rm assets (0.404) and institutional ownership (0.339), which we control
for in the regression analysis.

One concern is that the level of the opioid crisis may not change much over time for
di erent counties. Therefore, we might only capture cross-county variations. To see whether
the opioid crisis di ers from county to county and also evolves over time, we present the
county-level heatmaps of opioid-related death rates in 2010 in Figure 1(a) and 2020 in Fig-
ure 1(b). We observe that almost every county in the U.S. su ers from the opioid crisis,
showing its widespread impact across geographic regions, yet the severity of the crisis ex-
hibits signi cant variations. Comparing the two heatmaps in 2010 and 2020 also leads to

observable di erences over time. These large time-series and cross-sectional variations of the
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opioid crisis allow us to comprehensively explore the relationship between rm exposure to

the opioid crisis and the downside risks implied by the option market.

3 Baseline Results

3.1 Panel regression: Headquarters exposure to the opioid crisis

To formally examine the impact of exposure to the opioid crisis on rm downside risks, we

begin our analysis with the following panel regression:
Downside riskj; = + Death rate;; + Controls;c: 1+ FES+ "j4; (2)

where Downside riski; for rm i in yeart is proxied by NMFIS or SlopeD.Death rate;. is
the opioid-related death rate for rmi in its headquarters county in yeart. We control rm-
level and county-level variables at yeat 1, including Log(Assets), Dividends/net income,
Debt/assets, EBIT/assets, CapEx/assets, Book-to-market, Returns, CAPM beta, Volatility,
Institutional ownership, Log(Population), Log(Per capita income), Population growth, and
Employment growth. To account for unobserved heterogeneity, we include rm and year
xed e ects in our model and cluster standard errors at the county level. If exposure to the
opioid crisis leads to a higher rm downside risk, we expect to be signi cantly positive.
Panel A of Table 2 presents the baseline results. Consistent with our hypothesis,is
signi cantly positive across di erent speci cations, suggesting a positive association between
exposure to the opioid crisis and rm downside risk. Speci cally, in columns (1) and (2), a
one-standard-deviation increase in Death rate (8.192) is associated with an increase of 0.020
in NMFIS and an increase of 0.016 in SlopeD, which is approximately 5% of the standard
deviation for both NMFIS and SlopeD. The economic magnitude is about half of the impact

of industry-level carbon intensity on rm downside risks documented by Ilhan, Sautner, and
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Vilkov (2021), indicating a signi cant and noteworthy e ect.'* These ndings are consistent
with our conjecture and suggest that the opioid crisis may exacerbate the rm downside
risks.

To ensure the robustness and validity of our main results, we consider two alternative
measures of the opioid death rate. First, we only use the drug-poisoning death rate from
the CDC WONDER database as a proxy for the opioid death rate (Death ratg,). As
noted earlier, the CDC suppresses county-years with fewer than ten deaths. Therefore, our
sample size shrinks. However, the death rates should more accurately capture the regional
opioid crisis. Second, we narrow the death rate to causes more related to opioids according
to the multiple cause codes of the CDC ICD-10. Speci cally, only deaths caused by natu-
ral and semi-synthetic opioids (T40.2), methadone (T40.3), other synthetic opioids (other
than methadone) (T40.4), and heroin (T40.1) are included and de ned as Death ra{grow -

We report the results in Panel B of Table 2. The coe cients remain signi cant for both
alternative measures?

As mentioned in Section 2.1, the CDC suppresses death counts in cases where a county
records fewer than ten deaths in a given year to protect individual privacy, and then we use
NCHS estimated data to supplement our measure. One natural concern is that our regression
results might be biased by these estimated death rates. To mitigate this possible bias, we
restrict our analysis to larger counties, which are unlikely to have suppressed observations.
First, we limit the sample to counties with populations exceeding 500,000, resulting in 29,024
rm-year observations, with only 0.17% of observations (50 rm-year observations) missing

due to suppression of data. Next, we further restrict the sample to counties with popula-

¥|lhan, Sautner, and Vilkov (2021) show that a one-standard-deviation increase in a rm's log industry
carbon intensity increases SlopeD by approximately 10% of the variable's standard deviation. Note that
they use a sample of only S&P 500 rms, while we use all rms.

S\We also construct other alternative measures of opioid death rates. First, we restrict the death rate to
that of working-aged adults (aged 25{64 years), as it better re ects the local workforce quality and labor
market frictions. Second, we calculate the opioid-related death rate by dividing the number of drug-related
deaths by the size of a county's labor force (per 100,000). Third, we exclude deaths related to intentional
self-poisoning by drugs (ICD-10 codes: X60-X64) to better capture drug addiction. These results, presented
in Appendix Table B1 Panel A, are similar to the baseline results.
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tions exceeding 1,000,000, yielding 18,281 rm-year observations with no missing data. The

results of these robustness tests, presented in Panel C of Table 2, show magnitudes simi-
lar to the baseline regression, demonstrating that the NCHS estimated death rate does not

systematically bias our ndings.

Furthermore, we include additional local health indicators as control variables to rule
out potential confounding e ects. Speci cally, we control for death rates from other causes,
including the leading cause of death (heart disease), and the top three causes of death (heart
disease, cancer, and accident¥). In addition, we control the percentage of individuals
identi ed as heavy drinkers within a state (Alcohol), as excessive alcohol consumption is
another signi cant public health issue that might in uence rm-level risks.!’ The results,
presented in Panel D of Table 2, reveal that the coe cient for the opioid death rate remains
statistically signi cant after adding these control variables, whereas most of these control
variables are statistically insigni cant. This indicates that other causes of mortality and
heavy alcohol consumption do not have a meaningful impact on rm downside risks. These
results highlight the distinct and non-negligible in uence of the opioid crisis on rm downside
risks as well as reinforce the robustness of our conclusions.

An alternative approach to examine the uniqueness of the opioid crisis is placebo tests.
In Panel B of Appendix Table B1, we replace the opioid-related death rates with heart
disease deaths or deaths from the top three causes. These results allow us to see whether
rm downside risk responds to general health conditions in the rm's headquarters county.
Consistent with our observations in Panel D of Table 2, all the other health factors fail to
yield a signi cant impact on rm downside risks.

As the opioid crisis becomes a national health emergency, some healthcare and phar-

maceutical companies have been sued for producing and disseminating opioid-related drugs

6See the detailed information at https://www.cdc.gov/nchs/fastats/leading-causes-of-death.htm. Ac-
cording to ICD-10 death codes, heart disease deaths include deaths coded as 100{I09, 111, 113, and 120{I51.
Cancer deaths are coded as C00{C97. Accidents (unintentional injuries) deaths are coded as V01-X59 and
Y85-Y86.

17 Alcohol data is sourced from the annual alcohol consumption survey conducted by the CDC, covering
the period from 2001 to 2020. https://www.cdc.gov/brfss/annual _data/annual _2023.html
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while downplaying side e ects. Including these rms in our sample may lead to a down-
ward bias in our results, as downside risk increases with (potential) litigation risks. We
then exclude rms in the healthcare (SIC codes 8011-8099) and pharmaceutical (SIC codes
2830-2839) industries and then repeat the baseline analysis. The results shown in Appendix

Table B2 remain similar to the baseline result$®

3.2 Alternative measures of exposure to the opioid crisis: Estab-

lishment data

In our baseline results, we measure rm-level exposure to the opioid crisis using the opioid
death rate of the rm's headquarters county. Since rm operations may not be concen-
trated at its headquarters and are likely spread across di erent establishments, using the
opioid-related death rate at its headquarters could not capture the local challenges faced by
the establishments. Therefore, in this subsection, we use the establishment-level data and
construct alternative rm-level opioid crisis measures by averaging the opioid-related death
rate across the establishment counties of each rm.

Establishment-level data are obtained from the Your-Economy Time-Series (YTS) database,
including establishment location, number of employees, and sales volutiéie only include
economically important establishments, i.e., those with more than 10 employeésUsing the
drug-poisoning deaths of counties where the establishments are located, we construct two
alternative rm-level measures of the opioid-related death rates. First, we take the average of
establishment-county death rates as Death raiga.,. Second, we take the employee-number-

weighted average of establishment-county death rates for a rm and label it as Death ratg.

8In unreported tests, we examine how exposure to the opioid crisis in uences healthcare and pharma-
ceutical rms. We nd no signi cant results. It is possible that the bene ts, for example, from providing
treatments and services to people with opioid-related issues, o set with the litigation risks or weakened
employee productivity.

9YTS is owned by the Business Dynamics Research Consortium (BDRC) at the University of Wisconsin,
and is commonly used in the literature (see, for example, Campello, Gustavo, d'Almeida, and Kankanhalli
(2022) and Ghent (2021)).

20Yet, removing this restriction has no material impact on our results.
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Panel A of Table 3 reports the summary statistics of this sample, which has 21,998 rm-year
observations. 2!

Then we rerun our baseline regressions using the opioid exposure aggregated from estab-
lishments. As shown in Panel B of Table 3, the results are largely consistent with the baseline
results??> A one-standard-deviation increase in Death rafga., (6.606) is associated with a
0.023 (0.017) increase in NMFIS (SlopeD), corresponding to approximately 6% (4%) of the
standard deviation. The measures constructed using establishment-level data more compre-
hensively capture the overall exposure of rms to the opioid crisis, further demonstrating

the robustness of our results.

4 ldenti cation Strategy

4.1 Staggered Implementation of Prescription Drug Monitoring

Programs (PDMPSs)

Our baseline results may be subject to possible endogeneity issues, such as omitted variables.
For example, even though we include county-level macroeconomic variables in our regressions,
it is still plausible that local economic factors could a ect both the downside risks of local
rms and the drug use distortions of residents. To mitigate these concerns, we utilize the
staggered implementation of state-level Prescription Drug Monitoring Programs (PDMPSs)
as exogenous shocks, which aims to reduce opioid abuse and death. We then conduct a
staggered di erence-in-di erences (DID) test to identify the causal impact of the opioid
crisis on the downside risks.

PDMPs are state-level electronic databases designed to monitor and track the prescribing
and dispensing of controlled substances, with a speci c focus on prescription opioids. The

primary objective of PDMPs is to encourage responsible use of prescription drugs, to prevent

21The reduction in sample size is because not all of our sample rms have a valid establishment record in
the YTS database.
22The results also hold if we construct the death rate using establishment sales as weights.
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the abuse of prescription medications, and to improve patient safety. By providing physi-
cians with access to comprehensive and up-to-date information on the patient's prescription
history, physicians can refuse to give similar prescriptions if they assess that a patient may
be prone to opioid abuse, e ectively reducing the opioid crisis by minimizing the poten-
tial for misuse and abuse of opioids. The Prescription Drug Abuse Policy System provides
the implementation time of PDMPs in di erent states up to 20172® Figure 2 presents the
implementation time of PDMPs across states in the U.S.

Previous evidence indicates that PDMPs lead to fewer opioid pills prescribed (Surratt et
al. (2014) and Winstanley et al. (2018)), and could reduce opioid-related death rates (Cor-
naggia, Hund, Nguyen, and Ye (2022)). To con rm that the adoption of PDMPs e ectively
reduces the opioid-related death rate in our sample, we run the following county-year level

regression:
Death ratecy = + PDMPg, + Controls¢; 1+ FES + "¢y; (3)

wherePDMPg, is a dummy variable that equals one for years after the adoption of PDMP
for a state s. Controls.; ; are county-level control variables, including Log(Population),
Log(Per capita income), Population growth, and Employment growth. We include county
and year xed e ects and cluster the standard errors at the state level. As shown in col-
umn (1) of Table 4, the coe cient on PDMPg, is negative and signi cant. The e ect is
substantial, with a decrease in the Death rate of approximately 1.966 per 100,000 people, cor-
responding to a nearly 21% reduction of the county-level standard deviation (1.966/9.304),
indicating that the adoption of PDMPs e ectively reduces opioid-related death rates.

Next, we investigate the impacts of PDMPs implementation on rm downside risks by

running the following regression:

Downside riski; = + PDMPg. + Controlsjct 1+ FES+ "jt; (4)

23petailed information can be found at https://pdaps.org/datasets/pdmp-implementation-dates. For the
states with missing information, we manually search for the time of PDMPs implementation for our sample
period.
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whereDownside risk;. is the downside risk, proxied by NMFIS or SlopeD, for rmi in year
t. PDMPg, is a dummy variable that equals one after the year of adoption of the PDMP
for the rm i located in the states. We include all control variables from Table 2, and
remove rms that relocated their headquarters to other states during our sample peridd.
We include year and rm xed e ects and cluster standard errors at the state level. If the
adoption of PDMPs lowers rm downside risks by mitigating the local opioid crisis, should
be signi cantly negative.

The results are reported in Table 4. Columns (2) and (3) show that when the headquar-
ters states implement PDMPs, rms have lower downside risks. Speci cally, after PDMP
adoption, the rms' NMFIS decreases by 0.039, and SlopeD drops by 0.030, equivalent to
10% and 8% of the variables' standard deviations for NMFIS (0.039/0.391) and SlopeD
(0.030/0.359), respectively. We further control the lagged death rate in columns (4) and (5)
and nd similar results, though the magnitude decreases slightly. These ndings show that

there is a causal relationship between the opioid crisis and rm downside risks.

4.2 Alternative identi cation methods
4.2.1 Propensity score matching (PSM) method

Some rms headquartered in states with PDMPs may be very di erent from those head-
quartered in states without PDMPs, making treated rms not comparable to control rms.
Therefore, our documented results may be driven by the di erences between treated and
control rms. To address this concern, we use the propensity score matching (PSM) method
to match rms that experienced the implementation of PDMPs with those that did not

in our sample, based on key rm characteristics in the year preceding the shock, includ-

ing Log(Assets), Dividends/net income, Debt/assets, EBIT/assets, CapEx/assets, Book-to-

24\We remove 7% (311/4,412) of the rms from the main sample in this test.

25As a robustness check, we use the implementation of PDMPs as an instrumental variable (IV) for the
opioid crisis to identify the causal impact of the opioid crisis on downside risks. The IV results reported
in Appendix Table B3 are very similar. Note that the rst-stage regression in Table B3 is run at rm-level
while that in Table 4 is run at county-level.
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market, and Returns. We focus on an event window of ten years around the implementation
of PDMPs, including ve years prior to the adoption and the ve years following it. This
approach allows us to compare the downside risks of treated rms and control rms with
similar characteristics, before and after the introduction of PDMPs.

The results in Panel A of Table 5 show that the treated rms that experience PDMPs
have lower downside risks relative to similar peers, supporting the causal impact of exposure
to the opioid crisis on rm downside risks. In addition, we see no observable pre-existing
trends between the treatment and control groups in Figure 3. To mitigate concerns that
PDMPs a ect other fundamentals of the treated rms relative to control rms, which can
confound documented results, we replace downside risk measures by other rm fundamentals
and report the results in Panel B of Table 5. In contrast to the signi cant and negative
impacts of the PDMPs implementation on rm downside risks, we nd no signi cant change
in other rm fundamentals after the shocks.

When using staggered DiD methods to estimate static or dynamic treatment e ects,
signi cant biases may arise due to staggered treatment timing and treatment e ect hetero-
geneity (see Cengiz, Dube, Lindner, and Zipperer (2019) and Baker, Larcker, and Wang
(2022)). To mitigate these possible biases, we use stacked DiD regressions to check the ro-
bustness of our ndings. The core idea behind this approach is to construct event-speci c
datasets, where each event represents a cohort that includes both the treated group and
a clean control group that does not experience the shocks. We stack the event-specic
datasets together and estimate a DiD regression on the combined dataset, incorporating
dataset-speci ¢ rm-cohort and time-cohort xed e ects. The empirical speci cations are
aligned with those described in Section 4.1. For the stacked DID regressions, we restrict
the treated rms and their control rms to ten years around the PDMPs implementation.
We present these regression results in Appendix Table B4 and show that our documented

ndings are robust to the stacked DiD approach.
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4.2.2 Identi cation strategy using establishment-level data

Again, the implementation of PDMPs at headquarters state might not be highly relevant
to a rm's labor force, especially if its employees are widely spread across establishments in
di erent regions. We then aggregate the implementation of PDMPs in a rm's establishment
states to the rm-level and conjecture that when PDMPs cover most of a rm's establishment
or employees, we would see a signi cant change in the downside risks.

Speci cally, we assign a value of 1 to an establishment-year after the state of this estab-
lishment implemented the PDMPs, and zero otherwise. Next, for every year, we calculate the
rm-level PDMP coverage using both an equal-weighted average and an employee-weighted
average, with the latter weighted by the number of employees at each establishment.

We de ne a rm as e ectively covered by the PDMP when more than 80% of its estab-
lishments or employees are in states with PDMP implementation, setting the corresponding
pseudo PDMP dummy variable to 1; otherwise, the dummy variable is set to 0. We then
re-run the staggered DID regressions with the pseudo PDMP dummy. The results, presented
in Table 6, provide supporting evidence that our results are robust to this alternative way

to de ne PDMP implementation. 2°

5 Underlying Channels and Further Discussion

5.1 The opioid crisis, employee productivity, and corporate hiring

We next turn to identify the underlying mechanisms through which the exposure to opioid
crisis increases corporate downside risks. Human capital is regarded as the most crucial
asset for rms (Zingales (2000)). The opioid crisis could adversely a ect employees for at
least two main reasons. First, existing employees' health and productivity may be negatively

a ected by opioids. Employees addicted to opioid drugs have higher rates of absenteeism and

260ur results remain consistent when we apply alternative thresholds, including 75% and 67%, to de ne
the e ective coverage of PDMP.
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presenteeism, lowering productivity. Even if employees are not directly impacted by opioid
misuse, they may still be indirectly a ected if family members or others in their social
networks struggle with addiction, leading to distraction. Second, the opioid crisis could lead
to a shortage in the labor market and make it more di cult for rms to nd replacements
when there is a turnover of employees. As a result, higher exposure to the opioid crisis may
result in lower levels of labor productivity and increased labor adjustment costs associated
with higher demand in recruiting new employees, leading to heightened downside risks.

To explore this possibility, we rst examine how the rm's productivity is a ected by
its exposure to the opioid crisis. Following Flammer (2015), we de ne labor productivity
as the ratio of sales divided by the number of employees. A higher ratio indicates higher
labor productivity.2” Table 7 column (1) presents the results of whether the opioid crisis
lowers labor productivity. We nd a signi cant and negative coe cient, con rming our rst
conjecture that the exposure to opioid crisis lowers the productivity and the e ciency of
existing labor.

We next turn to whether rms respond to increased challenges caused by the opioid
crisis. If the productivity of existing labor decreases, a natural response is to recruit more
employees. To test this increased hiring hypothesis, we use job posting data from RavenPack
Job Analytics. The RavenPack Job Analytics database o ers job posting data starting from
August 2007. Thus, for the following tests in this section, we limit our sample to rm hiring
activities from 2008 to 2021. The database sources hiring information from over 50,000
employers and 200 million job postings all around the world. We obtain comprehensive
details on job postings, including company identi ers, job titles, positions, job descriptions,
and required skills.

First, we measure a rm's hiring intensity by calculating the industry-adjusted number
of job postings in yeart + 1 scaled by its number of employees in year (Job posting

ratio).Column (2) of Table 7 shows that a one-standard-deviation increase in the Death

2TFlammer (2015) points out that this variable has a highly skewed distribution with extreme values.
Therefore, in this regression, we follow Flammer (2015) and winsorize the variables at 5% and 95% levels.
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rate is associated with an increase of 0.037 in Job posting ratio, approximately 3% of the
variable's standard deviation. This nding is consistent with the increased hiring conjecture.
We further investigate how successful the rms are in hiring new employees. If the adverse
e ect of opioid abuse on the pool of labor, rms may nd it challenging to recruit new
employees. To test this, we measure the di culty in recruiting by the Unrecruited ratio,
which is the number of job postings remain un lled one year after the posting, divided
by the total number of job postings of each rm each year. We adjust the ratio by the
industry-year average. As shown in column (3), we document a positive and signi cant
association between the Death rate and the Unrecruited Ratio. This nding indicates that
higher opioid exposure is associated with a greater proportion of job postings that remain
un lled, suggesting heightened hiring frictions for rms operating in areas more severely
a ected by the opioid crisis.

One solution to overcome the local labor shortage and lower labor productivity caused
by the opioid crisis is to automate labor. Therefore, we further categorize posted jobs
into two types: non-IT jobs and IT jobs. We classify a job as computer-related if the job
position belongs to a computer occupation (SOC code: 15-1200), according to the label by
RavenPack?® The IT (non-IT) job posting ratio is de ned as the industry-adjusted number
of computer-related (non-computer-related) positions posted by a rm in year + 1 scaled
by the number of its employees in yeat.

The results in columns (4) and (5) of Table 7 show that both IT and non-IT job posting
ratios increase signi cantly when the companies are headquartered in a county with a higher
opioid-related death rate. The nding that rms recruit more IT-related talents to overcome
the labor shortage caused by the opioid crisis is consistent with Ouimet, Simintzi, and Ye
(2025). However, the signi cant increase in non-IT job postings shows that not all tasks can
be automated. Thus, even with machines or IT technology, rms may su er labor shortage

from the opioid crisis, and downside risks still increase.

2850C is the Standard Occupational Classi cation system from the U.S. Bureau of Labor Statistics (BLS).
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In summary, our ndings demonstrate that the opioid crisis signi cantly hampers em-
ployee productivity. Although a ected rms seek to address these challenges by hiring new
employees, including both IT and non-IT labor, their e orts are impeded by a reduced local
labor supply attributable to the crisis. As a result, the opioid epidemic adversely in uences

the rm and increase corporate downside risk by aggravating labor frictions.

5.2 Impact of labor characteristics

If the opioid crisis increases corporate downside risks by reducing labor productivity, the
results are likely to be more pronounced for rms with a high reliance on labor. CDC also
reports that the impact of the opioid crisis on employee health is more pronounced for rms
in labor-intensive industries, such as mining, construction, and manufacturirdg. To test this
conjecture, we re-examine the e ect of opioid exposure on rm downside results for labor-
intensive and non-labor intensive rms, respectively. Speci cally, we classify a rm's reliance
on labor according whether it belongs to a labor-intensive industry, including manufacturing
(SIC codes between 2000 and 3999), the construction (SIC codes between 1500 and 1799),
and the mining (SIC codes between 1000 and 1499) industries. Firms in labor-intensive
industries are classi ed as the \High Labor Intensity" group, while rms in other industries
are classi ed as the \Low Labor Intensity" group.

Table 8 presents the results. In the \High Labor Intensity” group, we observe that a
one-unit increase in Death rate (one more death per 100,000 people) corresponds to an
approximate 0.31-percentage-pointt{statistic = 3.88) increase in the NMFIS and a 0.23-
percentage-point {-statistic = 2.92) increase in the SlopeD, and these e ects are insigni cant
for the \Low Labor Intensity" group. We further show that the di erences in coe cients
between the two groups are statistically signi cant. Consistent with our argument that the
opioid crisis elevates downside risks through its adverse impact on labor, we document a

more pronounced e ect among labor-intensive industries.

2https://www.cdc.gov/niosh/mining/researchprogram/projects/project _OpioidAwarenessTrainingResources.
html and https://blogs.cdc.gov/niosh-science-blog/2021/09/14/opioids-in-construction.
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We also analyze the role of a rm's labor components on how the opioid crisis in uences
its downside risks. Not everyone is equally a ected by the opioid crisis. For example, males
are documented to be more severely a ected by the opioid crisis compared to females (CDC
(2024))3° Speci cally, men are more exposed to drug overdoses than women, including
opioid abuse. If opioid-exposed rms su er from low labor productivity and shortage, we
expect the e ects stronger among rms with more male employees. We split our sample rms
into two groups according to the proportion of male employeé$. Examining the impact of
the opioid crisis on downside risks for two subgroups separately, we nd, in Appendix Table
B5, a stronger result in the group of rms with a higher proportion of male employees. The
results, again, are consistent with the channel that the opioid crisis increases rm downside

risks by adversely a ecting labor productivity.

5.3 Impact of local labor supply

We have shown that as labor productivity is adversely a ected by the opioid crisis, rms
have the incentive to hire more employees. However, the costs of recruiting new employees
vary across regions with di erent labor market conditions. For example, in regions with a
high labor supply, hiring rms face fewer frictions and have more bargaining power against
the labor pool. Consequently, rms could quickly replace lower-productivity employees with
relatively lower costs. If so, the adverse impact of the opioid crisis can be largely mitigated.
As a consequence, we expect that the documented e ect should be stronger among rms
located in regions with a limited labor supply.

To measure the local labor supply, we de ne the labor force rate as the ratio of the labor
force to the total population of each county. Then we divide the sample rms into two

subsamples based on the labor supply at the headquarters county level. For each year, rms

30https://nida.nih.gov/research-topics/trends-statistics/overdose-death-rates. The National Institute on
Drug Abuse (NIDA) also indicates gender disparities in opioid-related deaths, with men being dispropor-
tionately a ected and having signi cantly higher death rates than women.

3lwe obtain the \Women Employees" measure from the Re nitiv database, calculated as the number of
women employees divided by the total number of company employees. The proportion of male employees is
calculated as (1 Women Employees).
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located in the county with a labor force rate below the median of our sample counties in
the same year are classi ed as \Low Labor Supply,” while the others are classi ed as \High
Labor Supply.” We repeat our baseline analysis for the two groups, respectively.

The results are presented in Table 9. We nd signi cant results for both groups, but the
e ect of the opioid crisis on rm downside risks is much stronger among rms headquartered
in counties with a lower labor supply. The di erences between the two groups are statistically
signi cant for both NMFIS and SlopeD measures. The ndings are consistent with our
conjecture and further support the labor channel through which the opioid crisis elevates

rm downside risks.

5.4 Possible confounding e ect of local economic conditions

We have shown that the opioid crisis increases rm downside risks by lowering labor pro-
ductivity and increasing labor market frictions. However, the worsening local economy due
to the opioid crisis could be another possible explanation. For example, when the local
economy weakens with the opioid crisis, rms will have less demand, leading to a higher
downside risk. This concern becomes more prominent if the major customers are located in
the same regions; thus, demand is directly reduced due to the opioid crisis. To rule out that
the weakened demand drives our results, we conduct two tests.

First, we classify rms into two groups based on the annual growth rate of GDP (Gross
Domestic Product) per capita of the headquarters countie¥. Speci cally, for each year,
we split our sample headquarters counties into two groups according to the median of the
GDP/capita growth rate. Counties with GDP growth rate above the median are "High
GDP Growth" counties, and others are "Low GDP Growth" counties. The rms are then
categorized into two subgroups according to the headquarters counties. We re-estimate our

baseline regression for each group of rms. As shown in Panel A of Table 10, regardless

32This measure is calculated by dividing the GDP of a county by its total population in a given year and
then taking the growth rate. The GDP and population data are obtained from the Bureau of Economic
Analysis (BEA). The sample period covers 2002 to 2020 due to GDP data availability.
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of the growth of the local economy, rms with higher exposure to the opioid crisis have
higher downside risks. These results suggest that local economic conditions are less likely
the underlying channel.

Second, we exclude our sample rms if any of the major customers are headquartered in
the same county, and repeat our analysis. Major customer data is obtained from Compustat
Segment data, which reports customers accounting for more than 10% of reventfe®Vhile
the sample size shrinks slightly, the magnitude of coe cients in Panel B of Table 10 is
very close to the baseline, indicating that our results are not driven by the possibly lower
demand of local customers. These two tests suggest that the alternative explanation that
the observed increase in rm downside risks is driven by worsening local economic conditions

may fail to explain our documented ndings.

6 Conclusion

Although several studies have examined the impact of the opioid crisis on rms, our study
makes the rst attempt to explore the relationship between the opioid crisis and the rm
downside risks implied by the option market. Using the opioid crisis as a negative shock to
labor productivity and the local labor market, we shed light on a broader question: How
does human capital, which is the most important asset of the rm, in uence rm risks?
Analyzing a large sample of U.S. public rms from 1999 to 2020, we nd a positive
association between rm exposure to the opioid crisis, measured by opioid death rates at
both headquarters and establishment counties, and downside risks. To establish causality, we
exploit the staggered implementation of state-level Prescription Drug Monitoring Programs
(PDMPs), which are designed to manage the opioid crisis and are largely exogenous to
local rms. Consistent with the panel regression results, We document that the adoption of

PDMPs leads to signi cant reductions in rm downside risks. Moreover, our study explores

33public rms are required by the Financial Accounting Standards Board (FASB) and the SEC to disclose
information about major customers who account for at least 10% of their annual total revenues.
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the labor channel underlying the negative e ect of the opioid crisis on rm downside risks.
We nd that the opioid crisis reduces rm labor productivity, and rms with larger opioid
exposures struggle to hire new employees despite the high corporate demands for human
capital. The impact of the opioid crisis on downside risks is also more prominent among
rms with higher labor intensity and lower labor supply.

Our study makes contributions to both academic literature and policy implications.
Firstly, we highlight the previously underexplored link between public health crises, labor
market disruptions, and corporate risks. This insight opens important avenues for further
research, particularly concerning other public health crises and their broader economic reper-
cussions. Furthermore, our ndings suggest that corporate managers should proactively as-
sess their rms' vulnerabilities to local public health crises and adopt strategies to maintain
workforce resilience. Policymakers, on the other hand, should recognize the value of e ective
public health interventions like PDMPs, which can help better prepare for future shocks,

fostering healthier communities and more resilient economies.
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