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Executive Summary
The opioid crisis in the United States is an ongoing public health emergency. In 2019, 49,900 people died
from opioid overdoses (Mattson et al. 2021). Preliminary estimates suggest elevated opioid overdose
deaths in the months following the onset of the COVID-19 pandemic. The Centers for Disease Control
and Prevention (CDC) reported 69,700 opioid overdose deaths in the 12-month period ending in
December 2020, an increase of 40 percent from 2019 (Baumgartner and Radley 2021).
A better understanding of how changing labor market conditions associated with the pandemic affected
opioid use can inform policies designed to alleviate the harms of future epidemics and pandemics that
lead to widespread closures of businesses, schools, and government entities. However, despite the
preliminary evidence of increased opioid use during the COVID-19 pandemic, it is not clear whether
changes in labor market conditions indeed led to an increase in opioid use. Ongoing trends in opioid use
and other factors potentially affected by the pandemic, such as access to physicians and elective medical
procedures, might be masking any direct effects of labor market conditions. The shock of the pandemic,
combined with geographic variation in the vulnerability to job loss due to the pandemic, provides an
opportunity to directly estimate the effects of changes in local labor market conditions on opioid use.
This study uses county-level data on employment
Opioid transactions
and opioid transactions from the first quarter of
We use this term in the report to be consistent
2018 to the fourth quarter of 2020. To tease out
with how the data we analyzed were collected.
the causal relationship between the changes in
Specifically, we analyzed data from the Drug
labor market conditions associated with the
Enforcement Administration’s Automated Reports
pandemic and opioid use, we implemented a
and Consolidated Ordering System (ARCOS).
quasi-experimental regression design that takes
ARCOS collects reports on legal transactions of
advantage of (1) the unexpected nature of the
controlled substances, including opioids, from
pandemic, and (2) cross-county variation in
drug manufacturers and distributers to hospitals,
industry composition, which leads to county-level
retail pharmacies, and medical providers.
variation in vulnerability to the effects of the
pandemic on the labor market. We first
constructed a measure of county-level vulnerability to job loss because of the pandemic. We then tested
whether counties with larger shares of jobs in the most vulnerable industries had a larger change in opioid
transactions after the pandemic relative to counties with lower shares of jobs in those industries. We
conducted an analysis of all counties and an analysis by region because data from the Quarterly Census of
Employment and Wages
(QCEW) suggest the pandemic
Main study findings
affected employment in
• The COVID-19 pandemic was a substantial shock to
different parts of the country
employment.
differently over time.
Our findings suggest that,
overall, reductions in
employment due to the
pandemic directly led to an
increase in legal opioid
transactions. Although legal
opioid transactions decreased
during the COVID-19 pandemic
Mathematica® Inc.

• The observed relationship between the employment rate and
legal opioid transactions is positive.

• Counties varied widely in their vulnerability to job loss due to the
pandemic.
• Worsening labor market conditions led to an increase in opioid
transactions relative to what they would have been in the
absence of the pandemic’s shock, though the magnitude of this
impact varied by geographic region
v
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overall, they decreased at a slower rate than before the onset of the pandemic. Using our estimation
strategy to isolate the relationship between employment changes and opioid transactions, we find that
worsening labor market conditions associated with the pandemic led to an increase in opioid transactions
relative to what they would have been in the absence of this shock. This increase is especially notable in
the Northeast and West regions.
Our findings have implications for early stages of future epidemics and pandemics that lead to widespread
closures of businesses, schools, and government entities. They indicate that locations more affected by a
contraction in employment might experience a sharper increase in opioid transactions even if those areas
are less affected by high caseloads of the disease, thus potentially increasing health emergencies related to
opioid misuse and putting stress on emergency medical providers.
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I. Introduction and Background
The opioid crisis in the United States is a public health emergency. In 2019, 49,900 people died from
opioid overdoses (Mattson et al. 2021). Death rates involving synthetic opioids, which consist mostly of
illicitly manufactured fentanyl—alone or combined with other drugs, including prescription opioids—
exploded in recent years, from 1.0 death per 100,000 people in 2013 to 11.4 deaths per 100,000 people in
2019.1 Despite a decline in opioid prescriptions from a peak of 81.3 dispensed per 100 persons in 2012,
prescription rates remain high, with 46.7 prescriptions dispensed per 100 persons in the United States in
2019; the opioid prescription rate remains above 70 prescriptions dispensed per 100 persons in Alabama
(85.8), Arkansas (80.9), Louisiana (74.6), Tennessee (74.6), and Kentucky (72.3) (CDC 2021).
Preliminary evidence suggests elevated drug overdose rates in the months following the onset of the
COVID-19 pandemic in the United States (Haley and Saitz 2020). For example, the CDC reported 69,700
drug overdose deaths in the 12-month period ending in December 2020, a 40 percent increase from 2019
(Baumgartner and Radley 2021). Emergency medical services related to opioid overdoses also increased
early in the pandemic (Slavova et al. 2020; Ochalek et al. 2020; Glober et al. 2020). Preliminary evidence
showed an increase in the use of cocaine, fentanyl, heroin, and methamphetamine during this period
(Wainwright et al. 2020). Individuals with opioid use disorders are also at a higher risk of increased
substance use during the pandemic, primarily because of obstacles to treatment (Mallet et al. 2021).
We hypothesize that the COVID-19 pandemic may have impacted opioid use among workers in the
United States through multiple channels, including employment-related ones. We also hypothesize that
the expected overall effect of the pandemic on opioid use is uncertain because some factors associated
with the pandemic may lead to increases in opioid use while others may lead to reductions. On one hand,
the spike in unemployment due to the pandemic might have led to an increase in opioid use if factors such
as job loss and reduced earnings impacted workers’ physical and mental health, causing increased use
among existing users and an increase in new users (Ahammer and Packham 2020; Carpenter et al. 2017;
Krueger 2017). On the other hand, having less income available to purchase legal or illicit drugs, and a
reduction in work injuries because of the economic contraction, might have decreased opioid use
(Hollingsworth at al. 2017; Savych et al. 2019). Loss of health insurance through employer-sponsored
plans might have also affected opioid use by decreasing access to prescription opioids (Hollingsworth et
al. 2017), though take-up of Medicaid during the downturn might have mitigated this effect (Bundorf et
al. 2021). Other factors not related directly to employment may have affected opioid use as well. For
example, pandemic-related restrictions might have limited access to prescribing physicians and elective
medical procedures that often lead to opioid prescriptions (Mehrotra et al. 2020; Ziedan et al. 2020).
A better understanding of how changing labor market conditions associated with the pandemic affected
opioid transactions can inform policies designed to alleviate the harms of future epidemics or pandemics
that lead to widespread closures of businesses, schools, and government entities. However, despite the
preliminary evidence of increased opioid use during the COVID-19 pandemic, it is not clear whether
changes in labor market conditions indeed led to an increase in opioid transactions. Ongoing trends in
opioid use and other factors mentioned above such as reduced access to physicians and elective medical
procedures might be masking any direct effects of labor market conditions on opioid use. The shock of
the pandemic, combined with geographic variation in the vulnerability to job loss due to the pandemic,
1

Mattson et al. (2021) calculated age-adjusted death rates by applying age-specific death rates to the 2000 U.S.
Census standard population age distribution.
Mathematica® Inc.
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provides an opportunity to directly estimate the effects of changes in local labor market conditions on
opioid use.
The U.S. Department of Labor’s (DOL) Chief Evaluation Office (CEO) contracted with Mathematica and
the University of Connecticut Health Center to generate new evidence on factors associated with opioid
use among workers. This study uses county-level data on employment and legal opioid transactions from
the first quarter (Q1) of 2018 to the fourth quarter (Q4) of 2020 to address the following research
question: How do unexpected changes in local labor market conditions affect opioid use?
To tease out the causal relationship between the change in labor market conditions associated with the
pandemic and opioid use, we implemented a quasi-experimental regression design that takes advantage of
(1) the unexpected nature of the pandemic; and (2) cross-county variation in industry composition, which
leads to county-level variation in vulnerability to the effects of the pandemic on the labor market. In brief,
we find that worsening labor market conditions associated with the pandemic led to an increase in legal
opioid transactions relative to what they would have been in its absence. This increase is especially
notable in the Northeast and West, which were more vulnerable to job loss due to the pandemic compared
to the North Central and South regions.
In the remainder of the report, we first describe the data and methods we used to conduct the analyses
(Chapters II and III). Chapter IV presents findings from the analyses and Chapter V summarizes the
implications of the findings and identifies research areas for future study. Appendices A and B provide
additional detail on analysis methods and tables containing supplemental results, respectively. Appendix
C includes results of sensitivity analyses.

Mathematica® Inc.
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II. Data
We conducted descriptive and regression analyses using multiple data sources. In combination, these data
sources provide measures of COVID-19 incidence, employment, opioid transactions, and the stringency
of state-imposed social distancing measures. We relied on data from three key sources: the Quarterly
Census of Employment and Wages (QCEW), the Automated Reports and Consolidated Ordering System
(ARCOS), and the COVID-19 Government Response Tracker.
Table 1 includes a description of each data source and the key measures we used for descriptive and
regression analyses. We used the QCEW to measure employment by industry at the county level. The
QCEW is derived from administrative data and is more complete than employment data from surveys.
We used ARCOS data to measure opioid transactions. The ARCOS data quantify legal opioid
transactions rather than opioid use. Ideally, we would be able to measure opioid use directly. Although
the ARCOS data do not provide a direct measure of opioid use, they should be capturing the amount of
opioid pills that are circulating and therefore available for consumption by the public. This includes any
portion of prescribed opioids that are ultimately used for nonmedical purposes, either by the patient for
whom they were prescribed or by other individuals. However, because ARCOS only covers legal opioid
transactions, we cannot capture the sale and illicit use of synthetic opioids and heroin, which have been
responsible for a substantial and growing share of opioid deaths in recent years (Baumgartner and Radley
2021). Hence, the findings from our analyses may not have captured the full extent of the impact of
changes in local labor market conditions due to the pandemic on opioid use.
Finally, we used the COVID-19 Government Response Tracker, developed and maintained by researchers
at the University of Oxford, to measure the stringency of state-level COVID-19 public health and safety
measures (Hale et al. 2021). The tracker is updated daily and includes composite measures that
conveniently summarize the various policies enacted over time in different locations.

Mathematica® Inc.
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Table 1. Data sources and measures
Source
QCEW. This data set contains the number of
jobs in a county, quarter, and industry. It is based
on state unemployment insurance records and
covers about 97 percent of all civilian
employment. We imputed suppressed values in
QCEW; see Appendix A for a detailed
description of the imputation procedure.

County- or statelevel measure
Total private sector
employment-topopulation ratio in
county

Periodicity
Quarterly:
2019 Q1 to
2020 Q4

Pre-pandemic share of 2019
jobs in industries most (average)
vulnerable to COVID19 in county

Type

Analyses

Continuous, Descriptive,
time varying quasiexperimental
Continuous, Descriptive,
constant
quasiexperimental

ARCOS. This data set includes the universe of
MME per capita in
transactions of the main controlled substances in county
the United States to points of sale or distribution
to consumers (e.g., hospitals, retail pharmacies,
medical providers). It contains the total grams of
each opioid type by three-digit ZIP code and
quarter. We converted all transactions to MME at
the county-quarter level.a

Quarterly:
2018 Q1 to
2020 Q4

Continuous, Descriptive,
time varying quasiexperimental

COVID-19 Government Response Tracker.
This database includes daily measures of
stringency of social distancing measures on a
discrete ordinal scale that differs by category
(Hale et al. 2021).

Quarterly:
2020 Q1 to
2020 Q4

Continuous, Descriptive,
both
sensitivity
constant
tests
and time
varying

State-level average
stringency of social
distancing measures

Notes: Population rates are calculated using estimates from the U.S. Census Bureau.
a We excluded methadone and buprenorphine from the analyses because they are used to treat opioid addiction. We
used conversion factors to standardize a gram of each opioid into MME. To map three-digit e codes to counties, we
built a three-digit ZIP code-to-county crosswalk using the Census Bureau’s crosswalk between counties and ZIP
Code Tabulation Areas—areas smaller than three-digit ZIP codes (U.S. Census Bureau n.d.). We used the share of a
three-digit ZIP code population living in a county as a weight to map ARCOS transactions to the county level.
ARCOS = Automated Reports and Consolidated Ordering System; MME = morphine milligram equivalents; QCEW =
Quarterly Census of Employment and Wages

Mathematica® Inc.
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III. Methods
The study objective was to understand how the shock to labor market conditions associated with the
COVID-19 pandemic impacted opioid transactions. Direct estimates of the observed relationship between
changes in employment and opioid transactions might be misleading for at least three reasons: (1) overall,
opioid transactions and employment both declined over the time spanning the onset of the pandemic; (2)
opioid transactions and employment could both be impacted by factors that are not measured in the data,
such as changes in access to medications and elective procedures; and (3) changes in opioid use could
have affected employment, leading to bias due to reverse causality.
To overcome these biases, our analytic approach takes advantage of the unexpected nature of the COVID19 pandemic and cross-county variation in industrial composition. The latter variation means counties
across the nation differ in their vulnerability to the effects of the pandemic on the labor market; counties
with higher shares of jobs in industries that are sensitive to the impacts will be more vulnerable than
counties with lower shares of such jobs. Specifically, we implemented a variation of a difference-indifferences (DiD) design. The classic DiD model compares the change in outcomes between two time
periods spanning a sudden policy change or event (in this case, the onset of the COVID-19 pandemic)
among two groups: one more affected by the change and one less affected by the change (Cameron and
Trivedi 2005). DiD models produce unbiased impact estimates when the two groups have similar trends
in the outcome measure before the sudden change.
Instead of splitting all counties into just two groups, as in the classic DiD model, we used QCEW data to
assign each county a measure of its vulnerability to job loss because of the pandemic. This measure is
equal to the average share of jobs in the industries most vulnerable to COVID-19 in the county in 2019;
this period avoids any interference of the pandemic in the calculation. Our model then tests whether
counties with larger shares of jobs in the most vulnerable industries had a larger change in opioid
transactions after the pandemic relative to counties with lower shares of jobs in those industries. If opioid
use increases in counties that are more vulnerable according to this measure relative to those that are less
vulnerable, we can attribute the increase to a decrease in county-level employment. We use county as our
unit of analysis because it is the smallest geographic area available in the QCEW, and we observe
considerable variation in industry composition across counties. Appendix A provides more details about
our estimation strategy.
Two assumptions must hold for this causal analysis to be valid. First, the differences in the effect of the
pandemic between counties with higher and lower industry vulnerability can only be due to the
pandemic’s impact on local job markets. That is, the county-level industry vulnerability measure cannot
be associated with any other pandemic-related changes that might affect opioid transactions, such as
government restrictions that might have reduced access to physicians who prescribe opioids. Second,
trends in opioid transactions before the onset of the pandemic must be similar across counties with
different levels of vulnerability (this is typically called the “parallel trends assumption”). In the next
chapter, where we summarize the results of our analyses, we also describe threats to our model
assumptions and provide evidence that suggests the assumptions have not been violated.

Mathematica® Inc.

5

COVID-19 and Opioid Transactions

IV. Results
In the following chapter, we present a variety of results. In brief, we show that:
•

The COVID-19 pandemic was a substantial shock to employment.

•

The observed relationship between the employment rate and legal opioid transactions is positive.

•

Counties varied widely in their vulnerability to job loss due to the pandemic.

•

Worsening labor market conditions led to an increase in opioid transactions relative to what they
would have been in the absence of the pandemic’s shock, though the magnitude of this impact varied
by geographic region.

A. Descriptive statistics
The COVID-19 pandemic was associated with a substantial decline in employment beginning in Q2 of
2020 (Figure 1). Nationally, average county-level employment declined by 9.3 percent in Q2 of 2020
compared with the same quarter in 2019, though rates of decline varied widely by county. The sharp
employment declines in Q2 of 2020 are reflected in the darker colors in that period compared to Q1 of
2020. The employment rates relative to 2019 improved in the Q3 and Q4 of 2020 but still represented
much lower rates compared to the same quarters in 2019.
An examination of national and county-level trends in opioid transactions suggests a positive relationship
with employment because both employment and opioid transactions declined in Q2 of 2020. Opioid
transactions declined slightly in the period before the pandemic, but the rate of decline slowed in 2020
(Figure 2). The trend in MME per capita is different for methadone and buprenorphine, which are used
primarily to treat opioid use disorders. For those opioids, MME per capita increased from 106.3 to 123.0
over our study period. Considering all other opioids in the ARCOS data except methadone and
buprenorphine, quarterly MME per capita declined by 14.6 percent in 2019 and 8.2 percent in 2020, on
average, compared with the previous year. MME per capita declined in 97.2 percent of counties in the Q2
of 2020 (Figure 3). 2

2

Appendix Table B.1 includes summary statistics before and after the onset of the COVID-19 pandemic for our
industry vulnerability measure, positive COVID-19 cases per 100,000 individuals, private sector employment per
capita, and opioid transactions per capita.
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Figure 1. County-level, year-on-year changes in private sector employment, Q1 of 2020 to Q4 of 2020

Notes:

This figure shows average changes in employment ratios in 2020 in relation to the same quarter in 2019. The employment ratio is defined as total private
sector employment in a county divided by the county’s population age 15 or older. The sharp declines in employment in Q2 of 2020 are reflected in the
darker colors in that period compared to Q1 of 2020.

Source: Authors’ analysis of employment data from the Quarterly Census of Employment and Wages and population estimates from the Census Bureau. Data
used to generate this figure are available in a supplemental Excel file.

Mathematica® Inc.
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Figure 2. Trends in opioid transactions by drug type, Q1 of 2018 to Q4 of 2021

Notes:

This figure shows trends in mean MME per capita by county and quarter based on opioid transactions in
the Automated Reports and Consolidated Ordering System data. Total MME is calculated based on
transactions in the Automated Reports and Consolidated Ordering System. MME per capita is defined as
total MME in a county divided by the county’s population age 15 or older. The opioids include codeine,
fentanyl, hydrocodone, hydromorphone, meperidine, morphine, oxycodone, and oxymorphone, but not
methadone or buprenorphine. We excluded those because they are used primarily to treat opioid use
disorders.
MME = morphine milligram equivalents
Source: Authors’ analysis of data on opioid transactions from the Automated Reports and Consolidated Ordering
System.

Mathematica® Inc.
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Figure 3. County-level changes in opioid transactions from Q2 of 2019 to Q2 of 2020

Notes:

The figure shows average changes in MME per capita in Q2 of 2020 in relation to the same quarter in 2019.
In most counties, MME per capita declined between those quarters; the change ranged from a decline of
32.1 MME per capita to an increase of 32.3 MME per capita. The darkest color in the color scale indicates
that a county had an increase. The rest of the color scale indicates levels of decline, where the lightest
color indicates the largest decline and darker colors indicate smaller declines. MME per capita is defined as
total MME in a county divided by the county’s population age 15 or older. Total MME is calculated based on
transactions in the Automated Reports and Consolidated Ordering System data of the following drugs:
codeine, fentanyl, hydrocodone, hydromorphone, meperidine, morphine, oxycodone, and oxymorphone.
MME = morphine milligram equivalents
Source: Authors’ analysis of data on opioid transactions from the Automated Reports and Consolidated Ordering
System. Data used to generate this figure are available in a supplemental Excel file.

Mathematica® Inc.
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B. Industry vulnerability measure
As described in Chapter III, our modified DiD model relies on a pre-pandemic measure of county-level
industry vulnerability to the COVID-19 pandemic. We defined vulnerable industries as those that had an
overall employment drop larger than 10 percent in Q2 of 2020 relative to the same quarter in 2019,
indicating they were the most affected by the pandemic. The vulnerable industries include arts,
entertainment, and recreation; accommodation and food services; other services, excluding public
administration; mining; administrative and waste services; retail trade; and educational services. The
industry vulnerability measure for a county is equal to the proportion of jobs in these industries out of all
private sector jobs in the county (see Appendix A for more details).
The average industry vulnerability in our sample is 0.38, which means that in 2019, on average, counties
had 38 percent of private sector jobs in the industries most vulnerable to the COVID-19 pandemic. The
industry vulnerability measure ranged from 0.02 to 0.95, with the median equal to 0.38 (Figure 4).
According to this pre-pandemic measure, the West and Northeast were the regions most vulnerable to job
loss because of the COVID-19 pandemic, with industry vulnerabilities of 0.44 and 0.40, respectively.
Arizona, Hawaii, and Nevada were the most vulnerable states, along with the District of Columbia, and
had more than half the jobs in the industries most vulnerable to the pandemic.

Figure 4. Pre-pandemic industry vulnerability, by county, 2019

Notes:

The figure shows county-level industry vulnerability by quintiles, with darker colors indicating higher
vulnerability. The first quintile includes the 20 percent of counties with the lowest industry vulnerability
based on our measure, which ranges from 0.02 to 0.29 among counties in this quintile. The fifth quintile
includes the 20 percent of counties with the highest industry vulnerability based on our measure, which
ranges from 0.45 to 0.95 in this quintile.

Source: Authors’ analysis of employment data from the Quarterly Census of Employment and Wages. Data used to
generate this figure are available in a supplemental Excel file.
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The industry vulnerability measure indeed captures only the employment changes that are attributed to the
pandemic. As shown in Appendix Figure A.1, this measure is correlated with changes in employment
after but not before the pandemic. However, a threat to our causal model is if other factors that are
associated with industry vulnerability and are specific to the pandemic affected opioid use. For example,
if pandemic-related restrictions were more stringent in higher vulnerability counties relative to lower
vulnerability counties, reduced access to physicians may decrease opioid prescriptions, or increased
isolation may result in increased stress leading to opioid use. These confounding relationships would
cause our estimates to either under- or overstate the impact of employment changes on opioid use.
Andersen et al. (2021) argue there is no evidence that pandemic-related restrictions had effects that
differed by county based on the share of nonessential workers. Similarly, we would not expect these
policies to have effects that differed by county based on our vulnerability measure. Nevertheless, we
conduct an empirical test, described below, to check for correlation between the industry vulnerability
measure and social distancing policies.
We used data from the COVID-19 Government Response Tracker to estimate the Pearson correlation
coefficient between industry vulnerability and the average stringency of social distancing policies in the
post-pandemic period in the second, third, and fourth quarters of 2020. We find small correlations,
ranging from -0.34 to 0.33, between our measure and a variety of social distancing policies (Table 2).
While the correlation coefficients in Table 2 do not indicate a clear relationship between industry
vulnerability and social distancing measures, we also tested the robustness of our results to the addition of
controls for stringency of select social distancing measures, and find estimates that are very similar to our
main estimates (see Appendix C).

Table 2. Correlation between state average industry vulnerability and stringency of state-level
social distancing measures during the COVID-19 pandemic
Correlation with state average industry vulnerability
(Pearson correlation coefficient)
School closing

-0.34

Workplace closing

0.04

Cancelled public events

0.06

Restrictions on gatherings

-0.10

Closed public transport

0.01

Stay-at-home requirements

0.33

Restrictions on internal movement

0.18

International travel controls

0.23

Notes:

Stringency of social distancing measures is measured on a discrete ordinal scale that differs by category.
For example, school closing measures are coded on a scale from 0 through 3, where 0 = no measures; 1 =
recommend closing or all schools open with alterations resulting in significant differences compared to nonCOVID-19 operations; 2 = require closing (only some levels or categories; e.g., just high school or just
public schools); and 3 = require closing all levels. The COVID-19 Government Response Tracker provides
a daily measure of stringency, and we take an average over all of the days in the second, third, and fourth
quarters of 2020. State average industry vulnerability is a population-weighted mean of county industry
vulnerability. Statistically significant estimates (p<0.05) are in bold.

Source: Authors’ analysis of data from the Quarterly Census of Employment and Wages and the COVID-19
Government Response Tracker.
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Another threat is to the parallel trends assumption, which requires that trends in opioid transactions before
the onset of the pandemic be similar across counties with different levels of vulnerability. This
assumption would be violated if pre-pandemic trends in opioid transactions differed systematically
between counties with high and lower vulnerability measures. In section C, below, we present the results
of an event study analysis that further tests the parallel trends assumption.3

C. Quasi-experimental analysis
1.

Main results and regional variation

Our main quasi-experimental model is a variation on the classic DiD model. Instead of splitting all
counties into just two groups with high and low industry vulnerability to job loss because of the
pandemic, we assign each county a precise measure of its industry vulnerability. Our model then tests
whether counties with larger shares of jobs in the most vulnerable industries had a larger change in opioid
transactions after the pandemic relative to counties with lower shares of jobs in those industries. Results
from this model indicate that a 10-percentage point increase in industry vulnerability was associated with
a 0.16 MME increase in opioid transactions (Table 3, Column 1). To put this estimate in perspective, a 10
-percentage point increase in industry vulnerability from 35 to 45 percent would move a county from the
third quintile of the distribution of the industry vulnerability measure to the fourth quintile. However, this
estimate for the effect of industry vulnerability on opioid transactions is not statistically significant.
The results from our main model cannot statistically validate the existence of a causal relationship
between industry vulnerability and opioid transactions. However, our main estimate might be imprecise
due to regional variation in the impact of the pandemic on employment, which varied by region over time.
In particular, the pandemic had a major early effect on employment in the West and Northeast (see
Figure 4). We might therefore expect to observe differences in impact estimates across regions. To test for
differences by region, we implemented a variant of our model that allowed us to estimate impact
estimates by region. The regional estimates (Table 3, Column 2) indicate that high-vulnerability counties
in the Northeast and West indeed had larger increases in opioid transactions than high-vulnerability
counties in the North Central and South regions. (We obtained similar results when we ran our main
model separately by region.) Specifically, the estimates show that an increase of 10 percentage points in
the share of jobs in vulnerable sectors in a county in the Northeast increased the MME per capita by 2.99
post-pandemic. The same increase in the vulnerability measure in a county in the West increased the
MME per capita by 0.94 post-pandemic.
The regional estimates suggest modest increases in MME per capita in vulnerable counties in the
Northeast and West regions. However, the impact of pandemic-related job loss on opioid transactions
among opioid users might be substantial, especially in the Northeast. The CDC estimates that about 4.3
percent of the population fills an opioid prescription in each quarter, and the average prescription contains
873 MME (CDC 2018). Adjusting our measure of change in MME per capita to estimate MME per
opioid user translates to an increase in MME of 69.4 (or 8 percent of a single prescription) among those
who fill at least one opioid prescription in a single quarter.
3

An event study analysis tests for differences in the outcomes between treated and untreated units, over multiple
time periods before and after the initiation of the treatment. In the case of our model, the test is between counties
with higher and lower levels of industry vulnerability to the COVID-19 pandemic, and the onset of the pandemic in
March 2020 marks the beginning of the post-treatment period. The event study analysis offers evidence on whether
trends in the outcome are different between treated and untreated units before and after the onset of the treatment.
Mathematica® Inc.
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Table 3. The effect of industry vulnerability on opioid transactions during the COVID-19 pandemic:
estimates from main and regional models

COVID* Industry Vulnerability

(1)

(2)

Main results: MME per
capita

Regional results: MME per
capita

0.16
(0.144)
2.99

COVID* Industry Vulnerability: Northeasta

(0.781)
0.35

COVID* Industry Vulnerability: Southa

(0.260)
0.94

COVID* Industry Vulnerability: Westa

(0.294)
-0.63

COVID* Industry Vulnerability: North Centrala
Mean

(0.238)
111.51

Mean (Northeast)

107.33

Mean (South)

125.68

Mean (West)

111.17

Mean (North Central)
Observations
Notes:

93.43
37,692

37,692

Column 1 shows the results of a pooled difference in differences regression estimating how industry
vulnerability affects the impact of the COVID-19 pandemic on MME per capita and column 2 shows the
results of a triple difference-in-differences regression estimating how industry vulnerability affects the
impact of the COVID-19 pandemic on MME per capita across regions. The regression uses a continuous
measure of industry vulnerability that ranges from zero to one and includes county and year-quarter fixed
effects. Coefficients represent the post-pandemic change in MME per capita associated with a 10percentage point increase in industry vulnerability (a similar change could move a county from the third into
the fourth quintile of the distribution of the vulnerability measure). Standard errors are clustered at the
county level. Statistically significant estimates (p<0.05) are in bold.

a These

coefficients are interpreted as the DiD estimates within each region, which we obtained by combining the
coefficients from interaction terms in the triple DiD regression.

MME = morphine milligram equivalents
Source:

Authors’ analysis of data from the Automated Reports and Consolidated Ordering System and the
Quarterly Census of Employment and Wages.
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2.

Event study analysis

We also present an event study analysis to test the parallel trends assumption. This analysis tests for
differences in the outcome between treated and untreated units over multiple time periods before and after
initiation of the treatment. In the case of our model, the test is between counties with higher and lower
levels of industry vulnerability to the COVID-19 pandemic, and the onset in March 2020 marks the
beginning of the post-treatment period. For our causal model to be valid, trends in opioid transactions
before the onset of the pandemic must be similar across counties with different levels of vulnerability.
Figure 5 plots estimates of the impact of industry vulnerability on opioid transactions for each quarter in
our data (see Appendix A for details on how we implemented the event study analysis). In the prepandemic period (Q1 of 2018 through Q1 of 2020), statistically significant estimates or a consistent
pattern of estimates would indicate that trends in opioid transactions differed systematically by industry
vulnerability already before the pandemic; this would be a violation of the parallel trends assumption.
Figure 5 plots estimated coefficients with 95 percent confidence intervals. In the pre-pandemic period
(prior to Q2 of 2020), the confidence intervals of all coefficients except Q3 of 2019 include zero and are
not statistically significant. The lack of statistically significant pre-pandemic coefficients, combined with
the lack of a clear pattern in those coefficients, suggests the parallel trends assumption is not violated and
our causal model is valid. In the post-pandemic period, we find statistically significant coefficients in Q2
and Q3 of 2020, but not in Q4.

Figure 5. Event study plot

Notes:

This figure shows the estimated coefficients of an event study model estimating how different levels of
industry vulnerability affect MME per capita before and during the COVID-19 pandemic. The regression
includes county fixed effects, and the omitted category is Q1 of 2020. The bars show the 95 percent
confidence interval of the point estimates. Standard errors are clustered at the county level.

MME = morphine milligram equivalents
Source: Authors’ analysis of data from the Automated Reports and Consolidated Ordering System and the Quarterly
Census of Employment and Wages.
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3.

Sensitivity tests

We conducted several sensitivity tests to determine the impact of our design choices on the estimates
presented in this chapter. See Appendix C for descriptions of our sensitivity analyses and their results. In
summary, we find our estimates are robust to a variety of alternative specifications, including:
•

Adding controls for state-level social distancing requirements to both our main and regional
models. For this test, we added controls for two state-level measures of the stringency of social
distancing measures and observed how our estimates changed. We found similar estimates to our
main results, presented in Table 3, which suggests our estimates were unlikely to be biased by
correlation between the industry vulnerability measure and social distancing measures that might also
affect opioid transactions (Appendix Table C.1).

•

Pooled (non-regional) analysis using two-stage least squares (2SLS) rather than our modified
DiD model, with industry vulnerability as an instrument for employment change. We used an
instrumental variables (IV) method to directly include a measure of change in employment as the
regressor of interest in a model of changes in opioid transactions. We find estimates suggesting an
increase in opioid transactions in counties that experienced more job loss, supporting our assertion
that we can attribute our estimates of the impact of changes in industry vulnerability to changes in
employment (Appendix Table C.2).

•

Using two different binary measures of industry vulnerability rather than a continuous
measure in a DiD model. In both our main and regional analyses, we find that estimates derived
from traditional DiD models using binary measures for high and low industry vulnerability are very
similar to our main estimates, and confirm that the continuous measure of industry vulnerability
performs similarly to a traditional DiD treatment measure (Appendix Table C.3).

•

Repeating our analysis using only non-tradeable industries in construction of the industry
vulnerability measure. This variation tests the robustness of our estimates to our choice of all
industries to include in the vulnerability measure, and we find very similar estimates in both our main
and regional analyses to our main estimates reported in Table 3 (Appendix Table C.4).
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V. Conclusions
Overall, legal opioid transactions decreased during the COVID-19 pandemic, though more slowly than
they had been decreasing before Q2 of 2020. However, we find that worsening labor market conditions
associated with the pandemic led to an increase in legal opioid transactions relative to what they would
have been in the absence of this shock. This increase is especially notable in the Northeast and West,
which were more vulnerable to job loss due to the pandemic compared to the North Central (Midwest)
and South regions.
Our findings have implications for early stages of future epidemics and pandemics that lead to widespread
closure of businesses, schools, and government entities. COVID-19 has demonstrated that pandemics can
create a variety of health-related emergencies that are not directly caused by the infectious disease itself.
For example, the pandemic led to declines in use of preventive and elective medical care (Czeisler et al.
2020), likely declines in mental health and wellbeing (Pfefferbaum and North 2020), and an increase in
opioid overdoses (Ochalek et al. 2020). Our findings indicate that locations more affected by a pandemiccaused employment contraction might present a sharper increase in opioid transactions, thus potentially
increasing health emergencies and putting further stress on emergency medical providers.
A key limitation of our study is that we only measure the employment-related effects of the pandemic on
legal opioid transactions. Although legal transactions are likely to be strongly correlated with both
medical and nonmedical opioid use as well as overdoses (Modarai et al. 2013), our analysis might be
underestimating the effect on overall opioid use because we cannot measure illicit use, which is
responsible for a substantial and growing share of opioid deaths in recent years (Baumgartner and Radley
2021). Furthermore, while we find that changes in local labor markets affected opioid transactions, we
cannot isolate the precise mechanisms that combine to generate this effect. As we outlined in Chapter I,
declines in employment might increase opioid use via several channels, including the impact of job loss
and reduced earnings on workers’ physical and mental health, having less income available to purchase
opioids, and having fewer work injuries. These possible mechanisms imply both positive and negative
impacts on opioid use following declines in employment. Overall, however, our findings suggest that
worsening labor market conditions will lead to increased opioid transactions.
There are several opportunities to expand on this work to gain a more comprehensive understanding of
the relationship between job loss related to the COVID-19 pandemic and opioid use. First, we could
examine the impact of the pandemic on opioid transactions over a longer time horizon as more ARCOS
data become available from 2021 and down the road. Second, we could explore different geographic units
of analysis, such as Metropolitan Statistical Area (MSA) or states, which might enable us to measure
different opioid use-related outcomes like overdoses, deaths, emergency department visits, or calls to
poison control centers. Finally, we could measure buprenorphine and methadone transactions as outcomes
to observe the relationship between local job loss and the availability of medication-assisted treatment
(MAT) for opioid use disorder.

Mathematica® Inc.

16

COVID-19 and Opioid Transactions

References
Ahammer, Alexander, and Analisa Packham. “Dying to Work: Effects of Unemployment Insurance on
Health.” National Bureau of Economic Research Working Paper 27267. Cambridge, MA: National
Bureau of Economic Research, 2020.
Baumgartner, Jesse, and David Radley. “The Drug Overdose Toll in 2020 and Near-Term Actions for
Addressing It.” To the Point (blog), July 15, 2021, updated Aug. 16, 2021. Available at:
https://doi.org/10.26099/gb4y-r129.
Bundorf, M. Kate, Sumedha Gupta, and Christine Kim. “Trends in US Health Insurance Coverage During
the COVID-19 Pandemic.” JAMA Health Forum, vol. 2, no. 9, 2021, pp. e212487–e212487
Cajner, Tomaz, Leland Crane, Ryan Decker, John Grigsby, Adrian Hamins-Puertolas, Erik Hurst,
Christopher Kurz, and Ahu Yildirmaz. “The U.S. Labor Market during the Beginning of the
Pandemic Recession.” National Bureau of Economic Research Working Paper 27159. Cambridge,
MA: National Bureau of Economic Research, 2020.
Cameron, Adrian Colin, and P.K. Trivedi. Microeconometrics: Methods and Applications. New York:
Cambridge University Press, 2005.
Carpenter, Christopher S., Chandler B. McClellan, and Daniel I. Rees. “Economic Conditions, Illicit Drug
Use, and Substance Use Disorders in the United States.” Journal of Health Economics, vol. 52, 2017,
pp. 63–3.
Centers for Disease Control and Prevention. “U.S. Opioid Dispensing Rate Maps | Drug Overdose | CDC
Injury Center.” 2021. Available at https://www.cdc.gov/drugoverdose/rxrate-maps/index.html.
Accessed July 29, 2021.
Centers for Disease Control and Prevention. “2018 Annual Surveillance Report of Drug-Related Risks
and Outcomes – United States.” Atlanta, GA: Centers for Disease Control and Prevention, U.S.
Department of Health and Human Services, August 31, 2018. Available at
https://www.cdc.gov/drugoverdose/pdf/pubs/2018-cdc-drug-surveillance-report.pdf. Accessed
October 27, 2021.
Czeisler, Mark E., Kristy Marynak, Kristie E.N. Clarke, Zainab Salah, Iju Shakya, JoAnn M. Thierry,
Nida Ali, Hannah McMillan, Joshua F. Wiley, Matthew D. Weaver, Charles A. Czeisler, Shantha
M.W. Rajaratnam, Mark E. Howard. 2020. “Delay or Avoidance of Medical Care Because of
COVID-19–Related Concerns – United States, June 2020.” Centers for Disease Control and
Prevention Morbidity and Mortality Weekly Report, vol. 69, 2020, pp. 1250–1257.
Forsythe, Eliza, Lisa B. Kahn, Fabian Lange, and David Wiczer. 2020. “Labor Demand in the Time of
COVID-19: Evidence from Vacancy Postings and UI Claims.” Journal of Public Economics, vol.
189, 2020.
Glober, Nancy, George Mohler, Philip Huynh, Tom Arkins, Dan O’Donnell, Jeremy Carter, and Brad
Ray. 2020. “Impact of COVID-19 Pandemic on Drug Overdoses in Indianapolis.” Journal of Urban
Health, vol. 97, no. 6, 2020, pp. 802–807.
Hale, Thomas, Noam Angrist, Rafael Goldszmidt, Beatriz Kira, Anna Petherick, Toby Phillips, Samuel
Webster, Emily Cameron-Blake, Laura Hallas, Saptarshi Majumdar, and Helen Tatlow. “A Global
Panel Database of Pandemic Policies (Oxford COVID-19 Government Response Tracker).” Nature
Human Behaviour, vol. 5, 2021, pp. 529–538

Mathematica® Inc.

17

COVID-19 and Opioid Transactions

Haley, Danielle F., and Richard Saitz. “The Opioid Epidemic During the COVID-19 Pandemic.” Journal
of the American Medical Association, vol. 324, no. 16, 2020, pp. 1615–1617.
Hollingsworth, Alex, Christopher J. Ruhm, and Kosali Simon. “Macroeconomic Conditions and Opioid
Abuse.” Journal of Health Economics, vol. 56, 2017, pp. 222–33.
Krueger, Alan B. “Where Have All the Workers Gone? An Inquiry into the Decline of the U.S. Labor
Force Participation Rate.” Brookings Papers on Economic Activity, vol. 2, 2017, pp. 1–87.
Kurmann, Andre, Etienne Lale, and Lien Ta. “The Impact of Covid-19 on US Employment and Hours:
Real-Time Estimates with Homebase Data.” 2020. Available at: 1588687497-hbdraft0504.pdf.
Accessed October 27, 2021.
Mallet, Jasmina, Caroline Dubertret, and Yann Le Strat. “Addictions in the COVID-19 Era: Current
Evidence, Future Perspectives a Comprehensive Review.” Progress in Neuro-Psychopharmacology
and Biological Psychiatry, vol. 106, March 2021.
Mattson, Christine L., Lauren J. Tanz, Kelly Quinn, Mbabazi Kariisa, Priyam Patel, and Nicole L. Davis.
“Trends and Geographic Patterns in Drug and Synthetic Opioid Overdose Deaths – United States,
2013–2019.” Morbidity and Mortality Weekly Report, vol. 70, no. 6, 2021, pp. 202–207.
Mehrotra, Ateev, Michael Chernew, David Linetsky, Hilary Hatch, and David Cutler. “The Impact of the
COVID-19 Pandemic on Outpatient Visits: A Rebound Emerges | Commonwealth Fund.” New York,
NY: The Commonwealth Fund, May 19, 2020. Available at
https://www.commonwealthfund.org/publications/2020/apr/impact-covid-19-outpatient-visits.
Accessed October 27, 2021.
Modarai, F., K. Mack, P. Hicks, S. Benoit, S. Park, C. Jones, S. Proescholdbell, A. Ising, and L. Paulozzi.
“Relationship of opioid prescription sales and overdoses, North Carolina.” Drug and alcohol
dependence, vol. 132, no. 1-2, 2013, pp. 81–86.
Ochalek, Taylor A., Kirk L. Cumpston, Brandon K. Wills, Tamas S. Gal, and F. Gerard Moeller. 2020.
“Nonfatal Opioid Overdoses at an Urban Emergency Department During the COVID-19 Pandemic.”
Journal of the American Medical Association, vol. 324, no. 16, pp. 1673–1674.
Pfefferbaum, Betty, and Carol S. North. 2020. “Mental health and the Covid-19 pandemic.” New England
Journal of Medicine, vol 383, no. 6, pp. 510–512.
Savych, Bogdan, David Neumark, and Randall Lea. “Do Opioids Help Injured Workers Recover and Get
Back to Work? The Impact of Opioid Prescriptions on Duration of Temporary Disability.” Industrial
Relations: A Journal of Economy and Society, vol. 58, no. 4, 2019, pp. 549–590.
Slavova, Svetla, Peter Rock, Heather M. Bush, Dana Quesinberry, and Sharon L. Walsh. “Signal of
Increased Opioid Overdose During COVID-19 from Emergency Medical Services Data.” Drug and
Alcohol Dependence, vol. 214, September 2020. Available at
https://doi.org/10.1016/j.drugalcdep.2020.108176. Accessed December 9, 2021.
U.S. Census Bureau. “Zip Code Tabulation Area (ZCTA) Relationship Files.” n.d. Available at
https://www.census.gov/geographies/reference-files/time-series/geo/relationshipfiles.html#par_textimage_674173622. Accessed September 1, 2020.
Wainwright, Jacob J., Meriam Mikre, Penn Whitley, Eric Dawson, Angela Huskey, Andrew Lukowiak,
and Brett P. Giroir. “Analysis of Drug Test Results Before and After the US Declaration of a National
Emergency Concerning the COVID-19 Outbreak.” Journal of the American Medical Association, vol.
324, no. 16, 2020, pp. 1674–1677.

Mathematica® Inc.

18

COVID-19 and Opioid Transactions

Ziedan, Engy, Kosali I. Simon, and Coady Wing. “Effects of State COVID-19 Closure Policy on NonCOVID-19 Health Care Utilization.” National Bureau of Economic Research Working Paper 27621.
Cambridge, MA: National Bureau of Economic Research, 2020. Available at
https://www.nber.org/papers/w27621.pdf. Accessed December 9, 2021.

Mathematica® Inc.

19

COVID-19 and Opioid Transactions

Appendix A: Methods
In the following sections, we describe the procedure we use to impute missing values in the Quarterly
Census of Employment and Wages (QCEW) and our quasi-experimental estimation strategy.

Imputation procedure for missing values in QCEW
The QCEW suppresses total employment at the county-industry-quarter level when an employer could
potentially be identified by the number of jobs in a county-industry, though state-industry level
employment is always reported. To impute employment for missing county-industry cells, we imputed
employment based on residual employment at the state level using the number of establishments in a
county as weights and implementing the following steps:
1. Using the QCEW at the state-quarter level, compute total employment by state and industry (
StateIndEmp ).
2. Using the QCEW at the county-quarter level, compute the state total employment for disclosed cells
and number of establishments in suppressed cells by summing them within each state and industry (
StateIndEmpDisclosed and StateIndEstablishmSuppressed ).
3. Subtract the total employment from disclosed counties from the state total employment to obtain the
number of jobs in each state and industry that is not disclosed at the county level:

StateIndEmpRemainder
= StateIndEmp − StateIndEmpDisclosed
4. Divide the number of undisclosed jobs by the total number of suppressed establishments in the state
and industry:

IndEmpByEstablishmSuppressed =

StateIndEmpRemainder
StateIndEstablishmSuppressed

5. For each industry, assign undisclosed jobs to counties based on the number of establishments with
suppressed values in each county by multiplying the number of suppressed jobs per suppressed
establishment (from Step 3) and the number of establishments in the county (from Step 2):

CountyIndEmpImpute = IndEmpByEstablishmSuppressed * CountyNumberEstablishments

Quasi-experimental estimation strategy
We used a variation of a difference-in-differences (DiD) design. For our main model, rather than splitting
our study sample into two groups, we constructed a continuous measure of county-level vulnerability to
job loss because of the pandemic. This measure is equal to the average share of private sector jobs in the
industries most vulnerable to COVID-19 in each county c in 2019. We use only private sector jobs
because, due to confidentiality concerns, the number of public sector jobs is more likely to be censored at
the county-industry level. Over our study period from 2018 through 2020, 54.2 percent of public sector
jobs was missing in the QCEW. This period avoids any interference of the pandemic in the calculation.
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1.

Industry vulnerability measure

We defined the share of jobs in the industries most vulnerable to COVID-19 in a county c as:

IndustryVc =

∑

employment jc 2019

j∈vulnerable

∑ employment
j

jc 2019

We defined vulnerable sectors as those that experienced an overall employment drop larger than 10
percent in Q2 of 2020 relative to the same quarter in 2019. The industries include arts, entertainment, and
recreation (NAICS 71); accommodation and food services (72); and other services—except public
administration (81), mining (21), administrative and waste services (56), retail trade (44-45), and
educational services (61).
The industries we identified as vulnerable are listed in bold in Table A.1, and all show a decline in
employment over 10 percent in the Q2 of 2020 relative to Q2 of 2019. The next highest decline, in
manufacturing (NAICS 31-33), was two percentage points smaller than the 12 percent decline in
employment in educational services. This group of industries is very similar to what is used in recent
research about the COVID-19 pandemic. Forsythe et al. (2020) show that jobs in leisure and hospitality
(71-72) and non-essential retail (NAICS 44-45 and New York state guidelines) fell sharply by the end of
April 2020, while essential retail is the only sector that saw growth in job postings during this period.
Cajner et al. (2020) show that paid employment from February to April 2020 fell by 50.7 percent in arts
and entertainment (NAICS 71), 45.4 percent in hospitality (72), and 28.9 percent in retail trade (44-45).
Kurmann, Lale, and Ta (2020) focus on low-wage employment and show similar results: By mid-April
2020, employment fell by 67 percent in leisure and hospitality, 56 percent in retail trade, and 51 percent
in education.
To confirm that the industry vulnerability measure captures only the employment changes that are
attributed to the pandemic, we plot changes in private sector employment per capita against the industry
vulnerability measure both before and after the onset of the pandemic (Figure A.1). We find that the
vulnerability measure is indeed correlated with changes in employment after but not before the onset.
2.

Main model

We estimated the following model:

Opioid
=
ct β1COVIDt ·IndustryVc + [ county FE ] + [ year-quarter FE ]+ η ct
In this model: Opioid ct is opioid transactions in county c and year-quarter t, measured by morphine
milligram equivalents (MME) per capita; IndustryVc is the measure of industry vulnerability to the
pandemic, as defined above; and COVID is a binary variable indicating that an observation occurred after
the beginning of the pandemic (i.e., in Q2 of 2020 or later). County fixed effects control for differences in
patterns of opioid transactions across counties. Year-quarter fixed effects control flexibly for common
trends in opioid transactions across counties. The interpretation of β1 , the coefficient of interest, is the
change in the number of opioid transactions after the pandemic for each 1 percentage point increase in the
share of jobs in the most vulnerable industries. A positive and statistically significant β1 would imply that
counties with a larger employment share in the most vulnerable industries had a larger increase in opioid

Mathematica® Inc.

A.2

COVID-19 and Opioid Transactions

transactions after the pandemic began compared with counties with a lower share of those industries. If
so, employment changes were a mechanism through which the pandemic affected opioid transactions. To
obtain subgroup estimates by region, we interact COVIDt ·IndustryVc with a categorical indicator
variable for census region, using the North Central region as the base region. 4

Table A.1: Percentage change in employment by industry and quarter in 2020
NAICS

Industry

2020 Q2

2020 Q3

71

Arts, Entertainment, and Recreation

-48.19

-34.79

72

Accommodation and Food Services

-38.12

-24.11

81

Other Services (Except Public Administration)

-25.16

-15.40

21

Mining, Quarrying, and Oil and Gas Extraction

-21.85

-25.88

56

Administrative and Waste Services

-15.01

-10.57

44-45

Retail Trade

-12.90

-4.93

61

Educational Services

-11.94

-9.81

31-33

Manufacturing

-9.89

-6.39

53

Real Estate and Rental and Leasing

-9.60

-8.44

51

Information

-8.09

-8.23

23

Construction

-7.65

-4.75

62

Health Care and Social Assistance

-7.32

-4.42

42

Wholesale Trade

-7.12

-6.03

55

Management of Companies and Enterprises

-5.86

-5.11

48-49

Transportation and Warehousing

-3.32

-0.51

11

Agriculture, Forestry, Fishing, and Hunting

-2.77

-3.64

54

Professional, Scientific, and Technical Services

-2.58

-2.32

22

Utilities

-1.12

-1.19

52

Finance and Insurance

-0.07

-0.27

99

Unclassified

6.22

23.38

Notes:

The base period is the corresponding quarter in 2019. Bolded rows indicate the industries we identified as
most vulnerable to job loss due to the COVID-19 pandemic.

Source: Authors’ analysis of employment data from the Quarterly Census of Employment and Wages and
population estimates from the Census Bureau.

4

We use the Census Bureau definition of regions, which splits the states and District of Columbia into four regions: North
Central (IL, IN, IA, KS, MI, MN, MO, NE, ND, OH, SD, and WI), Northeast (CT, ME, MA, NH, NJ, NY, PA, RI, and VT),
South (AL, AR, DC, DE, FL, GA, KY, LA, MD, MS, NC, OK, SC, TN, TX, VA, and WV), and West (AK, AZ, CA, CO, HI, ID,
MT, NV, NM, OR, UT, WA, and WY).
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Figure A.1 Correlation between changes in employment and industry vulnerability, pre- and postpandemic

Notes:

This figure plots county-level changes in the employment ratio against the industry vulnerability measure.
The left-hand panel shows the change in employment in Q1 of 2020, which is the last quarter prior to the
onset of the pandemic, relative to Q1 of 2019 plotted against the industry vulnerability measure. The righthand panel shows the change in employment in Q2 of 2020, which is the first quarter after the onset of the
pandemic, relative to Q2 of 2019 plotted against the industry vulnerability measure. The employment ratio
is defined as total private sector employment in a county divided by the county’s population age 15 or older.

Source: Employment data from the Quarterly Census of Employment and Wages and population estimates from the
Census Bureau
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3.

Identifying assumption

Our identifying assumption, critical to drawing causal inference, is that trends in opioid transactions do
not differ systematically by county-level industry vulnerability, and in the absence of the COVID-19
pandemic, those trends would continue. It is likely that levels of opioid transactions are correlated with
industry vulnerability, so our measure is not external to the opioid transactions outcome. A correlation
between industry vulnerability and levels of opioid transactions is not a threat to identification if the time
trends in opioid transactions are moving in parallel before the beginning of the pandemic. To check for a
violation of the parallel trends assumption, we conducted an event study analysis (see Figure 5).
We estimated the following event study model:

=
Opioid
ct

3

∑

βτ Pτ ·IndustryVc + [ county FE ] + [ year-quarter FE ] + ηct

−8,τ ≠ 0
τ=

In the equation above, the coefficients of interest are represented by βτ and measure the differential effect
of industry vulnerability over time. The variables Pτ are event time indicator variables equal to one if, in
quarter t, the pandemic hit τ quarters ago (e.g., in Q1 of 2018, eight quarters before the baseline, P−8
equals one; and in Q4 of 2020, three quarters after the pandemic, P3 equals one). The event time indicator
variable P0 is normalized to zero—the baseline period is Q1 of 2020. Therefore, the estimated
coefficients are interpreted as changes in opioid transactions relative to the period before the pandemic hit
the hardest.
We tested the joint significance of the βτ coefficients in the pre-pandemic period (quarters -8 through -1,
or Q1 of 2018 to Q4 of 2019) using an F-test. The coefficients are jointly significant, with an F statistic of
4.99 and a p-value of 0. Joint statistical significance of the pre-period indicators could indicate that the
trend in opioid transactions pre-pandemic was different in counties with low and high industry
vulnerability. However, as shown in Figure 5, there is no systematic pattern in the coefficients in the preperiod. Although the coefficients are jointly significant, they vary around zero, with some negative and
some positive coefficients, and only one that is statistically significant on its own. Considering this
pattern of pre-period coefficients, we conclude there is no evidence against the identifying assumption of
parallel pre-trends.
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Appendix B: Additional Table
Table B.1. Summary statistics for industry vulnerability, employment, and opioid transactions: pre-pandemic (Q1 of 2018 to Q1 of 2020)
vs. post-pandemic (Q2 of 2020 to Q4 of 2020)
All counties
Prepandemic
Industry vulnerability
Private sector
employment per capita
Opioid per capita
(MME)
Total private sector
employment per
quarter (million)
Total MME per quarter
(million)
Total population 15
and older (million)
Notes:

Postpandemic

Low industry exposure counties
Change

Prepandemic

Postpandemic

Change

High industry exposure counties
Pre
pandemic

Postpandemic

0.38

--

0.30

--

0.46

--

(0.001)

--

(0.001)

--

(0.001)

--

Change

DiD

0.43

0.41

-0.03

0.43

0.41

-0.02

0.44

0.41

-0.03

-0.01

(0.001)

(0.002)

(0.002)

(0.002)

(0.003)

(0.004)

(0.001)

(0.002)

(0.003)

(0.005)

98.66

-17.14

96.45

-17.31

-16.97

0.34

(0.411)

(0.540)

(0.386)

(0.561)

(0.744)

(0.782)

(1.079)

54.31

50.53

9,955.80

8,372.06

115.80
(0.280)

143.89

133.06

28,722.42

24,419.47

267.67

113.76

94.97

117.84

100.87

(0.405)

(0.600)

89.58

82.54

18,766.63

16,047.41

172.69

Standard errors are in parentheses. The population denominator for all variables is the working-age population, defined as people 15 years or older.
High industry vulnerability counties are those with industry vulnerability values at or above the median (0.377); low industry vulnerability counties are
those below the median. The pre-pandemic period is defined as Q1 of 2018 to Q1 of 2020; the post-pandemic period is defined as Q2 of 2020 to Q4 of
2020.

DiD = difference in differences; MME = morphine milligram equivalents.
Source: Authors’ analysis of data from the Quarterly Census of Employment and Wages and Automated Reports and Consolidated Ordering System data.
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Appendix C: Sensitivity Analyses
We conducted the four sensitivity tests described below to determine the impact of our design choices on
the estimates presented in Chapter IV.

Controls for state-level social distancing measures
We ran our main (pooled) and regional analyses, including controls for state-level social distancing
measures. We included two state- and quarter-level measures of the stringency of social distancing
measures based on data from the COVID-19 Government Response Tracker, which tracks state-level
measures at the daily level. We used an index measure of stringency that combined all social distancing
measures as well as a measure of the stringency of stay-at-home requirements.
Table C.1 presents the results of this sensitivity test, which are very close to the results from our main
models. The social distancing measures are indeed correlated with our outcome measure. However, their
inclusion in the model does not affect our main estimates that suggest the industry vulnerability measure
affected opioid transactions only via its association with pandemic-related employment loss.
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Table C.1. The effect of industry vulnerability on opioid transactions during the COVID-19
pandemic: estimates from main and regional models including stay-at-home or stringency index

COVID* Industry Vulnerability

(1)

(2)

(3)

(4)

Main results:
MME per
capita

Main results:
MME per
capita

Regional
results: MME
per capita

Regional
results: MME
per capita

0.30

0.29

(0.079)

(0.077)

0.14

0.16

(0.145)

(0.147)

COVID* Industry Vulnerability:
Northeasta
COVID* Industry Vulnerability: Southa
COVID* Industry Vulnerability: Westa
COVID* Industry Vulnerability: North
Centrala
Stay-at-home index

0.81

Mean

111.51

0.03
(0.026)

0.09

0.10

(0.029)

(0.029)

-0.07

-0.07

(0.024)

(0.024)

1.64

(0.039)

Stringency index

0.03
(0.026)

(0.402)
0.00

0.05

(0.001)

(0.015)

111.51

Mean (Northeast)

107.33

107.33

Mean (South)

125.68

125.68

Mean (West)

111.17

111.17

Mean (North Central)
Observations
Notes:

37,692

37,692

93.43

93.43

37,692

37,692

Columns 1 and 2 show the results of a pooled difference-in-differences regression estimating how industry
vulnerability affects the impact of the COVID-19 pandemic on MME per capita; columns 3 and 4 show the
results of a triple difference-in-differences regression estimating how industry vulnerability affects the
impact of the pandemic on MME per capita across regions. The regression uses a continuous measure of
industry vulnerability that ranges from 0 to 1 and includes county and year-quarter fixed effects. Coefficients
represent the post-pandemic change in MME per capita associated with a 10 -percentage point increase in
industry vulnerability (a similar change could move a county from the third into the fourth quintile of the
distribution of the vulnerability measure). Standard errors are clustered at the county level. Statistically
significant estimates (p<0.05) are in bold.

a These

coefficients are interpreted as the difference-in-differences regression estimates within each region, which we
obtained by combining the coefficients from interaction terms in the triple difference-in-differences regression
regression.
MME = morphine milligram equivalents
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Two-stage least squares estimates
We asserted that the impact estimates from our main models can be interpreted as the causal impact of
changes in employment on opioid transactions, though we indirectly measure employment using our
industry vulnerability measure. As an alternative to a DiD design, we can use the industry vulnerability
measure as an instrumental variable for actual changes in employment in a two-stage least squares (2SLS)
instrumental variables (IV) estimation strategy. We estimated a 2SLS model, including controls for the
stringency of state-level social distancing measures, and obtained estimates similar to those from our
main model, supporting our assertion that we can attribute our main estimates to changes in employment.
The 2SLS model (columns 3, 4) finds a negative causal relationship between changes in employment and
changes in opioid transactions, indicating that an employment decline would cause an increase in opioid
transactions. In contrast, a direct ordinary least squares (OLS) regression (columns 1, 2) estimates a
positive relationship between changes in employment and changes in opioid transactions.

Table C.2. OLS and IV estimates of how changes in employment affected opioid transactions

Change in employment ratio
Stay-at-home index

(1)

(2)

(3)

(4)

OLS

OLS

IV

IV

0.04

0.04

-0.29

-0.37

(0.015)

(0.016)

(0.076)

(0.094)

1.44

1.27

(0.243)

(0.273)

Stringency index

0.01

-0.06

(0.008)

(0.017)

Mean of outcome

-6.87

-6.87

-6.87

-6.87

First stage F statistic

N.A.

N.A.

39.57

159.99

3,141

3,141

3,141

3,141

Observations
Notes:

Columns 1 and 2 show the results of a pooled OLS regression; columns 3 and 4 show the results of an IV
regression. In columns 3 and 4, the change in employment ratio is instrumented for using the industry
vulnerability measure, and the coefficient reported is from the second stage of a two-stage least squares
regression. The outcome is the change in MME per capita at the county level in Q2 through Q4 of 2020
relative to Q2 through Q4 of 2019 and Q1 of 2020, while the regressor of interest is the change in the
employment ratio over the same timeframe. Standard errors are clustered at the county level. Statistically
significant estimates (p<0.05) are in bold.

MME = morphine milligram equivalents; OLS = ordinary least squares; IV = instrumental variable.
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Binary measures of industry vulnerability
We used two binary measures of industry vulnerability rather than a continuous measure in both our main
(pooled) and regional analyses to confirm that the continuous measure of industry vulnerability performs
similarly to a traditional DiD treatment measure. This analysis supports nonlinearities in the relationship
between industry vulnerability measure and the effect on opioid transactions. We created two binary
versions of the industry vulnerability measure: (1) an indicator that equals 1 if a county’s vulnerability is
at or above the median, and 0 otherwise; and (2) an indicator that equals 1 if a county’s vulnerability
measure is above 0.5 (that is if more than 50 percent of jobs are in vulnerable sectors), and 0 otherwise.
The results presented in Table C.3 show that the estimated effect of the COVID-19 pandemic on counties
with an industry vulnerability score above the median is an increase of 0.34 morphine milligram
equivalents (MME) per capita, while for counties with most jobs in vulnerable sectors it is an increase of
1.56 MME per capita relative to counties with most jobs in other sectors. These results suggest that the
positive coefficient obtained in our main model is driven mostly by counties with a high share of jobs in
the sectors that lost most jobs early in the pandemic. The regional results show similar patterns.
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Table C.3. Adjusted difference-in-differences results with alternative binary measures of industry
vulnerability
(1)

(2)

(3)

(4)

Main results: Main results:
Regional
Regional
binary
binary
results: binary results: binary
measure
measure more
measure
measure more
above and
than 50
above and
than 50
below median
percent
below median
percent
COVID* Binary Industry Vulnerability

0.03

1.56

(0.032)

(0.049)
0.32

0.44

(0.135)

(0.151)

0.15

0.13

(0.055)

(0.080)

0.16

0.30

(0.087)

(0.080)

-0.11

0.02

(0.046)

(0.113)

Mean (Northeast)

107.33

107.33

Mean (South)

125.68

125.68

Mean (West)

111.17

111.17

Mean (North Central)

93.43

93.43

37,692

37,692

COVID* Binary Industry Vulnerability:
Northeasta
COVID* Binary Industry Vulnerability:
Southa
COVID* Binary Industry Vulnerability:
Westa
COVID* Binary Industry Vulnerability:
North Centrala
Mean

111.5

Observations
Notes:

37,692

111.5

37,692

Columns 1 and 2 show the results of a pooled difference in differences regression estimating how industry
vulnerability affects the impact of the COVID-19 pandemic on MME per capita; columns 3 and 4 show the
results of a triple difference-in-differences regression estimating how industry vulnerability affects the
impact of the pandemic on MME per capita across regions. Columns 1 and 3 use a binary measure of
industry vulnerability that equals 1 if a county’s measure of industry vulnerability is at or above the medial
value, and 0 otherwise. Columns 2 and 4 use a binary measure of industry vulnerability that equals 1 if a
county’s industry vulnerability is greater than 0.5, and 0 otherwise. All models include county and yearquarter fixed effects. Coefficients represent the post-pandemic change in MME per capita associated with a
10 -percentage point increase in industry vulnerability (a similar change could move a county from the third
into the fourth quintile of the distribution of the vulnerability measure). Standard errors are clustered at the
county level. Statistically significant estimates (p<0.05) are in bold.

a These coefficients are interpreted as the difference-in-differences estimates within each region, which we obtained
by combining the coefficients from interaction terms in the triple difference-in-differences regression.

MME = morphine milligram equivalents
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Non-tradeable industries
The fourth sensitivity analysis considered only non-tradeable industries in creating the industry
vulnerability measure. We recalculated the measure by excluding the sectors of mining, quarrying, and oil
and gas extraction (NAICS 21); and arts, entertainment, and recreation (71); and considered as vulnerable
only retail trade (44-45), administrative and waste services (56), educational services (61),
accommodation and food services (72), and other services (81). This analysis aims to test the relevance of
the local economy to changes in opioid transactions post-pandemic since non-tradeable sectors are less
affected by changes in national demand. Table C.4 shows that the estimated effect of how varying levels
of industry vulnerability in non-tradable sectors affect MME per capita is similar to our main estimation
results, though it is smaller.

Table C.4. Adjusted difference-in-differences results using only non-tradeable industries in the
measure of industry vulnerability

COVID* Non-tradeable Industry Vulnerability

(1)

(2)

Main results

Regional results

-0.01
(0.166)
3.64

COVID* Non-tradeable Industry Vulnerability: Northeasta

(0.886)
0.12

COVID* Non-tradeable Industry Vulnerability: Southa

(0.278)
0.80

COVID* Non-tradeable Industry Vulnerability: Westa

(0.371)
-0.55

COVID* Non-tradeable Industry Vulnerability: North Centrala
Mean

(0.249)
111.5

Mean (Northeast)

107.33

Mean (South)

125.68

Mean (West)

111.17

Mean (North Central)
Observations
Notes:

93.43
37,692

37,692

Column 1 shows the results of a pooled difference-in-differences regression estimating how industry
vulnerability affects the impact of the COVID-19 pandemic on MME per capita; column 2 shows the results
of a triple difference-in-differences regression estimating how industry vulnerability affects the impact of the
pandemic on MME per capita across regions. The regression uses a continuous measure of industry
vulnerability restricted to only non-tradeable industries that ranges from 0 to 1, and includes county and
year-quarter fixed effects. Coefficients represent the post-pandemic change in MME per capita associated
with a 10-percentage point increase in industry vulnerability (a similar change could move a county from the
third into the fourth quintile of the distribution of the vulnerability measure). Standard errors are clustered at
the county level. Statistically significant estimates (p<0.05) are in bold.

a These coefficients are interpreted as the difference-in-differences estimates within each region, which we obtained
by combining the coefficients from interaction terms in the triple difference-in-differences regression.

MME = morphine milligram equivalents

Mathematica® Inc.

C.6

Mathematica Inc.
Princeton, NJ • Ann Arbor, MI • Cambridge, MA
Chicago, IL • Oakland, CA • Seattle, WA
Tucson, AZ • Woodlawn, MD • Washington, DC
EDI Global, a Mathematica Company

mathematica.org

Bukoba, Tanzania • High Wycombe, United Kingdom
Mathematica, Progress Together, and the “spotlight M” logo are registered trademarks of Mathematica Inc.

