
legislation that imposed limits on opioid prescriptions in 2016, while 18 states followed in
2017 and another 5 in 2018. Figure A.I pictures the treated states on a map and Table A.II
translates this into county observations.

To measure opioid supply side drivers at the county level, we use the data on the
number of primary physicians per capita and collect data on direct or indirect payments
or other transfers of value made from pharmaceutical and medical device manufactures
and their distributors to physicians, non-physician practitioners, and teaching hospitals.
Data on physician opioid related payments come from the Centers for Medicare & Med-
icaid Services Open Payments database, and it covers August 2013 to December 2019.14

To compute opioid-related physician payments by the manufacturers, we follow Fernan-
dez and Zejcirovic (2018) and Hadland et al. (2019): we identify opioid related payments
through the National Drug Code (NDC) directory published by the U.S. Food and Drug
Administration (FDA), which includes information on the substance names included in
drugs.15 We then use the substance names to identify opioid drugs following the Anatom-
ical Therapeutic Chemical (ATC) Classification System of the WHO (ATC code N02A).16 If
a payment occurred for multiple drugs, we split the amount paid by the number of drugs
promoted. We consider all payments made to physicians and teaching hospitals related to
the identified opioid drugs. We identify the county of the physician or teaching hospital
based on unique city and state combinations. If this is not possible, we use the Zipcode
and assign the county based on the zipcode centeroid. Last, we aggregate by county and
year. Counties without payments related to opioid payments are set to 0, as the coverage
is US wide and no information is therefore equivalent to no payments.

4 Results

4.1 Opiod abuse and home values

4.1.1 Correlation between home values and prescription rates

We first document the correlation between home values and opioid abuse, as proxied by
prescription rates. We exploit within county variation as well as within state-year varia-
tion. Figure 1 presents county-level heat maps of 5-year lagged county prescription rates
and 5-year percentage change in home values for the year 2018, the last year in our sample
with most observations. The maps show that counties in the bottom quintile of percent-

14Source: https://www.cms.gov/OpenPayments/Data/Dataset-Downloads
15https://www.fda.gov/drugs/drug-approvals-and-databases/national-drug-code-directory
16https://www.whocc.no/atc_ddd_index/?code=n02a
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age change in home values overall correspond to the counties with the highest prescrip-
tion rates, suggesting a negative correlation in the cross-section between prescription rates
and 5-year percentage change in home value.

[Insert Figure 1]

We further examine this relationship by estimating the following specification:

PCHomeValuec,t−x to t = α + βPrescriptionRatec,t−x + γControlsc,t−x + θc + τt + ϵct (1)

The dependent variable PCHomeValuec,t−x to t in equation 1 is the log percentage change
of average county c home values, (log(HVt/HVt−x) ∗ 100) over X = {1, 2, 3, 4, 5} years.
PrescriptionRatec,t−x captures county c prescription rate at t − x. We also include a vec-
tor of time-varying county-level controls Controlsc,t−x, measured with a lag at time t − x.
Following Ouimet et al. (2021), county-level controls measured at t− x include: Male pop-
ulation ratio, white population ratio, black population ratio, American-Indian population
ratio, Hispanic population ratio, age 20-64 ratio, age over 65 ratio, migration Inflow ratio,
poverty ratio, unemployment ratio, labor force participation ratio, neoplasm mortality,
and number of physicians per county. We include county fixed effects θc, and control for
general macro-economic conditions by including year fixed effects τt. In addition, in a
separate specification, we use state-year fixed effects ζs,t instead of θc and τt to control for
time-varying local market conditions.

Figure 2 shows the results of estimating Equation 1. Panel A includes county fixed
effects θc, and year fixed effects τt, whereas we use state-year fixed effects ζs,t in Panel B.

We find that home values and prescription rates are negatively correlated in the short
run. This negative association is persistent and stronger in the long run. The estimated
coefficients for the correlation between prescription rates and changes in average home
value are monotonically decreasing over 1 to 5 years. The correlation between prescrip-
tion rates and 1 year percentage change in home values is estimated at -0.011, while the
correlation with 5-years changes is -0.033, when exploiting within county variation. A
one standard deviation increase in prescription rates translates in 1.35 percentage points
reduction in home value growth rates, which is equivalent to 25.2% of the 5-year average
percentage home value increase (5.36%). Point estimates obtained from within state-year
variation are at -0.002 for 1-year change in home value and -0.008 for 5-year change in
home value. Taking a one standard deviation change of prescription rates over 5 years
translates into a 0.33 percentage points decrease in home values over the same period.

[Insert Figure 2 about here]
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4.1.2 Adoption of opioid-limiting state laws: difference-in-differences estimates

In this section we exploit variation in opioid usage induced by the staggered adoption of
state laws limiting prescriptions to estimate the impact of opioid abuse on home values.

We start by examining the link between the passage of the laws and actual opioid
prescription rates to establish the effectiveness of the law changes. We implement a
difference-in-differences framework to compare changes in county opioid prescription
rates in years before and after the passage of the law (the treatment) in treated versus con-
trol counties. We run a regression with lead and lag dummies relative to the year of the
passage of the law to establish the path of total county prescription rates, and changes in
home values and delinquent mortgages, before and after the law.

The literature on staggered differences-in-differences design (e.g. Callaway and Sant’Anna,
2021; Sun and Abraham, 2021) highlights that running a staggered regression only with
lead and lags are potentially problematic. First, weights across treatment cohorts can
be non-intuitive and at worst negative, as they are proportional to group sizes as well
as the variance of the treatment dummy in each pair. Second, already treated units act
as controls for newly treated units, which is particularly problematic for trend break ef-
fects rather than unit shifts. We follow the Sun and Abraham (2021) approach to estimate
cohort-specific average treatment effect on the treated (CATT(e, ℓ)), ℓ periods from ini-
tial treatment for cohort first treated at time e. Our baseline specification to estimate the
impact of the passage of the laws on opioid prescriptions across time and states therefore
is:

PrescriptionRatec,t = α+ ∑
e∈{16,17,18}

2

∑
l=−5, ̸=−1

δe,l1{Ei = e}Dℓ
ct +γControlsc,t−1 + θc + τt + ϵc,t

(2)
The dependent variable PrescriptionRatec,t is defined as county prescription rates in

year t. τt and θc are time and unit fixed-effects, representing calendar year and county
fixed effects. Dℓ

i,t are relative period indicators, that are equal to one for a county calendar
year observation, where the time relative to the passage of the law statement matches the
dummy statement, and zero otherwise. For instance, the relative time period dummy mi-
nus 2, D−2

i,t , is equal to one for any county in calendar year 2014 that passed a law in 2016.
As standard, we drop the relative time period dummy "minus 1" to avoid multicollinear-
ity and focus on the change around the passage of the law. Sun and Abraham (2021)
interact these standard lead lag dummies with cohort specific indicators; i.e. 1{Ei = e}.
In our specification there are three cohorts, with states, respectively counties, implement-
ing the opioid law in 2016, 2017 respectively 2018. Thus, there are three dummies that
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are equal to 1 for counties that passed the law in the specific cohort year and zero for
any other county. This allows us to estimate cohort-specific average treatment effects. We
additionally include county controls as defined before.

We restrict t to 2013–2018 to focus on the years around the passage of the law with
the first law being passed in 2016 and the last in 2018. Hence, for counties with the law
passed in 2016, the relative time period goes from "minus 3" to "plus 2". For counties with
the law passed in 2018, the relative time period goes from "minus 5" to "plus 0". Finally, we
calculate the proposed interaction-weighted estimator by aggregating the cohort-specific
coefficients across each relevant time by their sample share in the relevant time period.

We then apply the same framework to compare the changes in county-level home val-
ues in years before and after the passage of the law in treated versus control counties.

PCHomeValuec,t = α + ∑
e∈{16,17,18}

2

∑
l=−5, ̸=−1

δe,l1{Ei = e}Dℓ
ct + γControlsc,t−1 + θc + τt + ϵc,t

(3)

Where the dependent variable PCHomeValuec,t is a one-year percentage change in
home values defined as in Equation 1. County controls are the same as in the previous
specification. Standard errors are clustered at the state level, as the laws were introduced
at the state level.

[Insert Figure 3 about here]

Figure 3 plots the estimates of the total interaction weighted coefficient for each rel-
ative time period with the 95% confidence interval. The full set of coefficients for each
CATT(e, ℓ) as well as the coefficients for lead and lag indicators of the two-way fixed ef-
fects regression without cohort-specific indicators can be found in Table IA.I in the Internet
Appendix IA.2.

Panel A shows that prescription rates declined more on average after the passage of
the laws in treated counties, relative to the control group. 17 As shown in Panel B, treated
counties also experienced a higher increase in home values, relative to untreated counties.
Counties in states that passed a law saw their home values rise 0.42 percentage points
more in the year of the passage of the law, 0.81 percentage points more in the first year,
and 1.78 percentage points more in the second year after the passage of the law relative
to control counties. These results suggest that the adoption of state laws limiting opioid

17In Figure A.II in the Appendix we show that despite overdose death rates increase after the passage of
the law, its growth rate decreases.
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abuse had the intended result in reducing opioid prescription rates. Importantly, they also
had a significant effect on the housing markets, resulting in an increase in home values.

4.1.3 Pre-trends

An identifying assumption in our analysis is that states for which the law has passed (treat-
ment), and the ones for which it has not (control), are on parallel trends in terms of home
value changes before the passage of the law. Table A.I in Appendix A.1, consistent with
Ouimet et al. (2021), shows that the only variable that significantly predicts the passage of
these laws in the cross section of states is the (age-adjusted) opioid overdose death rate,
while economic conditions or political economy are not significant. The fact that economic
and political conditions do not seem to differ between treated and control states gives us
confidence that it is likely that home value changes were on a similar growth pattern prior
to the passage of the law. Further, Figure 3 suggests that the parallel trend assumption is
not violated.18

Still, Roth (2022) highlights that such a pretest may fail to detect preexisting trends
that produce meaningful bias in the treatment effect. We follow Roth (2022) to identify
whether our pre-test is likely to be effective. To assess whether our pre-test is likely to
be well powered against violations of parallel trends, we plot a linear violation in Fig-
ure A.III in Appendix A.1 with a hypothesized slope based on having 50% power, i.e.
the probability of passing the pre-test is 50%. The estimated slope is 0.267, meaning that
treated states’ home values rise every year by 0.267 percentage points more relative to
control states. Given a 1-year average percentage change in home values of 1.45% and
a standard deviation of 4.53%, we consider this an economically meaningful deviation.
The likelihood ratio for this hypothesized trend is 0.568, i.e. the chance of seeing the ob-
served pre-test coefficients under the hypothesised trend relative to under parallel trends
is only about half. Further, the 95% confidence interval on the point estimate on percent-
age change in home value in t = +2, is outside of expected coefficient (in blue) we would
find based on the hypothesized trend. This result gives us confidence that our pre-test is
reasonably effective.

4.1.4 Rents

Given that house prices represent the sum of the discounted cash flows these assets pro-
duce, in this subsection we ask a related question: what effect did opioid abuse have on

18A related additional assumption is that no other laws that eventually passed at the same time had an
impact on home values.
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rents? We estimate Equation 3, with change in the median county rent as the main de-
pendent variable19. As we can see from Figure A.IV, following the introduction of opioid
limiting laws, median county rents significantly increase 2 years after the passage of the
laws.

4.1.5 Goodman-Bacon decomposition

Goodman-Bacon (2021) highlights that the general estimator from a two-way fixed effects
approach is a "weighted average of all possible two-group/two-period (2x2) DiD estima-
tors". The main coefficient is therefore a combination of many different treatment effects
with possible non-intuitive and, at worst, negative weights. To understand which 2x2 DiD
estimators drives the aggregate results, we implement a Goodman-Bacon (2021) decom-
position. We run the following regression with both prescription rates and home value
changes as dependent variable:

DepVarct = α + β1Postct + γControlsct−1 + θc + τt + ϵct (4)

β1 is the coefficient of interest. We have nine individual 2x2 DiD estimators. Earlier
vs Later Treated 2x2 DiD estimators include cohort 2016 vs cohort 2017, cohort 2016 vs cohort
2018, and cohort 2017 vs cohort 2018. Later vs Earlier Treated 2x2 DiD estimators include
cohort 2017 vs cohort 2016, cohort 2018 vs cohort 2017, and cohort 2018 vs cohort 2016. Finally,
for the Treated vs Untreated 2x2 DiD estimators we have cohort 2016 vs Untreated, cohort
2017 vs Untreated, and cohort 2018 vs Untreated. We calculate and then plot the weight
each 2x2 DiD estimators takes in the total beta (β), as well as the individual coefficient of
each 2x2 DiD estimator.

Figure 4 shows the decomposition for the two dependent variables prescription rates
and percentage change in home values for the full sample. We can identify two patterns.
First, the individual estimate from Treated vs Untreated units receive the greatest weight
within the total beta. This is reassuring, as these are probably the cleanest comparisons.
Second, coefficients from Later vs Earlier Treated tend to have the opposite sign compared
to the other estimates in the home value decomposition. Given that the parallel trends in
Figure 3 point towards a trend break rather than a unit shift, it is unsurprising that these
"bad" comparisons take on the opposite sign. However, the weight attached towards these
coefficients is small with less than 9% for the whole group. Hence, their impact on the total
beta is marginal.

19We collect median gross county rent data from the American Community Survey 5-year Estimates data.
Gross rent is the sum of the contract rent plus estimated average monthly cost of utilities and fuels.
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[Insert Figure 4 about here]

4.2 County level evidence

In our baseline results the treatment variable is defined at the state level, while the outcome
variable (home values) varies at the county level. In this section, we exploit county-level
variation in the propensity to dispense opioids prior to the passage of the law to define
the treatment variable at the same level as the outcome. We use two proxies for opioid
supply at the county level. First, we follow Finkelstein et al. (2022), who show that the
number of physicians per capita is positively correlated with opioid prescriptions and is one
important supply factor of opioids. Second, we follow Engelberg et al. (2014) and use
opioid-related pharmaceutical companies’ payments to physicians as a proxy for physi-
cians’ propensity to prescribe opioid drugs. We estimate the following standard two-way
fixed effect regression with calendar year τt and county θc fixed effects.

DepVarct =α + β1Postct + β2Postct × OpioidSupply top tercilec

+ γControlsct−1 + θc + τt + ϵct
(5)

We use both county prescription rates and home value changes as dependent variable
DepVarct. To account for different propensities to supply opioids within a state and there-
fore different impacts of the law at the county level, we construct an indicator variable,
OpioidSupply top tercilec, that is equal to one for counties in the highest tercile based on
a 5-year average number of physicians per capita (total opioid related payments to physi-
cians, respectively) before the first passage of any state law, i.e. between 2011 and 2015.
Postct is an indicator variable that is equal to one for the county-years following the law
introduction. Figure IA.I in Appendix IA.2 visualise the top tercile on a United States map.
The coefficient of interest is β2, which captures the intensity of the opioid limiting laws on
counties that were ex ante more exposed to opioid abuse, as proxied by the relative opioid
supply. Table II, Column 2 shows that the drop in prescription rates following the passage
of the law was concentrated in the counties with the highest number of physicians per
capita, in line with Finkelstein et al. (2022)’s findings. This finding is echoed in Column 3,
where we proxy for opioid supply using county-level opioid related pharmaceutical com-
panies’ payment to physicians. While home value changes seem to increase following the
passage of the laws across all counties, they were greatest in counties in the top tercile
of physicians payments (Column 6). These results provide further county-level evidence
that opioid limiting laws had the strongest home value effect in counties that were ex ante
more exposed to the opioid crisis.
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[Insert Table II about here]

4.3 Opioid abuse and home values: economic mechanisms

The evidence presented in the previous section shows that opioid abuse results in lower
home values. The decrease in home value can be driven by a reduction in household in-
come, and lower ability to service a mortgage, which may lead to default and, ultimately,
higher vacancy rates in the most affected areas. In less extreme cases, drops in home value
might be due to lack of maintenance, reflected in fewer home improvement loans. In this
section, we explore these channels.

We collect data on the percentage of delinquent mortgages by 90 or more days by
county and month from the Consumer Financial Protection Bureau. The underlying data
comes from the National Mortgage Database and is aggregated at the county level. 90-day
delinquency rates generally capture borrowers that have missed three or more payments
and, hence, arguably capture more severe and persistent economic distress. The coverage
of this measure is less extensive than our main data, covering only 470 counties across the
US. Delinquency rates are only reported for counties with a sufficient number of sample
records to avoid unreliable estimates. The average mortgage delinquency rate between
2006 and 2018 was 2.41%. The average 5-year percentage change was −66.98% (see Table
A.III in Appendix A.2). The average reduction in mortgage delinquency rates in our sam-
ple is large, as the peek of delinquency rates was reached at the beginning of our sample in
2010. Since then, it has steadily declined. As we explore cross-sectional variation in delin-
quency rates in our analysis, this is not a first-order concern. In addition to these data,
we also collect data on the number of home improvement loans from the Home Mortgage
Disclosure Act (HMDA), and residential property vacancy rates from the United States
Postal Service (USPS). We report summary statistics for these variables in Table A.III in
Appendix A.2.

[Insert Table III about here]

As depicted in Table III there is a significant positive long correlation between lagged
prescription rates and the percentage change in mortgage delinquency rates, as proxied
by the percentage of mortgages that are 90 days plus past due. The correlation is economi-
cally meaningful. To interpret the economic magnitude, consider a mortgage delinquency
rate of 2.41% (the average in our sample): over 5-years this would have decreased to 0.80%
based on the average 5-year percentage change (-66.98%), as reported in Table A.III. Using
the county and year fixed effects estimate (column 1), a one standard deviation increase in
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prescription rate (27.1 prescriptions per 100 people for the 5-year lagged sample) is associ-
ated with 22.69 percentage points higher rate of change of delinquent mortgages. Starting
out at a 2.41% mortgage delinquency rate, delinquent mortgages would have decreased
only to 1.34% (by -66.98% + 22.69% = -44.29%) instead of 0.80%. This result suggests
that an increase in mortgage delinquencies following opioid abuse is a possible important
channel of how opioid abuse translates into lower housing values.

We also document a negative correlation between home improvement loans and pre-
scription rates. The estimated coefficient is -0.024 when state-year fixed effects are in-
cluded and -0.175 when county and year fixed effects are included. This means that for
a one standard deviation increase in prescription rates (43.3), the rate of change in home
improvement loans at the county level is between 1.0 and 7.6 percentage points lower.

Last, we show a positive correlation between residential vacancy rates and prescrip-
tion rates. The estimated coefficient ranges between 0.062 and 0.267, which represents an
increase between 2.7 and 11.6 percentage points in the percentage change of vacancy rates
for a one standard deviation increase in prescription rates (43.6).

To further explore these associations, we apply the same framework as in Equation 3
to compare the changes in delinquent mortgages, residential vacancy rates and home im-
provement loans in years before and after the passage of the law (the treatment) in treated
versus control counties.

[Insert Figure 5 about here]

Figure 5 plots the estimated coefficients for these channels. We find that the rate of
change in mortgage delinquency rate is about 6.17 percentage points lower on average one
year after the passage of the laws in treated counties, relative to control group. Similarly,
the rate of change in home improvement loans is up to 30 percentage points higher two
years after the passage of the law and the rate of change in vacancy rate is as much as 8.6
percentage points lower one year after treatment.

These results suggest that the adoption of state laws limiting opioid abuse had a sig-
nificant effect on the housing markets, by reducing the relative percentage of delinquent
mortgages and vacancy rates, while significantly increasing the number of home improve-
ment loans, ultimately resulting in an increase in home values as already documented.

4.3.1 Migration

Motivated by the results that areas that are more affected by the opioid crisis become
less attractive to live, in this section we study the impact of opioid abuse on migration
out of the county. We expect that both impoverishment from opioid abuse and also the
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change in the quality of the area would have driven residents out. We collect county
level outflow and inflow migration data from the Internal Revenue Service (IRS). The
Statistics of Income Tax Stats estimate migration outflows and inflows based on year-to-
year address changes reported on individual income tax returns filed. Three measures of
migration are reported, namely total adjusted gross income, number of returns filed and
number of personal exemptions claimed. We define them as "total income", "number of
households" and "number of individuals" in line with the IRS.

Table IV looks at the link between county level migration outflow and opioid abuse. In
Panels A and B, we proxy for opioid abuse using 5-year lagged county prescription rates,
whereas in Panel C we use opioid overdose death rates (as defined in Section 6.2). In
Panel A, the dependent variable is 5-year change in migration outflow. Columns 1, 3 and
5 include county and year fixed effects, while columns 2, 4 and 6 include state-year fixed
effects. In columns 1 and 2 we use the 5-year percentage change in total household in-
come outflow from the county, in columns 3 and 4 we use the 5-year percentage change in
the number of households who have left the county, while in columns 5 and 6 we use the
5-year change in the number of individuals who have left the county. Across the columns,
we can see that an increase in the 5-year lagged county prescription rates is associated
with an increase in the subsequent 5-year change in the number of households (individ-
uals) who leave the county, as well as with the total household income outflow. While in
columns 1, 3 and 5 the estimated coefficients are imprecisely estimated, in columns 2, 4
and 6 they are significant at the 99% level. In Panel B, we use the natural logarithm of the
total household income (columns 1 and 2), of the number of households (columns 3 and 4),
and of the number of individuals (columns 5 and 6), as the dependent variables. Similarly
to results in Panel A, we see a positive relation between 5-year lagged prescription rates
and the subsequent number and total income of households (individuals) who leave the
county. While in columns 1, 3 and 5 the estimated coefficients are imprecisely estimated,
in columns 2, 4 and 6 they are significant at the 99% level. In Panel C, we link whether the
county is in the top tercile opioid overdose deaths in each year with the natural logarithm
of the total household income (columns 1 and 2), of the number of households (columns
3 and 4), and of the number of individuals (columns 5 and 6), as the dependent variables.
We obtain statistically significant coefficients at the 99% level in all specifications.

[Insert Table IV about here]

What kind of impact did opioid limiting laws have on migration in and out of the
treated counties? Figure 6 shows the results of estimating Equation 2, with county migra-
tion inflow as the dependent variable. Panel A shows the results with natural logarithm of
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the total household income inflow, Panel B the natural logarithm of the number of house-
holds , and Panel C the natural logarithm of the number of individuals (columns 5 and
6), as the dependent variables. We can see that the treated counties experienced an inflow
of (high-income) households following treatment, suggesting that positive income shocks
had a desired effect on bolstering housing demand.

[Insert Figure 6 about here]

5 Discussion

5.1 Possible interpretations

Results from the previous section show that the passage of opioid-limiting laws is fol-
lowed by a decrease in mortgage delinquencies and property vacancy rates, an increase
in home improvement loans and population inflows. These effects are consistent with a
decrease in defaults, an improvement in the quality of local real estate, and an increase
in the local demand for space. This can be due to improving labour markets, as argued
by Ouimet et al. (2021), or because of improvements in the area quality and economic
conditions (Dougal et al., 2015).

Results of our empirical analysis are also consistent with a “spatial externalities” story
à la Ambrus et al. (2020), according to which if a negative shock to a county is severe
enough, there is an outflow of (high-income) households and the county tips into an equi-
librium with relatively low-income households. In the context of the cholera-outbreak in
one neighbourhood of nineteenth century London, Ambrus et al. (2020) model a rental
market with frictions in which low-income households exert a negative externality on
their neighbours. Similar to their setup, the opioid crisis affected people directly, not the
local infrastructure (as would be the case in cases of hurricanes, or earthquakes).20 In
contrast to Ambrus et al. (2020), opioid crisis affected the whole country, with varying
treatment intensities across counties.

Our findings are consistent with the Ambrus et al. (2020) model assumption that one of
the channels of the effect of opioid abuse is an increase in the share of low-income house-
holds in affected counties through death or income-affecting disability of wage-earners.
Our findings are also consistent with other direct channels, such as the opioid epidemic
temporarily reducing local amenities in affected areas, or inducing rich tenants having
higher willingness to pay for such amenities to leave.

20Note that opioid abuse can still affect local infrastructure indirectly.
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While the focus of Ambrus et al. (2020) model is to study the micro-location effects
(within a neighborhood) of a temporary health driven (cholera outbreak) income shock,
our paper examines the cross-county impact of opioid abuse.The main difference between
Ambrus et al. (2020) set up and ours, is that their unit of analysis, blocks, are much smaller
than our unit of analysis, counties. As such, there is more scope for different amenities (lo-
cal institutions, local infrastructure, etc.) evolving in affected versus non-affected counties
during the long period of opioid abuse in our case. As our results on mortgage delinquen-
cies and home improvement loans indicate, this introduces other channels through which
housing price differences can be explained.

5.2 Aggregate versus local economic effects of the opioid crisis

Estimating aggregate economic effects using our empirical exercise is admittedly chal-
lenging in the absence of a general equilibrium model. Although this is out of the scope
of our paper, we provide back of the envelope calculations for aggregate economic im-
pact based on our estimates, abstracting from other effects of health on wealth, as well
as general equilibrium considerations that took place in the economy with, for instance,
the changes in regulation. For this exercise, we take the agreement of the Sackler family
to pay $6bn on a final settlement with several US states as a benchmark.21 In 2022 they
agreed to pay $6bn to compensate US states for the damages associated with the opioid
crisis.

We provide a calculation based on our long-term correlations analysis. Between 2006
and 2011, US aggregate housing wealth decreased from $29.2 trillion to $22.7 trillion,
which is equivalent to a -22.26% 5-year percentage change. Our estimates show that a one
unit increase in prescription rates per 100 people for the 5-year lagged sample is associ-
ated to 0.033 percentage points reduction in house prices growth rates when using county
and year fixed effects, and to a 0.008 percentage points reduction with state-year fixed
effects.22 Vowles et al. (2015) find that rates of opioid misuse estimates from 38 studies be-
tween 2000 and 2013 averaged between 21% and 29% across most calculations. Assuming
that 21% of prescription are misused, we calculate the aggregate housing wealth impact
of a 21% opioid prescription rate reduction shock in 2006, i.e. a decrease from 72.4 pre-
scription per 100 to to 57.2 per 100. The reduction of 15.2 prescriptions per 100 people for
the 5-year lagged sample translates into a 0.50 percentage points increase in home value

21The Sacklers are the billionaire owners of Purdue Pharma, who have been widely blamed for helping to
spark the US opioid epidemic with the marketing of OxyContin.

22Zillow aggregate home value estimates: https://public.tableau.com/app/profile/zillow.real.
estate.research/viz/TotalMarketValue/States
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growth rates given the county and year fixed effects estimate, respectively an increase of
0.12 percentage points given the state-year fixed effect estimate. Thus, the US aggregate
housing wealth would have decreased only by 21.76% (22.14%) to $22.85 trillion ($22.74
trillion). This equates to $146 billion ($36 billion) housing wealth lost. Figure 7 shows the
aggregate housing wealth path from 2006 to 2018 as estimated by Zillow and for the 21%
prescription rate shock in 2006 with county and year fixed effects, respectively state and
year fixed effects. Figure 8 translates this into the actual gap in aggregate housing wealth
lost. While the deviation from the path seems small, the actual estimated wealth lost is
a two or even three digit billion dollar figure given the large aggregate housing wealth
base.

[Insert Figure 7 about here]

[Insert Figure 8 about here]

We next make use of our natural experiment estimates. We first calculate one year
percentage changes in house prices in 2016, 2017, and 2018 and adjust them for states by
0.423%, 0.810% and 1.781% respectively based on the year of the passage of the law. We
next recalculate what state total home value would have been without the passage of the
law. In the year of the passage of the law (t = 0), the aggregate value that all states gained
is $69.57 billion (note that for some states this is in 2016, for some in 2017 and some in
2018). Taking just the states that passed the law in 2016, we can accumulate the home
value difference over three years: aggregate home value would have been $184.54 billion
lower without passing the law for a home value base of $5.91 trillion in 2015. For states
that passed the law in 2017 and accumulating over two years this corresponds to $102.55
billion for a home value base of 7.78 trillion in 2016. Last, for states that passed the law in
2018 this corresponds to $11.70 billion for a home value base of $2.77 trillion in 2017.

5.3 Limits to internal and external validity

Our estimates, including aggregate effects rely on the internal validity of our quasi-natural
experiment. We have discussed in Section 4 the formal identifying assumption of parallel
trends. We assume that states that adopted the law (treatment), and the ones that did not
(control), are on parallel trends in terms of home values before the treatment. In addition,
we assume that no other changes in regulation have occurred simultaneously in treated
states that affected both prescription rates as well as home values. Similarly, we assume
no contamination between treated and control states. For instance, no migration of opioid
users from treated to control states.
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Our previous estimates for aggregate effects also rely on the external validity of our
natural experiment and, as mentioned before, on potential general equilibrium effects as
a result of the passage of the law such as the increased consumption of illicit drugs and
potential migration of opioid consumers. Nevertheless, if taken into account, these effects
would plausibly increase the magnitude of the estimated economic impact.

Importantly, comparing our back of the envelope housing wealth loss estimates with
the value of the Sackler settlement reveals that the aggregate housing wealth effect of the
opioid crisis is several orders of magnitude larger than the agreed settlement value.

6 Robustness

6.1 Alternative empirical strategies

6.1.1 State-border regression discontinuity design

In this section we employ a spatial regression discontinuity (RD) design exploiting state-
border boundaries. In our estimation we compare counties located within a narrow dis-
tance from the state border under the assumption that border counties share otherwise
similar general economic conditions. We define as treated, counties located in the state
that passed opioid-limiting laws. The border distance of treated counties is measured to
the nearest county where no opioid-limiting state law was passed. Formally, we estimate
the following model:

yc = βTreatc +
P

∑
p=1

[γp0 + γp1Treatc]Distancep + ϵct (6)

where yc is a county level outcome, e.g. a 1 or 2 year difference in prescription rates or
a 1 or 2 year percentage change in home values, Treatc is an indicator variable equal to one
for counties in a state that passed opioid-limiting laws and ∑P

p=1[γp0 +γp1Treatc]Distancep

is a polynomial of order P (one or two) of the border distance (distance to the threshold).
We calculate the percentage change from the treatment year - 1 to the treatment year, and to
the treatment year + 1, respectively for two year changes. For control counties, we calcu-
late the difference (percentage change, respectively) from 2015 to 2016 or 2017, as the first
law was passed in 2016. As controls, we include the following variables as of 2015: male
population ratio, White ratio, Black ratio, American-Indian ratio, Hispanic ratio, age 20-64
ratio, age over 65 ratio, migration inflow ratio, poverty ratio, unemployment ratio, labor
force participation ratio, neoplasm mortality, and physicians. We follow Calonico et al.
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(2014) to choose the optimal bandwidth, which in this case corresponds to the distance to
the border. Standard errors are clustered at the state level.

[Insert Table V about here]

Table V shows the results.23 We show that treated counties show significant lower
prescription rates when compared to control ones. Estimated coefficients for the difference
in prescription rates over 1 year and 2 years are between 3.6 and 4.3 prescriptions per
100 people. This is a difference of about 5% evaluated at the mean. We then estimate
the difference in terms of the percentage change in average home values over 1 and 2
years between treated and control counties around the border. The estimated coefficient
is between 1.2 for one-year period and 2.2 for the two year period. Figure 9 shows the
regression discontinuity plots. Results are overall consistent with previous differences-in-
differences approach.

[Insert Figure 9 about here]

An important identifying assumption in our RD design is that there are no spill-over
effects across the state borders. This would occur, for instance, if users can cross the border
to fill their prescriptions, or due to "doctor shopping", when patients search (out of state)
for doctors who will prescribe powerful medications. Although recent evidence suggests
that only 0.7 percent of all patients with an opioid prescriptions are "doctor shoppers"
(McDonald and Carlson, 2014, 2013), it might still be the case that patients can cross the
border to have their prescriptions filled, which can bias our estimates upwards.24 To ad-
dress this concern we exclude counties with more than 8 "pill mill" pharmacies from our
analysis. 25 Panel B of Figure 10 shows the results, which are overall consistent with the
our main specification.

[Insert Figure 10 about here]

The internal validity of our quasi-experimental design relies on an important assump-
tion that the treatment and control groups are similar, on average, in all other relevant
aspects except for the treatment assignment, allowing us to isolate the causal effect of the
treatment on the outcome. Figure A.V in the Appendix shows no significant differences in
main economic variables across the state border, including our outcome variables, home
values and prescription rates, before treatment.

23Results of estimating Equation 6 without control variables are shown in Internet Appendix Table IA.II.
24States vary in how restrictive they are in filling out-of-state controlled substance prescriptions.
25See Section 6.2.1 for detailed definition of pill mill counties.
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6.1.2 Purdue marketing and supply chain instrumental variables

Cornaggia et al. (2022) employ instrumental variables to establish causal effects of opioid
abuse on municipal finance conditions. In this section, we follow their approach and ap-
ply two alternative instrumental variables. The first one is based on the aggressiveness of
Purdue’s marketing of the reformulated oxycodone (branded as OxyContin). The second
is based on the "leaky" supply chains and the desirability of the product by addicts. We
obtain data on the quantity of OxyContin distributed to 3-digit zip codes.26 We calculate
the percentage change in the quantity of OxyContin distributed by Purdue Pharma be-
tween 1997 and 2003 and use this as instrument for prescription rates after linking 3-digit
zip codes to counties.

[Insert Table VI about here]

Table VI shows the results. The first stage regression shows a strong positive associ-
ation between the aggressiveness of Purdue marketing and prescription rates using a 4
and 5-year lag. In the second stage regression we find a negative effect of instrumented
prescriptions on home values, which is consistent with our previous estimates. These esti-
mates are significant when we cluster the standard errors by state and year, but not when
clustering by county.

The second IV builds on two components. The first component is the type of opioid:
we focus on those opioids with the highest addictive potential and the highest desirabil-
ity to addicts. The second component is the distribution channel for these pills: we focus
on pills sold through pharmacies with the least oversight and most potential for abuse –
"leakiest" supply chains. Opioid abuse in contrast to more legitimate opioid use for treat-
ment should be highest under such conditions. The Washington Post published detail
pain pill transaction data between 2006 and 2014 based on the Drug Enforcement Ad-
ministrationâs Automation of Reports and Consolidated Orders System.27 Within this
database, we focus on strong types of opioids, namely fentanyl, hydromorphone, levor-
phanol, oxycodone, and oxymorphone, that have the highest addictive potential and the
highest desirability to addicts. Further, we consider only "retail" pharmacies as distribu-
tion channel, as retail pharmacies have the least oversight and therefore most potential for
abuse. Within this opioid and distribution subset, we calculate the annual distribution of
morphine milligram equivalent (MME) per county. Standardizing opioid strength using
the MME value for each pill (e.g., oxycodone is 50% stronger than hydrocodone, so it has

26We thank Cornaggia et al. (2022) for sharing their data.
27https://wpinvestigative.github.io/arcos/
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an MME multiplier of 1.5) allows us to account for for different dosages. Finally we scale
the total annual distribution by 1000 county inhabitants.

[Insert Table VII about here]

Table VII shows the results. We find a strong positive association between prescription
rates and availability and desirability of opioids. The second stage regressions show a
negative relation between prescriptions and home values, however these are not statisti-
cally significant at conventional levels.

Using instrumental variables has the advantage of using a source of exogenous varia-
tion in a variable that is endogenous. An identifying assumption of this methodology is
that the instrument is not correlated with the outcome variable through any other channel
but the one considered in the analysis. In this case we rely on the assumption that Purdue
marketing aggressiveness and supply chain conditions are not related to local home val-
ues through any other economic mechanism than opioid abuse. The findings presented in
this section using the IV approach provide support for our baseline results.

6.2 Measurement

Measuring opioid abuse accurately is challenging. We proxy opioid abuse via opioid pre-
scriptions assuming that high levels of opioid prescription lead to opioid abuse due to its
highly addictive nature. However, prescription rates may not lead to abuse one for one.
Illnesses and the need for justified opioid prescription may differ by region, as well as the
likelihood of opioid prescription turning into opioid abuse. Finally, opioid prescriptions
may be distributed in one county, but consumed in another county. We also use an alter-
native measure of opioid abuse by Cornaggia et al. (2022) and Li and Zhu (2019) is opioid
mortality. Opioid mortality in a county implies a high addiction rate, albeit it only cap-
tures the most severe cases, because this outcome is at the very end of the addiction stage.
We construct three measures of overdose death, OpioidDeath, namely annual drug over-
dose mortality rate per 100,000 residents, 3-year drug overdose mortality rate per 100,000
residents, and a dummy for counties in the top tercile for the 3-year drug overdose mor-
tality rate per 100,000 residents.

Our key measure, OpioidDeath, is the drug overdose mortality rate per 100,000 resi-
dents. Following Cornaggia et al. (2022) and Li and Zhu (2019), we use data on county-
level opioid mortality rates available in the Multiple Cause of Death data from the Na-
tional Center for Injury Prevention and Control (NCIPC) of the Centers for Disease Con-
trol (CDC). The database complies county-level mortality data from 1999 based on the
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death certificates for all U.S. residents. Deaths are classified by the International Classifi-
cation of Diseases, 10th Revision (ICD-10).We define drug overdose (or poisoning) deaths
as those with ICD-10 underlying cause-of-death codes X40-X44 (unintentional overdose),
X60-X64 (suicide by drug self-poisoning), X85 (homicide by drug poisoning), or Y10-Y14
(undetermined intent).

There are two potential limitations of this data set. First, the aggregate drug poisoning
death counts include not only overdose deaths caused by opioid abuse but also deaths
caused by other types of drugs with abuse potential (e.g., cocaine, methamphetamine,
amphetamine, prescription stimulants). However, this is unlikely to confound our results
because deaths involving opioids account for the vast majority of overall drug mortality
in the U.S. While opioid deaths significantly increased during our sample period, deaths
due to non-opioids drugs remain relatively stable. Second, if a county has fewer than 10
deaths in a given year, CDC data suppress the report of death counts to protect personal
privacy. This implies that our overdose death rate is left-censored. To avoid potential
biases arising from this censorship, we try to extend the coverage by focusing in addition
to the annual overdose death rate on three-year overdose death rates as well as on on a
dummy capturing counties in the top tercile of overdose death rates, which allows us to
extend the coverage by imputing overdose death rates for suppressed data, as described
in Appendix IA.3.

Since overdose deaths are at the end of the abuse timeline, we run to some extent
contemporaneous regressions between the one-year percentage change in home values
and overdose death rates:

PCHomeValuec,t−1 to t = α + βOpioidDeathc,t + γControlsc,t−1 + θc + τt + ϵct (7)

For instance, for the percentage change of home values between 2017 and 2018, we use
the annual overdose death rate from 2018 and the three-year overdose death rate from
2016, 2017 and 2018 for both the quantitative variable and the top tercile dummy. Thus
t corresponds to the last year of the three years for the three-year death rate. County
controls are the same as in our main specification and are lagged by one year. As in
our main specifications, we consider both county and year fixed effects as well as state-
year fixed effects. We report results for counties with observations during the full sample
period, i.e. 13 observations. Results are robust to considering all available county data.
For the annual overdose death rate this leads to about 7,300 county-year observations, and
about 11,800 respectively 17,500 county-year observations for the 3-year rate and 3-year
rate dummy. Results are shown in Table VIII.
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Consistent with our previous estimates, changes in home values are negatively corre-
lated to opioid abuse across all measures of overdose death and considering either fixed-
effect specification. The results are more pronounced and significant for the 3-year over-
dose death rate top tercile dummy, which benefits from the largest sample. The percentage
change in one year home values is 0.218 percentage points lower for counties in the top
tercile of the 3-year overdose death rate, when using county and year fixed effects. The
point estimate is 0.173 percentage points when using state-year fixed effects.

[Insert Table VIII about here]

6.2.1 Excluding "pill mill" counties

Another limitation of using prescription rates as an opioid abuse measure is the poten-
tial misalignment between the prescription of the drug and intake. Drug consumers may
have travelled miles to reach a doctor and pharmacy where they can receive a prescription
and subsequently the drugs. A typical "pill mill" has a store front pain clinic with doctors
prescribing opioids after a brief consultation, and usually limited proof of medical pur-
pose. The prescriptions are often filled at the clinic to avoid other pharmacies challenging
the legitimacy of the prescriptions. These pill mills are considered to have worsened the
opioid crisis, as they were responsible for dispensing a large fraction of opioids.28 Drug
intake in pill mill counties is unlikely to be equivalent to prescription rates, leading to
noise. Furthermore, pill mill counties may be correlated to weaker economic areas with
implications for home value growths. These counties may therefore bias our analysis.

To address this concern we follow Ouimet et al. (2021) and drop counties that are most
likely to have a pill mill. The Automation of Reports and Consolidated Orders System
(ARCOS) data provides information on the milligrams of active ingredient (MME) dis-
pensed by pharmacy.29 We classify a pharmacy as a pill mill if it dispenses opioid MME
in the top 5% of the sample. We then drop counties with more than 8 pill mills (equivalent
to 6.3% of counties). Table IX shows that our main results are robust to dropping "pill
mill" counties.

[Insert Table IX about here]
28Between 2006 and 2012 15% of pharmacies received for instance 48% of pain pills, see https://www.

washingtonpost.com/investigations/the-opioid-crisis-15-percent-of-the-pharmacies-handled-
nearly-half-of-the-pills/2019/08/12/b24bd4ee-b3c7-11e9-8f6c-7828e68cb15f_story.html.

29The Drug Enforcement Agency (DEA) collected this data and made it available to the public follow-
ing a FOIA lawsuit by the Washington Post. Only the two most common forms of opioid prescriptions,
OxyContin and Hydrocontin, are covered.
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7 Conclusion

This paper estimates the sensitivity of home values to opioid abuse. We find a negative
association between home values and opioid abuse that is monotonically increasing and
persistent over a 5-year period. We exploit variation in opioid abuse induced by the stag-
gered passage of state laws that aim to limit these prescriptions as a source of variation
in opioid prescriptions. Home values respond positively to the passage of the state laws
intended to reduce opioid abuse.

We study possible underlying economic mechanisms for this relation. We find that
opioid abuse is negatively correlated with the number of initiated home improvement
loans, and positively correlated with vacant residential property rates and delinquent
mortgages. Passage of effective anti-opioid legislation results in a decrease (increase) in
mortgage delinquencies and property vacancy rates (the number of home improvement
loans and migration inflows, respectively), consistent with a decrease in defaults, an im-
provement in the quality of local real estate, and an increase in the local demand for space
being the main drivers of the observed effect. Our findings are also consistent residential
sorting where further impact on house values can be rationalized through the associated
outflow migration of people from areas that are most affected by the opioid crisis. Over-
all, our results point to a broad set of area externalities channel(s) driving the observed
patterns in home values.

Our results have two main implications. First, they suggest that although opioid usage
has been associated with low income and economically disadvantaged conditions (Case
and Deaton, 2015), limiting the supply of prescription drugs has both a significant impact
on reducing opioid usage, as well as a relevant economic impact, namely in positively
affecting home values and reducing the percentage of delinquent mortgages. Second, lost
labor productivity and thus household income may be one driver of how opioid abuse
impacted home values via delinquent mortgages, but also through negative spatial exter-
nalities of opiod abuse which resulted in spatial redistribution of households.

Our work offers insights into externalities of public health policies. We find evidence
that public health policies that were instituted with the aim of limiting opioid abuse had
a far reaching effect on the real economy. We believe that this study will foster further
interest in examination of transmission and feedback effects of public health policies and
real economic outcomes.
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8 Figures & Tables

8.1 Main Figures

FIGURE 1: HOME VALUE AND OPIOID PRESCRIPTION RATE

(A) COUNTIES IN HIGHEST PRESCRIPTION RATE QUINTILE

COLORED BY PERCENTAGE CHANGE IN HOME VALUES

Quantiles on 5−year Perc. Change in Home Value in 2018
1

2

3

4

5

dropped

na

(B) COUNTIES IN LOWEST PERCENTAGE CHANGE IN

HOME VALUES QUINTILE COLORED BY PRESCRIPTION RATE

Quintiles on 5−year lagged Prescription Rates in 2018
1

2

3

4

5

dropped

na

Notes: We plot percentage changes in home value between 2014 and 2018 and prescription rates in 2014. This is the last year of our
sample with the most observations. Panel A shows counties in the highest prescription rate quintile in 2014. Excluded counties are
dark grey, counties without data are light grey. Heat colours for the remaining counties are based on the quintiles of the 5-year
percentage change in home values from 2014 to 2018. Dark red represents the lowest percentage change in home values. Panel B
shows counties in the lowest quintile of percentage change in home values and assigns heat map colors based on the prescription rate
quintile in 2014. Dark red in Panel B corresponds to the highest prescription rate quintile.
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FIGURE 2: HOME VALUE AND OPIOID PRESCRIPTION RATE: CORRELATIONS

(A) COUNTY & YEAR FIXED EFFECTS
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over 1 year over 2 years over 3 years over 4 years over 5 years

x-year lagged -0.011*** -0.017*** -0.020*** -0.025*** -0.033***
Prescription Rate (0.002) (0.004) (0.006) (0.008) (0.010)

Adj. R2 0.599 0.648 0.699 0.735 0.767
No. of Obs 25,026 22,510 19,993 17,487 15,075
SD Pres. Rate 41.203 41.670 42.136 42.459 42.620

(B) STATE-YEAR FIXED EFFECTS
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over 1 year over 2 years over 3 years over 4 years over 5 years

x-year lagged -0.002*** -0.004*** -0.006*** -0.007*** -0.008***
Prescription Rate (0.001) (0.001) (0.002) (0.002) (0.003)

Adj. R2 0.759 0.806 0.838 0.854 0.854
No. of Obs 25081 22572 20077 17590 15157
SD Pres. Rate 41.247 41.714 42.216 42.563 42.640

Notes: The sample period is 2006 to 2018. The dependent variable is a log percentage change of average county home values
(log(HVt/HVt−x) ∗ 100) over 1, 2, 3, 4 and 5 years. We report and plot coefficients and 95% confidence intervals on lagged prescription
rates. County controls include the male population ratio, White ratio, Black ratio, American-Indian ratio, Hispanic ratio, age 20-64
ratio, age over 65 ratio, migration inflow ratio, poverty ratio, unemployment ratio, labor force participation ratio, neoplasm mortality,
and physicians. Controls are lagged over the same period as the prescription rate. Panel A includes county and year fixed effects and
Panel B state-year fixed effects. All variables are winsorized at the 2 and 98 % level. Standard errors are clustered at the county level.

FIGURE 3: THE EFFECT OF OPIOID LIMITING LAWS ON PRESCRIPTION RATE AND
HOME VALUES

(A) COUNTY PRESCRIPTIONS
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Notes: The sample period is 2013 to 2018. The dependent variable is total county prescriptions in Panel A
and the log percentage change in average county home values in Panel B. Controls include one year-lagged
male population ratio, White ratio, Black ratio, American-Indian ratio, Hispanic ratio, age 20-64 ratio, age
over 65 ratio, migration inflow ratio, poverty ratio, unemployment ratio, labor force participation ratio,
neoplasm mortality, and physicians. In Panel A we additionally control for log county population. We plot
the interaction weighted total coefficient with a 95% confidence interval for each relative time period
following Sun and Abraham (2021). Standard errors are clustered at the state level.

31

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=3712600

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



FIGURE 4: GOODMAN-BACON DECOMPOSITION

(A) COUNTY PRESCRIPTIONS
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Notes: The sample period is 2013 to 2018. The dependent variable is Prescriptions in Panel A and
PCHomeValue in Panel B. We show the Goodman-Bacon (2021) decompositions for the TWFE regression
Dep. variablect = α + βPostct + θc + τt + ϵct. We do not include any controls in the regression.

FIGURE 5: THE EFFECT OF OPIOID LIMITING LAWS ON YEAR-ON-YEAR CHANGES IN
DELINQUENT MORTGAGES, HOME IMPROVEMENT LOANS AND VACANCY RATES
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(A) MORTGAGES 90 PLUS DAYS PAST DUE
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(B) HOME IMPROVEMENT LOANS
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(C) RESIDENTIAL VACANCY RATE

Notes: The sample period is 2013 to 2018. The dependent variable is the log percentage change in
mortgages 90 plus days past due (in %) in Panel A, the log percentage change in the number of home
improvement loans (in %) in Panel B and the log percentage change in the residential vacancy rate( in %) in
Panel C. Controls include one year-lagged male population ratio, White ratio, Black ratio, American-Indian
ratio, Hispanic ratio, age 20-64 ratio, age over 65 ratio, migration inflow ratio, poverty ratio,
unemployment ratio, labor force participation ratio, neoplasm mortality, and physicians. We plot the
interaction weighted total coefficient with a 95% confidence interval for each relative time following Sun
and Abraham (2021). Standard errors are clustered at the state level.

32

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=3712600

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



FIGURE 6: THE EFFECT OF OPIOID LIMITING LAWS ON MIGRATION INFLOW
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Notes: The sample period is 2013 to 2018. The dependent variable is the log total migration inflow income
in Panel A, the log total migration inflow number of households in Panel B and the log total migration
inflow number of individuals in Panel C. Controls include one year-lagged male population ratio, White
ratio, Black ratio, American-Indian ratio, Hispanic ratio, age 20-64 ratio, age over 65 ratio, migration inflow
ratio, poverty ratio, unemployment ratio, labor force participation ratio, neoplasm mortality, and
physicians. We plot the interaction weighted total coefficient with a 95% confidence interval for each
relative time period following Sun and Abraham (2021). Standard errors are clustered at the state level.

FIGURE 7: HOUSING WEALTH OVER TIME
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Notes: We report US aggregate housing wealth by year as well the path estimated with a 21% prescription
rate reduction shock in 2006 and the same housing wealth growth rate thereafter.
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FIGURE 8: HOUSING WEALTH GAP OVER TIME
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Notes: We report the gap in US aggregate housing wealth by year estimated with a 21% prescription rate
reduction shock in 2006 and the same housing wealth growth rate thereafter.

FIGURE 9: OPIOID LAW IMPACT ON PRESCRIPTION RATES
AROUND STATE BORDERS: RD PLOTS
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Notes: The unit of observations are counties. We consider all counties in Panel A and all counties but counties with more than 8 pill
mills in Panel B. We calculate one or two-year difference in prescription rates from the treatment year - 1 to the treatment year,
respectively treatment year + 1. For control counties, we calculate the difference from 2015 to 2016 or 2017, as the first law was passed
in 2016. As controls, we include the following variables as of 2015: male population ratio, White ratio, Black ratio, American-Indian
ratio, Hispanic ratio, age 20-64 ratio, age over 65 ratio, migration inflow ratio, poverty ratio, unemployment ratio, labor force
participation ratio, neoplasm mortality, and physicians. We follow Calonico et al. (2014) to choose the optimal bandwidth. Standard
errors are clustered at the state level. The regression continuity plots correspond to Panel A in Table V.
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FIGURE 10: OPIOID LAW IMPACT ON HOME VALUES
AROUND STATE BORDERS: RD PLOTS
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Notes: The unit of observations are counties. We consider all counties in Panel A and all counties but
counties with more than 8 pill mills in Panel B. We calculate one or two-year percentage change in home
values from the treatment year - 1 to the treatment year, respectively treatment year + 1. For control
counties, we calculate the percentage change from 2015 to 2016 or 2017, as the first law was passed in 2016.
As controls, we include the following variables as of 2015: male population ratio, White ratio, Black ratio,
American-Indian ratio, Hispanic ratio, age 20-64 ratio, age over 65 ratio, migration inflow ratio, poverty
ratio, unemployment ratio, labor force participation ratio, neoplasm mortality, and physicians. We follow
Calonico et al. (2014) to choose the optimal bandwidth. Standard errors are clustered at the state level. The
regression continuity plots correspond to Panel B in Table V.

35

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=3712600

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



8.2 Main Tables

TABLE I: SUMMARY STATISTICS

Panel A: Opioid abuse proxies

N total Avg N Annual Mean Min P25 Median P75 Max Std. Dev.

Prescription Rate (per 100) 36,704 2,823 82.60 4.20 53.20 77.80 106.90 198.99 42.48
County Prescriptions 36,704 2,823 71,802.60 301.05 8,895.14 26,982.68 75,065.89 582,964.53 117,074.74
Annual Drug Overdose Death Rate 12,990 999 18.82 4.70 11.05 15.83 23.49 56.51 11.14
3-year Drug Overdose Death Rate (in %) 20,073 1,544 17.02 5.24 10.61 14.96 21.01 46.59 8.94

Panel B: Home values

N total Avg N Annual Mean Min P25 Median P75 Max Std. Dev.

Avg Home Value ($) 33,481 2,575 140,033.56 47,116.70 85,275.08 117,306.50 169,095.08 425,161.58 79,347.56
1-year Perc Change HV (in %) 30,633 2,553 1.45 -10.27 -1.40 1.91 4.66 10.23 4.53
2-year Perc Change HV (in %) 27,799 2,527 2.50 -19.42 -2.94 3.25 8.67 19.10 8.56
3-year Perc Change HV (in %) 24,990 2,499 3.38 -27.70 -4.33 4.09 12.04 27.19 12.07
4-year Perc Change HV (in %) 22,227 2,470 4.36 -33.35 -5.12 4.77 14.87 34.60 14.89
5-year Perc Change HV (in %) 19,524 2,440 5.36 -35.52 -5.54 5.33 16.75 41.10 16.85

Our sample period covers 2006 to 2018. We report descriptive statistics for opioid abuse proxies in Panel A. This includes retail opioid prescriptions dis-
pensed per 100 persons per year, total county level retail opioid prescriptions, annual drug overdose death rate per 100,000 residents considering ICD-10
underlying cause-of-death codes X40-X44 (unintentional overdose), X60-X64 (suicide by drug self-poisoning), X85 (homicide by drug poisoning), or Y10-
Y14 (undetermined intent), as well as 3-year drug overdose death rate per 100,000 residents with the same cause-of-death codes that aggregates the deaths
across three years. Panel B reports county level home value statistics: the raw estimated home value of a typical house within a county based on the 2019
revision of the Zillow Home Value Index (ZHVI), as well as 1, 2, 3, 4 and 5-year log percentage changes in county level home value.

TABLE II: OPIOID SUPPLY PROPENSITY INTERACTION

(1) (2) (3) (4) (5) (6)
Prescription Rate Percentage Change Home Prices

Post −2.533∗ −1.658 0.261 0.731∗∗ 0.673∗∗ 0.569∗

(1.310) (1.423) (1.376) (0.319) (0.317) (0.319)

Post X Physicians per capita −2.266∗ 0.148
Tercile 3 (1.204) (0.185)

Post X Phys. Opioid Payment −5.998∗∗∗ 0.346∗∗

Rate Tercile 3 (1.415) (0.160)

R2 0.950 0.950 0.950 0.589 0.590 0.590
N 15199 15199 15199 14695 14695 14695

The sample period is 2013 to 2018. The dependent variable is prescription rate in columns 1 to 3, respectively a log percentage change of av-
erage county home values over 1 year in columns 4 to 6. Post is a dummy equal to one in the year of the passage of the law in the respective
county and thereafter; Physicians per capita Tercile 3 is a dummy equal to one for counties whose average physicians per capita between 2011 to
2015 is in the top tercile and Phys. Opioid Payment Rate Tercile 3 is a dummy equal to one for counties in the top tercile based on opioid related
payments to physicians from August 2013 (data start) until the end of 2015. Controls include: Male population ratio, White ratio, Black ratio,
American-Indian ratio, Hispanic ratio, age 20-64 ratio, age over 65 ratio, migration inflow ratio, poverty ratio, unemployment ratio, labor force
participation ratio and neoplasm mortality. We include county and year fixed effects. Standard errors are clustered at the state level. ∗ ∗ ∗ indi-
cates p < 0.01, ∗∗ indicates p < 0.05, and ∗ indicates p < 0.1.
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TABLE III: ECONOMIC MECHANISMS: CORRELATION WITH PRESCRIPTION RATES

(1) (2) (3) (4) (5) (6)
5-year percentage change in

Mortgage delinquency rate No. of home improvement loans Residential vacancy rate

Lag Prescription Rate 0.837∗∗∗ 0.192∗∗∗ −0.175∗∗∗ −0.024∗∗ 0.267∗∗∗ 0.062∗∗∗

(0.188) (0.047) (0.045) (0.010) (0.047) (0.022)

R2 0.904 0.901 0.672 0.661 0.758 0.337
N 2350 2320 14721 14794 9488 9589
Std. dev. prescription rate 27.11 27.08 43.29 43.34 43.55 43.63
County F.E. Yes No Yes No Yes No
Year F.E. Yes No Yes No Yes No
State-Year F.E. No Yes No Yes No Yes

The sample period is 2006 to 2018.The regression specification and controls is the same as in Equation 1 but for the dependent vari-
ables. The dependent variable is a 5-year percentage changes in the mortgage delinquency rate (percent of mortgages 90 days plus
past due) in columns 1 and 2, over 5 years, in the number of home improvement loans columns 3 and 4, and in the residential va-
cancy rates in columns 5 and 6. The key independent variable of interest is the lagged prescription rate. County controls include the
male population ratio, White ratio, Black ratio, American-Indian ratio, Hispanic ratio, age 20-64 ratio, age over 65 ratio, migration in-
flow ratio, poverty ratio, unemployment ratio, labor force participation ratio, neoplasm mortality, and physicians. All independent
variables are lagged over five years. All variables are winsorized at the 2 and 98 % level. Standard errors are clustered at the county
level. ∗ ∗ ∗ indicates p < 0.01, ∗∗ indicates p < 0.05, and ∗ indicates p < 0.1.
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TABLE IV: OPIOID ABUSE AND MIGRATION OUTFLOW

(1) (2) (3) (4) (5) (6)
Panel A: 5-year lagged prescription rates and 5-year percentage change in migration outflow measures

Perc Change Total income Perc Change no. households Perc Change no. individuals

Lag Prescription Rate −0.005 0.008∗∗ 0.002 0.015∗∗∗ 0.001 0.015∗∗∗

(0.016) (0.004) (0.010) (0.003) (0.011) (0.003)

R2 0.506 0.468 0.628 0.640 0.638 0.634
N 17208 17275 17222 17288 17222 17288

Panel B: 5-year lagged prescription rates and log migration outflow measures
Log(Total income) Log(Households) Log(Individuals)

Lag Prescription Rate −0.003 0.394∗∗∗ −0.001 0.380∗∗∗ −0.003 0.380∗∗∗

(0.013) (0.023) (0.008) (0.027) (0.009) (0.027)

R2 0.989 0.825 0.995 0.809 0.994 0.806
N 17215 17281 17222 17288 17222 17288

Panel C: Opioid overdose death and log migration outflow measures
Log(Total income) Log(Households) Log(Individuals)

3-year overdose death rate top 0.613∗ 13.370∗∗∗ 0.648∗∗∗ 14.440∗∗∗ 0.836∗∗∗ 15.181∗∗∗

tercile (0.355) (2.020) (0.226) (2.025) (0.240) (2.009)

R2 0.991 0.863 0.996 0.817 0.995 0.812
N 18260 18250 18264 18254 18264 18254
County F.E. Yes No Yes No Yes No
Year F.E. Yes No Yes No Yes No
State-Year F.E. No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes

The sample period is 2006 to 2018. The dependent variable is a measure of total migration outflow based on on individual income tax returns
filed with the IRS. In column 1 and 2, it is based on the total adjusted gross income, in column 3 and 4 the number of households approximated
by the number of returns filed and in column 5 and 6 the number of individuals approximated by personal exemptions claimed. In Panel A, we
calculate 5-year percentage changes for the dependent variables and in Panel B and C we calculate logs of the dependent variable. In Panel A
and B the key independent variable of interest is the 5-year lagged prescription rate. The specification therefore follows Equation 1 and takes the
same 5-year lagged controls. The specification in Panel C follows Equation 7. We consider only the most populated opioid overdose measure
as independent variable, namely "3-year overdose death rate top tercile". Controls are lagged by one year. Standard errors are clustered at the
county level. ∗ ∗ ∗ indicates p < 0.01, ∗∗ indicates p < 0.05, and ∗ indicates p < 0.1.
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TABLE V: OPIOID LAW IMPACT ON PRESCRIPTION AND HOME VALUES AROUND
STATE BORDERS

(1) (2) (3) (4) (5) (6) (7) (8)
All counties Excluding pill mill counties

Difference in County Prescription Rates over ...
1 year 2 years 1 year 2 years

RD Estimate -4.219*** -4.176*** -4.004** -3.544* -3.972*** -3.837*** -3.794** -3.269
( 1.004) ( 1.099) ( 1.771) ( 2.047) ( 1.062) ( 1.174) ( 1.914) ( 2.188)

Observations 2389 2389 2066 2066 2210 2210 1923 1923
MSEBandwidth 94 165 115 186 93 163 113 186
Effective LHS Obs 504 754 574 783 479 714 545 744
Effective RHS Obs 546 872 474 695 507 804 439 645
Polynominal Order 1 2 1 2 1 2 1 2

All counties Excluding pill mill counties
Percentage Change in County Average Home Values over...

1 year 2 years 1 year 2 years

RD Estimate 1.157* 1.195* 2.158* 2.165* 1.180* 1.257* 2.232** 2.279**
( 0.699) ( 0.708) ( 1.148) ( 1.176) ( 0.703) ( 0.685) ( 1.065) ( 1.116)

Observations 2334 2334 2020 2020 2157 2157 1879 1879
MSEBandwidth 118 217 121 215 102 200 109 193
Effective LHS Obs 570 788 583 784 496 736 519 729
Effective RHS Obs 660 1041 498 769 544 918 427 666
Polynominal Order 1 2 1 2 1 2 1 2

The unit of observations are counties. In columns 1 to 4 we consider all counties. In columns 5 to 8 we exclude
counties with more than 8 pill mills. We calculate one or two-year difference in prescription rate, respectively per-
centage changes in home values from the treatment year - 1 to the treatment year, respectively treatment year +
1. For control counties, we calculate the difference, respectively percentage change from 2015 to 2016 or 2017, as
the first law was passed in 2016. As controls, we include the following variables as of 2015: male population ratio,
White ratio, Black ratio, American-Indian ratio, Hispanic ratio, age 20-64 ratio, age over 65 ratio, migration inflow
ratio, poverty ratio, unemployment ratio, labor force participation ratio, neoplasm mortality, and physicians. We
follow Calonico et al. (2014) to choose the optimal bandwidth. Standard errors are clustered at the state level. ∗ ∗ ∗
indicates p < 0.01, ∗∗ indicates p < 0.05, and ∗ indicates p < 0.1.
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TABLE VI: INSTRUMENTAL VARIABLE: PURDUE MARKETING

(1) (2) (3) (4)
IV: Stage 1 IV: Stage 2 IV: Stage 1 IV: Stage 2

Panel A: 4-year percentage change in home values

Purdue Marketing 1.322∗∗∗ 1.322∗∗∗

(0.298) (0.116)

Estimated Prescription Rate −0.030 −0.030∗

(0.025) (0.017)

R2 0.357 0.857 0.357 0.857
N 19726 17965 19726 17965
F-statistic 41.1 7.5 228.6 15.4

Panel B: 5-year percentage change in home values

Purdue Marketing 1.329∗∗∗ 1.329∗∗∗

(0.303) (0.122)

Estimated Prescription Rate −0.039 −0.039∗

(0.031) (0.021)

R2 0.362 0.857 0.362 0.857
F-statistic 17183 15532 17183 15532
N 39.6 7.4 215.0 16.1

State-Year F.E. Yes Yes Yes Yes
Controls Yes Yes Yes Yes
Std. Error County County State-Year State-Year

The sample period is 2006 to 2018. The depend variable is 4-year percentage changes in home values in Panel A
and 5-year percentage changes in Panel B. We run a two-stage least squares regression with Purdue Marketing as in-
strument. Purdue Marketing is defined as growth in pill distribution between 1997 and 2003. Controls include: Male
population ratio, White ratio, Black ratio, American-Indian ratio, Hispanic ratio, age 20-64 ratio, age over 65 ratio,
migration inflow ratio, poverty ratio, unemployment ratio, labor force participation ratio and neoplasm mortality.
We also include state-year fixed effects. In columns 1 and 2 we cluster standard errors at the county level and in
columns 3 and 4 at the state and year level. ∗ ∗ ∗ indicates p < 0.01, ∗∗ indicates p < 0.05, and ∗ indicates p < 0.1.
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TABLE VII: INSTRUMENTAL VARIABLE: SUPPLY CHAIN

(1) (2) (3) (4) (5) (6) (7) 8)
State-Year F.E. County & Year F.E.

Cluster County Cluster state x year Cluster County Cluster state x year

IV: Stage 1 IV: Stage 2 IV: Stage 1 IV: Stage 2 IV: Stage 1 IV: Stage 2 IV: Stage 1 IV: Stage 2

Panel A: 4-year percentage change in home values

Supply Chain 1.020∗∗∗ 1.020∗∗∗ 1.020∗∗∗ 1.020∗∗∗

(0.065) (0.071) (0.065) (0.071)

Estimated Prescription Rate −0.006 −0.006 −0.006 −0.006
(0.007) (0.006) (0.007) (0.006)

R2 0.413 0.839 0.413 0.839 0.413 0.839 0.413 0.839
N 14479 12910 14479 12910 14479 12910 14479 12910
F-statistic 59.3 8.5 175.6 10.7 59.3 8.5 175.6 10.7

Panel B: 5-year percentage change in home values

Supply Chain 1.025∗∗∗ 1.025∗∗∗ 0.279∗∗∗ 0.279∗∗∗

(0.065) (0.071) (0.042) (0.031)

Estimate Prescription Rate −0.011 −0.011 −0.144 −0.144
(0.009) (0.007) (0.092) (0.158)

R2 0.415 0.845 0.415 0.845 0.948 0.796 0.948 0.796
N 14479 12910 14479 12910 14411 12840 14411 12840
F-statistic 59.4 8.2 175.6 14.1 7.4 37.2 13.0 17.9

County F.E. No No No No Yes Yes Yes Yes
Year F.E. No No No No Yes Yes Yes Yes
State-Year F.E. Yes Yes Yes Yes No No No No
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Std. Error County County State-Year State-Year County County State-Year State-Year

The sample period is 2006 to 2018. The depend variable is 4-year percentage changes in home values in Panel A and 5-year percentage changes
in Panel B. We run a two-stage least squares regression with leaky supply chains (Supply Chain) as instrument. Supply Chain is defined as annual
MME per 1000 county inhabitants distribution of strong types of opioid to retail pharmacies. Controls include: Male population ratio, White ratio,
Black ratio, American-Indian ratio, Hispanic ratio, age 20-64 ratio, age over 65 ratio, migration inflow ratio, poverty ratio, unemployment ratio,
labor force participation ratio and neoplasm mortality. We include state-year fixed effects in columns 1 to 4 and county and year fixed effects in
columns 5 to 8. In columns 1, 2, 5 and 6 we cluster standard errors at the county level and in columns 3, 4, 7 and 8 at the state and year level. ∗ ∗ ∗
indicates p < 0.01, ∗∗ indicates p < 0.05, and ∗ indicates p < 0.1.
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TABLE VIII: HOME VALUE AND OVERDOSE DEATH RATES

One-year percentage change in home values

(1) (2) (3) (4) (5) (6)

Overdose death rate −0.014∗ −0.005
(0.008) (0.005)

3-year overdose death rate −0.001 −0.008∗

(0.009) (0.004)

3-year overdose death rate top tercile −0.218∗∗ −0.173∗∗∗

(0.093) (0.052)

County F.E. Yes No Yes No Yes No
Year F.E. Yes No Yes No Yes No
State-Year F.E. No Yes No Yes No Yes
R2 0.685 0.801 0.657 0.783 0.647 0.778
N 7288 7249 11773 11756 17467 17462
Std. dev. overdose variable 10.542 6.585 8.992 5.600 .469 .366

The sample period is 2006 to 2018. The dependent variable is a 1-year log percentage change of average county home values
(log(HVt/HVt−1) ∗ 100). Overdose death rate is the annual overdose deaths per 100,000 county inhabitants at t, 3-year overdose death rate is
the 3-year overdose death rates per 100,000 county inhabitants for the years t, t − 1 and t − 2, and 3-year overdose death rate top tercile is a
dummy equal to one for counties in the tercile with the highest 3-year overdose death rates. We restrict the sample to counties with data
in every period. One year lagged controls include: Male population ratio, White ratio, Black ratio, American-Indian ratio, Hispanic ratio,
age 20-64 ratio, age over 65 ratio, migration inflow ratio, poverty ratio, unemployment ratio, labor force participation ratio and neoplasm
mortality. Columns 1, 3 and 5 control for county and year fixed effects and columns 2, 4 and 6 for state-year fixed effects. We require
counties to have data for the whole time series, i.e. the full 13 years, to avoid counties dropping in and out depending on suppressed
data. Standard errors are clustered at the county level. ∗ ∗ ∗ indicates p < 0.01, ∗∗ indicates p < 0.05, and ∗ indicates p < 0.1.

TABLE IX: HOME VALUE AND OPIOID PRESCRIPTION RATES: CORRELATIONS
EXCLUDING COUNTIES WITH MORE THAN 8 PILL MILLS

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Log Perc. Change Home Value

Lag over Lag over

1 Year 2 Years 3 Years 4 Years 5 Years 1 Year 2 Years 3 Years 4 Years 5 Years

Lag Prescription Rate −0.007∗∗∗ −0.011∗∗∗ −0.012∗ −0.016∗ −0.022∗∗ −0.001∗ −0.002∗∗ −0.004∗∗ −0.005∗∗ −0.005∗

(0.002) (0.004) (0.006) (0.008) (0.010) (0.001) (0.001) (0.002) (0.002) (0.003)

County F.E. Yes Yes Yes Yes Yes No No No No No
Year F.E. Yes Yes Yes Yes Yes No No No No No
State-Year F.E. No No No No No Yes Yes Yes Yes Yes
R2 0.636 0.689 0.740 0.776 0.807 0.753 0.802 0.835 0.850 0.851
N 22930 20605 18279 15964 13743 22971 20656 18354 16059 13818

The sample period is 2006 to 2018.The regression specification and controls is the same as in Equation 1, but we drop counties with more than 8 pill mills,
equivalent to dropping the top 6.3% counties based on the number of pill mills. The dependent variable is a log percentage change of average county home
values (log(HVt/HVt−x) ∗ 100) over 1, 2, 3, 4 and 5 years. County controls include the male population ratio, White ratio, Black ratio, American-Indian ratio,
Hispanic ratio, age 20-64 ratio, age over 65 ratio, migration inflow ratio, poverty ratio, unemployment ratio, labor force participation ratio, neoplasm mortal-
ity, and physicians. All variables are winsorized at the 2 and 98 % level. Columns 1 to 5 include county and year fixed effects and columns 6 to 10 state-year
fixed effects. Standard errors are clustered at the county level. ∗ ∗ ∗ indicates p < 0.01, ∗∗ indicates p < 0.05, and ∗ indicates p < 0.1.
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A Appendix

A.1 Opioid laws and regulations

FIGURE A.I: PASSAGE OF OPIOIDS LEGISLATION BY STATE
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Notes: We colour states by the year in which they passed an opioid distribution law or regulation.
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TABLE A.I: DETERMINANTS OF OPIOIDS STATE LEGISLATION

(1) (2) (3) (4)
State Law and Regulation Indicator

Avg Prescription Rate −0.003 0.004 −0.002 0.004
(0.003) (0.006) (0.004) (0.006)

Age Adjusted Overdose Death 0.031∗∗∗ 0.027∗∗ 0.029∗∗ 0.026∗∗

Rate (0.011) (0.012) (0.012) (0.013)

Unemployment Rate −0.008 −0.010
(0.085) (0.089)

Ln(Median Household Income) 1.505 1.527
(1.241) (1.290)

Poverty Ratio 0.041 0.042
(0.051) (0.052)

Ln(GDP per capita) 0.132 0.112
(0.610) (0.634)

Democratic 0.003 0.030
(0.203) (0.211)

Republican −0.071 −0.015
(0.165) (0.176)

R2 0.159 0.208 0.163 0.209
N 50 50 50 50

This is a cross-sectional regression with all 50 US states. The dependent variable is an indicator variable equal to one
if a state passed a opioid law or regulation between 2016 and 2018. Following Ouimet et al. (2021), independent vari-
ables include: Average state prescription rate between 2006 and 2015 per 100,000 people; Age adjusted overdose death
rate, unemployment rate, ln(median household income in current dollars), poverty ratio, ln(GDP per capita in current
dollars) at the state level as of 2015; Democratic and Republican are indicators that equal one if the state governor, state
senate and state house are all Democratic, respectively all Republican, in 2015. Standard errors are robust. ∗ ∗ ∗ indi-
cates p < 0.01, ∗∗ indicates p < 0.05, and ∗ indicates p < 0.1.

TABLE A.II: COUNTY/STATE OBSERVATIONS FOR OPIOID LAW INTRODUCTIONS

Opioid Prescriptions Observations Home Value Observations

States Counties States Counties

State Law Passed in 2016 9 279 9 253
State Law Passed in 2017 18 1095 18 1060
State Law Passed in 2018 5 340 5 334

The table reports the number of states that passed laws intended limit opioid abuse as well as the num-
ber of observations with data for opioid prescriptions, respectivelyu home value, at the county level.
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FIGURE A.II: THE EFFECT OF OPIOID LIMITING LAWS ON OVERDOSE DEATH

(A) OVERDOSE DEATH RATE
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(B) PERCENTAGE CHANGE IN OVERDOSE
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Notes: The sample period is 2013 to 2018. The dependent variable is the annual overdose death rate in
Panel A and the percentage change in the annual overdose death rate in % in Panel B. We restrict the
sample to counties with overdose death data in every period between 2013 and 2018. Controls include one
year-lagged male population ratio, White ratio, Black ratio, American-Indian ratio, Hispanic ratio, age
20-64 ratio, age over 65 ratio, migration inflow ratio, poverty ratio, unemployment ratio, labor force
participation ratio, neoplasm mortality, and physicians. We plot the interaction weighted total coefficient
with a 95% confidence interval for each relative time period following Sun and Abraham (2021). Standard
errors are clustered at the state level.

FIGURE A.III: EVENT PLOT FOR HOME VALUE WITH HYPOTHESIZED TREND BASED
ON 50% POWER
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Notes: The sample period is 2013 to 2018. The dependent variable is log percentage change in average
county home values. We follow Roth (2022) and plot a linear violation of the pre trend based on a 50%
power in red. Black are coefficients we find in our regression and blue are the expected coefficient we
would find based on the hypothesized trend in red.
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FIGURE A.IV: THE EFFECT OF OPIOID LIMITING LAWS ON RENT
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Notes: The sample period is 2013 to 2018. The dependent variable is log percentage change in median rent.
Controls include one year-lagged male population ratio, White ratio, Black ratio, American-Indian ratio,
Hispanic ratio, age 20-64 ratio, age over 65 ratio, migration inflow ratio, poverty ratio, unemployment
ratio, labor force participation ratio, neoplasm mortality, and physicians. We plot the interaction weighted
total coefficient with a 95% confidence interval for each relative time period following Sun and Abraham
(2021). Standard errors are clustered at the state level.

FIGURE A.V: REGRESSION DISCONTINUITY PLOTS FOR COVARIATES IN 2015
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Notes: The unit of observations are counties. The dependent variables are levels in home value (Panel A),
prescription rate (Panel B), labour participation rate (Panel C), unemployment rate (Panel D) and poverty
ratio (Panel E) as of 2015. We follow Calonico et al. (2014) to choose the optimal bandwidth and do not
include any other controls. Standard errors are clustered at the state level.
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A.2 Economic mechanisms

TABLE A.III: SUMMARY STATISTICS ECONOMIC MECHANISMS

Panel A: Summary statistics: Channel variables
N total Avg N Annual Mean Min P25 Median P75 Max Std. Dev.

Percent of Mortgages 90+ days past due 5,170 470 2.41 0.42 1.27 2.06 3.16 7.36 1.55
5- year Perc Change Mtgs 90+ days past (in %) 2,820 470 -66.98 -195.90 -113.08 -75.51 -29.35 94.28 68.83
No. of home purchase loans 38,290 3,191 894.51 5.00 62.00 190.00 644.00 9,480.96 1,865.67
5-year Perc Change home pruchase loans (in %) 22,208 3,173 16.82 -88.31 -9.65 23.19 48.10 98.90 43.96
Residential vacancy rate (in %) 28,109 3,123 4.25 0.00 1.56 3.41 5.98 15.27 3.64
5-year Perc Change residential vacancy rate (in %) 11,335 2,834 -14.01 -833.29 -33.51 -7.03 14.31 639.88 79.47

Panel B: Summary statistics: Migration
N total Avg N Annual Mean Min P25 Median P75 Max Std. Dev.

Log(Mig-out total income) 40,586 3,122 10.18 7.29 9.08 9.97 11.13 14.08 1.57
5-year Perc Change Mig-out total income (in %) 24,923 3,115 12.97 -49.82 -2.57 13.05 28.88 69.77 25.24
Log(Mig-out no households) 40,607 3,124 6.54 3.69 5.56 6.40 7.42 9.99 1.44
5-year Perc Change Mig-out no households (in %) 24,949 3,119 -1.91 -49.79 -12.54 -1.07 9.60 36.78 18.22
Log(Mig-out no individuals) 40,607 3,124 7.20 4.33 6.24 7.07 8.06 10.59 1.42
5-year Perc Change Mig-outno individuals (in %) 24,949 3,119 -0.93 -51.03 -12.73 0.07 11.90 40.07 19.52
Log(Mig-in total income) 40,535 3,118 10.18 7.18 9.03 10.00 11.19 14.04 1.61
Log(Mig-in no households) 40,556 3,120 6.51 3.61 5.51 6.37 7.43 9.99 1.47
Log(Mig-in no individuals) 40,556 3,120 7.21 4.32 6.23 7.07 8.09 10.58 1.44

We report summary statistic for the economic mechanism variables delinquent mortgages, home improvement loans and residential vacancy rates in Panel A
and for migration outflow and inflow in Panel B.
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IA Internet Appendix

IA.1 Opioid laws and regulations

Opioid Laws and Regulations Passed between 2016 and 2018
Alaska (2017 / Law) limits first-time opioid prescriptions to seven days except for

chronic pain or patients with travel/ logistical barriers.
Arizona (2016 / Regulation) limits first-time opioid prescriptions to seven days for in-

sured people under state’s Medicaid or state’s employee insurance plan. In 2018, a new
law limits first-time opioid prescription to five days.

Colorado (2017 / Regulation) limits first-time opioid prescriptions to seven days with
2 more seven-day prescriptions and a fourth seven-day prescriptions upon department
approval possible. In 2018, a new law limits first-time opioid prescription to seven days
with one possible seven day extensions. Exceptions include chronic pain patients, cancer
patients, patients under hospice care, and patients experiencing post-surgical pain.

Connecticut (2016 / Law) limits first-time opioid prescriptions to seven days except for
chronic pain patients. in 2018, a second law reduce opioid prescription limits for minors
from seven days to five days.

Delaware (2017 / Regulation) limits first-time opioid prescriptions to seven days unless
the doctor determines a patient requires more. Patients receiving longer supply must
undergo a physical exam and are educated about the danger of opioid abuse.

Florida (2018 / Law) limits opioid prescriptions for acute pain to three days, with some
exceptions allowing seven days.

Hawaii (2017 / Law) limits first-time opioid prescriptions to seven days except for can-
cer patients, post-operative care patients and patients in palliative care.

Indiana (2017 / Law) limits first-time opioid prescriptions to seven days unless the
doctor determines a patient requires more or the patient is in palliative care.

Kentucky (2017 / Law) limits first-time opioid prescriptions to three days unless the
doctor determines a patient requires more or the patient is treated for chronic pain, cancer-
related pain or post-surgery pain.

Louisiana (2017 / Law) limits first-time opioid prescriptions to seven days except for
chronic pain patients, cancer patients, or patients receiving hospice care.

Maine (2016 / Law) limits first-time opioid prescriptions to seven days for acute pain
and thirty days for chronic pain. Morphine milligram equivalents (MME) are limited to
100 per day except for cancer patients, hospice and palliative care patients and substance
abuse disorder treatment patients.

Massachusetts (2016 / Law) limits first-time opioid prescriptions to seven days except
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for cancer pain patients, chronic pain patients, and palliative care patients.
Michigan (2017 / Law) limits opioid prescriptions to seven days for acute pain.
Minnesota (2017 / Law) limits opioid prescriptions to four days for acute dental or

ophthalmic pain.
Missouri (2017 / Regulation) limits first-time opioid prescriptions to seven days for

Medicaid recipients.
Nebraska (2016 / Regulation) limits opioid prescriptions to 150 doses of short-acting

opioids in 30 days. In 2018, a law was passed to limit opioid prescriptions to seven days
for patients under 19.

Nevada (2017 / Law) limits first-time opioid prescriptions to fourteen days for acute
pain and 90 morphine milligram equivalents per day. Exceptions are possible, but require
additional scrutiny by doctors, respectively blood and radiology tests to determine the
cause of pain.

New Hampshire (2016 / Law) limits opioid prescriptions to seven days in an emer-
gency room, urgent care setting or walk-in clinic.

New Jersey (2017 / Law) limits first-time opioid prescriptions to five days for acute
pain except for cancer pain patients, hospice care patients, patients in a long-term care
facility or substance abuse treatment patients.

New York (2016 / Law) limits first-time opioid prescriptions to seven days for acute
pain except for chronic pain patients, cancer pain patients and patients in hospice or pal-
liative care.

North Carolina (2016 / Law) limits first-time opioid prescriptions to five days for acute
pain and seven days for post-surgery patients. Exemptions are for cancer patients, chronic
pain patients, hospice or palliative care patients as well as patients being treated for sub-
stance use disorders.

Ohio (2017 / Regulation) limits opioid prescriptions to seven days for acute pain and an
average 30 morphine equivalent does per day except for cancer patients, chronic pain pa-
tients, hospice or palliative care patients and patients treated for substance use disorders.

Oklahoma (2018 / Law) limits opioid prescriptions to seven days for acute pain.
Pennsylvania (2016 / Law) limits opioid prescriptions to seven days in emergency

rooms and urgent care centers except for cancer patients, chronic pain patients and hos-
pice and palliative care patients.

Rhode Island (2016 / Law): limits opioid prescription to 30 morphine milligram equiv-
alents per day for a maximum of 20 doses except for cancer pain patients, chronic pain
patients and hospice and palliative care patients.

South Carolina (2018 / Regulation) limits first-time opioid prescriptions to five days or
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90 morphine milligram equivalents per day except for cancer pain patients, chronic pain
patients, sickle cell disease-related patients, palliative care patients and substance abuse
disorder treated patients.

Tennessee (2018 / Law) limits first-time opioid prescriptions to three days, but allows
for ten and thirty day prescriptions if certain requirements are met.

Utah (2017 / Law) limits first-time opioid prescriptions to seven days for acute pain
except for complex or chronic conditions patients

Vermont (2017 / Regulation) sets opioid limits for minor, moderate, severe and extreme
pain. Adults suffering from moderate pain are limited to 24 morphine milligram equiva-
lents per day and with severe pain to 32 morphine milligram equivalents per day.

Virginia (2017 / Regulation) limits opioid prescriptions to seven days for acute pain and
14 days for post-surgical pain except under extenuating circumstances.

Washington (2017 / Law) limits opioid prescriptions for Medicaid patients under the
age of 20 to 18 tablets and for patients 21 years and older to 42 tablets, equivalent to about
a seven day supply. Limits can be exceeded if deemed necessary by the prescriber and do
not apply to cancer patients as well as hospice and palliative care patients.

West Virginia (2018 / Law) limits opioid prescriptions to seven days for short-term
pain, four days fro emergency room prescriptions and three days for prescriptions by
a dentist or optometrist except for cancer patients, hospice patients and nursing home/
long/term care patients.
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IA.2 Difference-in-differences estimates: opioid laws and regulations

TABLE IA.I: SUN AND ABRAHAM (2021): ESTIMATES FOR THE EFFECT OF OPIOID
LAWS ON PRESCRIPTIONS AND HOME VALUES

Panel A: Dependent Variable: Total County Prescriptions

Year Relative To Fixed Effect Interaction Weighted

Legislation Total Total CATT Treat-year 2016 CATT Treat-year 2017 CATT Treat-year 2018

-5 2689.698 3497.861 3497.861
( 3056.589) ( 3427.335) ( 3427.335)

-4 1157.515 2151.615 2176.786 2071.731
( 1947.820) ( 1407.503) ( 1559.227) ( 3165.726)

-3 860.781 1341.518 595.802 1485.804 1448.472
( 1297.242) ( 1022.672) ( 2522.228) ( 1244.869) ( 2484.415)

-2 581.373 1017.781 -585.046 1507.798** 676.753
( 841.488) ( 668.658) ( 2617.587) ( 748.834) ( 1136.858)

-1 0.000 0.000 0.000 0.000 0.000

0 -2702.161*** -2662.167*** -5339.808*** -2405.188** -1449.456
( 1017.822) ( 870.132) ( 1900.458) ( 1210.829) ( 1253.547)

1 -7006.290*** -6136.949*** -13886.934*** -4287.188*
( 2512.969) ( 2056.392) ( 4490.847) ( 2310.707)

2 -18439.869*** -19745.131*** -19745.131***
( 5731.248) ( 5496.416) ( 5496.416)

Panel B: Dependent Variable: Percentage Change in Average County Home Value

Year Relative To Fixed Effect Interaction Weighted

Legislation Total Total CATT Treat-year 2016 CATT Treat-year 2017 CATT Treat-year 2018

-5 -0.584 -0.471 -0.471
( 1.014) ( 1.080) ( 1.080)

-4 -0.405 -0.506 -0.495 -0.539
( 0.555) ( 0.522) ( 0.638) ( 0.801)

-3 -0.166 -0.342 0.530 -0.680 0.070
( 0.380) ( 0.375) ( 0.692) ( 0.528) ( 0.574)

-2 0.016 -0.056 -0.151 -0.114 0.198
( 0.176) ( 0.185) ( 0.473) ( 0.248) ( 0.285)

-1 0.000 0.000 0.000 0.000 0.000

0 0.437*** 0.423*** 0.549** 0.465** 0.193
( 0.153) ( 0.160) ( 0.222) ( 0.200) ( 0.436)

1 0.954*** 0.810*** 1.418*** 0.665*
( 0.302) ( 0.302) ( 0.304) ( 0.367)

2 1.664*** 1.781*** 1.781***
( 0.360) ( 0.382) ( 0.382)

The sample period is 2013 to 2018. The dependent variable is total county prescription in Panel A and the log percentage change in
average county home values in Panel B. We estimate a two-way fixed effects (FE) regression with relative time treatment dummies
based on the passage of the law in column 1 as well as Sun and Abraham (2021)’s interaction weighted (IW) regression in columns 2
to 5. Column 2 reports the sample share weighted average of the CATT in columns 3 to 5. County controls include the male popu-
lation ratio, White ratio, Black ratio, American-Indian ratio, Hispanic ratio, age 20-64 ratio, age over 65 ratio, migration inflow ratio,
poverty ratio, unemployment ratio, labor force participation ratio, neoplasm mortality, and physicians. In Panel A, we additionally
include log total population as control. Standard errors are clustered at the state level. ∗ ∗ ∗ indicates p < 0.01, ∗∗ indicates p < 0.05,
and ∗ indicates p < 0.1.
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FIGURE IA.I: INTERACTION OF OPIOIDS LAWS WITH SUPPLY PROPENSITY DUMMIES

(A) PANEL (A): TOP PHYSICIANS PER CAPITA TERCILE

Control Treated X Bottom two terciles Treated X Top tercile (most physicians per capita) NA

(B) PANEL (B): TOP PHYSICIAN OPIOID PAYMENT RATE TERCILE

Control Treated X Bottom two terciles Treated X Top tercile (highest opioid payment rate) NA

Notes: We visualise the realtive treatment intensity within a state based on total physicians per capita in Panel A and physician

opioid payment in Panel B. Control states/counties are coloured in grey. Treated states in the bottom two terciles based on either

measure are coloured in light blue. Treated sates in the top terciel based on either measure, i.e. those where the treatement was

strongest, are colored in dark blue.
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TABLE IA.II: OPIOID LAW IMPACT ON PRESCRIPTION AND HOME VALUES AROUND
STATE BORDERS: NO CONTROLS

(1) (2) (3) (4) (5) (6) (7) (8)
All counties Excluding pill mill counties

Difference in County Prescription Rates over ...
1 year 2 years 1 year 2 years

RD Estimate -4.101*** -3.963*** -2.524 -2.286 -3.938*** -3.819** -2.361 -2.105
( 1.363) ( 1.410) ( 2.531) ( 2.599) ( 1.430) ( 1.488) ( 2.674) ( 2.750)

Observations 2725 2725 2375 2375 2546 2546 2232 2232
MSEBandwidth 104 191 117 203 104 189 118 202
Effective LHS Obs 644 944 691 955 624 895 673 915
Effective RHS Obs 684 1075 567 848 646 1004 541 793
Polynominal Order 1 2 1 2 1 2 1 2

Percentage Change in County Average Home Values over...
1 year 2 years 1 year 2 years

RD Estimate 1.338* 1.307* 2.622** 2.638* 1.358* 1.384* 2.671** 2.762**
( 0.760) ( 0.785) ( 1.299) ( 1.355) ( 0.755) ( 0.766) ( 1.284) ( 1.313)

Observations 2551 2551 2217 2217 2374 2374 2076 2076
MSEBandwidth 134 233 151 232 125 227 143 230
Effective LHS Obs 676 872 733 871 629 826 678 827
Effective RHS Obs 821 1203 672 910 729 1109 612 854
Polynominal Order 1 2 1 2 1 2 1 2

The unit of observations are counties. In columns 1 to 4 we consider all counties. In columns 5 to 8 we exclude
counties with more than 8 pill mills. We calculate one or two-year difference in prescription rate, respectively
percentage changes in home values from the treatment year - 1 to the treatment year, respectively treatment year
+ 1. For control counties, we calculate the difference, respectively percentage change from 2015 to 2016 or 2017,
as the first law was passed in 2016. We do not include additional control variables. We follow Calonico et al.
(2014) to choose the optimal bandwidth. Standard errors are clustered at the state level. ∗ ∗ ∗ indicates p < 0.01,
∗∗ indicates p < 0.05, and ∗ indicates p < 0.1.
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IA.3 Overdose death rate variables

As Li and Zhu (2019), we rely on the public-use mortality data that captures drug over-
dose mortality. These data is censored, suppressing counties with less than 10 deaths. To
address the censorship issue, we first impute missing annual death rate from 2-year death
rates and annual death rates. This allows us to impute below 10 death rates for annual
death rates that follow or are followed by annual death rates’ above 10. We also consider
3-year death counts, as this substantially increases the number of counties covered. The
10 death cut-off is now aggregated across three years. For both the annual as well as the
3-year death counts, we calculate overdose death rates per 100,000 residents. The 3-year
death rate accounts for 3 years of county population.

Finally, we construct a dummy to capture counties in the top tercile of the 3-year death
rate. This allows us to impute the maximum death rate of previously suppressed coun-
ties. By definition, the maximum number of deaths of suppressed observations is 9 which
allows us to calculate a maximum death rate. Counties that fall into the bottom two ter-
ciles with the "maximum" death rate will be part of the bottom two terciles with their
true death rate as well, which is lower or equal to the maximum death rate. However,
we cannot stop after this first iteration, as counties whose imputed maximum death rate
may actually be lower and therefore push counties within the bottom two terciles above
the cutoff. We therefore first drop counties that are in the top tercile with their imputed
death rate, as we cannot assign these counties with certainty. Next, we repeat the tercile
construction in an iterative way, dropping of top-tercile imputed counties until we are
only left with imputed counties at the bottom two terciles. This allows us to substantially
increase observations and address the censorship issue. We end up with three alternative
opioid overdose death measures.
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Abstract

I examine the impact of the opioid epidemic on subprime auto lending. Using a difference-in-
differences framework, I find that county-level increases in opioid abuse cause an increase
in loan defaults. Moreover, I find that traditional credit scoring attributes (e.g., FICO score)
fail to predict loan performance deterioration associated with opioid addiction. The weak
predictive performance of traditional credit measures and the resulting higher default rates
generate a negative externality for borrowers in opioid-afflicted areas, as evidenced by 5.7%
higher loan costs for subprime borrowers.

I. Introduction

Prescription opioid and heroin addiction is a global epidemic that affects both
health and economicwelfare. In theUnited States, over 2million people suffer from
opioid-related use disorders and over 700,000 people have died from overdoses in
the last 20 years. The epidemic shows no signs of abating during Covid (Bauman
and Lopez (2021)), as deaths from opioid overdoses are now more common than
fatalities from automobile accidents (Centers for Disease Control and Prevention
(2018a)). In addition to its effects on health and mortality rates, opioid abuse has
significant economic costs. In 2015, the total annual cost of the opioid epidemicwas
estimated at $504 billion (Council of Economic Advisers (2017)).

Although many of the health impacts and some of the economic impacts of
opioid abuse have been examined, little is known about the opioid epidemic’s
spillover effects on financial markets. This study provides the first empirical evidence
of a relation between opioid abuse and consumer credit. This article investigates
i) whether local exposure to opioid abuse is a significant risk factor for lenders, and
ii) whether this risk factor creates costly externalities for borrowers. If communities
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Griffin, Marlene Plumlee, Matt Ringgenberg, as well as seminar participants at the 2019WFAAnnual
Meeting, 2020 IBEFA Annual Meeting, 2019 Financial Intermediation Research Society (FIRS)
conference, 2020 SFS Cavalcade, 2019 UT Dallas Fall Finance Conference, Brigham Young Univer-
sity, Caltech, U.S. Securities and Exchange Commission (SEC), and the University of Utah. The
author declares that he has no relevant or material financial interests that relate to the research
described in this article.
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with high rates of opioid abuse experience higher loan default rates, and if traditional
credit scoring attributes (e.g., FICO) fail to identify borrowers who are prone to
abusing opioids, then lenders in those markets will face higher credit risks, and
borrowers may face credit rationing and higher prices. The consequences of the
opioid epidemic could thus extend beyond the labor market and affect the pricing
of consumer finance products, possibly leading to other repercussions (e.g., deteri-
orating credit-market conditions) for consumers.

The subprime loan market is an ideal setting in which to study the impact of
opioid abuse on consumer finance because its borrowers fall within the at-risk pop-
ulation for opioid abuse (Zedler, Saunders, Joyce, Vick, and Murrelle (2017)) and its
size is large. Most U.S. households have a vehicle, and more than one-third have
an auto loan (Bricker, Dettling, Henriques, Hsu, Jacobs, Moore, Pack, Sabelhaus,
Thompson, and Windle (2017)). Recent auto loan balances exceed $1.1 trillion,
and 40% of these loans are nonprime or lower credit (Zabritski (2018)).

Using a difference-in-differences framework in a natural experiment, I docu-
ment the relation of opioid abuse to loan performance using a panel of 118,709
subprime auto loans. To assess the impact of opioid abuse on consumer finance, the
study uses county-level data on drug-poisoning rates (i.e., deaths). Drug-poisoning
rates are a useful proxy for opioid abuse, as 70.6% of overdose deaths in the United
States involve opioids (Centers for Disease Control and Prevention (2021)). I then
explore whether traditional credit attributes allow lenders to identify risk factors
associated with opioid addiction. Finally, I use loan repayment and collections
data to examine how increases in county-level opioid abuse manifest real costs
for lenders and borrowers.

I find that counties with higher rates of drug-related deaths have higher loan
default rates. After accounting for borrowers’ creditworthiness and local economic
conditions, I find that a 1-standard-deviation increase in the county-level drug-
related death rate is associated with a 12.6% increase (p< 0:01) in loan defaults,
relative to the mean. This increase in default rates is comparable to about a 4.7%
reduction in the average borrower’s FICO score. Studies on the intertemporal
choices of opioid-dependent patients show that these individuals tend to choose
more immediate rewards even if the rewards are smaller (Madden, Petry, Badger,
and Bickel (1997), Kirby, Petry, and Bickel (1999)).1 Such choices are likely to be
unconducive to servicing consumer debt.

The identification of the relation between opioid abuse and loan defaults could
be problematic in the aforementioned ordinary least squares (OLS) regression.
First, one must rule out the possibility that an omitted variable related to changing
local economic conditions is driving the increases in both opioid abuse and loan
defaults. Such a variable could bias the estimates from an OLS specification.
Second, reverse causality is a concern, as one could plausibly argue that loan
defaults cause an increase in opioid abuse. To address these concerns, I identify a
relation between opioid abuse and loan defaults using a difference-in-differences
framework in a natural experiment.

1The psychological effects associated with opioid abuse alter brain chemistry, sometimes leading
to repeated use of the drug. As substance dependence develops, initial enjoyment gives way to anxiety
about the next use. Thus, individuals who are facing strong withdrawal symptoms may be more
interested in satisfying their drug cravings than in making consistent car payments.
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In this experiment, I exploit the legalization of marijuana, a drug whose
analgesic benefits for chronic pain have been compared to those of prescription
opioids (Hill (2015)). (Prescription opioids are the drugs to which many opioid
abusers initially become addicted.)When states legalize marijuana, addicted opioid
users can choose to acquire opioids, often illegally and at high costs, or less-
expensive legal marijuana from a dispensary. The medical literature has documen-
ted that many choose to substitute marijuana (Bachhuber, Saloner, Cunningham,
and Barry (2014), Reiman, Welty, and Solomon (2017), and Powell, Pacula, and
Jacobson (2018)). Drug-abuse treatment efforts that increase the availability of
substitutes for opioid drugs have been shown to reduce the pathological behavior
associated with substance abuse (Bickel, Madden, and Petry (1998)).

Using a difference-in-differences specification, I find that states that legalize
recreational marijuana experience significant declines in the drug-related death rate
and loan defaults relative to other states. Put simply, legal marijuana appears to
crowd out illicit opioid use and its negative effects on household finance. I use
two strategies to alleviate concerns that differences in the economic and political
conditions across states are driving the relation between opioid abuse and loan
defaults. First, in the difference-in-difference analysis, I construct the control group
from borrowers living in states where recreational marijuana use was illegal during
the sample period but has since been legalized. Second, I instrument for changes
in opioid abuse using the timing of marijuana legalization in each state. I find that
states that legalize recreational marijuana during the sample period (2012 to 2016)
experience a significant decline (p< 0:01) in the drug-related death rate (after
legalization), relative to states that do not legalizemarijuana sales during the sample
period but do so later. When I then instrument the drug-related death rate with the
legalization of recreational marijuana, I find that a decrease in drug-related deaths
results in a decrease in loan defaults.

To better understand the relation between opioid abuse and loan defaults,
I investigate the reliability of lenders’ credit models in assessing the riskiness of
auto loans during the opioid epidemic. Lenders use a broad range of information
to determine the likelihood that a prospective borrower will default. But if lenders
cannot distinguish between 2 otherwise similar borrowers who are differentially
shocked by an unobserved risk factor (i.e., the opioid epidemic), then they may
ration credit or increase the cost of credit similarly for both borrowers. I investigate
the predictive power of traditional risk-assessment factors (e.g., the borrower’s
FICO score, income, and other observable credit attributes) on realized default
rates and find that data on the drug-related death rate significantly improves lenders’
ability to predict out-of-sample loan defaults.

While loan default rates are an important predictor of loan profitability, sub-
prime lenders are principally concerned with actual repayments (as loans in default
can still be profitable for them). In further tests, I examine loan repayments and find
that they vary with the local drug-related death rate during the height of the opioid
epidemic. The out-of-sample performance of the lenders’ traditional credit model
declines by over 24% in areas with high levels of drug-related deaths; less affected
areas see no such declines. Adding data on the drug-related death rate to the model
increases the adjusted R2 of the (out-of-sample) payment prediction model by 19%
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in areas in the highest tercile of the drug-related death rate, but does not lead to
meaningful improvements in less affected areas.

In the final tests, I compare how the opioid epidemic differentially affected the
total loan costs in the period of peak opioid abuse, relative to an earlier period
(before the great financial crisis) with lower abuse rates. The total loan costs reflect
not only the increase in contracted payments but also the added costs of financial
penalties attributable to delinquency and default. I find that during the peak of the
opioid epidemic, borrowers in counties at the 75th percentile of the drug-related
death rate pay $1,394 more over the life of an average subprime auto loan, relative
to borrowers in counties at the 25th percentile. This represents a 5.7% increase over
the total average loan cost for the average subprime borrower, ceteris paribus. By
comparison, differences in the drug-related death rate had no significant impact on
total loan costs before the epidemic intensified. The higher overall default rate,
combined with the poor out-of-sample predictive performance of traditional bor-
rower credit attributes (e.g., FICO score), may explain why borrowers in opioid-
afflicted areas pay so much more for subprime auto loans.

This article makes three contributions. First, by connecting the opioid epi-
demic with financial markets, it adds to the literatures on opioid addiction and
economic outcomes (Florence, Luo, Xu, and Zhou (2016), Krueger (2017), Currie,
Jin, and Schnell (2018), Harris, Kessler, Murray, and Glenn (2020), Ouimet,
Simintzi, and Ye (2020), and Park and Powell (2021)), on the economic spillovers
from substance abuse more generally (Levitt and Porter (2001), Aliprantis and
Schweitzer (2018), and Case and Deaton (2020)), and on the relation between
health conditions and finance (Himmelstein, Thorne, Warren, and Woolhandler
(2009), Dobbie and Song (2015), Mahoney (2015), Cohn andWardlaw (2016), and
Xue, Zhang, and Zhao (2021)) (including recent analyses of COVID-19 and
financial outcomes (Goodell (2020)). Using new data on auto loan outcomes and
origination terms, I find that opioid abuse, as proxied by drug-related deaths, leads
to higher loan default rates. The economic implications of this finding are signif-
icant. If the relation I identify persists in subprimemarkets, then the opioid epidemic
may be responsible for an additional 80,000 auto loan defaults per year, represent-
ing $1.2 billion of outstanding debt.2 The resulting defaults can also spill over into
the $100 billion auto loan securitization market.

Second, by showing that drug abuse has predictive power in credit modeling
and that borrowers in opioid-afflicted areas pay more for access to credit, this
article lends support to the theoretical literature’s predictions on how supply-side
responses to asymmetric information affect credit availability (Akerlof (1970),
Stiglitz and Weiss (1981)).

Third, this article extends the literature on the externalities associated with
deteriorating credit-market conditions (Campbell, Giglio, and Pathak (2011),
Anenberg and Kung (2014), and Mian, Sufi, and Trebbi (2015)). Specifically, it
supports the argument that the opioid epidemic’s impact on local credit markets
could be a factor in the economic decay in opioid-afflicted areas.

2These results may be conservative due to the limited availability of loan data in the areas that are
most exposed to the opioid epidemic. Forty percent of the approximately 12 million auto loans (average
loan balance of $16,000) per year are nonprime or lower credit (Jefferies (2018)).
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II. Data

To assess the impact of opioid abuse on consumer finance, the study uses
county-level data on drug poisoning death rates as a proxy for county-level opioid
abuse. Data on drug poisoning deaths per 100,000 persons, for all races, both sexes,
and ages 20–79, from 1999 to 2016 comes from the National Center for Injury
Prevention and Control (NCIPC) of the Centers for Disease Control (CDC). The
data shows that the mortality rate attributable to opioids increased fivefold from
1999 to 2016, with most of the increase occurring after 2011. Further details on the
variables used in this study are in Appendix A of the Supplementary Material.

While a direct measure of opioid abuse would be ideal, the county-level
measure of drug-related deaths is a reasonable substitute, for two reasons. First,
data on drug-related deaths are readily available, and recent data from the CDC
shows that 70.6% of overdose deaths involve the use of prescription or nonpre-
scription opioids. Opioid abuse, in contrast, is difficult to measure, and panel data is
not available.3 Second, the assumption underlying my use of the county-level drug-
related death rate – that the opioid death rate per abuser is relatively constant across
counties – seems reasonable.

My use of a county-level (rather than individual-level) measure also allowsme
to shed light on how opioid abuse within communities causes negative spillover
effects both for individual borrowers and for the community as a whole. For
example, one indirect effect of opioid abuse on the local community is a crime
(Hammersley, Forsyth, Morrison, and Davies (1989)).

Although a mechanical relation exists between drug-related deaths and loan
defaults, the impact of this relation on the total number of loan defaults is small, as
the vast majority of loan defaults are not directly caused by overdose deaths. At the
end of 2016, for example, approximately 3.2 million subprime auto loans were
90 days delinquent. In that year, 63,632 drug overdose deaths occurred (Centers for
Disease Control and Prevention (2018b)).

I match the county-level data on drug-related death rates with new data on the
origination terms and outcomes of subprime automotive loans. The database of
automotive loans comes from a lender that acquires loans in 44U.S. states. The data
spans 23 years ending in 2017 and includes 259,467 loans, whichwere originated at
3,926 dealerships in 1,903U.S. zip codes. To avoid censorship, I remove loans from
the sample if their full term is not observed or if the CDC does not report the drug-
related death rate for the county of origination. I also remove loans if the credit
score, income, prior bankruptcy flag, loan terms, or vehicle book value is not
available. The resultant sample is 118,705 loans.

Table 1 shows the summary statistics for the loans used in the article. The
average borrower in the sample has a FICO score of 533 and a monthly gross
income of $3,330. Borrowers purchase vehicles with an average book value of
$13,380 on a 66-month (average) term. The average default rate is 28.6%. In this
setting, a default is defined as a delinquency that leads to lender efforts to repossess

3Emergency room (ER) visits related to opioid overdoses (which are correlated with drug-related
deaths) would also make a good proxy, but data on these visits are only available for a small sample of
states and a limited number of years.
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the vehicle. The summary statistics of the loans in this sample are similar to those
reported by Jefferies (2018) and Zabritski (2018) for the total U.S. subprime auto
loan market.

Table 1 also summarizes the CDC data for the drug-related death rate by
county. The average drug-related death rate (per 100,000) for the sample is 16.79,
with a standard deviation of 7.51. The highest observed death rate in the CDC data
is 139.44.4

III. The Opioid Epidemic and Loan Performance

In this section, I compare loan outcomes across counties and states with
different drug-related death rates to determine if opioid abuse affects loan outcomes.

I estimate an ordinary least squares model of the relation between opioid abuse
(as proxied by drug-related deaths) and loan defaults. Specifically, I estimate the
following:

Y i,j,σ,τ = β1Zj,τ þβ2X iþ λjþ λσ,τ þ εi,j,σ,τ ,(1)

where Y i,j,σ,τ is the dependent variable of interest – an indicator of loan default for
borrower i, in county j, in state σ, in year τ. The variable Zj,τ represents the drug-
related death rate for county j in year τ. The equation includes controls X i for

TABLE 1

Summary Statistics

Table 1 reports summary statistics for the sample of 118,705 auto loans extended by 3,926 dealerships in 1,903 ZIP codes.
Means, standard deviations, and the 25th, 50th, and 75th percentiles are reported. The data summarizes borrower, vehicle,
loan, and loan environment characteristics. Appendix A of the Supplementary Material reports definitions for the variables
used in the analysis.

Mean Std. Dev. P25 P50 P75 Count

Borrower, vehicle, and loan characteristics
FICO_SCORE 533 53 497 532 567 118,705
MONTHLY_INCOME ($ ’000s) 3.33 2.37 2.25 3.37 4.60 118,705
PRIOR_BANKRUPTCY (=1) 0.26 0.44 0.00 0.00 1.00 118,705
DISCOUNT 421.64 605.33 150 499 799 118,705
VEHICLE_BOOK_VALUE ($ ’000s) 13.38 4.54 10.35 12.93 15.78 118,705
TERM (months) 66 8 60 72 72 118,705
DOWN_PAYMENT ($) 1.19 1.46 0.30 1.00 1.50 118,705
DEFAULT (%) 28.57 45.17 118,705
TOTAL_PAYMENTS_TO_LENDER ($ ’000s) 4.06 4.67 0.00 2.69 7.18 110,922
TOTAL_LOAN_COST ($ ’000s) 20.94 8.04 15.04 19.86 25.71 106,779

Loan environment
DRUG_DEATH_RATE (per 100,000) 16.79 7.51 11.20 15.20 21.71 118,705
ALCOHOL_DEATH_RATE (per 100,000) 9.11 4.96 5.92 7.30 11.42 114,871
TAXABLE_MARIJUANA_SALES ( $ millions) 5.48 28.95 0.00 0.00 0.00 118,705
LABOR_FORCE_PARTICIPATION (%) 66.80 4.32 63.28 67.01 69.80 118,703
UNEMPLOYMENT_RATE (%) 5.49 1.84 4.10 5.20 6.50 118,683
YIELD_SPREAD (%) 2.03 0.95 1.31 1.93 2.43 118,176
COUNTY_INCOME 4.40 0.79 3.85 4.14 4.81 117,428

4The summary statistics are similar to the full sample of drug-related death rates for the United States
(e.g., Mean = 17.76 and SD = 11.63), suggesting that my sample of loans is representative of the
exposure of subprime loans to the opioid epidemic at that time. The slightly lower average death rate in
my sample indicates that, if anything, my sample is biased toward areas with lower drug-related death
rates. Given the large sample of loans from 44 states, the external validity of this study is compelling.
And the study’s undersampling of the most afflicted areas suggests that the results may be conservative.
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an individual borrower, loan, and vehicle characteristics. The specification also
includes county (λj) fixed effects, which help address persistent local variation. To
help rule out time-varying heterogeneity at the state level (e.g., state-level initiatives
to address the opioid epidemic), I also include state by year-fixed effects (λσ ,τ).
In the analyses, I present heteroscedasticity-robust standard errors clustered at the
county level to account for intertemporal correlation across loans originated in the
same county.5

Table 2 presents OLS regression results on the percentage of loans termi-
nated due to default. The regressor is the county-year drug-related death rate as
described in Section II. Column 1 shows that the county-level drug-related death
rate is positively correlated (p< 0:01) with loan defaults. To control for the local
economic environment, the specification includes county and year-fixed effects.

TABLE 2

Loan Performance OLS

Table 2 contains coefficient estimates from ordinary least squares regressions on an indicator for loans terminated due to
default (reported as%) on the drug-relateddeath rate. Controls are included for the riskiness of the individual borrower and the
local environment. County, year, state� year, and dealership fixed effects are included as reported. Robust standard errors,
clustered by county, are reported in parentheses. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels,
respectively.

Dependent Variable: DEFAULT

1 2 3 4 5

DRUG_DEATH_RATE 0.235*** 0.356*** 0.455*** 0.420*** 0.479***
(0.078) (0.085) (0.094) (0.088) (0.099)

FICO_SCORE �0.149*** �0.145*** �0.149*** �0.145***
(0.006) (0.006) (0.006) (0.006)

MONTHLY_INCOME �1.666*** �1.609*** �1.647*** �1.590***
(0.187) (0.175) (0.180) (0.168)

PRIOR_BANKRUPTCY �13.175*** �12.541*** �13.002*** �12.414***
(1.148) (1.094) (1.163) (1.119)

VEHICLE_BOOK_VALUE �0.374*** �0.307*** �0.384*** �0.321***
(0.066) (0.069) (0.066) (0.069)

TERM 0.186*** 0.185*** 0.192*** 0.192***
(0.030) (0.028) (0.031) (0.028)

DOWN_PAYMENT �1.437*** �1.496*** �1.438*** �1.487***
(0.304) (0.320) (0.296) (0.310)

YIELD_SPREAD �2.006*** �1.765*** �1.927*** �1.716***
(0.211) (0.227) (0.211) (0.232)

ALCOHOL_DEATH_RATE �0.103 �0.032 �0.023 0.022
(0.135) (0.125) (0.180) (0.145)

UNEMPLOYMENT_RATE 1.842*** 1.811*** 1.881*** 1.887***
(0.369) (0.401) (0.455) (0.457)

LABOR_FORCE_PARTICIPATION 1.972*** 2.251*** 3.032*** 3.099***
(0.367) (0.427) (0.493) (0.481)

County FE Yes Yes No Yes No
Dealership FE No No Yes No Yes
Year FE Yes Yes Yes No No
State � year FE No No No Yes Yes

No. of obs. 117,452 116,035 115,685 116,020 115,670
Adj. R2 0.068 0.111 0.120 0.114 0.123

5Figure C.1 of the Supplementary Material graphs coefficient plots that show the variation in
confidence intervals (90% and 99%) for different clustering strategies. The relation between the drug-
related death rate and loan defaults remains statistically significant at the 1% level.
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In column 2, controls for the riskiness of the individual borrower (credit score,
income, and prior bankruptcy), the vehicle (book value), and the loan terms (term
and down payment) are introduced.

The specification in column 2 also includes 3 time-varying controls: the labor
participation rate, the unemployment rate, and the alcohol abuse rate. In column 3
(and column 5), I substitute dealership fixed effects for county fixed effects.
Dealership fixed effects capture any differences in the behavior of dealership
personnel that affect loan outcomes (e.g., dealership sales incentives that disregard
the likelihood of loan default). Their inclusion helps address the concern that
dealers differentially treat prospective borrowers who show a propensity to abuse
drugs. Finally, in columns 4 and 5, I replace the year-fixed effects with state-by-year
fixed effects and find that the results are largely unchanged.

In all specifications, I find that borrowers who reside in counties with
higher drug-related death rates are more likely to default on their auto loans. When
I include the full set of controls in the specification (column 5), a 1-standard-
deviation increase in the drug-related death rate is associated with a 3.6-percent-
age-point increase in the likelihood of default, a 12.6% increase relative to the
mean.6 For the average borrower in the loan sample, this represents an increase, in
the likelihood of default, from 28.5% to 32.1%, which is commensurate with a
25-point decrease in a borrower’s FICO score.7

The medical literature has identified a mechanism that could help explain the
link between opioid abuse and loan defaults. Bickel and Marsch (2001) describe
a “reinforcement pathology” among drug abusers that is characterized by delay
discounting, impulsivity, and loss of control. Studies on the intertemporal choices
of opioid-dependent patients (Madden et al. (1997), Kirby et al. (1999)) show that
these individuals are likely to choose more immediate rewards even if they are
smaller. The illicit acquisition of a consistent supply of high-quality opioids is both
costly and time-consuming. Addicted users who are in withdrawal are likely to be
more interested in satisfying their cravings than in maintaining consistent employ-
ment or making monthly car payments.

Another explanation for the relation between opioid abuse and loan defaults
centers on labor force participation. Krueger (2017) finds that almost half of
working-age men who are not participating in the labor force are taking pain
medication daily. The causality of the relation between labor force participation
and opioid use is unclear. Workplace injuries could be pushing workers out of the
workforce and into opioid dependence, but there is no medical evidence of higher
rates of workplace injuries in recent years. It seems more likely that the pharma-
cological properties of opioids are negatively impacting labor force participation.
The lack of labor market participation, combined with the significant acquisition
costs associated with satisfying an opioid addiction, could largely explain the
changes in loan performance that I attribute to the opioid epidemic.

6In untabulated results, I find that the inclusion of lags for prior year drug-related deaths in the
specification does not significantly change the results. The results are also robust to adding nonlinear
factors such as credit score squared.

7I divide the change in the default rate (3.6%) by the coefficient on the FICO score (�0:145) to
determine how the marginal income affects the likelihood of default.
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Marijuana Legalization and Loan Defaults

In an ideal experiment, borrowers would be randomly assigned to the opioid
epidemic to determine how the epidemic affects their loan default rate. To instead
use the drug-related death rate as a regressor in an OLS specification is empirically
insufficient, since an unobserved variable could be correlated with both the drug-
related death rate and loan defaults. For example, a manufacturing plant’s closing
could simultaneously affect employment (and thus loan defaults) and opioid abuse
(and drug-related deaths).

To help address this identification challenge, I take advantage of laws legal-
izing the recreational use of marijuana. Because these regulatory changes alter
the supply of a nonopioid analgesic and potential opioid substitute – marijuana –
but not the supply (or prices) of prescription opioids, they could be a source of
exogenous variation in the drug-related death rate, which would be useful empir-
ically. Using a difference-in-differences approach, I, therefore, assess how these
laws differentially impact both the drug-related death rate and loan defaults.

Recent studies in themedical literature found that laws allowing legal access to
marijuana reduce the use of opioid analgesics and deaths from an opioid overdose
(Bachhuber et al. (2014), Powell et al. (2018)). In 1 survey, 97% of opioid-using
medical marijuana patients reported decreasing their opioid consumption when
they used marijuana (Reiman et al. (2017)).

As of Jan. 2018, 3 U.S. states had implemented laws permitting the legalized
the sale of marijuana for nonmedical reasons: Colorado in 2014, Washington in
2014, and Oregon in 2015.While there are multiple ways to access marijuana, laws
that permit its recreational sales and use should provide wider and less costly access
to it, which in turn may facilitate its substitution for opioids.8 I, therefore, use
the implementation of these laws to identify the impact of opioid abuse on loan
performance.

The empirical strategy compares changes in opioid abuse in states that do and
states that do not implement laws permitting the sale of recreational marijuana.
Using a difference-in-differences strategy, I use the nonadopting states as controls
and the differential timing of marijuana legalization as the treatment, then compare
the changes in outcomes between states. To mitigate concerns about a differential
effect in the states that legalized marijuana, I include state-fixed effects and year-
fixed effects in the specification.

To formally identify the impact of opioid abuse, I use the legalization of
marijuana as a source of exogenous variation in the drug-related death rate in a
difference-in-differences (DiD) framework. Identification originates solely from
the introduction of marijuana legalization interacted with the timing of the law. This
strategy allowsme to control for the independent effects of the legalization (through
year-fixed effects) and state economic conditions (through state-fixed effects). The
DiD regression equation is given by

8Laws related to medical marijuana pose an empirical challenge, as states with medical marijuana
dispensaries have regularly changed their regulations in response to changes in federal marijuana policy
since 2010 (Powell et al. (2018)).
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yi,σ,τ = λσ þ λτ þβ1Di,τ þ εi,σ,τ ,(2)

where yi,σ,τ represents the outcome (i.e., the drug-related death rate in state σ in
year τ), andDi,τ represents the indicator for states that have i) legalized recreational
marijuana usage and ii) implemented operational and legally protected dispensa-
ries. A borrower is treated if the loan is originated in a state where those 2 conditions
are met. Regressions include controls for the riskiness of the borrower (e.g., credit
score, income, and prior bankruptcy). In addition, I control for the county unem-
ployment rate, which might influence access to health insurance or the ability to
pay for prescription drugs. The specification includes state-fixed effects, to account
for fixed cross-sectional differences across states, as well as year-fixed effects, to
account for national shocks and trends in heroin availability, enforcement, prices,
and other factors common across states. In all analyses, I present robust standard
errors clustered at the state level.

Column 1 of Table 3 reports results from OLS regressions on the drug-related
death rate for indicator variables (POST_LEGALIZATION) for loans that were
originated in states with legalized marijuana sales. The coefficient on the postle-
galization indicator variables suggests that the legal-marijuana states experience a
significant 1.1% decline (p< 0:01) in drug-related deaths after legalization, relative
to other states.9

TABLE 3

Loan Performance: Difference in Difference

Table 3 reports results from OLS regressions on the drug-related death rate (in columns 1 and 2) and the loan default rate
(reported as % in columns 3 and 4). The dependent variable is an indicator variable (POST_LEGALIZATION) equal to 1 for
loans that were terminated in states that had implemented laws allowing the recreational sale of marijuana, or 0 for loans
terminated in all other states (columns 1 and 3) or in states that legalized the recreational sale of marijuana after the end of the
sample period and prior to 2021 (AZ, CA, IL, MA, ME, MI, NJ, NM, NY, NV, SD, VA, and VT) (columns 2 and 4). Regressions
include controls for the riskiness of the borrower (credit score, income, and prior bankruptcy), the loan (term, down payment),
the vehicle (vehicle book value), and the macroeconomic environment (unemployment rate, alcohol death rate, labor market
participation, and yield spread). State- and year-fixed effects are included as reported. Robust standard errors, clustered
by state year, are reported in parentheses. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels,
respectively.

DRUG_DEATH_RATE DEFAULT

1 2 3 4

POST_LEGALIZATION �1.104*** �0.796** �4.875*** �6.002***
(0.359) (0.385) (1.292) (1.429)

Borrower controls Yes Yes Yes Yes
Loan controls Yes Yes Yes Yes
Vehicle controls Yes Yes Yes Yes
Environment controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Sample All MJ legal All MJ legal

No. of obs. 50,326 20,615 50,326 20,615
Adj. R2 0.626 0.632 0.087 0.088

9To satisfy a concern that the use of loan-level data underestimates the standard errors, I examine the
relation between marijuana legalization and drug-related death rates using observations that are col-
lapsed at the county level. To retain the differences in the borrower characteristics of the loan data, I have
also collapsed the borrower characteristics. Table C.1 of the Supplementary Material reports these
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Column 3 reports the results from a reduced form regression on the likelihood
of a loan default for an indicator variable (POST_LEGALIZATION) for loans that
were originated in states that had legalized marijuana sales. The results indicate that
marijuana legalization results in a 4.9% decrease (p< 0:01) in loan defaults relative
to other states.

The analysis in columns 1 and 3 of Table 3 compares the 3 states (Oregon,
Colorado, and Washington) that legalized marijuana with all other states. To help
allay concerns that the choice of states is coincidental, I repeat the test shown in
column 3 of Table 3 with placebos constructed using random samples of 3 states.10

If the results can be replicated with these random samples, then the effect that
I attribute to opioid abuse may be spurious. If the results consistently differ from
those of the original test, thenmy hypothesis that opioid abuse leads to loan defaults
will become more credible. In Figure C.2 of the Supplementary Material, the
histogram shows a sample of 10,000 regressions that are centered around a mean
of 0. This iterative procedure provides a distribution of t-statistics for the states
that did not legalize recreational marijuana during my sample period. It shows
that when random U.S. states are substituted for the 3 states that legalized recrea-
tional marijuana, the outcome in column 2 of Table 3 is very rarely reproduced.
The incidence of Colorado, Washington, and Oregon adopting the laws is, at mini-
mum, a significant outlier in the data.

Nevertheless, one must consider that during the sample period of 2012 to
2016, the opioid crisis was most acute in the Appalachian states of Ohio, West
Virginia, Tennessee, and Kentucky. In these states, the economic and political
conditions were different from those in other regions. To help alleviate concerns
that the control group is not representative of the treatment group of states, I create a
second control group consisting of states that legalized marijuana after the end of
the sample period and prior to 2021 (AZ, CA, IL, MA, ME, MI, NJ, NM, NY, NV,
SD, VA, and VT). I then conduct a balance test between the treatment and the control
groups. Table C.2 of the Supplementary Material reports the summary statistics and
differences in observable characteristics of the treatment and control groups.

The balance test shows no statistically significant differences in borrower
FICO score, prior bankruptcy, vehicle book value, down payment, loan term, yield
spread, or labor participation rate. However, the table does show that incomes were
$213 per month higher in the treatment group, and the unemployment rate was
slightly lower (0.86 percentage points).

Income is unlikely to drive the change in default rates, for 2 reasons. First, the
specifications directly control income. Second, the income differences are persis-
tent, as shown in Figure C.3 of the Supplementary Material. The figure presents
borrower monthly income for each month across the states that first legalized the
sale of marijuana and across the states that subsequently legalized marijuana, with

results. The coefficients on the legalization variable are significantly larger (2.7%) than in the compa-
rable specification in Table 3. That is, marijuana legalization leads to a statistically significant reduction
in opioid abuse, as measured by the drug-related death rate.

10In this analysis, I draw from the full sample ofU.S. states rather than a selected sample of states near
Washington, Oregon, and Colorado. Using bordering states as the counterfactual would confound the
analysis since the residents of those states can easily access marijuana dispensaries across the state line.
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dotted lines representing the adoption dates of legalized marijuana in Colorado,
Washington, and Oregon.

Returning to Table 3, the results in column 2 show that marijuana legalization
led to a 0.8% decline (p< 0:01) in drug-related death rates after legalization,
relative to the control group of states that later legalized marijuana. Further, column
4 shows that the default rate in the treated states declined by 6.0%. These results
support the findings from my initial test, in which the control group comprised all
states that did not legalize recreational marijuana during the sample period.

Identification in the difference-in-differences model requires that changes in
the control group serve as an appropriate counterfactual for the treatment group
absent the policy change. This is commonly referred to as a “parallel trends” assump-
tion. A violation of the parallel trends assumption represents a threat to the identifi-
cation. To investigate this potential threat, I compare differences in outcome pretends
by plotting a difference in difference around the time that recreational marijuana
was legalized.

Figure 1 presents differences in the percentage of loans that default across
states that legalized the sale of marijuana during the sample period and states
that had not legalized the sale of marijuana during the sample period but did so
subsequently. The figure shows a regression discontinuity for the date when
marijuana legalization was implemented and is centered on that date. The regres-
sion includes the same set of controls described in Table 3 and shows confidence
intervals at 95%.

In the 6 quarters preceding the legalization of marijuana, the loan default rates
in the treatment group were not different from those in the control group at the 95%
level. The figure shows that the default rate, though noisy, appears to be centered

FIGURE 1

Impact of Recreational Marijuana Legalization on Auto Loan Defaults

Figure 1 presents differences in the percentage of loans that default across i) states that legalized the sale ofmarijuana during
the sample period and ii) states that did not legalize the sale of marijuana during the sample period but did so subsequently.
The figure shows a regression discontinuity for the date on which marijuana legalization was implemented and is centered on
the legalization date. Controls includemonthly income, credit score, prior bankruptcy, downpayment, loan term, book value of
the vehicle, unemployment rate, and labor force participation. Standard errors are clustered by calendar quarter and state.
The figure includes confidence intervals at 95%.
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around 0%. That is, the default rates in the prelegalization period are similar in the
treatment group and the control group. In contrast, the default rate is consistently
and significantly lower in the treatment group after the legalization of marijuana.

Another explanation for the observed relation between the drug-related
death rate and marijuana legalization is that other regulations (e.g., laws restrict-
ing access to opioids) that were passed concurrently with marijuana legalization
are driving the results. If this is happening, then the mechanism I attribute to
marijuana is incorrectly identified, but the relation between opioid abuse and loan
defaults remains valid. Appendix B of the Supplementary Material describes how
the absence of important new opioid regulations in Washington, Oregon, and
Colorado during my sample period is consistent with the inference that marijuana
legalization explains the subsequent reduction in opioid abuse.

To further allay the concern that another regulatory change that occurred
simultaneously with the implementation of marijuana legalization drives the rela-
tion between the drug-related death rate and loan defaults, I examine the relation
between taxable marijuana sales and loan defaults.11 Table C.3 of the Supplemen-
tary Material reports that, in the first 3 states with legal recreational marijuana, an
increase in taxable marijuana sales leads to a decline in drug-related death rates
relative to all other states (column 1) and to states that legalized marijuana after the
sample period (column 2). Further, columns 3 and 4 show that increases in mari-
juana sales are correlated with reductions in the loan default rate. These results
reaffirm the main results from Table 3.

As a final test of the identification strategy, I instrument the drug-related death
rate with an indicator for marijuana legalization. Table 4 reports these results. Two
concernsmust be addressed in the use of the instrument. First, the instrument should
be sufficiently correlated with the endogenous variable. In this case, the relevance
condition is easily verifiable. Columns 1 and 2 show that a statistically significant
variable drives the first-stage results. OLS regressions on the drug-related death rate
on an indicator variable (POST_LEGALIZATION) for loans terminated in a state
that implemented laws allowing recreational marijuana sales are statistically sig-
nificant, whether the control group consists of all other states (column 1) or only of
states that subsequently legalized marijuana (column 2). The table also reports the
Cragg–Donald F-statistic (77.809 for the full sample, and 73.310 for the restricted
sample) to test the significance of the instruments. In addition, themedical literature
(e.g., Bachhuber et al. (2014)) provides strong evidence of the first-stage relation.

Columns 3 and 4 of Table 4 report a 2-stage least squares (2SLS) regression, in
which an indicator for marijuana legalization is used as an instrument for opioid
abuse. The coefficient estimate of the 2SLS analysis is similar to the one for the
full sample, but is 1.5 percentage points (7.536 vs. 6.038) larger than the one in the
difference-in-difference analysis (i.e., Table 3).

One concern about the instrument and its reliance on exogenous variation is
that the exclusion restriction could be violated. If, for example, people who use

11Studies of the impact of medical marijuana laws on opiate addiction (Pacula, Kilmer, Grossman,
and Chaloupka (2010), Pacula, Powell, Heaton, and Sevigny (2015), and Powell et al. (2018)) are
consistent with the relation I find between opioid abuse (as proxied by the drug-related death rate) and
marijuana legalization, and with my hypothesis that improved access to marijuana dispensaries is
associated with a lower incidence of drug-related deaths.
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marijuana become more responsible and better at bill paying, or if the economic
environment improves as a result of marijuana legalization, then marijuana alone
could account for the changes I observe in default rates. Marijuana policies could
also impact the labor supply and other economic outcomes.

However, if the exclusion restriction is violated because legal marijuana
positively impacts economic outcomes, then we would expect to see the effects
of this not only among opioid users but in other populations, such as heavy drinkers.
In unreported results, a placebo test shows that the alcohol death rate, unlike the
drug-related death rate, does not decrease with the implementation of marijuana
legalization. This finding helps to mitigate concerns that the effect I observe on loan
defaults results from an unobserved local economic effect.

IV. The Opioid Epidemic and Loan Origination

Lenders typically use observable information to determine the expected
default rate of a prospective borrower. If lenders cannot distinguish between oth-
erwise similar borrowers who are differentially shocked by an unobserved risk
factor (i.e., the opioid epidemic), then they may ration credit or increase the cost of
credit for all borrowers. In this section, I explore the predictive power of traditional
credit information in assessing the riskiness of loans during the opioid epidemic.
Specifically, I use a difference-in-differences (DiD) framework to investigate how

TABLE 4

Loan Performance: 2-Stage Least Squares

Table 4 reports results froma 2-stage least squares regression. Columns 1 and 2 report the first stage: OLS regressions on the
drug-related death rate on an indicator variable (postlegalization) of loans that were terminated in a state that implemented
laws allowing the recreational sale of marijuana. Columns 3 and 4 report a 2-stage least squares regression, in which an
indicator for marijuana legalization is used as an instrument for drug-related death rates. The sample includes all states
(columns 1 and 3) or states that implemented laws allowing the recreational sale of marijuana after the end of the sample
period and prior to 2021 (columns 2 and 4). Regressions include controls for the riskiness of the borrower (credit score,
income, and prior bankruptcy), the loan (term, down payment), the vehicle (vehicle book value), and the environment
(unemployment rate, alcohol death rate, labor market participation, and yield spread). State- and year-fixed effects are
included as reported. To test the significance of the instruments, the Cragg–Donald F -statistic is reported. Robust
standard errors, clustered by state year, are reported in parentheses. *, **, and *** indicate statistical significance at the
10%, 5%, and 1% levels, respectively.

DRUG_DEATH_RATE DEFAULT

1st Stage 2nd Stage

1 2 3 4

POST_LEGALIZATION �1.104*** �0.796**
(0.359) (0.385)

DRUG_DEATH_RATE 4.415*** 7.536**
(1.675) (3.625)

Borrower controls Yes Yes Yes Yes
Loan controls Yes Yes Yes Yes
Vehicle controls Yes Yes Yes Yes
Environment controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Sample All MJ legal All MJ legal

Adj. R2 0.626 0.632
No. of obs. 50,326 20,615 50,326 20,615
F -stat. 77.809 73.310
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traditional credit attributes, such as the borrower’s FICO score, predict default rates
in areas exposed to the opioid epidemic.

First, I estimate the likelihood that a buyer would default, given the full set of
characteristics that a lender observes at the time of origination. To construct the
expected default rate, I generate a model that predicts the likelihood of default for
each loan in the data. Specifically, I regress the default rate of loans that originated
prior to the height of the opioid epidemic (i.e., before 2012) against the borrower-
and loan-specific characteristics, then use the coefficient estimates to predict a
default rate for the loans originated after 2011. I interpret the predicted default rate
as a composite measure of the riskiness of each borrower. Importantly, the measure
reflects only information about the prospective loan risk that was available at the
time of the transaction. One assumption underlying the composite measure is that
lenders use similar factors in assessing a buyer’s riskiness over time. I thus assume
that the coefficient estimates are valid out-of-sample weights.

Table 5 reports the coefficient estimates from ordinary least squares regres-
sions on the loan default rates for loans originated after 2011 on the drug-related
death rate and the predicted default rate, which represents a composite measure of
the borrower riskiness. Column 1 shows that the predicted default rate, county and
year-fixed effects, and in-sample contemporaneous unemployment rate and labor
force participation account for 12.4% of the variation in default rates. Notably,
when I add the lagged drug-related death rate (in column 2), the lender is able to
predict 14.3% of defaults, a 15.3% improvement in the out-of-sample performance
of the credit model. Next, I examine whether this result is robust to the inclusion of
county-level income changes. Column 3 shows that the coefficient estimate is not

TABLE 5

Credit Modeling

Table 5 reports the coefficient estimates from ordinary least squares regressions on the loan default rates (reported as %) for
loans originating after 2011 on the lagged drug-related death rate and the predicted default rate, a composite measure of the
borrower riskiness. I construct the counterfactual default rate by regressing the default rate of loans terminating before 2012
against borrower- and loan-specific characteristics. I then use the coefficient estimates to predict a default rate for all loans
originated after 2011. All columns include controls for the unemployment rate and labor force participation rate. Column 3
includes a control for county per capita income ($ ’0,000s). County and year-fixed effects are as reported. Robust standard
errors, clustered by county, are reported in parentheses. *, **, and *** indicate statistical significance at the 10%, 5%, and 1%
levels, respectively.

Dependent Variable: DEFAULT

1 2 3

PREDICTED_DEFAULT_RATE 1.559*** 1.514*** 1.514***
(0.041) (0.042) (0.042)

DRUG_DEATH_RATE 0.370*** 0.370***
(0.086) (0.086)

UNEMPLOYMENT_RATE �4.817*** �4.737*** �4.744***
(0.518) (0.542) (0.543)

LABOR_FORCE_PARTICIPATION �1.866*** �1.837*** �1.833***
(0.626) (0.659) (0.660)

COUNTY_INCOME 0.359
(1.332)

County FE Yes Yes Yes
Year FE Yes Yes Yes

No. of obs. 19,617 19,286 19,286
Adj. R2 0.124 0.143 0.143
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statistically different. Moreover, the predictive power of the lender model is
unchanged.

While loan default rates are an important predictor of loan profitability, sub-
prime lenders are principally concerned with the actual customer payments. Sub-
prime lenders can still profit from auto loans that default because these loans i) have
high rates of interest and ii) allow lenders to easily repossess the collateral and sue
borrowers for deficiencies. In the next set of tests, I examine the lenders’ ability to
predict loan repayment. Using the methodology described for the tests in Table 5,
I construct a counterfactual payment rate from loans terminating prior to 2011.
I assess the strength of this composite risk measure out-of-sample by comparing
the predicted (ex ante) default rates to the realized (ex post) default rates for the
sample of loans.

Table 6 reports the coefficient from an OLS regression of the predicted
payments on the realized payments. Columns 1–3 report the coefficients for loans
terminating before 2012 for counties sorted by drug-related death rate tercile. Based
on observable characteristics, the lender is able to predict 21.5% (column 1) of the
variation in payment for low opioid exposure areas and 24.5% (column 3) of
the variation in payment for high opioid exposure areas. The mechanical relation
of the in-sample predicted payment rate and the realized payment rate is not statis-
tically different from 1.0 for the middle (p< 0:10) and high terciles (p< 0:10).

Columns 4–9 of Table 6 report the out-of-sample performance of the predicted
payment rate that was trained on the loan data terminating before 2012. The results
show that after 2011, the power of the traditional loan characteristics in predicting
payment rates declines precipitously in counties in the highest tercile of drug-
related death rate: The out-of-sample performance of the credit model declines
by 24% in these areas but does not drop in less affected areas. In fact, for the areas in
the lowest (middle) tercile of drug-related death rate, the predictability of out-of-
sample loan performance generally improves after the great financial crisis, as
evidenced by a 33% (6%) gain. The improvement in model predictability is con-
sistent with reports, from lenders, that the predictive power of riskmodels improved
as the financial crisis revealed more risk data on prospective borrowers. This
contrasts sharply with the poor model performance in counties that had the highest
tercile of opioid abuse as proxied by the drug-related death rate.

In the next set of tests, I investigate how the addition of data on drug-related
deaths improves lenders’ ability to predict loan repayment. Columns 7–9 in Table 6
report these results. Adding data on drug-related deaths to the payment model
increases the R2 of the out-of-sample payment-prediction model by 19% in the
highest tercile of drug-related death rates (column 9). In contrast, the addition of
drug-related death rate data provides only minor improvements in R2 in areas less
affected by opioid abuse (columns 7 and 8). These findings suggest that traditional
credit models still work well in areas that are unaffected or lightly affected by the
opioid epidemic but not in more strongly affected areas. In the more strongly
affected areas, new models that capture an “opioid risk factor” may be needed.

V. Borrower Loan Cost

In the final tests, I investigate how the opioid epidemic affects the total realized
cost of automotive subprime loans. The total realized cost includes i) all payments
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TABLE 6

Loan Payment and the Opioid Crisis

Table 6 reports the coefficient estimates from ordinary least squares regressions on the total loan payments made by borrowers for i) loans terminating before 2012 (sample columns 1–3), and ii) loans originating after
2011 (sample columns 4–9). Columns represent terciles (high, medium, and low) of the county-level drug-related death rate. The regressor is the predicted payment, which represents a composite measure of the
repayment propensity of the borrower. To construct the counterfactual repayment rate, I regress the default rate of loans terminating before 2012 against the borrower- and loan-specific characteristics. I then use the
coefficient estimates to predict a payment rate for all loans in the data. Controls for the unemployment rate and labor force participation rate, as well as county and year-fixed effects, are as reported. Robust standard
errors, clustered by county, are reported in parentheses. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.

Dependent Variable: TOTAL_PAYMENTS_TO_LENDER

Precrisis During Opioid Crisis: Using Model Trained on Pre-2012 Data

1 2 3 4 5 6 7 8 9

PREDICTED_PAYMENT_RATE 0.908*** 1.016*** 1.009*** 0.131*** 0.153*** 0.107*** 0.129*** 0.153*** 0.112***
(0.036) (0.067) (0.057) (0.022) (0.025) (0.019) (0.022) (0.025) (0.021)

DRUG_DEATH_RATE 156.492* 19.601 64.900***
(88.465) (46.000) (16.151)

UNEMPLOYMENT_RATE 531.733*** 381.719*** 440.177*** �869.708*** �694.248*** �545.225** �860.636*** �696.775*** �541.582***
(71.177) (47.689) (55.967) (88.396) (129.940) (217.267) (87.497) (129.278) (176.951)

LABOR_FORCE_PARTICIPATION �8.901 �12.359 �84.945** �26.428 �14.812 �21.913 �9.458 �13.408 �55.051*
(23.543) (26.376) (41.434) (29.709) (38.963) (24.215) (31.909) (38.687) (28.477)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
County FE No No No No No No No No No
Drug death rate tercile Low Middle High Low Middle High Low Middle High

No. of obs. 8,384 8,007 7,469 9,798 9,693 9,014 9,798 9,693 9,014
Adj. R2 0.215 0.192 0.245 0.285 0.202 0.186 0.295 0.202 0.221 Jansen
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of principal, interest, and fees made by the borrower to the lender, ii) the loss of
value and costs borne by the borrower for the repossession and sale of the vehicle,
and iii) all payments made by the borrower arising from postdefault collections
efforts.

Graphs A and B of Figure 2 are binned scatter plots of the total loan costs
versus the drug-related death rate for the years 1999–2006 and 2012–2016, respec-
tively.12 The figures show a sharp change in the effect of opioid abuse on total loan
costs over time. While Graph A of Figure 2 shows no significant relation between
drug-related death rate and total loan costs during the early stages of the epidemic,
Graph B of Figure 2 shows a strong positive correlation during the later stages.

The ordinary least squares regressions in Table 7 confirm the results described
in the figures. I find that the higher opioid abuse rates (as proxied by the drug-related
death rate) at the height of the epidemic are associated with increases in total
realized loan costs for subprime borrowers. Between 1999 and 2006, total realized
loan costs are not significantly higher in areas with higher rates of a drug-related
death. Between 2012 and 2016, however, borrowers residing in counties at or above
the 75th percentile of drug-related death rates pay $1,394 more over the life of an
average subprime auto loan, compared with buyers in counties at or below the 25th
percentile. This represents a 5.7% increase over the total average loan cost, ceteris
paribus. The higher overall default rate, combined with a poor out-of-sample
predictive performance of traditional borrower credit attributes (e.g., FICO score),
may explain why borrowers in opioid-afflicted areas pay significantly more for
subprime auto loans.

In addition to paying significantly higher direct financial costs for loans,
buyers in opioid-afflicted areas may also incur indirect costs that are not observable
in the data. For example, consumerswith a history of default or vehicle repossession

FIGURE 2

Auto Loan Costs and Drug-Related Death Rate

Figure 2 presents a binned scatter plot of the total loan costs versus the drug-related death rate for loans originated in (Graph
A) the years 1999–2006 (the early stagesof the opioid epidemic), and (GraphB) the years 2012–2016 (whenopioid abusewas
widespread). The total loan costs represent i) all payments made by the borrower, ii) all costs arising from the repossession
and sale of the vehicle, and iii) postdefault collections efforts. Controls include borrower credit score, income, and prior
chapter 7 bankruptcy; vehicle book value and loan term; county unemployment rate and labor market participation rate; and
county and year-fixed effects.
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12To avoid any confounding effects of theGreat Recession, the years 2007–2011 have been excluded
from this analysis.
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may face especially high-interest rates on future loans or be unable to secure credit.
Moreover, borrowers without access to alternative transportation may be unable to
commute to their workplaces. If this is the case, then the total realized cost described
in this study only captures a fraction of the costs incurred.

VI. Conclusion

While several studies have examined the economic impacts of the opioid
epidemic (e.g., increases in mortality and medical expenses, and decreases in labor
participation and productivity), this is the first article to examine the epidemic’s
effects on household finance. Specifically, I use new data to explore links between
opioid abuse and loan performance and origination terms.

Using a sample of individual auto loans matched with county-level data on
drug-related deaths, I examine the relation between the opioid epidemic and auto
lending and find evidence that opioid abuse is an empirically relevant explanation
for higher loan default rates. I identify these results through a natural experiment

TABLE 7

Opioid Abuse and Borrower Loan Cost

Table 7 summarizes results from regressions on the total loan costs related to a subprime auto loan. Total loan costs include
payments of principal and interest, fees, and collections payments after loan default. Coefficient estimates are reported on the
drug-related death rate. Columns 1 and 3 report results before the financial crisis (1999–2007); columns 2 and 4 report results
after the financial crisis (2012–2016). Regressions include controls for the riskiness of the borrower and the contract
origination terms. Local economic effects as well as county and year-fixed effects are included as reported. Robust
standard errors, clustered by county, are reported in parentheses. *, **, and *** indicate statistical significance at the 10%,
5%, and 1% levels, respectively.

Dependent Variable: TOTAL_LOAN_COST

1 2 3 4

DRUG_DEATH_RATE �0.069 166.154*** �36.633 149.914***
(45.728) (23.378) (53.545) (20.370)

FICO_SCORE �4.408*** �5.232*** �4.384*** �5.066***
(0.476) (1.153) (0.444) (1.119)

MONTHLY_INCOME 378.396*** 291.179*** 375.618*** 290.211***
(53.254) (14.008) (53.361) (14.192)

PRIOR_BANKRUPTCY �273.151*** �91.140 �259.940*** �57.931
(75.295) (58.129) (79.320) (59.360)

DISCOUNT �0.529*** �1.009*** �0.512*** �1.019***
(0.065) (0.043) (0.062) (0.045)

VEHICLE_BOOK_VALUE 904.570*** 1,061.949*** 907.864*** 1,064.154***
(21.811) (10.959) (22.025) (11.119)

TERM 78.117*** 93.130*** 76.118*** 93.284***
(10.617) (5.142) (10.622) (5.085)

YIELD_SPREAD �68.011 �130.232*** �49.282 �131.857***
(58.078) (41.782) (56.243) (41.069)

ALCOHOL_DEATH_RATE 340.149*** 302.886***
(90.976) (47.075)

LABOR_FORCE_PARTICIPATION 172.201* �60.394
(103.395) (85.794)

UNEMPLOYMENT_RATE �173.253 47.173
(107.453) (72.496)

County FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes

Sample 1999–2007 2012–2016 1999–2007 2012–2016
No. of obs. 45,737 48,499 45,737 48,499
Adj. R2 0.508 0.594 0.514 0.598
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involving the supply of an opioid substitute: recreational marijuana. I find that states
that implement laws allowing dispensaries to sell marijuana for recreational use
experience declines in both drug-related death rates and loan default rates. While
the mechanism underlying loan defaults is unobserved, studies on the intertemporal
choices of opioid-dependent patients show that these individuals tend to choose
more immediate rewards even if the rewards are smaller (Madden et al. (1997),
Kirby et al. (1999), Bernheim and Rangel (2004), Cutler and Glaeser (2005), and
Gul and Pesendorfer (2007)). Such choices are likely to be unconducive to
servicing consumer debt.

The results of this study suggest that asymmetric information in the sub-
prime loan market leads to an overall increase in loan costs in opioid-afflicted
regions. The results in Tables 5 and 6 suggest that lenders find it more difficult to
assess the creditworthiness of borrowers in areas strongly affected by the opioid
crisis. If lenders cannot predict which borrowers are at risk of using opioids, then
the 20 million borrowers in markets with high opioid use will pay more for their
loans, as shown in Table 7. This, together with the significantly higher default
rates in these areas, results in borrowers paying significantly more for access to
consumer credit. This is consistent with a spillover effect on consumer finance
attributable to the opioid epidemic.

This article presents initial evidence that the opioid epidemic is significantly
affecting a financial market. Given the magnitude of this effect, more work on the
opioid epidemic’s market effects is warranted. Two promising avenues for future
research are i) loan securitization and ii) the impact of the opioid epidemic on the
supply of consumer finance in afflicted areas.

Supplementary Material

To view supplementary material for this article, please visit http://doi.org/
10.1017/S0022109022001399.
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Abstract

Using a unique dataset of unsolicited credit card offer mailings by banks to consumers,
we investigate how opioid abuse affects consumer credit supply. To identify causal ef-
fects, we employ instrumental variables, propensity score matching, and contiguous
counties techniques, and control for a battery of demand and supply factors and fixed
effects. We find that banks contract credit supply to consumers in counties highly ex-
posed to opioid abuse by offering higher interest rates, lower credit card limits, and
fewer rewards and reducing credit offers overall. Further analyses using the supervi-
sory Federal Reserve Y-14M credit card dataset confirm these effects. What is more,
the credit contraction disproportionately impacts riskier consumers, minorities (par-
ticularly Blacks), low income, and younger individuals. Our examination of various
state-level anti-opioid abuse legislation shows that opioid supply-oriented laws are some-
what helpful in curbing opioid overdoses or mitigating the credit supply contraction,
but demand-oriented laws are not. Finally, we uncover that the opioid abuse-induced
credit contraction has important social welfare implications: local consumer spending
significantly declines in the highly-affected areas.
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1 Introduction

For the past two and a half decades, the U.S. has suffered tremendously from one of the

largest and deadliest public health crises — the opioid epidemic, with no solution yet in sight.1

Over a million people died from overdoses involving opioids from 1999 to present (Figure 1),2 an-

other two million are currently struggling with opioid-related disorders.3 Behind every statistic is

a real person, a real family, and a real community suffering. It is a crisis that demands attention and

action. The crisis has worsened over time, affecting an increasingly large demographic strata of the

population, particularly minorities, working-age and young men, and the less educated (Figure 2).

Not surprisingly, there is now growing evidence linking opioid abuse to reduced productive eco-

nomic activities such as reduced labor force participation and increased unemployment.4

The reduction in productive economic activities associated with opioid abuse necessarily

leads to consumer income losses and income volatility, two important determining factors of loan

repayment and credit access. Opioid abusers who use credit to sustain their addiction face addi-

tional default risk due to increases in expenditures related to their addiction and unsound deci-

sions due to ”reinforcer pathology.” Lenders, however, cannot directly detect individuals vulnera-

ble to opioid addiction and/or those who would use the financing to sustain their addiction. The

social stigma associated with opioid addictions exacerbates information asymmetry as individu-

als are afraid to seek help for their addiction for fear of revealing their addiction history. Lenders

may also incur increased costs for screening and ongoing monitoring in affected areas. As a result,

lenders may abstain from and/or curtail credit in harder-hit opioid areas to reduce exposure.

This paper investigates the spillover effects of the opioid epidemic on consumer credit sup-

ply using the credit card market as a laboratory. The credit card market is more likely used by the

opioid-impacted population as it does not require collateral. The credit card market has over 175

1The other major health crisis is the recent global COVID-19 outbreak with also over one million deaths, but
its effects were largely contained by the quick vaccine development and implementation.

2see, among others, Quinones (2015), and the Centers for Disease Control and Prevention (CDC) 2021,
https://www.cdc.gov/nchs/pressroom/nchs press releases 2021 20211117.htm.

3Https://www.cdc.gov/opioids/basics/epidemic.html.
4See Case and Deaton (2015), Van Hasselt, Keyes, Bray and Miller (2015), Krueger (2017), Harris, Kesslery,
Murray and Glenn (2019), Park and Powell (2021), Aliprantis, Lee and Schweitzer (2020), and Ouimet,
Simintzi and Ye (2020).
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million users in the U.S. and spans over 80% of the consumers.5 Credit cards are also significant

determinants of bank risk, partly due to their unsecured nature, inducing significant loss given

default. Sudden and large rises in consumer defaults can deteriorate banks’ portfolio quality and

can contribute to widespread financial distress and financial crises.

We construct our individual credit supply variables using bank credit card mail offers data

from the anonymized Mintel Comperemedia Inc. Direct Mail Monitor Data and TransUnion LLC

Match File (Mintel/TransUnion Match File). Such credit offers are a direct informative measure

of consumer credit supply by the banks, helping circumvent challenges of disentangling supply

from demand forces that plague other studies (e.g., Han, Keys and Li (2018); Dettling and Hsu

(2021)). We focus on the years between 2010 and 2019 so that our results are not contaminated

by the implementation of the Credit Card Accountability Responsibility and Disclosure (CARD)

Act of 2009, the Great Recession over 2007-2009, or the COVID-19 pandemic from 2020 onward.

The years covered in our analyses mark the last two waves of the opioid epidemic, that recorded

perhaps the most dangerous abuse using both prescription and illicit opioids.6

To measure the severity of the opioid crisis, we follow the literature reviewed in the next

section and construct, at the county level, exposure measures based on confidential opioid-related

death rates collected from the CDC/National Center for Health Statistics (NCHS).7 Consumers’

drug abuse is then measured via the severity of the opioid crisis in their county of residence. This

measurement choice likely replicates the financial institutions’ credit risk management models.

That is, in the absence of perfect information on the affected individuals, financial institutions’

credit models resort to instead capturing average opioid risk treatment based on the crisis intensity

in the individuals’ local market of residence.8 Such policies can create negative social externalities.

5See https://www.federalreserve.gov/publications/files/2018-report-economic-well-being-us-households-
201905.pdf or https://files.consumerfinance.gov/f/documents/cfpb consumer-credit-card-market-
report 2021.pdf.

6The first opioid wave involves prescription opioid deaths from the 1990s to 2009; second wave marks the
rise in heroin deaths from 2010-2012; and the third wave marks the rise in the synthetic opioid deaths,
particularly from illicitly manufactured fentanyl.

7National Center for Health Statistics, 2020. All-County Mortality Micro Data, as compiled from data pro-
vided by the 57 vital statistics jurisdictions through the Vital Statistics Cooperative Program.

8Other studies on local treatments and/or bank policies in the presence of borrower information asymmetry
include Sufi (2007); Karlan and Zinman (2009); Berger, Espinosa-Vega, Frame and Miller (2011); DeFusco,
Tang and Yannelis (2022); and Mian, Sufi and Khoshkhou (2023).
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Our main findings are as follows. Lenders reduce credit supply significantly in areas with

higher exposure to the opioid crisis by charging higher interest rates (1.2 percentage points higher)

and offering much smaller credit limits (17% decrease), particularly to consumers with higher per-

ceived credit risk (based on credit score, past delinquency, and derogatory filings, etc.), minorities,

low income, and younger consumers in those areas. Furthermore, banks offer less credit card re-

wards (4% decrease) and are also much less likely (10% decrease) to solicit consumers for credit

cards in areas highly exposed to the opioid crisis. Consistent with these credit supply contractions,

our analyses of loan performance suggest that lenders decrease credit supply because of increased

credit risk in these areas. Specifically, consumers in counties with higher exposure to the opioid

crisis experience more days past due, higher probability of default on credit cards, make reduced

payments, or have lower credit scores. Additional studies of bank balance sheet indicate that

single-branch banks with presence in the more exposed areas experience higher non-performing

loans across credit cards and the unsecured consumer sector. We further conduct a welfare analysis

by investigating effects of the opioid crisis on consumer consumption as in other household finance

literature (e.g., Mian and Sufi (2012); Mian, Rao and Sufi (2013); Mian, Sufi and Khoshkhou (2023);

Mian, Sufi and Verner (2020)). We demonstrate that the credit policy adopted by banks vis-à-vis

the opioid abuse crisis has had severe externalities: the reduced credit supply has led to significant

declines in consumer local consumption, i.e., 4.3% as captured by total purchases per county pop-

ulation. Finally, our analyses of the various state-level anti-opioid regulations targeting both the

supply and the demand for opioids reveal that only the supply-oriented laws show some positive

effects on curbing the opioid prescription and death rates or reversing the credit contraction in

affected areas. The demand-oriented laws often have no positive or even reverse effects.

The identification challenge here and a common concern in the literature is that these nega-

tive credit consequences and the opioid exposure may both arise from negative economic condi-

tions that are not observed or controlled for, i.e., the so-called ”deaths of despair” (Ruhm (2019)).

To mitigate this concern and isolate the relations studied, we first saturate our models with nu-

merous demand and supply factors and fixed effects by taking advantage of the richness of our

datasets. Then, to more formally alleviate the endogeneity concerns and identify causal effects

of the opioid crisis, we employ an instrumental variable (IV) methodology by exploiting supply
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shocks in opioid marketing and distribution. Our approach relies on the observation that prescrip-

tion opioids are involved in at least 40% of all opioid overdoses in the U.S. (e.g., Hadland, Krieger

and Marshall (2017)) and the majority of illegitimate drug users start taking opioids prescribed

by their physicians, even if many later progress to illicit opioids (e.g., Kaestner and Engy (2019);

Coffin, Rowe, Oman, Sinchek, Santos, Faul, Bagnulo, Mohamed and Vittinghoff (2020)). It is also

motivated by the findings in recent economic literature that emphasize the lack of strong corre-

lation between economic activities and opioid abuse (e.g., Ruhm (2019); Currie, Jin and Schnell

(2019); Currie and Schwandt (2021); McGranahan, Parker et al. (2021)).

Our main instrument captures the scale of the pharmaceutical industry’s opioid marketing

to physicians, particularly the number of physicians who receive non-research marketing visits

and payments per 1,000 population in a county. This variable is available annually starting in

2013, when the Physician Payments Sunshine Act came into effect. Hadland, Krieger and Marshall

(2017) show that pharmaceutical companies invest tens of millions of dollars annually in direct-to-

physician marketing of opioids, while Hadland, Rivera-Aguirre, Marshall and Cerda (2019) show

that opioid prescriptions and mortality from opioid overdoses went up with the increase in the

number of physicians receiving marketing compensation for opioids. This opioid marketing to

physicians is unlikely correlated with the consumer or bank credit behavior other than through

the increased risks brought on by the opioid abuse itself.

Our results are robust to using alternative instruments based on marketing payments made

by the pharmaceutical companies to physicians or using the aggressive pre-sample marketing of

OxyContin by Purdue Pharma between 1997 and 2002, after its market introduction in 1996. Re-

garding the latter, Purdue increased its marketing and promotion budget by almost 800% over

1997-2002, marketing the drug aggressively to physicians and pharmacies under the slogan “The

One to Start With and the One to Stay With,” and turning OxyContin into the most abused pre-

scription opioid by 2004 (e.g., Van Zee (2009); Cornaggia, Hund, Nguyen and Ye (2021)). The

growth rates in the locally received OxyContin pills in these early periods were shown to directly

impact the rate of opioid prescription by doctors as well as elevated mortality in the later periods,

but has little direct correlation with either the financial situation of people or bank lending choices

in the affected areas (e.g., Aliprantis, Lee and Schweitzer (2020), Alpert, Evans, Lieber and Powell
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(2022); Currie and Schwandt (2021)).

We also conduct numerous other robustness analyses to address identification and/or rule

out alternative explanations: use alternative definitions for the opioid crisis intensity such as opi-

oid prescription and illicit deaths rates or use actual opioid prescription rates; employ univariate

and regression analyses using propensity score matching where we match the high-quartile opi-

oid deaths counties to other non-treated counties by year and county characteristics using sev-

eral matching techniques; use contiguous counties to high opioid death counties only; control for

even more local market factors; use multiple death causes instead of underlying causes; exclude

Florida, which was an epicenter for the opioid crisis distribution; exclude zero-death counties; re-

confirm results also using a completely different dataset based on credit card supervisory data; and

conduct different cross-sectional tests by consumer characteristics. All of our approaches, despite

sometimes covering somewhat different sample periods due to data availability, consistently show

statistically as well as economically significant adverse effects on consumer credit risk and credit

supply caused by opioid abuse. Additionally, we also uncover evidence that although the opioid

crisis had affected the overall population, the negative credit supply effects are larger for riskier

consumers, minorities particularly African American, low income, and younger consumers.

Finally, we analyze the effectiveness of recent laws and regulations about opioid abuse.

These laws have only been studied one at a time even though they often overlap. By contrast, we

run a horse race and test six different opioid-related laws at the state level in cross-sectional tests

or sample splits: those laws that target opioid supply including the ”Opioid Prescription Limiting

Law”, the mandatory ”Prescription Drug Monitoring Program (PDMP) Law”, and the ”Triplicate

Prescription Law;” and those that affect opioid demand or users including the ”Naloxone Law,” the

”Good Samaritan Law,” and the ”Medical Marijuana Permitting Law.” We find strong and positive

effects from the opioid supply-oriented laws in reducing opioid prescriptions and opioid prescription

death rates, but limited effects in reducing illicit opioid death rates. Not surprisingly, as a result,

we find positive effects from the laws that target opioid supply in mitigating credit supply reduc-

tion by banks to consumers. In contrast, the opioid demand-oriented laws have little beneficial or

even unfavorable effects on both opioid deaths and consumer credit supply.

Understanding the opioid crisis effects on consumer markets and the effectiveness of recent
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laws and regulations may be helpful for policymakers and financial institutions to devise effective

strategies to combat the crisis and allocate resources where they are needed most. Results in this

study may help inspire targeted interventions to minimize the crisis financial and social impact

while safeguarding the well-being of consumers and their communities.

The rest of the paper is organized as follows. We discuss the related literature in Section 2.

Section 3 presents two simple toy models to illustrate how opioid abuse affects an individual’s

decision to make loan payments and a lender’s decision on loan terms, respectively. The datasets

used for our analyses are described in Section 4. Our empirical strategy is described in Section 5.

Section 6 presents our results. Section 7 concludes.

2 Literature Review

This paper relates to several strands of literature. First and foremost, there is a large literature

in the medical as well as economics fields that studies the determinants of opioid abuse. See Currie

and Schwandt (2021) and Maclean, Mallatt, Ruhm and Simon (2020) for a review of this literature.

The studies generally conclude that neither contemporaneous nor long-term economic conditions

can explain a large part of the opioid epidemic. Instead, the opioids spread in the country results

from three key factors: a change in beliefs among physicians that pain was not treated adequately;

aggressive marketing by pharmaceuticals who made the claim that the new generation of opioids

may have been effective at treating pain with little risk of addiction; and finally, until recently, there

was little public oversight of opioid prescriptions by doctors. This literature inspires our choice of

instruments as we alluded to in the Introduction.

There also exists a relatively large literature studying the economic impact of the opioid epi-

demic. For example, several papers find a detrimental impact of opioid abuse on employee pro-

ductivity and labor market participation (e.g., Van Hasselt, Keyes, Bray and Miller (2015), Krueger

(2017); Aliprantis, Lee and Schweitzer (2020); Harris, Kesslery, Murray and Glenn (2019); and Park

and Powell (2021)). Focusing on firm outcomes, Ouimet, Simintzi and Ye (2020) find that firm

growth is negatively affected by the exposure to opioid-affected areas as the eroding labor market

conditions force firms to invest more in technology and substitute capital for the relatively scarcer

labor. Rietveld and Patel (2021) and Sumell (2020) find negative impacts on new small firm forma-
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tion and survival. Finally, Langford (2021) finds that opioid use reduces net firm entry and results

in a shift in industrial composition due to labor supply issues in the affected areas, driving long-

term stagnation and fiscal difficulties. This literature serves as evidence of the channels through

which the opioid crisis affects the consumer markets we study here.

By comparison, the literature on the effects of the opioid epidemic on finance is small. Cor-

naggia, Hund, Nguyen and Ye (2021) find negative impacts of the local opioid abuse on municipal

bonds, which impede municipalities’ ability to provide the necessary public services and infras-

tructure. Custodio, Cvijanovic and Wiedemann (2021) find lower housing values in areas more

affected by the opioid epidemic, which are mitigated by the passage of state laws aimed at curbing

opioid abuse. D’Lima and Thibodeau (2022) find that house price changes around opioid dispen-

saries are negatively associated with the quantity of opioids dispensed. Jansen (2019) uses data on

subprime automotive loans acquired from a U.S. lender and documents an increase in consumer

defaults in subprime auto loans as a result of local market opioid abuse problems. Lastly, Li and

Yue (2022) study the spillover effects of the opioid epidemic through the banking network and

find a negative link between local opioid supply and deposit growth at both the county and bank

level. We add to this literature by providing the first study of the credit supply and consumption

consequences of the local opioid abuse using the credit card market as a laboratory.

3 Simple Models of Opioid Abuse and Consumer Finance

We present two simple models to illustrate how opioid abuse affects an individual’s decision

to make loan payments and a lender’s decision on loan terms, respectively.

3.1 Opioid Abuse and Consumer Loan Repayment Decision

Consider a static model where an individual, after receiving his income and facing necessary

consumption such as basic food and rents denoted by c, decides whether to make a loan payment

(1 + r) ∗ b. The term r represents the interest on the loan b. His income is a product of his employ-

ment probability e and the wage w he is able to command. If the individual is risk neutral, then
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the decision is simply captured by his net gain from payment,

e ∗ w − c − (1 + r) ∗ b. (1)

The individual will only make the payment if the term in equation (1) is nonegative. Let ϕ denote

the repayment decision, then we have ϕ = 1, if e ∗ w − c ≥ (1 + r)b, and ϕ = 0 otherwise.9

For a highly dependent opioid user, the drug cost increases his necessary consumption c.

Moreover, according to Bickel, Athamneh, Snider, Craft, DeHart, Kaplan and Basso (2020), the

addiction itself can lead to other unsound decisions due to a “reinforcer pathology” that increases

the individuals’ overvaluation of short-term tangible rewards and undervaluation of long-term

negative consequences, in addition to impulsivity, nonconformity to rules, and cognitive issues.

All these make him less employable and reduce the wages he can command (see the literature

review), i.e., both e and w are likely smaller. Last, as we discuss next in lenders’ decisions, the

person may also face higher interest rate r. If the person is not addicted to opioids but lives in

an area heavily exposed to the epidemic, drug cost is no longer an issue, but he may still receive

a lower income and be charged a higher interest rate because of the spillover effect due to the

information problem employers and lenders face (see our discussion in the next subsection).

All of these factors suggest that a person in an area heavily exposed to opioids is more at

risk of defaulting on his loan obligations and thus a potentially ”riskier” credit borrower. The one

countering force in our simple model is if the person also borrows less voluntarily or due to credit

rationing, that is, b is smaller.10

When we aggregate individual behavior to, for example, the county level, the discussion

above suggests that the areas with high-opioid exposure will likely have more consumers default

on their loan obligations. An immediate implication is that banks with higher operational exposure

to these areas will have riskier consumer loan portfolios.

9For simplicity here, we rule out partial loan payment cases.
10In dynamic models where consumers may need to borrow in many periods and lenders can impose pun-

ishment on those who default, drug addicts, having large discount factor, will also be less affected by the
punishment.
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3.2 Opioid Abuse and Consumer Credit Lending Decision

A lender decides the loan amount b and the interest rate r, and his payoff is as follows,

ϕ ∗ (1 + r) ∗ b − (1 + rd) ∗ b, (2)

assuming that the per-unit cost of funding is rd and the loan is noncollateralized. If the lender

observes the repayment probabilities ϕ, then, in a competitive environment/under a zero profit

condition, he sets the interest rate r = (1 + rd)/ϕ − 1, which decreases with ϕ.

The challenge posed by the opioid abuse to a lender is information asymmetry. The lender

will have to make inferences based on public data such as aggregate opioid-related drug over-

doses. Consider two individuals living in areas with different exposures to the opioid abuse crisis,

which, in our setup, can be captured by their repayment probability ϕ1 and ϕ2, and ϕ1 < ϕ2. Ev-

erything else the same and absent of other signals, the lender will approximate each individual’s

repayment probability with the average payment probability of the area that he resides in. It then

follows that individual 1 will be charged a higher interest rate than individual 2 despite that the

two look similar in all other aspects.11

The discussion so far illustrates why lenders would charge individuals in high opioid expo-

sure areas higher interest rates for a given loan amount. Turning to the lenders’ loan making deci-

sion, according to Stiglitz and Weiss (1981), credit rationing can arise under certain conditions with

information asymmetry. For example, Consider an environment where individuals have different

probability distributions of income y, and different addiction or exposure to opioids captured by

θ, F(y, θ), and they need to borrow a fixed amount b. Additionally, there is a fixed cost d associ-

ated with each defaulted loan for the lender. This problem maps into that in Stiglitz and Weiss

(1981) (see Alternative Sufficient Conditions for Credit Rationing, pp. 399), where the expected rev-

enue for lenders as a function of the interest rate charged will be hump shaped due to information

asymmetry provided that a small change/rise in interest rate induces a large change/worsening in

11Even in perfect information environment, opioid addiction differs from other consumption by lowering
abusers’ productivity, life time earnings, health conditions, and early deaths, and thus reduce debt borrow-
ing. We thank Thomas Flanagan for the point.
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applicant pool. As a result, lenders will not lend if the perceived opioid exposure exceeds certain

threshold. In other words, credit rationing arises in those cases.

To summarize, our discussions indicate that individuals in the high-opioid crisis exposure

areas are at higher risk of default, that banks operating in those harder-hit areas have riskier con-

sumer loan portfolios, and that lenders are likely to lend less to individuals in those areas if at all

and/or charge them higher interest rates to reduce credit risk. These are the hypotheses that we

will test in the next sections.

4 Data Sources and Data Collection

We use three types of data: information on opioid crisis intensity and marketing practices;

information on consumer credit supply, and local economic and demographic information. Data

measuring opioid crisis intensity and marketing practices are at the county by year level. Data

measuring credit offers are at the individual/offer by year-month level. In additional analyses

testing potential underlying channels for our main results, we use data on consumer loan perfor-

mance at bank by county by year-month (or county by year-month) level, and bank loan portfolio

risk at the bank by year-quarter level.

4.1 Opioid Mortality and Marketing Practices

4.1.1 Opioid Mortality Rates

We obtain restricted-use mortality data from the CDC (the All-County Mortality Micro Data;

NCHS, 2020). These data provide the precise cause of every death in every county and hence al-

low us to accurately identify all opioid-related deaths by location. From this data, we construct the

number of opioid-related deaths scaled by the county’s population (in 10K) in each year. In some

additional analyses, we also differentiate between prescription- and illicit-drugs-related deaths.

Prescription-deaths capture the illegal diversion of legally manufactured prescription opioids for

non-medical use and unfortunate externalities of medical use of the prescription opioids, while

illicit deaths are related to the use of “street drugs,” such as heroin or illicitly manufactured fen-
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tanyl.12 A high opioid mortality rate is indicative of a high addiction rate, and public officials also

rely on such mortality rates as one of the best metrics to monitor the opioid crisis across regions.13

We focus on opioid mortality as our primary measure of opioid abuse. In addition to being

comprehensive and comparable across counties, this measurement, in comparison to opioid pre-

scription rates often used in the literature, better captures the progression in the opioid epidemic

since 2010, the period of our analyses, that is, the rise in illicit opioid drug abuse.

We supplement the mortality opioid data with opioid prescriptions in some additional anal-

yses. We use the opioid prescribing rates per capita, per county each year derived from the CDC

public data.14 The CDC’s prescribing data originates in the IQVIA Transactional Data Warehouse

(TDW), which is based on a sample of approximately 59,000 non-hospital retail pharmacies. These

pharmacies dispense about 90% of all retail prescriptions in the country. Several prior studies find

that opioid prescriptions are a good proxy for opioid addiction and abuse and/or find a positive

correlation between rates of prescriptions and subsequent abuse in an area (e.g., Schnell (2019);

Ouimet, Simintzi and Ye (2020)).

4.1.2 Opioid Distribution and Marketing

We construct the main opioid marketing instrument based on the non-research transfer mar-

keting information from the pharmaceutical industry to physicians following Hadland, Rivera-

Aguirre, Marshall and Cerda (2019). Specifically, we collect data on the number of physicians

being marketed opioids by their practice county and by year from 2013 onward from the Centers

for Medicare and Medicaid Services Open Payments database.15

12To construct opioid-related deaths, we follow Cornaggia, Hund, Nguyen and Ye (2021) (Appendix A.1) by
identifying drug-related deaths first, i.e., those with underlying ICD-10 cause codes X40-X44 (accidental poi-
soning), X60-X64 (intentional poisoning), X85 (homicide), and Y10-Y14 (undetermined intent). We then nar-
row to causes related to opioids, i.e., those with a contributing cause code of T40.0 (opium), T40.1 (heroin),
T40.2-T40.3 (prescription), and T40.4 (synthetic opioids, primarily fentanyl). Finally, we use the multiple
cause portion of the death certificate and assign to Illicit category all deaths that have opium (T40.0), heroin
(T40.1), and synthetic opioids (T40.4) causes and assign the rest (T40.2–T40.3) to the prescription category.

13The death data used here are superior to the public CDC data on opioid deaths as the public data omit
counties with fewer than 10 drug-poisoning deaths, thus leaving out nearly half the population. This left-
tail censoring also creates time series problems as some counties were reported in some years but not others.

14See https://www.cdc.gov/drugoverdose/maps/rxrate-maps.html.
15Centers for Medicare & Medicaid Services. Open Payments dataset,

https://www.cms.gov/openpayments/explore-the-data/dataset-downloads.html, accessed March 12
2022. The database is mandated by the Physician Payments Sunshine Act.

11

Electronic copy available at: https://ssrn.com/abstract=4187377



For robustness test, we construct another instrument based on non-research transfer market-

ing payments from the pharmaceutical industry to physicians again following Hadland, Rivera-

Aguirre, Marshall and Cerda (2019). We also construct an opioid marketing instrument based on

the aggressiveness of Purdue Pharma’s marketing of OxyContin in the pre-crisis era. We hand

collect data on all Oxycodone pills distributed to each zip code each year from archived Drug

Enforcement Administration (DEA) reports. We then aggregate the data to the county level and

compute the county growth rate of Oxycodone pills distributed between 1997 (the year after Oxy-

Contin was introduced) and 2002.

4.2 Consumer Credit Supply and Other Consumer Finance Information

4.2.1 Consumer Credit Supply

For credit supply, we use the anonymized Mintel Comperemedia Inc. Direct Mail Moni-

tor Data and TransUnion LLC Match File (Mintel/TransUnion Match File) proprietary survey of

U.S. consumers merged with TransUnion consumer credit bureau characteristics over 2010 to 2019,

which was also de-personalized after the merging process. Each month, Mintel selects about 4,000

consumers from a pool of one million consumers that Mintel acquired from a large survey ser-

vice provider. Mintel gives each consumer a set of envelopes and asks the consumer to put mail

from an array of sectors, including credit offers, into the envelopes and send them back to Mintel

weekly during the participating month. Once receiving the envelopes, Mintel records almost all

information from the credit offers, whether a consumer receives an offer, and credit terms of the

contracts offered, such as interest rates and credit limits.

The Mintel credit offers monthly data were merged with credit bureau information on the

consumers from TransUnion and subsequently anonymized to protect the confidentiality of the

survey participants. The combined data are the Mintel/TransUnion Match file that we use in our

analysis.16 We focus on credit card offers, which have the best data coverage, and ”banks” that

are filtered using lender names containing keywords such as “bank,” “bancorp,” “banco,” etc. We

keep in our analysis only those credit offers that have non-missing APR purchase rates and limits

16The merge is conducted by the vendor for the anonymized file, and we only work with the anonymized file.
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for the offers, as well as non-missing consumer characteristics. The consumer credit score and

score ranges used in this analysis are from the Mintel/TransUnion Match file.

4.2.2 Other Supplementary Data

Consumer Credit Performance For consumer credit quality/performance, we use the Fed-

eral Reserve FR Y-14M regulatory report, collected by the Board of Governors of the Federal Re-

serve System in pursuance of the annual comprehensive capital analysis and review (CCAR) of

large U.S. bank holding companies, as required by the 2010 Dodd-Frank Wall Street Reform and

Consumer Protection Act. The monthly report for each account originated and managed by the

reporting banks, contains detailed information on borrower characteristics, credit card days past

due, loan probability of default (PD), payments, terms, and also purchases. This credit card dataset

is very large, having more than 500 million observations per month. We employ a 0.1% random

loan-level sample for existing credit card accounts (having being in existence for at least 12 months)

that are nationally representative. We work with existing accounts so that we observe their credit

behavior and quality as well as their spending patterns.

The banks in the FR Y-14M report dataset are dominant players in the credit cards market,

holding a combined market share of over 75% as of December 2019, so the accounts are likely rep-

resentative of the market as a whole.17 To remove reporting errors, we exclude from our sample

loans that are subject to SOP 03-03 accounting (i.e., it is purchased credit-impaired loan or a pur-

chased loan with evidence of deteriorating credit quality since origination); loans with erroneous

credit scores, credit scores are missing or outside the range of 300 to 900; loans with missing or

credit limit or APR; and accounts that are deactivated and/or inactive.

Bank-Level Consumer Portfolio Data The quarterly regulatory Consolidated Reports of

Condition and Income (Call Reports) help extend our study to bank level. Call Reports are pro-

vided by the Federal Financial Institutions Examination Council (FFIEC) Central Data Repository’s

Public Data Distribution. Every national bank, state member bank, and insured nonmember bank

is required by the FFIEC to file a Call Report as of the close of business on the last day of each cal-

17This is based on market share assessments of these banks’ balances in the FR Y-14M compared to the credit
card balances in the Federal Reserve Bank of New York Quarterly Report on Household Debt and Credit as
of 2019:Q4 available at https://www.newyorkfed.org/medialibrary/interactives/householdcredit/data.
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endar quarter, i.e., the report date. Call Reports provide information on the institution’s balance

sheet, income statement, and a narrative explaining elements of the financial statements. We focus

on nonperforming loans ratios for credit cards and the unsecured consumer segment.

County-Level Expenditure and Other Economic Data We proxy county level consumption

by aggregating domestic credit card purchases provided by the FR Y-14M data discussed above to

the bank level by county and by year-month. We obtain similar results using data aggregated at

the county by year-month level (shown in Appendix Table A6).

We obtain average income from the Bureau of Economic Analysis (BEA), unemployment

rate from Bureau of Labor Statistics (BLS), and bank competition in the county measured by the

Herfindahl-Hirschman Index (HHI) of deposits based on the FDIC Summary of Deposits data. We

obtain additional county demographic information such as population by race, gender, age, edu-

cational attainment, and inequality from the U.S. Census Bureau American Community Surveys.

5 Estimation Strategy

We do not observe directly consumers’ opioid usage and health status and, therefore, cannot

directly test the impact of the opioid usage on credit supply. Instead, we test whether banks are

less likely to supply credit or apply more stringent terms to individuals in more opioid-affected

areas. However, as mentioned in the Introduction, this approach likely replicates the banks’ credit

models which also resort to measures of crisis intensity in the individuals’ local market of residence

to capture risk from the opioid crisis given they face information asymmetry and are unable to

(legally) observe and/or target affected individuals. We measure a county’s exposure to the opioid

crisis by its opioid death rates. For each credit supply variable, we test whether the opioid exposure

has any explanatory power in addition to the control variables. The exposure measures are lagged

by one year.

Estimating the effects of the opioid crisis on consumers and banks raises endogeneity con-

cerns as common conditions or shocks may drive both the opioid crisis intensity and the credit

outcomes. To attenuate these concerns and ensure we identify the causal relationship between

opioid epidemic exposure and various consumer credit consequences, we conduct two-stage least
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square (2SLS) regression analyses that use instrumental variables for the opioid crisis intensity.

Additionally, we introduce an extensive set of control variables that capture heterogeneity in

county, consumer, and bank characteristics as relevant in different parts of our analyses. All our

controls in all analyses are lagged one period (one year, one quarter, or several months, based on

data availability). At the county level, we saturate the model with 11 different controls, comprising

indicators of local economic conditions, including median income, income inequality (gini), and

unemployment rate, as well as a variety of demographic characteristics such as population density,

race, gender, age, and educational attainment composition. We also control for bank’s local market

concentration (HHI of deposits), to account for potential uneven access to banking services and

credit terms. Finally, we include combinations of state, bank, and time fixed effects, pertinent to

each dataset and analysis, to account for additional time-varying and unobserved characteristics.

5.1 Instrumental Variable First-Stage Specification

In the first stage across all our analyses, we regress the opioid crisis exposure variable, opioid

death rates or opioid prescription rates measured either continuously or as a dummy indicating

whether the county is in the nation’s top 50 percentile, on the instrument and the same set of

controls as those included in the second stage for the corresponding analysis. The general first-

stage specification is as follows:

OpioidExpc,t−1 = γ0 + γ1 IVc,t−1 + γ2CountyControlss,t−1 + γ3OtherFE

+ γ4OtherConsumer/BankControlsi,c,t−1 + µc,t−1,
(3)

where i indicates individual or bank, c county, and t time.

As discussed in Section 4.1.2, the main instrumental variable (IV) we use is MKTDoctors/1000Pop,

the number of doctors receiving opioid marketing payments from pharmaceutical companies per

1,000 population per year in the main analyses, which is time variant, covering 2013 onward. In

robustness tests, we also use as additional IV, MKTPayments/1000Pop, the number of non-research

marketing payments made to doctors by pharmaceutical companies per 1,000 population per year,

also time variant. Finally, we use as an alternative IV, Purdue MKT (OxyContin Growth ’97-’02),

the growth rate in each county in the distribution of OxyContin pills between 1997 and 2002 for
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robustness test, which is time invariant.

5.2 Second-Stage Specifications

We next discuss the econometric models for the IV second stage credit outcome analyses. We

use ̂OpioidExpc,t−1 to denote the predicted value of OpioidExpc,t−1 obtained from the first stage.

5.2.1 Consumer Credit Supply

The credit supply Mintel/TransUnion Match file data are at the credit offer by year-month

level. Our outcome variables are the bank’s willingness to lend to different categories of consumers

reflected in the likelihood of unsolicited credit card offers, as well as the credit terms applied to

those offers captured by Yi,c,t for consumer i in local market (county) c at time (year-month) t:

Yi,c,t = δ0 + δ1 ̂OpioidExpc,t−1 + δ2ConsumerControlsi,t−1 + δ3CountyControlsc,t−1 + FE + ξi,c,t,

(4)

where Yi,c,t refers to one of the main credit card offer terms such as the RateSpread, the difference

between the offered credit card APR and one-month Treasury bill, or Ln(Limit), the natural log of

the offered credit card limit. In additional analyses, we also analyze Reward/Promotion, a binary in-

dicating whether a credit card offer includes rewards and/or promotions, and Card Offer, a binary

indicating a consumer is receiving a credit card offer in a particular month or not.

Consumer-level controls (measured as of 2-3 months prior to the credit offer) include a very

rich set of financial and demographic characteristics. These include credit scores range dummies

(<580 (left out category), [580,660), [660,720), [720,800), and ≥800), the natural log of consumer

income, binaries for recent as well as other past delinquency (90 days or more past due) on any

of the credits held, other derogatory information such as foreclosures, past bankruptcy filings,

previous other credit cards, previous high credit card utilization (80% or higher), as well as the

natural log of the number of recent credit inquiries (proxying for consumer credit demand). We

also include age range binaries (<25 (left out category), [25,44), [45,64), and ≥65) to account for

potential nonlinearity in credit supply, indicators for homeowner, married, no children, education

level (less than college (left out category), having completed some college, college, or higher than
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college education), and indicators for non-minority or white consumers. Finally, we include all

county-level controls (lagged one period) discussed above.

We also include a battery of fixed effects including lender by year-month, state by year-

month, lender by state, as well as lender, state, and year-month fixed effects, whenever possible,

to capture lender health and business models and practices over time, local market changes over

time, bank strategies across states, as well as unobserved factors at the lender, state, or year-month

levels. Standard errors are double-clustered at the marketing campaign and year-month level. 18,19

5.2.2 Other Consumer Finance Outcomes

Consumer Credit Performance For consumer credit performance, we use the FR Y-14M data,

where the unit of observation is bank by county by year-month or county by year-month. The

outcome variables for consumer credit performance are: average days past due, probability of

default (PD), average payment, and average consumer credit score.

Our estimation specification of consumer credit performance for local market (county) c at

time t is as follows:

Yc,t = β0 + β1 ̂OpioidExpc,t−1 + β2CountyControlsc,t−1 + FE + ϵc,t, (5)

where Yc,t is one of the outcome variables. We include the same county by year information (also

lagged one period) and fixed effects as those in the credit supply analyses. Standard errors are

clustered at the county level.

Bank-Level Consumer Portfolio Risk For bank-level consumer credit risk, we use the regu-

latory Call Reports data, where the unit of observation is bank by year-quarter. The opioid crisis

variables and the instruments here are weighted averages of a bank’s exposure to the opioid death

rates or opioid marketing practices, across all counties in which the bank operates, using the pro-

18Note that we are able to include lender by year-month fixed effects for all our credit card terms analyses as
all credit offers are associated with a lender, but not for the regressions looking at the likelihood of getting a
credit card offer as not all consumers get an offer from a lender.

19A unique strength of the Mintel/TranUnion Match data is that it reports all consumers and their charac-
teristics regardless of whether they received a credit card offer in a particular month, allowing us to study
the credit supply at the extensive margin in addition to the intensive margin based on credit card terms for
those who did receive an offer.
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portion of bank branches in the county as weight.20 The first stage is modeled as per equation (3)

above. The outcome variables here are the bank’s non-performing loans for credit card debt or

other unsecured consumer loans relative to bank total assets. Specifically, our estimation specifi-

cation of bank consumer loan portfolio performance for a bank i at time (year-quarter) t follows:

Yi,t = ψ0 + ψ1 ̂OpioidExpi,t−1 + ψ2BankControlsi,t−1 + ψ3CountyControlsc,t−1ψ4FE + ζi,t, (6)

where Yi,t refers to proxies of bank portfolio performance. Controls for bank characteristics (lagged

one period) include tier 1 capital ratio, liquidity ratio, bank profitability, the natural log of bank

total assets, and bank age. We also include bank weighted exposures to various economic and

demographic county conditions other than the opioid crisis as those used in the credit supply

analyses but aggregated at the bank level, based on the shares of bank branches in each county of

operation. Standard errors are clustered at the bank level.

5.2.3 Consumer Consumption

For local consumer consumption, we aggregate the Y-14M domestic credit card purchases by

bank by county by year-month or county by year-month. Let Yc,t denote the consumer consump-

tion for county c at time t, the estimation equation is as follows,

Yc,t = θ0 + θ1 ̂OpioidExpc,t−1 + θ2CountyControlsc,t−1 + FE + ηc,t, (7)

where the county level controls and fixed effects are the same as those used in the credit supply

specification. Standard errors are clustered at the county level.

6 Empirical Results

6.1 Opioid Abuse Intensity over Time and Space

We measure opioid abuse intensity at the county level by opioid-related death rates per 10k

county population. Figure 1 presents the evolution of opioid-related overall deaths and when

20Branch deposit data are sourced from the FDIC Summary of Deposits.
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split by prescription and illicit drugs over time. The figure captures the two important waves in

the crisis: the heroin (mostly illicit) overdose wave from 2010 to 2012; and the synthetic (illicitly

manufactured) opioid overdose wave from 2013 onward.

As Figure 1 demonstrates, the overall opioid death rates have been moving up steadily over

our sample period, driven by rises in the illicit death rates. By comparison, the prescription death

rates remain stable at relatively low levels.21 As noted by prior research, many of the initial users

of prescribed opioids progressed to illicit or illegal opioid use. Later, the availability of relatively

cheap and easy to produce street drugs such as fentanyl further fueled the surge in illicit opioid

use. As a result, the overall opioid deaths accelerated rapidly from 2013 onward, just as illicit

opioid deaths started to register high growth.

Figure 2 illustrates changes in consumer demographics in opioid-related deaths over time.

Overall, the opioid crisis appears to be widespread among all races, age groups, genders, and

people of various education levels. However, we note a few shifts in these demographics over time.

First, while we continue to see a rise in white opioid death rates, the rises in death rates are more

significant among minorities, particularly Blacks. Second, while all age groups are affected, there

is clearly a higher proportion of working age people, and this proportion is consistently increasing

over time. Third, both men and women die from overdoses, but men are disproportionately more

affected, and the gap between genders increases more in the last illicit wave. Lastly, among people

of various educational attainment who die from opioids, we observe a higher percent of deaths

among people with lower levels of education (high school or less) and this gap widens significantly

in the last illicit wave. We will exploit these heterogeneities in some of our later credit supply

analyses to understand whether certain demographic groups are treated differently than others.

Figures 3 provides the geographical distribution of opioid-related death rates using the con-

fidential CDC mortality data across counties in 2019. The darker red indicates areas with higher

deaths or prescription rates. We observe stark regional variation in crisis intensity: areas in the

middle and north of the country are less affected than areas in the West and the South.

21This is likely due to the decline in opioid prescription rates starting in 2012 resulting from policies aimed at
reducing opioid abuse.The Prescription Drug Monitoring Programs (PDMPs) are examples of such policies
operated by states and established to collect opioid prescription data and facilitate the sharing of this data
between providers and authorities, in an attempt to reduce opioid abuses (e.g., Buchmueller and Carey
(2018)). We investigate the effects of the opioid-related laws in later sections.

19

Electronic copy available at: https://ssrn.com/abstract=4187377



6.2 Opioid Crisis and Marketing/Medical Practices: The Instrument

The construction of our instruments reflects the argument that the geographic differences in

opioid abuse are closely related to the differing medical practice of doctors, as well as the differing

marketing practices of pharmaceutical companies. Deteriorating economic conditions, by contrast,

are not a significant driver for these differences.22

Formally, in order for our instrument of local opioid marketing/medical practices to be valid,

it must be correlated with opioid abuse intensity. Figure 4 plots the average MKT Doctors/1000Pop,

the number of doctors in the county who received marketing visits and payments (from phar-

maceutical companies) for opioids per 1,000 county population, over 2013-2019. Figure 5 presents

binned scatter plots of our opioid intensity measure, Opioid Death Rate, against the instrument after

controlling for year and state fixed effects.

The opioid intensity measure show a positive correlation with our instrument, as evidenced

by both the geographical distribution as well as the scatter plot, which is striking but not surpris-

ing. According to Hadland, Krieger and Marshall (2017) and Hadland, Cerdá, Li, Krieger and

Marshall (2018), between 2013 and 2015, approximately 1 in 12 U.S. physicians received opioid-

related marketing visits and payments; this proportion was even higher for family physicians,

among whom 1 in 5 received opioid-related marketing support. Marketing strategies of the phar-

maceutical companies include visits and direct payments to the doctors for promotion of opioids

as well as more intense early distribution.

Furthermore, Table 2 Panel A for credit supply below more formally discusses the first-stage

estimation results for credit supply using Mintel/TransUnion Match File analyses. Those analyses

demonstrate a significant positive association between our measures of opioid abuse intensity and

the instrument, after controlling for a wide range of consumer and county characteristics as well

as location and time fixed effects. Moreover, the weak identification and underidentification tests

suggest that the instrument is relevant and valid.

Having established that our instrument satisfies the relevancy requirement, we now turn to

22See Maclean, Mallatt, Ruhm and Simon (2020), Ouimet, Simintzi and Ye (2020), Currie and Schwandt (2021),
and papers cited therein for detailed discussion.
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discussing whether it also satisfies the exclusion requirement. There are reasons to believe that

marketing of opioids should not have a direct causal effect on consumer financial outcomes other

than through its influence on the opioid prescriptions and deaths. Neither consumers nor banks

have any control over the opioid marketing in their area, nor is it reasonable to assume that they

would relocate just to be in an area with more aggressive opioid marketing. Further, more mar-

keting of opioids alone, if it does not lead to any changes in opioid prescriptions and deaths, it

is unlikely to affect in any way consumer credit outcomes. Finally, as mentioned in the Introduc-

tion, several studies in prior literature show that demand-side factors alone, such as physical pain,

depression despair, and social isolation due to poor economies can only explain a small fraction

of the increase in opioid use and deaths. Moreover, despite the fact that some economic changes

over the past few decades may be related in some cases to opioid overdose deaths, such an im-

pact on the rise in overall opioid use remains modest.23 We confirm in Table 1 Panel B that there

exists little correlation between our instrument, MKT Doctors/1000Pop, and various key economic

and other county characteristics, including income, unemployment rates, labor force participation

rates, house price indices, average consumer credit score, and poverty rates.

6.3 Main Results

6.3.1 Consumer Credit Supply

Our theory in Section 3 suggests that banks reduce their credit card supply to consumers

in counties with high opioid crisis intensity. We test this hypothesis by examining both bank

credit card offers terms, credit supply at intensive margin, and the likelihood of a consumer re-

ceiving credit card offers, credit supply at extensive margin. We use the Mintel/TransUnion Match

File, which includes direct measures of bank credit supply as banks send unsolicited offers to the

prospective credit card consumers.

Table 1 Panel A presents summary statistics for the key variables used in this part of the

analyses. We note that consumers in the study have relatively sound financial profiles, with a

mean credit score of 703, and an average income of $57, 411. In other details, we find that 21%

23See, among many others, Cutler and Glaeser (2021), Alpert, Evans, Lieber and Powell (2022), and papers
reviewed in Maclean, Mallatt, Ruhm and Simon (2020).
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of the consumers have had at least one 90+ days past due delinquency on any credit product,

7% have filed for bankruptcy in the past, and 2% have had credit card utilization rate at 80% or

higher in the past. Demographically, the average consumer is 50 years old, 75% of consumers are

homeowners, 31% are married, and 41% have no children. During the period of our study, county

overall opioid death averaged 1.2 per 10,000 population while illicit opioid deaths averaged 0.86

per 10,000 population. The opioid prescription rates average 0.72 per capita.

Tables 2 report the IV 2SLS regression estimates for the effects of the opioid crisis on con-

sumer credit card terms, where Panel A shows the first-stage IV results, and Panel B shows the

second-stage IV estimates, when using MKTDoctors/1000Pop instrument. As above, for brevity,

we only include the coefficients of interest. The key dependent variables are either Rate Spread, the

APR credit card spread, or Limit expressed as either (Ln(Limit)), the natural log of the offered credit

card limit or (Limit($)), the actual limit in dollar value. The main independent variables are the two

opioid intensity measures both lagged one year, corresponding to continuous opioid deaths rates

or indicators for high opioid abuse marked at the top 50th percentile in different specifications. As

discussed in Section 5, we control for consumer credit quality in many ways, including credit score

ranges, income, past delinquency, past derogatory filings, past bankruptcy filings, past high credit

utilization, as well as for credit demand based on consumer credit inquiries and other personal

characteristics as of 2-3 months prior to the credit offer. We also control for a rich set of economic

and demographic county characteristics, plus numerous fixed effects to isolate as well as possible

the effects studied. Thus, we include: lender-year-month, state-year-month, lender-state, lender,

state, and year-month fixed effects, to absorb variation in lender and state conditions over time,

or lender over state as well as to account for other unobserved factors at the lender, state, or time

levels.

In all cases, the IV first-stage estimates indicate that our instruments are significantly pos-

itively associated with higher opioid crisis intensity, while the IV first-stage statistics show that

instruments are relevant and valid.24 The IV second-stage estimates further show that consumers

residing in counties more affected by opioid abuse experience significantly lower credit supply at

24We check the first stage statistics in all our IV 2SLS analyses that we use in this paper, and all are in line with
expectations. For brevity, we do not report these in all tables, but they are available from the authors upon
request.
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the intensive margin.25 For instance, individuals living in counties with opioid death rates in the

nation’s top 50th percentile receive, on average, a credit card interest rate that is 1.2 percentage

points higher, and a credit limit that is $194 lower. These numbers are economically significant, as

they amount to a 7 percent (= 1.2/17) increase in interest rate and a 17 percent reduction in credit

limit for an average borrower.

6.3.1.1 Using Alternative Opioid Death Measures

Given the changes over time in drugs responsible for opioid deaths, with illicit drugs be-

coming more prominent in recent years than prescription drugs, Table 3 reiterates our main results

for credit supply terms for consumers when looking separately at rates of prescription and illicit

opioid deaths. Panel A reports the first-stage results where we show that the instrument continues

to work well for both measures. Panel B reports IV second-stage results when using MKTDoc-

tors/1000Pop as instrument for opioid abuse intensity. We find significant increases in credit card

spreads and lower credit card limits from both types of death rates, however, magnitudes and sig-

nificance are much larger for the illicit opioid deaths when measured as whether the county is in

the nation’s top 50th percentile or not.

6.3.1.2 Using Opioid Prescription Rate

An alternative measure of opioid exposure that has been used in the literature is opioid

prescription rate, which played an important role prior to 2014, i.e., during the first and the second

waves of the opioid crisis. In Table 4, we repeat our analysis using county opioid prescription

rates, either continuous or as an indicator of whether it exceeds the nation’s median rate. Panel A

confirms that our instrument is positively significantly associated with the opioid prescription rate

as well. Then, as indicated in Panel B, we see statistically significant and economically important

negative effect on credit supply, though the effects are somewhat smaller than our benchmark

estimates.

25Appendix Table A3 Panel C reaches similar conclusions using OLS estimations.
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6.3.1.3 Using Different Instruments

We next repeat our benchmark analyses using two alternative instruments: the marketing

payments per 100 county population and the growth rates in each county in the distribution of

OxyContin pills bewteen 1997 and 2002.

We report the first and second stage results in Table 5 Panel A and Panel B, respectively.

Again, we continue to see opioid abuses having a large and significant effect on local credit supply

and the effects are particularly large in magnitude when we use the second instrument, the growth

rates of the distribution of OxyContin pills from 1997 and 2002.

6.3.1.4 Alternative Identification Strategies

A potential concern with our benchmark analyses is that our results could be prone to self-

selection bias if consumers are not randomly assigned across counties, and the opioid crisis deter-

minants at the county level may affect credit terms. To help dispel the competing explanation that

our results may spuriously reflect differences in the characteristics of high- and low-opioid crisis

counties rather than the opioid crisis intensity per se, we conduct several additional analyses.

First, we conduct a univariate analysis based on several propensity score matching (PSM)

techniques in Table A2 Panel A. We match counties in the 25th percentile of the distribution each

year in terms of opioid intensity with other counties similar in terms of economic and demographic

characteristics as used in our main analysis based on predicted propensity scores. We use several

matching techniques, including one-to-one matching without replacement, matching each treated

county (high opioid group) to the nearest untreated (control, low opioid group) county each year.

This technique ensures we do not have multiple control counties assigned to the same treated

one, which can lead to a smaller control group than the treated group. We also use one-to-one

matching with replacement, which differs in that each treated county is matched to the nearest

control county even if the latter is used more than once. Additionally, we use nearest-neighbor

matching with n=2, n=3, and n=5 with replacement, which matches each high opioid county with

the two, three, or five low opioid counties with the closest propensity scores, respectively. We

calculate the opioid crisis effect on credit card terms as the mean difference between high-opioid
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counties’ terms and those of their matched low-opioid peers. All differences show significantly

harsher credit card terms in high-opioid counties relative to the control group.

Second, we use IV 2SLS regression analysis based on constrained samples comprising coun-

ties in the top 25th percentile of the distribution each year in terms of opioid intensity with other

low opioid death counties similar in characteristics using one-to-one matching without and with

replacement and report results in Table A2 Panels B and C.

Finally, in another approach as reported in Table A2 Panel D, we match high opioid counties

in the top 25th percentile of the distribution with their neighboring counties that are in the low

opioid remaining group and again run IV 2SLS regressions analysis using this constrained sample.

Neighboring counties are assumed to have very similar economic and other conditions, making

the two groups more comparable. Despite the significant loss in the number of observations, in

all these additional regression analyses, we continue to find significantly harsher credit card terms

(higher rate spread and lower limits) for consumers in highly affected opioid counties.

6.3.1.5 Other Robustness Tests

We conduct additional robustness tests and report the results in the Appendix Table A3.

First, we add nine more county-level controls including county labor force participation rate, aver-

age credit score, air pollution, house price growth rate, percent of school dropouts, the percentage

of a county’s population claiming affiliation with an organized religion, and the relative strength

of the Democratic/Republican party as captured by county presidential election/voting outcomes,

poverty rate, as well as percent of population in poor health (Panel A). Next, we use alternative

opioid death rates based on multiple death causes instead of single death causes as in the bench-

mark (Panel B). We also conduct simple OLS regressions (Panel C); exclude counties with zero

opioid-related deaths (Panel D); and, finally, we exclude Florida from the analysis as Florida was

an epicenter for the opioid drug distribution. In all of these analyses, we continue to find signif-

icantly adverse effects on consumer credit supply from opioid epidemic exposure both in credit

card interest rates as well as the credit card limits offered by banks.
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6.4 Consumer Heterogeneity Tests

Higher-risk borrowers can be more easily affected by external shocks, and we conjecture that

banks may exercise caution toward the more vulnerable categories of consumers in highly opioid-

affected areas. Moreover, our earlier Figure 2 about the evolution of the crisis by demographics

showed stark and disproportionately higher opioid death rates in the recent illicit opioid waves

for low education people (important to note because education tends to be highly correlated with

consumer income and credit score), minorities particularly Blacks, males, and younger and/or

working-age people. The richness of our credit supply data allows us to test whether our main

findings may differ across these characteristics. Specifically, we analyze interactions between the

opioid crisis intensity and consumer high credit risk indicators, while continuing to use MKTDoc-

tors/1000Pop as an instrument for opioid abuse intensity. Results from the IV 2SLS second stage

on high risk consumers (credit score below 620) and minorities are reported in Table 6; and results

on other consumer characteristics such as past deep delinquency (90 days past due), low income

(<30K), and younger consumers (< 25 years old) are in Tables A4 and A5 in the Appendix.

We consistently observe that banks apply additionally harsher credit card terms for riskier

consumers, as proxied by their credit score and past delinquency history, in highly opioid-affected

counties. Also importantly, within a county, minorities, particularly Blacks, receive worse credit

terms than others (about 1.6 percentage points higher interest rate and about $350 decline in credit

card limit offered). Low-income individuals, those with income less than $30k are also treated

much more harshly by lenders. Young people are also charger higher rates in high exposure areas,

however, the effects on their credit limits are negative but not statistically significant.

6.5 Credit Card Rewards and Likelihood of Credit Card Offers

The Mintel dataset allows us to measure another element of credit pricing, that is, offers

of rewards/promotions, in addition to credit supply on the extensive margin, credit card offer

likelihood. We repeat our analyses using credit card rewards and credit card offer likelihood as

our dependent variables and report the IV 2SLS second stage results in Table 7. Note that for credit

card rewards, we use the same offer-level sample as above, while for likelihood of credit card offer,
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we use an extended larger sample that includes consumers with and without offers in each month.

Our analyses reveal that individuals in higher exposure counties are less likely to receive credit

card rewards and promotions by 4 percentage points. Importantly, credit card offer likelihood also

declines significantly (by 10 percentage points) in counties with higher opioid abuse.

6.6 Effectiveness of Recent Opioid Policies

Given the severity of the opioid crisis and its adverse economic impact, a number of opioid-

related laws and regulations were enacted in recent years in an effort to combat the opioid epi-

demic. The existing studies that attempt to estimate the implications of those regulations either

yield mixed results or only consider one such law at a time, making it difficult to draw policy

conclusions. For example, Kaestner and Engy (2019) find that the Prescription Drug Monitoring

Programs (PDMPs) reduce prescription rates, but do not help reduce opioid deaths or improve

socioeconomic outcomes. In contrast, Cornaggia, Hund, Nguyen and Ye (2021) find that adoption

of PDMPs reduces opioid deaths and also partially reverses some negative effects on municipal

finance. Doleac and Mukherjee (2019) find increased opioid abuse after increased access to Nalox-

one (which reverses opioid overdose), likely due to increasing risk taken by opioid addicts given

they know there is an antidote in place to save their lives.

We add to this debate by investigating the effects of six prominent opioid-related laws on

consumers and consumer finance outcomes, out of which three are opioid supply-oriented laws and

the other three are demand-oriented opioid laws. Table A7 in the Appendix shows descriptions of all

these laws. We focus on the impact on consumer credit supply, as this is the margin that has the

most implications on local economic recovery.

Of the supply-related laws, the state ”Opioid Limiting Law” targets opioids prescriptions. For

instance, certain states limit prescriptions for first-time users or for acute or postoperatory pain or

other uses or set other limits on the number of prescriptions or overall quantity of opioids that can

be prescribed by physicians to a patient. The ”Opioid PDMP Law” collect and track opioid pre-

scriptions and connect prescribers, dispensers, law enforcement, and Medicare authorities. Some

states mandate the use of PDMPs by prescribers while others make it voluntary. We focus on

the mandatory PDMPs given prior research finds these to be more likely to affect behavior. The
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”Triplicate Prescription Law” requires that three copies of an opioid prescription be issued: The

prescriber keeps one copy, another is kept by the pharmacist, while the third is sent to a state

agency by the pharmacist. Alpert, Evans, Lieber and Powell (2022) show how strict monitoring of

opioid prescriptions via special prescription documentation in triplicate requirement substantially

reduces opioid use and related deaths in those states once epidemic unfolds.

Among the demand-oriented laws, the ”Naloxone Law” increases access to and allows the pre-

scribing and dispensing of Naloxone (an opioid receptor antagonist that reverses opiate overdose)

by various third parties to users with documented risk factors for overdose (Davis and Carr (2015)).

The ”Good Samaritan Law,” provides immunity to drug users for certain drug crimes when they

call for help for a person experiencing a drug overdose. Lastly, the ”Medical Marijuana Permit-

ting Law.” Initial studies showed a decline in overdoses in medical marijuana permitting states,

but later studies documented a reversal increasing rather than decreasing opioid overdose deaths

(e.g., Shover, Davis, Gordon and Humphreys (2019)).26

We take advantage of the staggered implementation of the four state-level opioid laws, ”Opi-

oid Limiting Law,” ”Opioid PDMP Law,” ”Nalaxone Law,” and ”Good Samaritan Law,” by run-

ning a difference-in-difference (DID) regression specification to evaluate the effectiveness of the

laws and their influence on consumers and consumer finance. For the ”Triplicate Prescription

Law” and ”Medical Marijuana Permitting Law,” we use fixed effects and/or sample splits.

We first examine the effects of opioid laws on prescription and opioid mortality rates, in-

cluding total, prescription mortality, and illicit mortality rates, and report results in Table 8 Panel

A using county-level regressions over 2010-2019, while including all county controls from our main

specifications and additional fixed effects. The fixed effects include county, state, and year for the

effects of opioid-time-varying laws, and only year fixed effects for the state time-invariant ones.

Conditional on a strong set of controls for local markets and time, we uncover very different

impacts among the supply-oriented and demand-oriented opioid laws. Specifically, all supply-related

laws have some beneficial effects in reducing opioid prescriptions and prescription opioid death

rates, with the opposite impact on the opioid illegal and, hence, total deaths. These results sug-

26The ”Good Samaritan Law” and ”Medical Marijuana Permitting Law” data are from the Opioid Environ-
ment Policy Scan (OEPS) from University of Chicago.
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gest that the laws passed do not help dissuade illegal drug activities. An exception is the ”Tripli-

cate Prescription Law,” which attenuates opioid deaths from both prescription and illegal sources.

Turning to the three demand-oriented laws, only the ”Medical Marijuana Permitting Law” was able

to reduce both the opioid prescription rates and the opioid prescription related death rates. These

results establish that not all laws are the same, consistent with the mixed findings on deaths in

prior research.27

Table 8 Panel B conducts a horse race among the effects of different state laws on consumer

credit supply. We show the effects of time-varying state laws in Panel B1, and sample splits for

the time-invariant laws in Panels B2 and B3. Our key dependent variables are interest rate spreads

and credit card limits, while we also include our main opioid intensity measures, all consumer and

county controls, and fixed effects as in our main analyses. Same as above, we instrument opioid

intensity with MKTDoctors/1000Pop, and report IV 2LS second stage estimates in all cases.

Table 8 Panel B1 shows that the supply-related laws — the ”Opioid Prescription Limiting Law”

and the mandatory ”Opioid PDMP Law” — yield positive effects on consumer credit supply re-

versing partially the negative consequences of the opioid crisis, while the demand-related laws —

the ”Naloxone Law” and the ”Good Samaritan Law” — have either no effects or even negative ef-

fects on credit supply for consumers. Panels B2 and B3 indicate no negative effect on rates though

negative effects on credit limits on consumers in states that implemented the supply-related law

”Triplicate Prescription Law.” By comparison, in states that did not implement the law, the neg-

ative effects show up in both dimensions and are much larger. We also find that only states that

implemented the demand-related ”Medical Marijuana Permitting Law” yield negative credit supply

effects.

To summarize, the supply-related laws (the ”Opioid Prescription Limiting Law,” the manda-

tory ”Opioid PDMP Law,” and the ”Triplicate Prescription Law”) all tend to have positive reversal

effects on consumer market credit supply, while the demand-related laws (”Naloxone Law,” ”Good

Samaritan Law,” ”Medical Marijuana Permitting Law”) appear to help less or even induce some

detrimental effects on consumer credit, and potentially intensify the opioid crisis.28 Importantly,

27Results are similar in a sample that starts earlier in 2007 instead of 2010.
28The different effects are likely due to the different nature and intent of the laws, and are somewhat consistent

with prior research.
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we found that the supply-related laws that do have beneficial effects on reducing opioid prescrip-

tions and deaths also tend to exhibit mitigating effects in consumer credit supply.

6.6.1 Possible Underlying Mechanisms for Credit Supply

To understand our credit supply results, we next investigate consumer credit performance

as well as bank portfolio risk and how they vary with their exposure to the opioid epidemic.

6.6.1.1 Consumer Credit Performance

For consumer credit performance, we use information from FR Y14-M on credit cards ac-

counts’ days past due, bank-estimated loan probability of default (PD), the monthly payments

made by consumers, as well as their refreshed credit scores. We aggregate the information to the

bank-county-year-month level to arrive at averages for the bank-county for each given year-month.

The results are reported in Table 9 Panel A. We observe that borrowers in high opioid ex-

posure counties tend to have longer days of past due, higher bank-assessed loan probability of

default (PD), lower monthly payments, and lower updated credit scores. For example, the aver-

age loan PD increases by 1.2 percentage points and the average consumer refreshed credit score

decreases by 16 points (or a 2% decrease relative to the mean of 745) in high- versus low-opioid

affected areas. These results suggest higher credit risk associated with consumers living in areas

with high opioid exposure. Those people are either more likely to abuse opioids if they live in the

high-exposure counties or may be more financially vulnerable to opioid abuse in those counties.

As we discussed in the Introduction and the Literature Review, opioid abuse reduces individuals’

employment and earnings potential as well as firms’ hiring. This labor channel alone would lead

to enhanced credit risk, according to the model presented earlier in Section 3. Most importantly,

the evidence here suggests that credit card borrowers in highly exposed areas pose significantly

higher credit risk for the lenders, which may explain some of their cautious credit supply behavior.

In the Appendix Table A6 Panel A we repeat our analyses using a county-year-month sample, and

our results continue to hold.
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6.6.1.2 Bank Consumer Loan Portfolio Performance

Given that consumers in areas hard-hit by opioids are more likely to default on their finan-

cial obligations, we next test whether banks more exposed to the opioid crisis via their local branch

network or operations suffer more from nonperforming loans across their consumer loan portfo-

lios. Specifically, we test whether exposed banks that operate in only one county and likely to have

a harder time diversifying their risk exposure from the opioid crisis, may suffer from credit risk in

their portfolios. Our estimation results are reported in Table 9 Panel B where we examine credit

card nonperforming loans ratio as well as noperforming loans ratios for unsecured consumer credit

using IV 2SLS analysis and the same instrument we use above. Our second stage IV estimates

show that banks confined to more severely affected counties report higher non-performing loans

in credit card products as well as total unsecured consumer loans. This evidence further helps

corroborate our story that banks experience more materialized credit risk in their loan portfolios,

hence the decline in credit supply to opioid-affected areas.

6.6.2 The Welfare Implications of the Opioid Crisis — Consumer Spending

Before we conclude, we reconfirm our main credit supply effects using the supervisory FR

Y-14M credit card dataset and also explore the likely possible macro real effects of the opioid crisis,

in both cases using the same IV 2SLS analysis employed throughout our study. In these analyses

we use a bank-county-year-month sample. We construct two aggregate measures of consumption:

total purchases per county population and total purchases relative to credit limit.

Our estimation results are reported in Table 10. Panel A reports effects of the opioid cri-

sis intensity on elements of credit supply, including average cycle APR, natural log of average

credit card limit, and percent of accounts with rewards and promotions. Panel B reports effects on

consumer spending proxied by the credit card purchases made by consumers as provided by FR

Y-14M. Our second stage IV estimates in Panel A reconfirm that credit supply declines in counties

more affected by the opioid crisis as evidenced by higher cycle APRs, lower credit card limits, and

less accounts with rewards. Effects are also economically meaningful.

Our analyses reveal that individuals in higher (top 50th percentile) versus lower opioid
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abuse exposure (lower 50th percentile) counties pay about 2.1 percentage points higher APR, have

lower average credit limits by about 9.7 percentage points, and are less likely to receive credit card

rewards and promotions by 11 percentage points. Importantly, credit card offer likelihood also

declines significantly (by 10 percentage points) in counties with higher opioid abuse.

Table 10 Panel B finds that counties with higher opioid exposure incur significant declines in

consumer credit card spending. For example, the total purchases per population decline by about

4.3 percentage points in higher versus lower opioid death exposure counties. These effects are also

confirmed using other proxies for consumer spending, including the total purchases per limit and

the average consumer purchase.

These effects are even larger when re-estimating the effects using an aggregated county-

year-month sample but without the lender year-month fixed effects as shown in Appendix Table

A6 Panel C. These results indicate that the credit policy adopted by banks - targeting high opioid-

exposure locations - to deal with the repercussion of the opioid pandemic has important welfare

implications.

7 Conclusions

The opioid epidemic in the U.S. has left far-reaching and lingering consequences on the

health and social conditions of U.S. local communities for over two-and-a-half decades. In this

paper, we discover unfavorable credit supply consequences of this crisis on consumers: banks

are reluctant to lend in areas with significant exposure to opioid abuse. They are less likely to

send credit offers in the highly exposed areas; however, when they do still solicit consumers for

credit in those areas, the offers have much higher interest rates, lower credit limits, and less re-

wards/promotions. The credit supply constriction seems to harm harder the riskier consumers,

the minorities (particularly Blacks), low-income, and younger consumers.

The wave of laws and regulations passed to reduce the devastating effects of the opioid crisis

on communities raises a question whether the legislative effort helped mitigate some of the nega-

tive effects uncovered in the study. Our analysis of six different opioid-related laws (three supply-

related and three demand-related laws) suggests different effects across supply- and demand-oriented
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laws in mitigating both the crisis and credit supply effects on consumers. The opioid supply-oriented

laws (”Opioid Prescription Limiting Law,” the mandatory ”Opioid PDMP Law,” and the ”Tripli-

cate Prescription Law”) all appear to mitigate some of the negative impacts of the opioid epidemic

on consumers and their credit supply, while the demand-related laws are less beneficial or can even

aggravate the opioid crisis.

From a policy standpoint, the cautious behavior of banks appears to be partially justified by

the relatively higher credit risk in the highly opioid-affected areas. The reduced consumer credit

supply, nevertheless, could create a negative feedback loop depriving the opioid-affected regions

of the much-needed liquidity for recovery. Indeed, we find that the opioid-crisis induced credit

supply contraction has important welfare consequences: consumer spending sharply decreases in

hardly-hit local markets. This latter may suggest important macro-policy implications given that

consumer spending accounts for the vast majority of US gross domestic product and economic

growth. Thus, it is natural to ask: where should we go from here i.e., ”quo vadis.” These findings

here may prove useful for policymakers to better understand the impact of the opioid crisis and

formulate adequate policies concerning consumers to help recovery efforts, enhance welfare, and

restore growth and resilience in the opioid-affected consumer markets. One possible policy may

involve programs that jointly target both opioid addiction treatment and credit repair and assis-

tance via financial education and counseling without stigma, which may help for consumers and

communities affected by the opioid addiction regain financial stability, resilience, and well being.

33

Electronic copy available at: https://ssrn.com/abstract=4187377



References
Aliprantis, Dionissi, Kyle Lee, and Mark E. Schweitzer, “Opioids and the Labor Market,” Federal

Reserve Bank of Cleveland Working Paper, 2020.

Alpert, Abby, William Evans, Ethan Lieber, and David Powell, “Origins of the Opioid Crisis and
its Enduring Impacts,” Quarterly Journal of Economics, 2022, 33, 1139–1179.

Berger, Allen N, Marco A Espinosa-Vega, W Scott Frame, and Nathan H Miller, “Why do bor-
rowers pledge collateral? New empirical evidence on the role of asymmetric information,” Jour-
nal of Financial Intermediation, 2011, 20 (1), 55–70.

Bickel, Warren, Liqa Athamneh, Sarah Snider, William Craft, William DeHart, Brent Kaplan,
and Julia C. Basso, “Reinforcer Pathology: Implications for Substance Abuse Intervention,”
Recent Advances in Research on Impulsivity and Impulsive Behaviors, 2020, 47.

Buchmueller, Thomas and Colleen Carey, “The Effect of Prescription Drug Monitoring Programs
on Opioid Utilization in Medicare,” American Economic Journal: Economic Policy, 2018, 10 (1),
77–112.

Case, Anne and Angus Deaton, “Rising Morbidity and Mortality in Midlife among White Non-
Hispanic Americans in the 21st Century,” Proceedings of the National Academy of Sciences, 2015,
112, 15078–15083.

Coffin, Phillip, Christopher Rowe, Natalie Oman, Katie Sinchek, Glenn-Milo Santos, Mark
Faul, Rita Bagnulo, Deeqa Mohamed, and Eric Vittinghoff, “Illicit Opioid Use Follow-
ing Changes in Opioids Prescribed for Chronic Non-Cancer Pain,” PLOS ONE, 2020, 15(5),
https://doi.org/10.1371/journal.pone.0232538.

Cornaggia, Kimberly, John Hund, Giang Nguyen, and Zihan Ye, “Opioid Crisis Effects on Mu-
nicipal Finance,” Review of Financial Studies, 2021, 35, 2019–2066.

Currie, Janet and Hannes Schwandt, “The Opioid Epidemic Was not Caused by Economic Dis-
tress but by Factors that Could Be More Rapidly Addressed,” The Annals of the American Academy
of Political and Social Science, 2021, 695, 276–291.

, Jonas Jin, and Molly Schnell, “U.S. Employment and Opioids: Is There a Connection?,” Health
and Labor Markets, 2019, 2, 253–280.

Custodio, Claudia, Dragana Cvijanovic, and Moritz Wiedemann, “Opioid Cri-
sis and Real Estate Prices,” Available at SSRN: https://ssrn.com/abstract=3712600 or
http://dx.doi.org/10.2139/ssrn.3712600, 2021.

Cutler, David and Edward Glaeser, “When Innovation Goes Wrong: Technological Regress and
the Opioid Epidemic,” Journal of Economic Perspectives, 2021, 35, 171–196.

Davis, Corey and Derek Carr, “Legal Changes to Increase Access to Naloxone for Opioid Over-
dose Reversal in the United States,” Drug and Alcohol Dependence, 2015, 157, 112–120.

DeFusco, Anthony A, Huan Tang, and Constantine Yannelis, “Measuring the welfare cost of
asymmetric information in consumer credit markets,” Journal of Financial Economics, 2022, 146
(3), 821–840.

34

Electronic copy available at: https://ssrn.com/abstract=4187377



Dettling, Lisa J and Joanne W Hsu, “Minimum Wages and Consumer Credit: Effects on Access
and Borrowing,” The Review of Financial Studies, 2021, 34 (5), 2549–2579.

Doleac, Jennifer and Anita Mukherjee, “The Moral Hazard of Lifesaving Innovations: Naloxone
Access, Opioid Abuse, and Crime,” Preprint posted online March, 2019, 31.

D’Lima, Walter and Mark Thibodeau, “Health crisis and housing market effects-evidence from
the US opioid epidemic,” The Journal of Real Estate Finance and Economics, 2022, pp. 1–18.

Hadland, Scott, Ariadne Rivera-Aguirre, Brandon Marshall, and Magdalena Cerda, “Associ-
ation of Pharmaceutical Industry Marketing of Opioid Products with Mortality from Opioid-
Related Overdoses,” JAMA Network Open, 2019, 2.
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Figure 1 : Opioid-Related Death Rates Over Time

This line chart depicts the time trend of total opioid-related death rates, illicit opioid-related death rates, and
prescription opioid-related death rates per 10k population. Data sources: CDC/NCHS, National Center for
Health Statistics, Mortality, restrictive version for 2010-2019, and the public version for 2020.
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Figure 2 : Opioid Death Rates by Consumer Demographics

This figure plots overall opioid-related death rates per 10K population by consumer demographics (age
groups, gender, race groups, and education groups) over time. Rates are constructed relative to their re-
spective population. Data sources: CDC/NCHS, National Center for Health Statistics, Mortality, restrictive
version for 2010-2019, and the public version for 2020. The public version doesn’t contain information by
education.

Panel A. Opioid Death Rates by Consumer Race Panel B. Opioid Death Rates by Consumer Age

Panel C. Opioid Death Rates by Consumer Gender Panel D. Opioid Death Rates by Consumer Education
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Figure 3 : Opioid-Related Death Rates across U.S. Counties

This figure presents the geographical distribution of opioid-related death rates (per 10K population) across
U.S. counties for year 2019. Darker red colors represent higher death rates. Data sources: CDC/NCHS,
National Center for Health Statistics, Mortality.

Figure 4 : Instrument ”MKT Doctors/1000Pop” across U.S. Counties

This figure presents the geographical distribution of physicians receiving pharmaceutical industry market-
ing for opioids across U.S. counties over 2013-2019. The figure presents 10 categories that were obtained
based on an equal deciles’ methodology, with darker colors representing higher marketing rates; 1 indicates
that the counties’ marketing rates ranked in the bottom decile of the country, while 10 indicates that the
counties’ marketing rates ranked in the top decile of the nation. Thus, darker colors show higher opioid
marketing intensity. Data sources: Open Payments Database and Hadland, Rivera-Aguirre, Marshall and
Cerda (2019).
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Figure 5 : Validating the Instrument: Relevancy

This figure provides binned scatter plot of opioid-related deaths per 10K population versus pharmaceu-
tical industry opioid drug marketing (doctors receiving marketing payments per 1,000 people, MKT Doc-
tors/1000Pop) after taking out the state and year fixed effect. Data sources: CDC/NCHS, National Center for
Health Statistics, Mortality, CDC/IQVIA Xponent, Hadland, Rivera-Aguirre, Marshall and Cerda (2019),
Open Payments Database, U.S. Drug Enforcement Administration (DEA) and Cornaggia, Hund, Nguyen
and Ye (2021).
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Table 1: Summary Statistics

This table reports in Panel A summary statistics (mean, p50, p25, p75, and number of observations) for the
key variables in our analyses. Variable definitions and data sources are in Appendix Table A1. The sample
is based on the anonymized Mintel Comperemedia Inc. Direct Mail Monitor Data and TransUnion LLC
Match File for analyzing credit card supply to consumers. The data are focused on institutions identified
as ”banks” in the Mintel/TransUnion Match File. All demographic attributes are from the Mintel. Panel
B shows correlations of our instrumental variable (MKT Doctors/1000Pop with county economic and other
characteristics.

Panel A: Mintel/TransUnion Match File Variables

mean p50 std p25 p75 N

Dependent Variables
Rate Spread 17.305 15.760 5.076 12.970 22.770 197,371
Ln(Limit) 6.447 6.217 0.776 6.217 6.909 197,371
Limit ($) 941.145 500.000 1170.751 500.000 1000.000 197,371
Rewards/Promo 0.900 1.000 0.300 1.000 1.000 197,371
Credit Card Offer 0.564 1.000 0.496 0.000 1.000 392,101
Key Independent Variables
Opioid Death Rate 1.212 0.916 1.025 0.526 1.573 197,371
High Opioid Death Rate 0.513 1.000 0.500 0.000 1.000 197,371
Prescription Opioid Death Rate 0.500 0.416 0.393 0.229 0.650 197,371
Illicit Opioid Death Rate 0.864 0.542 0.943 0.258 1.126 197,371
Opioid Prescription Rate 0.721 0.684 0.295 0.505 0.869 197,350
Instrumental Variables
MKT Doctors/1000Pop 0.140 0.120 0.093 0.072 0.188 197,371
MKTPayments/1000Pop 0.542 0.417 0.459 0.201 0.752 197,371
Purdue MKT (Oxycontin Growth ’97-’02) 6.020 5.211 3.510 3.760 7.315 369,169
Consumer Controls
Consumer Credit Score 702.980 699.000 92.653 633.000 782.000 197,371
Credit Score 580 660 0.267 0.000 0.442 0.000 1.000 197,371
Credit Score 660 720 0.209 0.000 0.406 0.000 0.000 197,371
Credit Score 720 800 0.243 0.000 0.429 0.000 0.000 197,371
Credit Score 800plus 0.194 0.000 0.395 0.000 0.000 197,371
Deep Delinq 0.213 0.000 0.410 0.000 0.000 197,371
Recent Delinq 0.085 0.000 0.278 0.000 0.000 197,371
Other Derogatory 0.235 0.000 0.424 0.000 0.000 197,371
Bankruptcy Filer 0.067 0.000 0.251 0.000 0.000 197,371
High Util (≥80%) 0.024 0.000 0.155 0.000 0.000 197,371
Ln(1+ No Credit Inquiries) 0.336 0.000 0.517 0.000 0.693 197,371
Has Prior Cards 0.940 1.000 0.237 1.000 1.000 197,371
Consumer Age 49.779 50.000 15.706 37.000 61.000 197,371
Age 25to44 0.355 0.000 0.479 0.000 1.000 197,371
Age 45to64 0.418 0.000 0.493 0.000 1.000 197,371
Age 65plus 0.186 0.000 0.389 0.000 0.000 197,371
Married 0.310 0.000 0.462 0.000 1.000 197,371
No Kids 0.406 0.000 0.491 0.000 1.000 197,371
White 0.410 0.000 0.492 0.000 1.000 197,371
Miss Race 0.501 1.000 0.500 0.000 1.000 197,371
Educ: Some College 0.105 0.000 0.307 0.000 0.000 197,371
Educ: College 0.122 0.000 0.328 0.000 0.000 197,371
Educ: Post College 0.058 0.000 0.234 0.000 0.000 197,371
Miss Educ 0.317 0.000 0.465 0.000 1.000 197,371
Homeowner 0.753 1.000 0.431 1.000 1.000 197,371
Ln(Consumer Income) 10.958 11.082 0.821 10.532 11.379 197,371
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Table 1: Summary Statistics (cont.)

This table reports in Panel A summary statistics (mean, p50, p25, p75, and number of observations) for the
key variables in our analyses. Variable definitions and data sources are in Appendix Table A1. The sample
is based on the anonymized Mintel Comperemedia Inc. Direct Mail Monitor Data and TransUnion LLC
Match File for analyzing credit card supply to consumers. The data are focused on institutions identified
as ”banks” in the Mintel/TransUnion Match File. All demographic attributes are from the Mintel. Panel
B shows correlations of our instrumental variable (MKT Doctors/1000Pop with county economic and other
characteristics.

Panel A: Mintel/TransUnion Match File Variables (cont.)

mean p50 std p25 p75 N

County Controls

Ln(County Income) 16.922 17.040 1.493 15.871 17.979 197,371
County Unemployment Rate 4.900 4.633 1.580 3.800 5.700 197,371
County Bank HHI 0.174 0.144 0.107 0.114 0.189 197,371
County Population Density 1882.788 688.603 5495.129 255.714 1671.863 197,371
County Race HHI 0.679 0.668 0.197 0.540 0.795 197,371
County % Male 0.491 0.490 0.010 0.485 0.495 197,371
County % Age 25 44 0.263 0.262 0.032 0.242 0.284 197,371
County % Age 45 64 0.265 0.265 0.024 0.249 0.281 197,371
County % Age 65plus 0.144 0.139 0.037 0.121 0.160 197,371
County % High Education (≥ College) 0.601 0.606 0.089 0.543 0.662 197,371
County Inequality: Gini Coefficient 0.457 0.457 0.034 0.434 0.479 197,371

Panel B: Correlations of Instrument with County-Level Conditions

MKT Doctors/1000Pop Correlation Coefficient

County Personal Income -0.018
County per Capita Income -0.001
County HPI Growth -0.038
County Labor Participation Rate -0.023
County Unemployment Rate -0.068
County Average FICO Score 0.025
County Poverty Rate 0.019
County Crime Rate -0.008
County Population Density 0.008
County Population -0.028
County Race HHI -0.023
County % Male -0.122
County Average Age 0.117
County % High Education (≥ College) 0.033
County Inequality: Gini Coefficient 0.122
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Table 2: Effects of the Opioid Crisis on Credit Card Supply to Consumers
This table reports regression estimates from IV 2SLS regressions (equations (3) and (4)) using the ”Mkt Doctors/1000Pop” instrument
for explaining the relationship between opioid crisis intensity (Opioid Death Rate and High Opioid Death Rate), based on data from CDC)
and bank credit card terms: rate spread and credit card limit. Panel A reports the first-stage IV and Panel B reports second-stage IV
estimates from offer-level regressions. All variables are constructed using the anonymized Mintel Comperemedia Inc. Direct Mail
Monitor Data and TransUnion LLC Match File for analyzing credit card mail offers. The data are focused on lenders identified as
”banks” in the Mintel/TransUnion Match File. Demographic attributes are from Mintel. Consumer controls include: credit score
ranges, indicators for past deep delinquency, recent delinquency, past derogatory filings such as foreclosure and collections, past
bankruptcy filings, past high utilization (≥ 80%), number of credit inquiries, past credit cards, consumer age ranges, married, indicator
for no kids, White, education indicators, homeowner, and consumer income. County controls include: county income, unemployment
rate, bank market concentration, population density, percent of males, race concentration, percent of people in various age ranges,
percent of people with higher education, and inequality. All regressions include State × Year-Month, Lender × Year-Month, Lender ×
State, Lender, State, and Year-Month fixed effects. Variables are defined in Appendix Table A1. Standard errors are double-clustered
by Marketing Campaign and Year-Month and t-statistics are reported in parentheses. Significance at the 10%, 5%, and 1% level is
indicated by *, **, and ***, respectively.

Panel A: IV First Stage

Dependent Variables: Opioid Death Rate High Opioid Death Rate
Model: (1) (2)

Mkt Doctors/1000Popc,t−1 1.0349∗∗∗ 0.4511∗∗∗

(21.65) (12.85)

Fit statistics
Observations 197,371 197,371
Adj. R2 0.559 0.421

Fixed effects
State × Year-Month ✓ ✓
Lender × Year-Month ✓ ✓
Lender × State ✓ ✓
Lender, State, Year-Month ✓ ✓

Consumer & County controls ✓ ✓

Panel B: IV Second Stage

Dependent Variables: Rate Spread Ln(Limit) Limit ($) Rate Spread Ln(Limit) Limit ($)
Model: (1) (2) (3) (4) (5) (6)

Opioid Death Ratec,t−1 0.5191∗∗∗ -0.0720∗∗∗ -84.4863∗∗∗

(4.95) (-3.58) (-2.77)
High Opioid Death Ratec,t−1 1.1909∗∗∗ -0.1652∗∗∗ -193.8267∗∗∗

(4.92) (3.58) (-2.77)

Fit statistics
Observations 197,371 197,371 197,371 197,371 197,371 197,371
Adj. R2 0.317 0.157 0.083 0.311 0.154 0.081

IV first-stage statistics
KP rk Wald F-stat (Weak-ID) 1787∗∗∗ 1787∗∗∗ 1787∗∗∗ 1786∗∗∗ 1786∗∗∗ 1786∗∗∗

KP rk LM-stat (Under-ID) 1782∗∗∗ 1782∗∗∗ 1082∗∗∗ 1087∗∗∗ 1087∗∗∗ 1087∗∗∗

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓
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Table 3: Using Prescription and Illicit Opioid Deaths
This table reports regression estimates from IV 2SLS regressions (equations (3) and (4)) using the ”Mkt Doctors/1000Pop” instrument
for explaining the relationship between opioid crisis intensity (Prescription Opioid Death Rate, High Prescription Death Rate and Illicit
Death Rate, High Illicit Opioid Death Rate), based on data from CDC) and bank credit card terms: rate spread and credit card limit. Panel
A reports the first-stage IV and Panel B reports second-stage IV estimates from offer-level regressions. All variables are constructed
using the anonymized Mintel Comperemedia Inc. Direct Mail Monitor Data and TransUnion LLC Match File for analyzing credit card
mail offers. The data are focused on lenders identified as ”banks” in the Mintel/TransUnion Match File. Demographic attributes are
from Mintel. Consumer controls include: credit score ranges, indicators for past deep delinquency, recent delinquency, past derogatory
filings such as foreclosure and collections, past bankruptcy filings, past high utilization (≥ 80%), number of credit inquiries, past
credit cards, consumer age ranges, married, indicator for no kids, White, education indicators, homeowner, and consumer income.
County controls include: county income, unemployment rate, bank market concentration, population density, percent of males, race
concentration, percent of people in various age ranges, percent of people with higher education, and inequality. All regressions include
State × Year-Month, Lender × Year-Month, Lender × State, Lender, State, and Year-Month fixed effects. Variables are defined in Appendix
Table A1. Standard errors are double-clustered by Marketing Campaign and Year-Month and t-statistics are reported in parentheses.
Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

Panel A: IV First Stage

Dependent Variables: Prescription Opioid High Prescription Opioid Illicit Opioid High Illicit Opioid
Death Rate Death Rate Death Rate Death Rate

Model: (1) (2) (3) (4)

Mkt Doctors/1000Popc,t−1 0.6190*** 0.8977*** 0.6316*** 0.2549***
(25.96) (27.88) (14.37) (8.46)

Fit statistics
Observations 197,371 197,371 197,371 197,371
Adj. R2 0.429 0.329 0.615 0.491

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓

Panel B: IV Second Stage

Dependent Variables: Rate Spread Ln(Limit) Rate Spread Ln(Limit) Rate Spread Ln(Limit) Rate Spread Ln(Limit)
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Prescription Opioid Death Ratec,t−1 0.8679*** -0.1204***
(4.96) (-3.59)

High Prescription Opioid Death Ratec,t−1 0.5984*** -0.0830***
(4.96) (-3.59)

Illicit Opioid Death Ratec,t−1 0.8505*** -0.1180***
(4.91) (-3.57)

High Illicit Opioid Death Ratec,t−1 2.1072*** -0.2922***
(4.83) (-3.55)

Fit statistics
Observations 197,371 197,371 197,371 197,371 197,371 197,371 197,371 197,371
Adj. R2 0.321 0.159 0.321 0.160 0.308 0.152 0.285 0.139

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
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Table 4: Using Opioid Prescription Rate
This table reports regression estimates from IV 2SLS regressions (equations (3) and (4)) using the ”Mkt Doctors/1000Pop” instrument
for explaining the relationship between opioid crisis intensity (Opioid Prescription Rate and High Opioid Prescription Rate), based on
data from CDC) and bank credit card terms: rate spread and credit card limit. Panel A reports the first-stage IV and Panel B reports
second-stage IV estimates from offer-level regressions. All variables are constructed using the anonymized Mintel Comperemedia
Inc. Direct Mail Monitor Data and TransUnion LLC Match File for analyzing credit card mail offers. The data are focused on lenders
identified as ”banks” in the Mintel/TransUnion Match File. Demographic attributes are from Mintel. Consumer controls include: credit
score ranges, indicators for past deep delinquency, recent delinquency, past derogatory filings such as foreclosure and collections, past
bankruptcy filings, past high utilization (≥ 80%), number of credit inquiries, past credit cards, consumer age ranges, married, indicator
for no kids, White, education indicators, homeowner, and consumer income. County controls include: county income, unemployment
rate, bank market concentration, population density, percent of males, race concentration, percent of people in various age ranges,
percent of people with higher education, and inequality. All regressions include State × Year-Month, Lender × Year-Month, Lender ×
State, Lender, State, and Year-Month fixed effects. Variables are defined in Appendix Table A1. Standard errors are double-clustered
by Marketing Campaign and Year-Month and t-statistics are reported in parentheses. Significance at the 10%, 5%, and 1% level is
indicated by *, **, and ***, respectively.

Panel A: IV First Stage

Dependent Variables: Opioid Prescription Rate High Opioid Prescription Rate
Model: (1) (2)

Mkt Doctors/1000Popc,t−1 0.9671*** 1.3144***
(55.93) (44.64)

Fit statistics
Observations 197,367 197,367
Adj. R2 0.739 0.538

Fixed effects
State × Year-Month ✓ ✓
Lender × Year-Month ✓ ✓
Lender × State ✓ ✓
Lender, State, Year-Month ✓ ✓

Consumer & County controls ✓ ✓

Panel B: IV Second Stage

Dependent Variables: Rate Spread Ln(Limit) Rate Spread Ln(Limit)
Model: (1) (2) (3) (4)

Opioid Prescription Ratec,t−1 0.5578*** -0.0769***
(4.99) (-3.59)

High Opioid Prescription Ratec,t−1 0.4104*** -0.0565***
(4.99) (-3.58)

Fit statistics
Observations 197,367 197,367 197,367 197,367
Adj. R2 0.325 0.162 0.325 0.162

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓
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Table 5: Using Different Instrumental Variables (IVs)
This table reports regression estimates from IV 2SLS regressions (equations (3) and (4)) using two alternative instrumental variables
(IVs), ”Mkt Payments/1000Pop” and ”High Purdue Mkt” for explaining the relationship between opioid crisis intensity (Opioid Death
Rate and High Opioid Death Rate), based on data from CDC) and bank credit card terms: rate spread and credit card limit. Panel A
reports the IV estimates using ”Mkt Payments/1000Pop” as instrument and Panel B reports IV estimates using ”High Purdue Mkt”
as instrument from offer-level regressions. All variables are constructed using the anonymized Mintel Comperemedia Inc. Direct
Mail Monitor Data and TransUnion LLC Match File for analyzing credit card mail offers. The data are focused on lenders identified
as ”banks” in the Mintel/TransUnion Match File. Demographic attributes are from Mintel. Consumer controls include: credit score
ranges, indicators for past deep delinquency, recent delinquency, past derogatory filings such as foreclosure and collections, past
bankruptcy filings, past high utilization (≥ 80%), number of credit inquiries, past credit cards, consumer age ranges, married, indicator
for no kids, White, education indicators, homeowner, and consumer income. County controls include: county income, unemployment
rate, bank market concentration, population density, percent of males, race concentration, percent of people in various age ranges,
percent of people with higher education, and inequality. All regressions include State × Year-Month, Lender × Year-Month, Lender ×
State, Lender, State, and Year-Month fixed effects. Variables are defined in Appendix Table A1. Standard errors are double-clustered
by Marketing Campaign and Year-Month and t-statistics are reported in parentheses. Significance at the 10%, 5%, and 1% level is
indicated by *, **, and ***, respectively.

Panel A: Using ”Mkt Payments/100Pop” as IV

Dependent Variables: Opioid High Opioid Rate Ln Rate Ln
Death Rate Death Rate Spread (Limit) Spread (Limit)

Model: (1) (2) (3) (4) (5) (6)

Mkt Doctors/1000Popc,t−1 0.3004*** 0.1095***
(24.67) (19.73)

Opioid Death Ratec,t−1 0.2814*** -0.0311**
(4.00) (-2.31)

High Opioid Death Ratec,t−1 0.7723*** -0.0854**
(3.99) (-2.31)

Fit statistics
Observations 197,371 197,371 197,371 197,371 197,371 197,371
Adj. R2 0.564 0.422 0.323 0.162 0.319 0.161

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓

Panel B: Using ”High Purdue Mkt” as IV

Dependent Variables: Opioid High Opioid Rate Ln Rate Ln
Death Rate Death Rate Spread (Limit) Spread (Limit)

Model: (1) (2) (3) (4) (5) (6)

High Purdue Mktc 0.0512*** 0.0079***
(14.81) (3.46)

Opioid Death Ratec,t−1 0.7834*** -0.1224*
(2.89) (-1.95)

High Opioid Death Ratec,t−1 5.0599** -0.7904*
(2.37) (-1.77)

Fit statistics
Observations 369,162 369,162 369,162 369,162 369,162 369,162
Adj. R2 0.544 0.343 0.250 0.097 -0.115 -0.101

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓
Lender, State ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓
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Table 6: Heterogeneous Effects for High Credit Risk and Minority Consumers
This table examines how the effects of opioid crisis intensity on bank credit card terms differ by consumer credit risk and race using
interactions of consumer ”High Credit Risk” (Credit Score <620) with opioid intensity in Panel A and interactions of minority groups
(Black, Hispanic, Other) and opioid intensity in Panel B. We report estimates from IV 2SLS regressions (equations (3) and (4)) using the
”Mkt Doctors/1000Pop” as an instrument for opioid crisis intensity (Opioid Death Rate and High Opioid Death Rate), based on data from
CDC). All variables are constructed using the anonymized Mintel Comperemedia Inc. Direct Mail Monitor Data and TransUnion LLC
Match File for analyzing credit card mail offers. Consumer controls include: credit score ranges, indicators for past deep delinquency,
recent delinquency, past derogatory filings such as foreclosure and collections, past bankruptcy filings, past high utilization (≥ 80%),
number of credit inquiries, past credit cards, consumer age ranges, married, indicator for no kids, White, education indicators, home-
owner, and consumer income. County controls include: county income, unemployment rate, bank market concentration, population
density, percent of males, race concentration, percent of people in various age ranges, percent of people with higher education, and
inequality. Variables are defined in Appendix Table A1. Standard errors are clustered by Marketing Campaign and Year-Month and
t-statistics are reported in parentheses. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

Panel A: High Credit Risk (Credit Score <620)

Dependent Variables: Rate Spread Ln(Limit) Limit ($) Rate Spread Ln(Limit) Limit ($)
Model: (1) (2) (3) (4) (5) (6)

Opioid Death Ratec,t−1 x High Credit Riski,c,t−1 0.1320*** -0.0150*** -9.2690**
(9.38) (-5.87) (-2.42)

High Opioid Death Ratec,t−1 x High Credit Riski,c,t−1 2.9878*** -0.3405*** -212.6968**
(9.45) (-5.96) (-2.49)

Opioid Death Ratec,t−1 0.2567** -0.0374* -64.5647*
(2.11) (-1.69) (-1.94)

High Opioid Death Ratec,t−1 0.6788** -0.0958* -153.6938**
(2.46) (-1.92) (-2.06)

High Credit Riski,c,t−1 0.3853** -0.0463 -121.2126** 0.4633*** -0.0550* -125.8480***
(2.22) (-1.46) (-2.56) (2.80) (-1.84) (-2.81)

Fit statistics
Observations 197,371 197,371 197,371 197,371 197,371 197,371
Adj. R2 0.208 0.118 0.063 0.196 0.115 0.108

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓

Panel B: Black, Hispanic, Other Minority Consumers
Dependent Variables: Rate Spread Ln(Limit) Limit ($) Rate Spread Ln(Limit) Limit ($)
Model: (1) (2) (3) (4) (5) (6)

Opioid Death Ratec,t−1 x Blacki,c,t 0.0657*** -0.0126*** -14.7536**
(2.81) (-2.81) (-2.17)

Opioid Death Ratec,t−1 x Hispanici,c,t -0.0259 -0.0053 -6.9868
(-1.32) (-1.40) (-1.22)

Opioid Death Ratec,t−1 x Otheri,c,t -0.0124 0.0074 13.9453
(-0.36) (1.11) (1.38)

High Opioid Death Ratec,t−1 x Blacki,c,t 1.6060*** -0.2992*** -350.4262**
(3.08) (-3.01) (-2.32)

High Opioid Death Ratec,t−1 x Hispanici,c,t -0.5629 -0.0961 -127.482
(-1.45) (-1.29) (-1.13)

High Opioid Death Ratec,t−1 x Otheri,c,t -0.1696 0.1553 302.4677
(-0.21) (1.01) (1.3)

Opioid Death Ratec,t−1 0.4823*** -0.0616*** -73.6077**
(4.30) (-2.87) (-2.26)

High Opioid Death Ratec,t−1 1.0878*** -0.1411*** -169.3513**
(4.25) (-2.89) (-2.29)

Blacki,c,t -0.5181* 0.1201** 145.4275* -0.5337** 0.1189** 143.5116*
(-1.81) (2.19) (1.75) (-2.01) (2.35) (1.87)

Hispanici,c,t 0.4932*** -0.0009 5.3688 0.4526*** -0.0109 -7.9967
(2.75) (-0.03) (0.10) (3.07) (-0.39) (-0.19)

Otheri,c,t 0.288 -0.0702 -112.593 0.2283 -0.056 -90.9313
(0.87) (-1.11) (-1.18) (0.77) (-0.99) (-1.06)

Fit statistics
Observations 197,371 197,371 197,371 197,371 197,371 197,371
Adj. R2 0.316 0.156 0.082 0.311 0.153 0.079

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓47
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Table 7: Additional Analyses: Credit Card Rewards and Likelihood of Credit Card Offer
This table reports regression estimates from IV 2SLS regressions (equations (3) and (4)) using the ”Mkt Doctors/1000Pop” instrument
for explaining the relationship between opioid crisis intensity (Opioid Death Rate and High Opioid Death Rate), based on data from CDC)
and two additional bank credit card elements: rewards/promotions and likelihood of a credit card offer. Panel A reports second-
stage IV estimates for credit card rewards/promotions from offer-level data, while Panel B reports estimates for the likelihood credit
card offer using an extended sample covering all mailings of consumers with and without credit card offers in each month. All
variables are constructed using the anonymized Mintel Comperemedia Inc. Direct Mail Monitor Data and TransUnion LLC Match
File for analyzing credit card mail offers. The data are focused on lenders identified as ”banks” in the Mintel/TransUnion Match File.
Demographic attributes are from Mintel. Consumer controls include: credit score ranges, indicators for past deep delinquency, recent
delinquency, past derogatory filings such as foreclosure and collections, past bankruptcy filings, past high utilization (≥ 80%), number
of credit inquiries, past credit cards, consumer age ranges, married, indicator for no kids, White, education indicators, homeowner,
and consumer income. County controls include: county income, unemployment rate, bank market concentration, population density,
percent of males, race concentration, percent of people in various age ranges, percent of people with higher education, and inequality.
All regressions in Panel A include State × Year-Month, Lender × Year-Month, Lender × State, Lender, State, and Year-Month fixed effects.
Panel B Panel A includes State × Year-Month, State, and Year-Month fixed effects. Variables are defined in Appendix Table A1. Standard
errors are double-clustered by Marketing Campaign (State) and Year-Month in Panels A(B) and t-statistics are reported in parentheses.
Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

Panel A: IV 2LS for Credit Card Rewards/Promotions

Dependent Variables: Opioid High Opioid Rewards/ Rewards/
Death Rate Death Rate Promotions Promotions

Model: (1) (2) (3) (4)

Mkt Doctors/1000Popc,t−1 1.0349*** 0.4511***
(21.65) (12.85)

Opioid Death Ratec,t−1 -0.0173**
(-2.38)

High Opioid Death Ratec,t−1 -0.0396**
(-2.37)

Fit statistics
Observations 197,371 197,371 197,371 197,371
Adj. R2 0.559 0.421 0.057 0.055

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓

Panel B: IV 2SLS for Likelihood of Credit Card Offer

Dependent Variables: Opioid High Opioid Credit Credit
Death Rate Death Rate Card Offer Card Offer

Model: (1) (2) (3) (4)

Mkt Doctors/1000Popc,t−1 11.1551*** 0.5140**
(3.01) (2.42)

Opioid Death Ratec,t−1 -0.0046***
(4.70)

High Opioid Death Ratec,t−1 -0.1005***
(-4.70)

Fit statistics
Observations 392,101 392,101 392,101 392,101
Adj. R2 0.547 0.403 0.115 0.112

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓
State, Year-Month ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓
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Table 8: Opioid Supply and Opioid Demand Laws
This table examines the impact of state opioid laws on opioid prescription and deaths in Panel A (using a county-year level sample),
and on consumer credit supply in Panel B (using our main offer-level sample). We cover 3 opioid-supply oriented laws (Opioid Lim-
iting Law, PDMP Law, Triplicate Prescription Law) and 3 demand/user oriented laws(Naloxone Law, Good Samaritan Law, Medical
Marijuana Permitting Law). All laws are time variant during our sample period except for ”Triplicate Prescription Law” and ”Medical
Marijuana Permitting Law.” Panel B reports estimates from IV 2SLS regressions (equations (3) and (4)) using ”Mkt Doctors/1000Pop”
as an instrument for opioid crisis intensity (Opioid Death Rate and High Opioid Death Rate)). Variables used in Panel B are constructed
using the anonymized Mintel Comperemedia Inc. Direct Mail Monitor Data and TransUnion LLC Match File for analyzing credit card
mail offers. The data are restricted to lenders identified as ”banks.” Consumer controls include credit score ranges, indicators for past
deep delinquency, recent delinquency, past derogatory filings such as foreclosure and collections, past bankruptcy filings, past high
utilization (≥ 80%), number of credit inquiries, past credit cards, consumer age ranges, married, indicator for no kids, White, education
indicators, homeowner, and consumer income. County controls include county income, unemployment rate, bank market concentra-
tion, population density, percent of males, race concentration, percent of people in various age ranges, percent of people with higher
education, and inequality. Standard errors are clustered by Marketing Campaign and Year-Month; and t-statistics are in parentheses.
Variables are defined in Appendix Table A1. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

Panel A: Effects of ”Opioid Supply and Opioid Demand Laws” on Opioid Prescriptions and Deaths

Dependent Variables: Opioid Opioid Opioid Opioid Opioid Opioid Opioid Opioid
Prescription Death Prescription Illicit Prescription Death Prescription Illicit

Rate Rate Death Rate Death Rate Rate Rate Death Rate Death Rate
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Opioid Supply Laws:
Opioid Limiting Laws x Posts,t -0.0297*** 0.2317*** -0.0400*** 0.2941***

[-5.10] [10.78] [-2.84] [16.39]
Opioid PDMP Laws x Posts,t -0.0757*** 0.1754*** -0.0785*** 0.3011***

[-17.04] [7.73] [-4.54] [18.49]
Triplicate Prescription Laws -0.1215*** -0.3287*** -0.2054*** -0.1699***

[-19.85] [-25.37] [-23.46] [-17.62]
Opioid Demand Laws:
Nalaxone Laws x Posts,t 0.001 0.017 0.0213 [0.007]

[0.27] [0.95] [1.59] [-0.56]
Samaritean Laws x Posts,t -0.0128*** 0.0360** 0.0026 0.0334***

[-3.64] [2.12] [0.21] [2.66]
Medical Marijuana Permitting Laws -0.0701*** 0.0554*** -0.0450*** 0.1106***

[-13.81] [4.23] [-5.21] [11.16]

Fit statistics
Observations 27,955 30,563 30,563 30,563 28,052 30,565 30,565 30,565
Adj. R2 0.866 0.488 0.394 0.474 0.295 0.136 0.063 0.193

Fixed effects
County, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

County controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel B: Effects of Opioid Laws on Credit Card Terms
Panel B1: Time-Variant ”Opioid Supply and Opioid User Laws”

Dependent Variables: Rate Spread Ln(Limit) Rate Spread Ln(Limit)
Model: (1) (2) (3) (4)

Opioid Supply Laws:
Opioid Limiting Laws x Posts,t -0.2280*** 0.0198* -0.1073*** 0.0046

(-4.16) (1.89) (-3.28) (0.74)
Opioid PDMP Laws x Posts,t -0.2263*** 0.0379*** -0.1661*** 0.0304***

(-3.90) (3.42) (-3.42) (3.29)
Opioid Demand Laws:
Nalaxone Laws x Posts,t 0.0772** 0.0084 -0.0192 0.0204***

(2.47) (1.40) (-0.49) (2.76)
Samaritean Laws x Posts,t 0.0538* -0.0108* 0.0938*** -0.0158**

(1.67) (-1.74) (2.66) (-2.35)

Opioid Crisis Variables:
Opioid Death Ratec,t−1 0.4783*** -0.0599***

(3.99) (-2.62)
High Opioid Death Ratec,t−1 1.0462*** -0.1310***

(3.98) (-2.62)

Fit statistics
Observations 197,448 197,448 197,448 197,448
Adj. R2 0.322 0.161 0.318 0.160

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓
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Table 8: Opioid Supply and Opioid User Laws (cont.)
This table conducts a horse race to examine the impact of 6 different opioid state laws in the US on opioid prescription and deaths
in Panel A (using a county-year level sample), and on consumer credit supply in Panel B (using our main offer-level sample). We
cover 3 opioid-supply oriented laws (Opioid Limiting Law, PDMP Law, Triplicate Prescription Law) and 3 demand/user oriented
laws(Naloxone Law, Good Samaritan Law, Medical Marijuana Permitting Law). All laws are time variant, except for ”Triplicate Pre-
scription Law” and ”Medical Marijuana Permitting Law”, which are time-invariant over our sample period. Panel B reports regression
estimates from IV 2SLS regressions (equations (3) and (4)) using the ”Mkt Doctors/1000Pop” as an instrument for opioid crisis in-
tensity (Opioid Death Rate and High Opioid Death Rate), based on data from CDC). All variables used in Panel B are constructed using
the anonymized Mintel Comperemedia Inc. Direct Mail Monitor Data and TransUnion LLC Match File for analyzing credit card mail
offers. The data are focused on lenders identified as ”banks” in the Mintel/TransUnion Match File. Demographic attributes are from
Mintel. Consumer controls include: credit score ranges, indicators for past deep delinquency, recent delinquency, past derogatory
filings such as foreclosure and collections, past bankruptcy filings, past high utilization (≥ 80%), number of credit inquiries, past
credit cards, consumer age ranges, married, indicator for no kids, White, education indicators, homeowner, and consumer income.
County controls include: county income, unemployment rate, bank market concentration, population density, percent of males, race
concentration, percent of people in various age ranges, percent of people with higher education, and inequality. In Panel A using a
county-year sample, regressions include County, State, and Year fixed effects in columns 1-4 and Year fixed effects in columns 5-8. In
Panel B, using our offer-level sample, all regressions include State × Year-Month, Lender × Year-Month, Lender × State, Lender, State, and
Year-Month fixed effects. Standard errors are double-clustered by Marketing Campaign and Year-Month and t-statistics are reported
in parentheses. Variables are defined in Appendix Table A1. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***,
respectively.

Panel B2: Opioid Supply Law: ”Triplicate Prescription Law” (Time-Invariant)
Triplicate Prescription Law?

Yes No Yes No

Dependent Variables: Rate Spread Ln(Limit) Rate Spread Ln(Limit) Rate Spread Ln(Limit) Rate Spread Ln(Limit)
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Opioid Death Ratec,t−1 0.2384 -0.0611** 0.6990*** -0.0814***
(1.56) (-2.05) (4.48) (-2.76)

High Opioid Death Ratec,t−1 0.4216 -0.1080** 1.9144*** -0.2229***
(1.56) (-2.05) (4.41) (-2.74)

Fit statistics
Observations 58,762 58,762 138,352 138,352 58,762 58,762 138,352 138,352
Adj. R2 0.321 0.161 0.308 0.155 0.320 0.160 0.286 0.146

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel B3: Opioid Demand Law: ”Medical Marijuana Permitting Law” (Time-Invariant)
Medical Marijuana Permitting Law?

Yes No Yes No

Dependent Variables: Rate Spread Ln(Limit) Rate Spread Ln(Limit) Rate Spread Ln(Limit) Rate Spread Ln(Limit)
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Opioid Death Ratec,t−1 0.4240*** -0.0707*** 0.3554 -0.0242
(4.77) (-4.14) (0.76) (-0.27)

High Opioid Death Ratec,t−1 1.1621*** -0.1937*** 0.5663 -0.0385
(4.74) (-4.13) (0.76) (-0.27)

Fit statistics
Observations 133,304 133,304 63,829 63,829 133,304 133,304 63,829 63,829
Adj. R2 0.311 0.153 0.347 0.176 0.302 0.147 0.347 0.176

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
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Table 9: Possible Underlying Mechanisms using Additional Datasets
This table reports regression estimates from IV 2SLS regressions (equations (3) and (4)) using the ”Mkt Doctors/1000Pop” instrument
for explaining the relationship between opioid crisis intensity and consumer credit card behavior and/or quality in Panel A and bank
credit card and unsecured consumer portfolio quality in Panel B. Opioid crisis intensity is measured as Opioid Death Rate and High
Opioid Death Rate, based on data from CDC. Consumer credit card behavior and/or quality is measured several ways as: Ln(Avg
Days Past Due), Avg Loan Probability of Default (PD), Ln(Avg Payment), and Avg Updated Consumer Credit Score). Bank credit
card portfolio quality is measured as the nonperforming loans ratios of NPL Credit Cards and NPL Unsecured Consumer Credit. The
analysis in Panel A uses aggregated bank-county-year-month data from the supervisory FR Y-14M credit card dataset based on a 0.1%
random sample for existing consumer accounts (loan age ≥ 12 months). Analysis in Panel B uses public bank-quarter data from the
FFIEC Call Reports. County controls include: county income, unemployment rate, bank market concentration, population density,
percent of males, race concentration, percent of people in various age ranges, percent of people with higher education, and inequality.
All regressions include State × Year-Month, Lender × Year-Month, Lender × State, Lender, State, and Year-Month fixed effects. Variables
are defined in Appendix Table A1. Standard errors are double-clustered by County and Year-Month and t-statistics are reported in
parentheses. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

Panel A: IV 2SLS Effects: Effects on Credit Card Consumer Credit Behavior and/or Quality

Dependent Variables: Opioid High Opioid Ln(Avg Days Avg Prob Ln(Avg Avg Credit Ln(Avg Days Avg Prob Ln(Avg Avg Credit
Death Rate Death Rate Past Due) Default (PD) Payment) Score Past Due) Default (PD) Payment) Score

Model: (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Mkt Doctors/1000Popc,t−1 0.5578*** 0.0904***
(61.99) (22.65)

Opioid Death Ratec,t−1 0.0860*** 0.0020*** -0.1391*** -2.6294***
(8.10) (2.61) (-9.46) (-4.03)

High Opioid Death Ratec,t−1 0.5305*** 0.0124*** -0.8584*** -16.2190***
(7.69) (2.59) (-8.82) (-3.97)

Fit statistics
Observations 1,009,322 1,009,322 1,009,313 694,562 1,009,138 1,009,322 1,009,313 694,562 1,009,138 1,009,322
Adj. R2 0.050 0.050 0.088 0.002 0.090 0.017 0.002 0.001 0.072 0.009

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

County controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel B: IV 2SLS Effects on Bank Credit Card Portfolio Quality

Dependent Variables: NPL NPL Unsecured NPL NPL Unsecured
Credit Cards Consumer Credit Credit Cards Consumer Credit

Model: (1) (2) (3) (4)

Opioid Death Rateb,t−1 1.3449** 1.5780**
(2.20) (2.35)

High Opioid Death Rateb,t−1 1.2325*** 1.7757***
(3.71) (4.07)

Fit statistics
Observations 16,866 16,866 16,866 16,866
Adj. R2 0.750 0.750 0.708 0.709

Fixed effects
Lender, Year-Quarter ✓ ✓ ✓ ✓

Lender & County controls ✓ ✓ ✓ ✓
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Table 10: Possible Macro Real Effects of The Opioid Crisis - Consumer Spending
This table reports regression estimates from IV 2SLS regressions (equations (3) and (4)) using the ”Mkt Doctors/1000Pop” instrument
for explaining the relationship between opioid crisis intensity and consumer credit card terms to consumers in Panel A, and consumer
credit card spending in Panel B. Opioid crisis intensity is measured as Opioid Death Rate and High Opioid Death Rate, based on data
from CDC. Credit terms are measured several ways as: Avg Cycle APR, Ln(Avg Limit), and Pct Rewards (percent of accounts with
rewards). Consumer spending is measured as Total Purchase/Pop, Total Purchase/Limit, or Ln(Avg Purchase). All analyses in this
table use aggregated bank-county-year-month data from the supervisory FR Y-14M credit card dataset based on a 0.1% random sample
for existing consumer accounts (loan age ≥ 12 months). Analysis in Panel B uses public bank-quarter data from the FFIEC Call Reports.
County controls include: county income, unemployment rate, bank market concentration, population density, percent of males, race
concentration, percent of people in various age ranges, percent of people with higher education, and inequality. All regressions include
State × Year-Month, Lender × Year-Month, Lender × State, Lender, State, and Year-Month fixed effects. Variables are defined in Appendix
Table A1. Standard errors are double-clustered by County and Year-Month in Panel A and clustered by Lender in Panel B, and t-
statistics are reported in parentheses. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

Panel A: IV 2SLS Effects: Reconfirm Results for Credit Card Terms

Dependent Variables: Avg Cycle Ln(Avg Pct Cards w/ Avg Cycle Ln(Avg Pct Cards w/
APR Limit) Rewards APR Limit) Rewards

Model: (1) (2) (3) (4) (5) (6)

Opioid Death Ratec,t−1 0.3433*** -0.0158* -0.0178***
(5.30) (-1.89) (-4.12)

High Opioid Death Ratec,t−1 2.1138*** -0.0973* -0.1099***
(5.17) (-1.88) (-4.06)

Fit statistics
Observations 1,008,285 1,009,322 1,009,322 1,008,285 1,009,322 1,009,322
Adj. R2 0.001 0.055 0.002 0.001 0.048 0.001

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓

County controls ✓ ✓ ✓ ✓ ✓ ✓

Panel B: IV 2SLS Effects on Consumer Spending

Dependent Variables: Total Total Ln Total Total Ln
Purchase Purchase (Avg Purchase Purchase (Avg

/Pop /Limit Purchase) /Pop /Limit Purchase)
Model: (1) (2) (3) (4) (5) (6)

Opioid Death Ratec,t−1 -0.0070*** -0.0149*** -0.0920**
(-6.90) (-6.14) (-2.40)

High Opioid Death Ratec,t−1 -0.0431*** -0.0922*** -0.5705**
(-6.65) (-5.95) (-2.39)

Fit statistics
Observations 1,008,631 1,008,631 1,004,460 1,008,631 1,008,631 1,004,460
Adj. R2 0.021 0.001 0.151 0.010 0.001 0.142

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓

County controls ✓ ✓ ✓ ✓ ✓ ✓
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Internet Appendix: Supplementary Materials and Analyses

Table A1: Variable Definitions and Sources

This table provides definitions and data sources for the variables used in the analysis. Panel A shows variables used in all analyses,
including opioid intensity measures from the Centers for Disease Control and Prevention (briefly noted in tables and below as CDC),
instrumental variables from several sources, and county characteristics from several sources noted below. Panel B shows additional
variables from the anonymized FBRNY Consumer Credit Panel/Equifax dataset (FRBNY CCP). Panel C shows additional variables
from the anonymized Mintel Comperemedia Inc. Direct Mail Monitor Data and TransUnion LLC Match File (briefly noted in tables
and below as Mintel/TransUnion Match File). Consumer demographic attributes are from the Mintel/TransUnion Match File. Panel
D shows additional variables from the public bank FFIEC Call Reports data and FDIC Summary of Deposits (SoD). Panel E provides
summary statistics for the Call Reports analysis.

Variable Definition Source

Key Independent Variables

Opioid Death Rate Opioid deaths per 10K SEER population in the county, lagged one
year. Bank-level analysis uses a weighted measure using the
fraction of bank branches in the county as a weight.

CDC/NCHS, National Center for Health Statistics

High Opioid Death Rate Indicator for high total opioid death rate in the county in the top
50th percentile lagged 1 year. Bank-level analysis uses a weighted
measure using the fraction of bank branches in the county as a
weight.

CDC/NCHS, National Center for Health Statistics

Prescription Opioid Death Rate Opioid deaths due to prescription opioids per 10K SEER popula-
tion in the county, lagged 1 year.

CDC/NCHS, National Center for Health Statistics

Illicit Opioid Death Rate Opioid deaths due to illicit opioids per 10K SEER population in the
county, lagged 1 year.

CDC/NCHS, National Center for Health Statistics

Opioid Prescription Rate Opioid prescriptions per capita in the county, lagged one year.
Bank-level analysis uses a weighted measure using the fraction of
bank branches in the county as a weight.

CDC/IQVIA Xponent

High Opioid Prescription Rate Indicator for high prescription opioid death rate in the county in
the top 50th percentile lagged 1 year. Bank-level analysis uses
a weighted measure using the fraction of bank branches in the
county as a weight.

CDC/IQVIA Xponent

Instrumental Variables

MKT Doctors/1000Pop Number of doctors in the county who received marketing pay-
ments from pharmaceutical companies to prescribe opioids per
1,000 county population each year. Bank-level analysis uses a
weighted measure using the fraction of bank branches in the
county as a weight.

Hadland et al. (2019), Open Payments Database

High Purdue MKT (OxyContinGrowth ’97-’02) Indicator for counties in the upper 50th percentile of the distri-
bution of the percentage change in the quantity of OxyContin
distributed by Purdue Pharma between 1997 and 2002. Bank-
level analysis uses a weighted measure using the fraction of bank
branches in the county as a weight.

DEA, Cornaggia et al. (2021)

Purdue MKT (OxyContin Growth ’97-’02) Percentage change in the quantity of OxyContin distributed by
Purdue Pharma in the county between 1997 and 2002. Bank-
level analysis uses a weighted measure using the fraction of bank
branches in the county as a weight.

DEA, Cornaggia et al. (2021)

County Characteristics

Ln(County Income) Natural log of county income, lagged 1 year. Bureau of Economic Analysis
County Unemployment Rate County unemployment rate lagged 1 quarter. Haver Analytics/BLS
County Bank HHI Bank HHI of deposits at the county level. FDIC Summary of Deposits (SoD)
County Population Density County population density. U.S. Census Bureau
County Race HHI County HHI for population races. U.S. Census American Community Surveys
County % Male County percent of male population. U.S. Census American Community Surveys
County % Age 25 44 County percent population ages 25-44. U.S. Census American Community Surveys
County % Age 45 64 County percent population ages 45-64. U.S. Census American Community Surveys
County % Age 65plus County percent population ages 65 and above. U.S. Census American Community Surveys
County % High Education (≥ College) County percent of population with higher education. U.S. Census American Community Surveys
County Inequality: Gini Coefficient County inequality proxied by the Gini Coefficient. U.S. Census American Community Surveys
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Table A1: Variable Definitions and Sources (cont.)

Variable Definition Source

Key Dependent Variables

Rate Spread The APR Spread over the one-month Treasury bonds. Mintel/TransUnion Match File
Ln(Limit) Natural log of credit card limit in the offer. Mintel/TransUnion Match File
Limit ($) Credit card limit in the offer in dollars. Mintel/TransUnion Match File
Card Offer Dummy for a credit card offer, and zero otherwise. Mintel/TransUnion Match File
Consumer Characteristics

Consumer Credit Score Credit score, as of 2-3 months prior to the offer. Mintel/TransUnion Match File
Credit Score Less580 Credit score range: less than 580 or 300-580, as of 2-3 months prior

to the offer.
Mintel/TransUnion Match File

Credit Score 580 660 Credit score range: 580-660, as of 2-3 months prior to the offer. Mintel/TransUnion Match File
Credit Score 660 720 Credit score range: 660-720, as of 2-3 months prior to the offer. Mintel/TransUnion Match File
Credit Score 720 800 Credit score range: 720-800, as of 2-3 months prior to the offer. Mintel/TransUnion Match File
Credit Score 800plus Credit score range: greater or equal to 800. Mintel/TransUnion Match File
Deep Delinq Indicator for consumers with past deep delinquency 90 days past

due or more on their loans, as of 2-3 months prior to the offer.
Mintel/TransUnion Match File

Recent Delinq Indicator for consumers with recent delinquency 90 days past due
or more on their loans, as of 2-3 months prior to the offer.

Mintel/TransUnion Match File

Other Derogatory Indicator for consumers with past derogatory filings such as fore-
closure, collections etc., as of 2-3 months prior to the offer.

Mintel/TransUnion Match File

Bankruptcy Filer Indicator for consumers with past bankruptcy filings, as of 2-3
months prior to the offer.

Mintel/TransUnion Match File

High Util (≥80%) Indicator for consumers with high credit card utilization in the past
(80% or more), as of 2-3 months prior to the offer.

Mintel/TransUnion Match File

Ln(1+ No Credit Inquiries) Natural log of one plus number of credit inquiries by the consumer,
as of 2-3 months prior to the offer.

Mintel/TransUnion Match File

Has Prior Cards Indicator for consumers who have prior credit cards, as of 2-3
months prior to the offer.

Mintel/TransUnion Match File

Consumer Age Consumer age. Mintel/TransUnion Match File
Age Less25 Consume age below 25. Mintel/TransUnion Match File
Age 25to44 Consumer age range 25 to 44. Mintel/TransUnion Match File
Age 45to64 Consumer age range 45 to 64. Mintel/TransUnion Match File
Age 65plus Consumer age 65 and above. Mintel/TransUnion Match File
Married Indicator for married consumers, as of 2-3 months prior to the of-

fer.
Mintel/TransUnion Match File

No Kids Indicator if the consumer has no kids, as of 2-3 months prior to the
offer.

Mintel/TransUnion Match File

White Indicator for White or non-minority consumers. Mintel/TransUnion Match File
Miss Race Indicator for missing/unreported race. Mintel/TransUnion Match File
Educ: Some College Indicator for education: some college. Mintel/TransUnion Match File
Educ: College Indicator for education: college. Mintel/TransUnion Match File
Educ: Post College Indicator for education: post-college. Mintel/TransUnion Match File
Miss Educ Indicator for missing/unreported education. Mintel/TransUnion Match File
Homeowner Indicator for homeowners, as of 2-3 months prior to the offer. Mintel/TransUnion Match File
Ln(Consumer Income) Natural log of consumer annual income, as of 2-3 months prior to

the offer.
Mintel/TransUnion Match File
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Table A2: More Identification: Propensity Score Matching (PSM) & Contiguous Counties
This table reports estimates from both univariate results and IV 2SLS regression results (equations (3) and (4)) using the ”Mkt Doc-
tors/1000Pop” instrument for explaining the relationship between opioid crisis intensity (Opioid Death Rate and High Opioid Death
Rate), based on data from CDC) and bank credit card terms: rate spread and credit card limit. Panel A reports univariate evidence
and Panels B and C report second-stage IV regression estimates from PSM analyses, where counties with a high opipid death rate (top
25%) are matched using several techniques (1:1 matching without replacement, 1:1 matching with replacement, nearest neighbor (n=2),
nearest neighbor (n=3), and nearest neighbor (n=5)) to counties with a low opioid death rate, based on similar characteristics, includ-
ing the instrument ”Mkt Doctors/1000Pop”. Finally, Panel D reports IV regression estimates when using contiguous counties only to
the counties with a high opipid death rate (top 25%). All variables are constructed using the anonymized Mintel Comperemedia Inc.
Direct Mail Monitor Data and TransUnion LLC Match File for analyzing credit card mail offers. The data are focused on lenders iden-
tified as ”banks” in the Mintel/TransUnion Match File. Demographic attributes are from Mintel. Consumer controls include: credit
score ranges, indicators for past deep delinquency, recent delinquency, past derogatory filings such as foreclosure and collections, past
bankruptcy filings, past high utilization (≥ 80%), number of credit inquiries, past credit cards, consumer age ranges, married, indicator
for no kids, White, education indicators, homeowner, and consumer income. County controls include: county income, unemployment
rate, bank market concentration, population density, percent of males, race concentration, percent of people in various age ranges,
percent of people with higher education, and inequality. All regressions include State × Year-Month, Lender × Year-Month, Lender × State,
Lender, State, and Year-Month fixed effects. Variables are defined in Appendix Table A1. Standard errors are double-clustered by Mar-
keting Campaign and Year-Month and t-statistics are reported in parentheses. Significance at the 10%, 5%, and 1% level is indicated by
*, **, and ***, respectively.

Panel A: Univariate Evidence using Different PSM Methods

(1) (2) (3) (4) (5) (6) (7) (8)
Dependent Variable Rate Spread Ln(Limit)

PSM Estimation (common support) Treated Control Difference t-stat Treated Control Difference t-stat

1:1 Matching without replacement 17.46 17.24 0.22 7.11*** 6.425 6.44 -0.015 -3.18***

1:1 Matching with replacement 17.46 16.98 0.48 4.16*** 6.425 6.53 -0.105 -5.85***

Nearest neighbor (n=2) 17.46 17.2 0.26 3.01*** 6.425 6.48 -0.055 -4.18***

Nearest neighbor (n=3) 17.46 17.25 0.21 2.88*** 6.425 6.469 -0.044 -3.88***

Nearest neighbor (n=5) 17.46 17.23 0.23 3.76*** 6.425 6.459 -0.034 -3.56***

Panel B: IV 2SLS with PSM Sample (1:1 Matching without replacement)

Dependent Variables: Opioid High Opioid Rate Ln Rate Ln
Death Rate Death Rate Spread (Limit) Spread (Limit)

Model: (1) (2) (3) (4) (5) (6)

Mkt Doctors/1000Popc,t−1 0.5168*** 0.2672***
(6.83) (6.93)

Opioid Death Ratec,t−1 1.0998*** -0.2700***
(3.84) (-4.80)

High Opioid Death Ratec,t−1 2.1276*** -0.5222***
(3.86) (-4.84)

Fit statistics
Observations 100,576 100,576 100,576 100,576 100,576 100,576
Adj. R2 0.471 0.298 0.263 0.027 0.271 0.046

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓
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Table A2: Propensity Score Matching (PSM) & Contiguous Counties (cont.)
This table reports estimates from both univariate results and IV 2SLS regression results (equations (3) and (4)) using the ”Mkt Doc-
tors/1000Pop” instrument for explaining the relationship between opioid crisis intensity (Opioid Death Rate and High Opioid Death
Rate), based on data from CDC) and bank credit card terms: rate spread and credit card limit. Panel A reports univariate evidence
and Panels B and C report second-stage IV regression estimates from PSM analyses, where counties with a high opipid death rate (top
25%) are matched using several techniques (1:1 matching without replacement, 1:1 matching with replacement, nearest neighbor (n=2),
nearest neighbor (n=3), and nearest neighbor (n=5)) to counties with a low opioid death rate, based on similar characteristics, includ-
ing the instrument ”Mkt Doctors/1000Pop”. Finally, Panel D reports IV regression estimates when using contiguous counties only to
the counties with a high opipid death rate (top 25%). All variables are constructed using the anonymized Mintel Comperemedia Inc.
Direct Mail Monitor Data and TransUnion LLC Match File for analyzing credit card mail offers. The data are focused on lenders iden-
tified as ”banks” in the Mintel/TransUnion Match File. Demographic attributes are from Mintel. Consumer controls include: credit
score ranges, indicators for past deep delinquency, recent delinquency, past derogatory filings such as foreclosure and collections, past
bankruptcy filings, past high utilization (≥ 80%), number of credit inquiries, past credit cards, consumer age ranges, married, indicator
for no kids, White, education indicators, homeowner, and consumer income. County controls include: county income, unemployment
rate, bank market concentration, population density, percent of males, race concentration, percent of people in various age ranges,
percent of people with higher education, and inequality. All regressions include State × Year-Month, Lender × Year-Month, Lender × State,
Lender, State, and Year-Month fixed effects. Variables are defined in Appendix Table A1. Standard errors are double-clustered by Mar-
keting Campaign and Year-Month and t-statistics are reported in parentheses. Significance at the 10%, 5%, and 1% level is indicated by
*, **, and ***, respectively.

Panel C: IV 2SLS with PSM Sample (1:1 Matching with replacement)

Dependent Variables: Opioid High Opioid Rate Ln Rate Ln
Death Rate Death Rate Spread (Limit) Spread (Limit)

Model: (1) (2) (3) (4) (5) (6)

Mkt Doctors/1000Popc,t−1 0.4591*** 0.1398**
(3.19) (2.31)

Opioid Death Ratec,t−1 2.5353*** -0.1241**
(7.48) (-2.36)

High Opioid Death Ratec,t−1 8.3256*** -0.4074**
(6.16) (-2.31)

Fit statistics
Observations 101,145 101,145 101,145 101,145 101,145 101,145
Adj. R2 0.531 0.449 0.001 0.170 0.474 0.136

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓

Panel D: IV 2SLS using Contiguous Counties Only

Dependent Variables: Opioid High Opioid Rate Ln Rate Ln
Death Rate Death Rate Spread (Limit) Spread (Limit)

Model: (1) (2) (3) (4) (5) (6)

Mkt Doctors/1000Popc,t−1 0.9774*** 0.3058***
(7.44) (7.42)

Opioid Death Ratec,t−1 1.0145*** -0.1402***
(4.76) (-3.48)

High Opioid Death Ratec,t−1 3.2420*** -0.4481***
(4.78) (-3.49)

Fit statistics
Observations 64,276 64,276 64,276 64,276 64,276 64,276
Adj. R2 0.601 0.366 0.278 0.131 0.284 0.139

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓
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Table A3: Additional Tests to Support the Main Findings
This table reports robustness checks for explaining the relationship between opioid crisis intensity (Opioid Death Rate and High Opioid
Death Rate), based on data from CDC) and bank credit card terms: rate spread and credit card limit. Panel A reports results when addi-
tionally including more county-level controls; Panel B reports results when using multiple death causes rather than underlying death
cause for construction of our opioid intensity death measures; Panel C reports results using OLS estimates instead of IV estimates;
Panel D reports results when excluding counties with ”zero deaths”; and Panel D reports results when excluding the states of Florida.
We report in all cases other than Panel C regression estimates from IV 2SLS regressions (equations (3) and (4)) using the ”Mkt Doc-
tors/1000Pop” as an instrument for opioid intensity. All variables are constructed using the anonymized Mintel Comperemedia Inc.
Direct Mail Monitor Data and TransUnion LLC Match File for analyzing credit card mail offers. The data are focused on lenders iden-
tified as ”banks” in the Mintel/TransUnion Match File. Demographic attributes are from Mintel. Consumer controls include: credit
score ranges, indicators for past deep delinquency, recent delinquency, past derogatory filings such as foreclosure and collections, past
bankruptcy filings, past high utilization (≥ 80%), number of credit inquiries, past credit cards, consumer age ranges, married, indicator
for no kids, White, education indicators, homeowner, and consumer income. County controls include: county income, unemployment
rate, bank market concentration, population density, percent of males, race concentration, percent of people in various age ranges,
percent of people with higher education, and inequality. All regressions include State × Year-Month, Lender × Year-Month, Lender × State,
Lender, State, and Year-Month fixed effects. Variables are defined in Appendix Table A1. Standard errors are double-clustered by Mar-
keting Campaign and Year-Month and t-statistics are reported in parentheses. Significance at the 10%, 5%, and 1% level is indicated by
*, **, and ***, respectively.

Panel A: IV 2SLS with Even More County-Level Controls

Dependent Variables: Rate Spread Ln(Limit) Rate Spread Ln(Limit)
Model: (1) (2) (3) (4)

Opioid Death Ratec,t−1 0.4728*** -0.0648***
(4.27) (-3.06)

High Opioid Death Ratec,t−1 1.1738*** -0.1610***
(4.25) (-3.05)

Additional Controls
County Labor Participation Ratec,t−1 0.5144 -0.4368*** 0.4620 -0.4296***

(1.15) (-5.10) (1.04) (-5.04)
County Avg Credit Scorec,t−1 -0.0001 0.0038** -0.0001

(2.28) (-0.44) (2.29) (-0.46)
County Air Pollutionc,t−1 -0.0510*** 0.0041* -0.0555*** 0.0047*

(-4.23) (1.76) (-4.31) (1.90)
County ∆ HPIc,t−1 -0.0078** 0.0021*** -0.0076** 0.0020***

(-2.14) (2.97) (-2.08) (2.92)
County % School Dropoutsc,t−1 -1.7398*** -0.0433 -0.9908* -0.1460

(-3.60) (-0.47) (-1.81) (-1.40)
County % Religious Popc,t−1 -0.0011 0.0365* -0.1161 0.0523***

(-0.01) (1.70) (-1.18) (2.79)
County Politicsc,t−1 0.0039 -0.0004 0.0011 0.0000

(0.29) (-0.15) (0.08) (0.00)
County Poverty Ratec,t−1 0.5590 -0.0576 1.5609*** -0.1950*

(0.88) (-0.47) (2.65) (-1.73)
County % Poor Health Popc,t−1 -0.0087* 0.0018** -0.0151*** 0.0026***

(-1.95) (2.06) (-2.98) (2.73)

Fit statistics
Observations 195,004 195,004 195,004 195,004
Adj. R2 0.319 0.158 0.312 0.154

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓
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Table A3: Additional Tests to Support the Main Findings (cont.)
This table reports robustness checks for explaining the relationship between opioid crisis intensity (Opioid Death Rate and High Opioid
Death Rate), based on data from CDC) and bank credit card terms: rate spread and credit card limit. Panel A reports results when addi-
tionally including more county-level controls; Panel B reports results when using multiple death causes rather than underlying death
cause for construction of our opioid intensity death measures; Panel C reports results using OLS estimates instead of IV estimates;
Panel D reports results when excluding counties with ”zero deaths”; and Panel D reports results when excluding the states of Florida.
We report in all cases other than Panel C regression estimates from IV 2SLS regressions (equations (3) and (4)) using the ”Mkt Doc-
tors/1000Pop” as an instrument for opioid intensity. All variables are constructed using the anonymized Mintel Comperemedia Inc.
Direct Mail Monitor Data and TransUnion LLC Match File for analyzing credit card mail offers. The data are focused on lenders iden-
tified as ”banks” in the Mintel/TransUnion Match File. Demographic attributes are from Mintel. Consumer controls include: credit
score ranges, indicators for past deep delinquency, recent delinquency, past derogatory filings such as foreclosure and collections, past
bankruptcy filings, past high utilization (≥ 80%), number of credit inquiries, past credit cards, consumer age ranges, married, indicator
for no kids, White, education indicators, homeowner, and consumer income. County controls include: county income, unemployment
rate, bank market concentration, population density, percent of males, race concentration, percent of people in various age ranges,
percent of people with higher education, and inequality. All regressions include State × Year-Month, Lender × Year-Month, Lender × State,
Lender, State, and Year-Month fixed effects. Variables are defined in Appendix Table A1. Standard errors are double-clustered by Mar-
keting Campaign and Year-Month and t-statistics are reported in parentheses. Significance at the 10%, 5%, and 1% level is indicated by
*, **, and ***, respectively.

Panel B: IV 2SLS - Alternative Opioid Death Rate based on Multiple Death Causes

Dependent Variables: Rate Spread Ln(Limit) Rate Spread Ln(Limit)
Model: (1) (2) (3) (4)

Opioid Death Ratec,t−1 0.5069*** -0.0703***
(4.94) (-3.58)

High Opioid Death Ratec,t−1 1.2413*** -0.1722***
(4.91) (-3.57)

Fit statistics
Observations 197,398 197,398 197,398 197,398
Adj. R2 0.317 0.157 0.310 0.154

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓

Panel C: Results using OLS Method

Dependent Variables: Rate Spread Rate Spread Rate Spread Rate Spread Ln(Limit) Ln(Limit) Ln(Limit) Ln(Limit)
Model: (1) (2) (3) (4) (5) (6) (7) (8)

Opioid Death Ratec,t−1 0.0216** -0.0026
(2.27) (-1.24)

High Opioid Death Ratec,t−1 0.0184 -0.0076**
(1.28) (-2.28)

Opioid Illicit Death Ratec,t−1 0.0263** -0.0045*
(2.34) (-1.88)

High Opioid Illicit Death Ratec,t−1 0.0298* -0.0088**
(1.84) (-2.28)

Fit statistics
Observations 370802 370802 370802 370802 370802 370802 370802 370802
Adj. R2 0.662 0.662 0.662 0.662 0.428 0.428 0.428 0.428

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
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Table A3: Additional Tests to Support the Main Findings (cont.)
This table reports robustness checks for explaining the relationship between opioid crisis intensity (Opioid Death Rate and High Opioid
Death Rate), based on data from CDC) and bank credit card terms: rate spread and credit card limit. Panel A reports results when addi-
tionally including more county-level controls; Panel B reports results when using multiple death causes rather than underlying death
cause for construction of our opioid intensity death measures; Panel C reports results using OLS estimates instead of IV estimates;
Panel D reports results when excluding counties with ”zero deaths”; and Panel D reports results when excluding the states of Florida.
We report in all cases other than Panel C regression estimates from IV 2SLS regressions (equations (3) and (4)) using the ”Mkt Doc-
tors/1000Pop” as an instrument for opioid intensity. All variables are constructed using the anonymized Mintel Comperemedia Inc.
Direct Mail Monitor Data and TransUnion LLC Match File for analyzing credit card mail offers. The data are focused on lenders iden-
tified as ”banks” in the Mintel/TransUnion Match File. Demographic attributes are from Mintel. Consumer controls include: credit
score ranges, indicators for past deep delinquency, recent delinquency, past derogatory filings such as foreclosure and collections, past
bankruptcy filings, past high utilization (≥ 80%), number of credit inquiries, past credit cards, consumer age ranges, married, indicator
for no kids, White, education indicators, homeowner, and consumer income. County controls include: county income, unemployment
rate, bank market concentration, population density, percent of males, race concentration, percent of people in various age ranges,
percent of people with higher education, and inequality. All regressions include State × Year-Month, Lender × Year-Month, Lender × State,
Lender, State, and Year-Month fixed effects. Variables are defined in Appendix Table A1. Standard errors are double-clustered by Mar-
keting Campaign and Year-Month and t-statistics are reported in parentheses. Significance at the 10%, 5%, and 1% level is indicated by
*, **, and ***, respectively.

Panel C: Results using OLS Method (cont.)

Dependent Variables: Rate Spread Ln(Limit) Rate Spread Ln(Limit)
Model: (1) (2) (3) (4)

Opioid Prescription Ratec,t−1 0.1934*** -0.0227***
(5.53) (-3.36)

High Opioid Prescription Ratec,t−1 0.1142*** -0.0130***
(6.71) (-3.45)

Fit statistics
Observations 369,263 369,263 369,263 369,263
Adj. R2 0.662 0.428 0.662 0.428

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓

Panel D: IV 2SLS Excluding Counties with ”Zero Deaths”

Dependent Variables: Rate Spread Ln(Limit) Rate Spread Ln(Limit)
Model: (1) (2) (3) (4)

Opioid Death Ratec,t−1 0.4682*** -0.0718***
(4.42) (-3.54)

High Opioid Death Ratec,t−1 1.0678*** -0.1639***
(4.40) (-3.54)

Fit statistics
Observations 194,293 194,293 194,293 194,293
Adj. R2 0.317 0.157 0.312 0.154

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓
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Table A3: Additional Tests to Support the Main Findings (cont.)
This table reports robustness checks for explaining the relationship between opioid crisis intensity (Opioid Death Rate and High Opioid
Death Rate), based on data from CDC) and bank credit card terms: rate spread and credit card limit. Panel A reports results when addi-
tionally including more county-level controls; Panel B reports results when using multiple death causes rather than underlying death
cause for construction of our opioid intensity death measures; Panel C reports results using OLS estimates instead of IV estimates;
Panel D reports results when excluding counties with ”zero deaths”; and Panel D reports results when excluding the states of Florida.
We report in all cases other than Panel C regression estimates from IV 2SLS regressions (equations (3) and (4)) using the ”Mkt Doc-
tors/1000Pop” as an instrument for opioid intensity. All variables are constructed using the anonymized Mintel Comperemedia Inc.
Direct Mail Monitor Data and TransUnion LLC Match File for analyzing credit card mail offers. The data are focused on lenders iden-
tified as ”banks” in the Mintel/TransUnion Match File. Demographic attributes are from Mintel. Consumer controls include: credit
score ranges, indicators for past deep delinquency, recent delinquency, past derogatory filings such as foreclosure and collections, past
bankruptcy filings, past high utilization (≥ 80%), number of credit inquiries, past credit cards, consumer age ranges, married, indicator
for no kids, White, education indicators, homeowner, and consumer income. County controls include: county income, unemployment
rate, bank market concentration, population density, percent of males, race concentration, percent of people in various age ranges,
percent of people with higher education, and inequality. All regressions include State × Year-Month, Lender × Year-Month, Lender × State,
Lender, State, and Year-Month fixed effects. Variables are defined in Appendix Table A1. Standard errors are double-clustered by Mar-
keting Campaign and Year-Month and t-statistics are reported in parentheses. Significance at the 10%, 5%, and 1% level is indicated by
*, **, and ***, respectively.

Panel E: IV 2SLS Excluding Florida

Dependent Variables: Rate Spread Ln(Limit) Rate Spread Ln(Limit)
Model: (1) (2) (3) (4)

Opioid Death Ratec,t−1 0.7523*** -0.1003***
(5.79) (-4.04)

High Opioid Death Ratec,t−1 1.8456*** -0.2461***
(5.72) (-4.02)

Fit statistics
Observations 182,900 182,900 182,900 182,900
Adj. R2 0.308 0.153 0.293 0.146

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓
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Table A4: Additional Heterogeneous Effects for High Risk and Minority Consumers
This table examines how the effects of opioid crisis intensity on bank credit card terms (rate spread and credit card limit) differ by
consumer credit risk using interactions of consumer ”High Credit Risk” and opioid intensity. We define ”High Credit Risk” as either
”Subprime” (Credit Score <620) in Panel A or ”Deep Delinquency” past 90+ days past due (DPD)) in Panel B. We report regression es-
timates from IV 2SLS regressions (equations (3) and (4)) using the ”Mkt Doctors/1000Pop” as an instrument for opioid crisis intensity
(Opioid Death Rate and High Opioid Death Rate), based on data from CDC). All variables are constructed using the anonymized Mintel
Comperemedia Inc. Direct Mail Monitor Data and TransUnion LLC Match File for analyzing credit card mail offers. The data are
focused on lenders identified as ”banks” in the Mintel/TransUnion Match File. Demographic attributes are from Mintel. Consumer
controls include: credit score ranges, indicators for past deep delinquency, recent delinquency, past derogatory filings such as fore-
closure and collections, past bankruptcy filings, past high utilization (≥ 80%), number of credit inquiries, past credit cards, consumer
age ranges, married, indicator for no kids, White, education indicators, homeowner, and consumer income. County controls include:
county income, unemployment rate, bank market concentration, population density, percent of males, race concentration, percent of
people in various age ranges, percent of people with higher education, and inequality. All regressions include State × Year-Month,
Lender × Year-Month, Lender × State, Lender, State, and Year-Month fixed effects. Variables are defined in Appendix Table A1. Standard
errors are double-clustered by Marketing Campaign and Year-Month and t-statistics are reported in parentheses. Significance at the
10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

Panel A: Deep Delinquency (90+ DPD)

Dependent Variables: Rate Spread Ln(Limit) Limit ($) Rate Spread Ln(Limit) Limit ($)
Model: (1) (2) (3) (4) (5) (6)

Opioid Death Ratec,t−1 x High Credit Riski,c,t−1 0.1509*** -0.0136*** -4.8549
(11.08) (-5.31) (-1.26)

High Opioid Death Ratec,t−1 x High Credit Riski,c,t−1 3.1775*** -0.2894*** -110.594
(11.25) (-5.48) (-1.39)

Opioid Death Ratec,t−1 0.1864 -0.0440** -79.9785**
(1.62) (-2.03) (-2.46)

High Opioid Death Ratec,t−1 0.4822* -0.1050** -183.0233**
(1.85) (-2.16) (-2.50)

High Credit Riski,c,t−1 -0.2803* -0.0379 -153.6166*** -0.0931 -0.0529** -154.4175***
(-1.72) (-1.24) (-3.34) (-0.65) (-1.98) (-3.83)

Fit statistics
Observations 197,371 197,371 197,371 197,371 197,371 197,371
Adj. R2 0.278 0.141 0.08 0.268 0.138 0.077

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓

Panel B: Minority Consumers

Dependent Variables: Rate Spread Ln(Limit) Limit ($) Rate Spread Ln(Limit) Limit ($)
Model: (1) (2) (3) (4) (5) (6)

Opioid Death Ratec,t−1 x Minorityi,c,t 0.0176 -0.0058** -6.3736*
(1.32 (-2.26) (-1.65)

High Opioid Death Ratec,t−1 x Minorityi,c,t 0.4314 -0.1316** -146.0764*
(1.5) (-2.40) (-1.76)

Opioid Death Ratec,t−1 0.4902*** -0.0625*** -74.0231**
(4.43) (-2.95) (-2.30)

High Opioid Death Ratec,t−1 1.1179*** -0.1429*** -169.0837**
(4.42) (-2.96) (-2.31)

Minorityi,c,t 0.068 0.0287 35.6529 0.0599 0.0258 32.7751
(0.48) (1.06) (0.87) (0.48) (1.08) (0.90)

Fit statistics
Observations 197,371 197,371 197,371 197,371 197,371 197,371
Adj. R2 0.317 0.157 0.083 0.312 0.154 0.081

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓
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Table A5: Additional Heterogeneous Effects for Low Income and Young Consumers
This table examines how the effects of opioid crisis intensity on bank credit card terms differ by consumer income and age using inter-
actions of consumer low income (≤$30k) with opioid intensity in Panel A and young (≤25 yrs) with opioid intensity in Panel B. In all
cases, we report IV 2SLS regression estimates (equations (3) and (4)) using ”Mkt Doctors/1000Pop” as an instrument for opioid crisis in-
tensity. All variables are constructed using the anonymized Mintel Comperemedia Inc. Direct Mail Monitor Data and TransUnion LLC
Match File for analyzing credit card mail offers. The data are focused on lenders identified as ”banks” in the Mintel/TransUnion Match
File. Demographic attributes are from Mintel. Consumer controls include: credit score ranges, indicators for past deep delinquency,
recent delinquency, past derogatory filings such as foreclosure and collections, past bankruptcy, past high utilization (≥ 80%), number
of credit inquiries, past credit cards, consumer age ranges, married, indicator for no kids, White, education indicators, homeowner,
and consumer income. County controls include: county income, unemployment rate, bank market concentration, population density,
percent of males, race concentration, percent of people in various age ranges, percent of people with higher education, and inequality.
All regressions include State × Year-Month, Lender × Year-Month, Lender × State, Lender, State, and Year-Month fixed effects. Variables
are defined in Appendix Table A1. Standard errors are double-clustered by Marketing Campaign and Year-Month and t-statistics are
reported in parentheses. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

Panel A: Low Income (≤$30k) Consumers

Dependent Variables: Rate Spread Ln(Limit) Limit ($) Rate Spread Ln(Limit) Limit ($)
Model: (1) (2) (3) (4) (5) (6)

Opioid Death Ratec,t−1 x Low Incomei,c,t−1 0.0445*** -0.0062** -4.2787
(2.78) (-2.03) (-0.92)

High Opioid Death Ratec,t−1 x Low Incomei,c,t−1 1.2101*** -0.1701** -130.927
(3.30) (-2.43) (-1.24)

Opioid Death Ratec,t−1 0.4627*** -0.0673*** -83.8340***
(4.26) (-3.24) (-2.66)

High Opioid Death Ratec,t−1 1.0367*** -0.1507*** -187.9986***
(4.22) (-3.22) (-2.65)

Low Incomei,c,t−1 -0.2939 0.0424 9.2884 -0.3751* 0.0542 24.324
(-1.48) (1.11) (0.16) (-1.93) (1.46) (0.43)

Fit statistics
Observations 197,371 197,371 197,371 197,371 197,371 197,371
Adj. R2 0.314 0.153 0.081 0.305 0.148 0.078

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓

Panel B: Young (≤25 yrs) Consumers

Dependent Variables: Rate Spread Ln(Limit) Limit ($) Rate Spread Ln(Limit) Limit ($)
Model: (1) (2) (3) (4) (5) (6)

Opioid Death Ratec,t−1 x Youngi,c,t 0.0627* -0.0072 -7.7118
(1.72) (-1.03) (-0.73)

High Opioid Death Ratec,t−1 x Youngi,c,t 1.8895** -0.2259 -247.88
(2.18) (-1.37) (-0.99)

Opioid Death Ratec,t−1 0.5106*** -0.0705*** -82.6125***
(4.85) (-3.50) (-2.71)

High Opioid Death Ratec,t−1 1.1798*** -0.1623*** -189.9956***
(4.93) (-3.56) (-2.75)

Youngi,c,t 0.5136 -0.0845 -80.6218 0.2715 -0.0521 -43.159
(1.21) (-1.04) (-0.65) (0.60) (-0.60) (-0.33)

Fit statistics
Observations 197,371 197,371 197,371 197,371 197,371 197,371
Adj. R2 0.315 0.157 0.083 0.306 0.152 0.08

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
Lender × State ✓ ✓ ✓ ✓ ✓ ✓
Lender, State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓

Consumer & County controls ✓ ✓ ✓ ✓ ✓ ✓
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Table A6: Extra Results for Mechanisms, Credit, & Spending (County-Year-Month)
This table reports regression estimates from IV 2SLS regressions (equations (3) and (4)) using the ”Mkt Doctors/1000Pop” instrument
for explaining the relationship between opioid crisis intensity and consumer credit card behavior and/or quality in Panel A, bank
credit card terms to consumers in Panel B, and consumer credit card spending in Panel C. Opioid crisis intensity is measured as
Opioid Death Rate and High Opioid Death Rate, based on data from CDC. Consumer credit card behavior and/or quality is measured
several ways as: Ln(Avg Days Past Due), Avg Loan Probability of Default (PD), Ln(Avg Payment), and Avg Updated Consumer Credit
Score). Credit terms are measured several ways as: Avg Cycle APR, Limit/Pop, and Pct Rewards (percent of accounts with rewards).
Consumer spending is measured as Total Purchase/Pop or Total Purchase/Limit. All these analyses use aggregated bank-county-
year-month data from the supervisory FR Y-14M credit card dataset based on a 0.1% random sample for existing consumer accounts
(loan age ≥ 12 months). County controls include: county income, unemployment rate, bank market concentration, population density,
percent of males, race concentration, percent of people in various age ranges, percent of people with higher education, and inequality.
All regressions include State × Year-Month, Lender × Year-Month, Lender × State, Lender, State, and Year-Month fixed effects. Variables
are defined in Appendix Table A1. Standard errors are double-clustered by County and Year-Month and t-statistics are reported in
parentheses. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

Panel A: IV 2SLS Effects: Effects on Credit Card Consumer Credit Behavior and/or Quality

Dependent Variables: Opioid High Opioid Ln(Avg Days Avg Prob Ln(Avg Avg Credit Ln(Avg Days Avg Prob Ln(Avg Avg Credit
Death Rate Death Rate Past Due) Default (PD) Payment) Score Past Due) Default (PD) Payment) Score

Model: (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Mkt Doctors/1000Popc,t−1 0.4388*** 0.0669***
(17.92) (6.04)

Opioid Death Ratec,t−1 0.2367*** 0.0034*** -0.6148*** -7.1076***
(5.84) (2.40) (-11.01) (-5.33)

High Opioid Death Ratec,t−1 1.5526*** 0.0233*** -3.6161*** -46.6208***
(4.32) (2.23) (-6.11) (-4.12)

Fit statistics
Observations 119,482 119,096 119,482 119,482 119,096 119,482 118,823 118,823 119,482 119,482
Adj. R2 0.048 0.052 0.019 0.006 0.060 0.080 0.004 0.001 0.010 0.020

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

County controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel B: IV 2SLS Effects: Reconfirm Results for Credit Card Terms

Dependent Variables: Avg Cycle Ln(Avg Pct Cards w/ Avg Cycle Ln(Avg Pct Cards
APR Limit) Rewards APR Limit) w/Rewards

Model: (1) (2) (3) (4) (5) (6)

Opioid Death Ratec,t−1 0.4674*** -0.0832*** -0.0913***
(4.81) (-6.09) (-9.76)

High Opioid Death Ratec,t−1 3.0659*** -0.5456*** -0.5992***
(3.85) (-4.42) (-5.37)

Fit statistics
Observations 119,482 119,482 119,482 119,482 119,482 119,482
Adj. R2 0.004 0.086 0.009 0.001 0.003 0.001

State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓

County controls ✓ ✓ ✓ ✓ ✓ ✓
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Table A6: Extra Results on Mechanisms, Credit, & Spending (County-Year-Month) (cont.)
This table reports regression estimates from IV 2SLS regressions (equations (3) and (4)) using the ”Mkt Doctors/1000Pop” instrument
for explaining the relationship between opioid crisis intensity and consumer credit card behavior and/or quality in Panel A, bank credit
card terms to consumers in Panel B, and consumer credit card spending in Panel C. Opioid crisis intensity is measured as Opioid Death
Rate and High Opioid Death Rate, based on data from CDC. Consumer credit card behavior and/or quality is measured several ways as:
Ln(Avg Days Past Due), Avg Loan Probability of Default (PD), Ln(Avg Payment), and Avg Updated Consumer Credit Score). Credit
terms are measured several ways as: Avg Cycle APR, Ln(Avg Limit), and Pct Rewards (percent of accounts with rewards). Consumer
spending is measured as Total Purchase/Pop, Total Purchase/Limit, or Ln(Avg Purchase). All these analyses use aggregated county-
year-month data from the supervisory FR Y-14M credit card dataset based on a 0.1% random sample for existing consumer accounts
(loan age ≥ 12 months). County controls include: county income, unemployment rate, bank market concentration, population density,
percent of males, race concentration, percent of people in various age ranges, percent of people with higher education, and inequality.
All regressions include State × Year-Month, Lender × Year-Month, Lender × State, Lender, State, and Year-Month fixed effects. Variables
are defined in Appendix Table A1. Standard errors are double-clustered by County and Year-Month and t-statistics are reported in
parentheses. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively.

Panel C: IV 2SLS Effects on Consumer Spending

Dependent Variables: Total Total Ln Total Total Ln
Purchase Purchase (Avg Purchase Purchase (Avg

/Pop /Limit Purchase) /Pop /Limit Purchase)
Model: (1) (2) (3) (4) (5) (6)

Opioid Death Ratec,t−1 -0.1244*** -0.0145*** -0.3960***
(-10.93) (-6.57) (-9.02)

High Opioid Death Ratec,t−1 -0.8162*** -0.0950*** -2.1450***
(-5.56) (-4.60) (-6.09)

Fit statistics
Observations 119,482 119,482 117,142 119,482 119,482 117,142
Adj. R2 0.113 0.012 0.112 0.030 0.003 0.032

Fixed effects
State × Year-Month ✓ ✓ ✓ ✓ ✓ ✓
State, Year-Month ✓ ✓ ✓ ✓ ✓ ✓

County controls ✓ ✓ ✓ ✓ ✓ ✓

xii
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Table A7: Summary of Opioid-Related State Laws

This table summarizes six state policies and laws aimed at reducing opioid abuse and opioid-related harm. We separate them into
supply-related and demand-related laws.

Name Description Implementing States & First
Year Implemented

Source

Supply-Related Laws
”Opioid Limiting Law” Limits prescriptions to a 4-, 5-, or 7-

day supply for first time users or for
acute or postoperatory pain or other
uses or set other limits on the num-
ber of prescriptions or overall quan-
tity of opioids that can be prescribed
by physicians to a patient.

2016: AZ, CT, ME, MA, NE, NH, NY,
NC, PA, RI; 2017: AK, CO, DE, HI,
ID, KY, LA, MI, MN, MO, NV, NJ,
OH, UT, VT, VA, WA; 2018: FL, OK,
SC, TN, WV.

The Ballotpedia, Opi-
oid Prescription Polcies
by States, the National
Conference of State Leg-
islators (NCSL), Indi-
vidual State Websites
& Custodio, Cvijanovic
and Wiedemann (2021)

Mandatory ”Opioid
PDMP Law”

The Prescription Drug Monitoring
Program (PDMP) collects and tracks
opioid prescriptions and connect
prescribers, dispensers, law enforce-
ment, and Medicare authorities. The
mandatory law requires that pre-
scribers must access the PDMP sys-
tem before prescribing an opioid as
interpreted by the Prescription Drug
Abuse Policy System (PDAPS).

2012: KY, NM, WV; 2013: NY, TN,
VT; 2014: GA, IN, MA; 2015: CT, NJ,
NV, OH, OK, VA; 2016: NH, RI.

The Opioid Envi-
ronment Policy Scan
(OEPS), University of
Chicago

”Triplicate Prescription
Law”

Requires three copies of an opioid
prescription issued and kept by, re-
spectively, the prescriber, the phar-
macist, and a state agency that main-
tains a database from these forms to
monitor and investigate prescribing
irregularities and diversion.

States with active triplicate pro-
grams at the time of OxyContin’s
launch in 1996: CA, ID, IL, NY, and
TX.

Alpert, Evans, Lieber
and Powell (2022)

Demand-Related Laws
”Naloxone Law” Increases access to and allows

the prescribing and dispensing
of Naloxone (an opioid receptor
antagonist that reverses opiate
overdose) by various third parties to
users with documented risk factors
for overdose.

Passed law before 2010: CA, CT,
NM, NY; in 2010: IL, WA; 2012: MA,
RI; 2013: CO, DC, KY, MD, NJ, NC,
OK, OR, VT, VA; 2014: DE, GA, ME,
MI, MN, OH, PA, TN, UT, WI; 2015:
AL, AR, FL, ID, IN, LA, MS, NE, NV,
NH, ND, SC, TX, WV; 2016: AK, AZ,
HI, IA, MO, SD; 2017: KS, MT, WY.

The Opioid Envi-
ronment Policy Scan
(OEPS), University of
Chicago

”Good Samaritan Law” Provides immunity to drug users for
certain drug crimes when they call
for help for a person experiencing
a drug overdose, again potentially
helping reduce deaths.

Any Samaritan Law started before
2010: AK, KS, ME, MD, NM, OK,
TX, WY; in 2010: WA; 2011: CT; NY;
2012: CO, FL, IL, MA, RI; 2013: CA,
DE, DC, NJ, NC, VT; 2014: GA, IN,
LA, MN, PA, UT, WI; 2015: AL, AR,
HI, KY, MS, NV, NH, ND, TN, VA,
WV; 2016: OH, OR; 2017: MI, MO,
MT, NE, SC, SD; 2018: AZ, ID, IA.

The Opioid Envi-
ronment Policy Scan
(OEPS), University of
Chicago

”Medical Marijuana

Permitting Law”

Accepts and legalizes marijuana for
medical purposes.

Law in effect during our sample pe-
riod (2010-2019): AK, AZ, AR, CA,
CO, CT, DE, DC, FL, HI, IL, ME, MD,
MA, MI, MN, MT, NV, NH, NJ, NM,
NY, OH, OR, PA, RI, VT, WA.

The Opioid Envi-
ronment Policy Scan
(OEPS), University of
Chicago

xiii

Electronic copy available at: https://ssrn.com/abstract=4187377



 

 

 

EXHIBIT 196 

 

 

 

 

 



8 Federal Reserve Bank of Philadelphia
Research Department

The  
Economic  
Impact of  
the Opioid  
Epidemic
Drug abuse doesn’t have  
just a human cost. There’s  
also an economic cost.

Wenli Li
Senior Economic Advisor and Economist
Federal Reserve Bank of Philadelphia

Raluca Roman
Principal Economist
Federal Reserve Bank of Philadelphia

Nonna Sorokina
Assistant Professor of Business
Pennsylvania State University at Scranton

The views expressed in this article are not  
necessarily those of the Federal Reserve.

https://www.philadelphiafed.org/the-economy
https://www.philadelphiafed.org/the-economy
https://www.philadelphiafed.org/our-people/wenli-li
https://www.philadelphiafed.org/our-people/raluca-a-roman


Federal Reserve Bank of Philadelphia
Research Department

The Economic Impact of the Opioid Epidemic
2023 Q3 9

Opioids 
(total underlying)

Motor vehicles

0

2.0

COVID-19

0.5

1.0

1.5

2.5

3.0

3.5

4.0

4.5

5.0

5.5

6.0

6.5

7.0

7.5

8.0

8.5

9.0

9.5

10.0

10.5

11.0

2005 

Death Rates per 10k Population

2020 2010 2015

The  
Economic  
Impact of  
the Opioid  
Epidemic
Drug abuse doesn’t have  
just a human cost. There’s  
also an economic cost.

F I G U R E  1

COVID-19 Was More Deadly, but the Opioid 
Epidemic Is the Bigger Ongoing Health Crisis

Data Source: Centers for Disease Control and Prevention,  
National Center for Health Statistics, Mortality.

Data Source: Economic Report  
of the President (March 2019).

Economic Cost
including lives lost

3.4%
of GDP in 2018

$2.5+
trillions, 2015–2018

Although the recent COVID-19 pandemic was 
severe, with a death toll of 1.2 million, the 
opioid epidemic that began in the late 1990s 

remains the longest ongoing health crisis in the  
U.S. Between 1999 and 2020, more than 564,000 
people died from opioid overdoses, surpassing total 
deaths from auto accidents during the same period 
(Figure 1). In 2017 alone, 2.1 million people were 
diagnosed with opioid-related disorder.1 Even more 
worryingly, the death rate from opioid overdoses 
skyrocketed after 2012.

There is growing evidence that the opioid epidemic  
has harmed many aspects of the real economy, 
including the labor market, consumer finance, and 
municipal finance. According to analyses from  
the Council of Economic Advisers’ 2019 report,2 the 
annual (nominal) economic cost of the opioid 
epidemic, including the cost  
of lives lost, is estimated at 
about $700 billion (roughly  
3.4 percent of GDP) in 2018 
alone, and over $2.5 trillion from 2015 to 2018. 

Federal, state, and local governments have imple- 
mented regulations to tackle the opioid crisis by 
curbing both their supply and their demand. Prior 
studies have mostly focused on state and local laws. 
Unfortunately, these studies have found that reg- 
ulations have had limited success in reducing either 
the death rate or the associated economic harm.

In this article, we review the history of the opioid 
crisis in the U.S., its economic impact, and the many 
government policies designed to contain the epidemic. 

See Isolating  
the Causes.

Isolating the 
Causes
Isolating the causality effects  
of opioid abuse on the real 
economy is a challenge be- 
cause the opioid crisis may 
be an effect rather than a 
cause of local adverse econ- 
omic conditions. Researchers  
address this challenge by 
relying on instruments that  
capture supply-side factors, 
given that prescription 
opioids are involved in at 
least 40 percent of all opioid 
overdoses in the country. 
Moreover, the majority of 
illegitimate-drug users start 
on their road to addiction by 
taking opioids prescribed by  
their physician, even if many  
progress to illicit opioids.

The instruments used by 
researchers include the  
intensity of local opioid distri- 
bution channels (for example,  
the per capita morphine 
milligram equivalent [MME] 
of strong types of opioids 
distributed by retail phar-
macies); marketing efforts 
by the pharmaceutical 
industry that target physi-
cians, such as the number 
(per county and per year) of 
physicians being marketed  
opioids; and Purdue Phar- 
ma’s heterogeneous 
marketing efforts across 
different geographies of 
reformulated OxyContin in 
the first wave of the crisis, 
as proxied by growth in the 
distribution of OxyContin.

https://www.philadelphiafed.org/the-economy
https://www.philadelphiafed.org/the-economy
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easily snort or inject. Second, government policies restricted the 
supply of opioid prescriptions. A more limited supply drove  
up prices and simultaneously made it harder for addicts to access  
OxyContin. Heroin became relatively cheaper and easier to  
access, prompting many OxyContin addicts to switch to heroin.4

The third and current wave started in 2013, when deaths  
related to the use of fentanyl surged. (Fentanyl is more potent 
than heroin but cheaper to produce and transport.)5

Earlier opioid deaths occurred mostly among White, less- 
educated, prime-age males, as documented by researchers who 
argue that economic misfortune played an important role in  
the epidemic.6 This view, however, has been challenged, especially  
because the crisis has grown to affect an increasingly broad 
spectrum of the population, as can be seen when we chart the 
opioid-related death rate of each demographic group relative to 
their respective population (Figure 3). 

Starting with the third wave in 2014, opioid-related death rates  
increased disproportionately among Black Americans, whose 
death rate has ranked first among all races in the last several 
years; among prime-age male workers, particularly those  
between ages 25 and 44; and among people with no more than  
a high school education. 

Researchers have concluded that changes in demand-side 
factors alone—including physical pain, depression, despair, and 
social isolation—explain only a small fraction of the increase  
in opioid use and deaths. Moreover, there doesn’t appear to be 
a substantial link between local economic downturns and rising 
working-age mortality from drug overdoses, opioids or other-
wise.7 Instead, researchers have identified supply-side factors as 
the primary explanation for the recent opioid epidemic.

A Brief History of the Opioid Epidemic
The ongoing opioid epidemic in the U.S. has occurred in three 
waves. It started with technological innovations and aggressive 
marketing practices, followed by a burst of illegal activities in 
the second and third waves (Figure 2).

The first wave began with Purdue Pharma’s introduction of  
OxyContin in 1996 and ended in 2010. It coincided with a massive  
increase in the use of prescribed opioids and limited regulation 
of prescriptions. 

OxyContin is a painkiller designed to be released slowly into 
the body so that it provides patients longer relief from pain  
with less of the potential for addiction. Between 1997 and 2002, 
Purdue Pharma increased its marketing and promotion budget 
for OxyContin by almost 800 percent, under the marketing 
slogan “The One to Start With and the One to Stay With.” Physi-
cians who cared about treating pain-impaired patients were 
persuaded by this highly effective marketing campaign that the 
new opioids were safer than older ones. 

But the benefits were too good to be true. Pain rebounded 
sooner and stronger than expected. Patients’ drug tolerance built  
up, which led to opioid abuse. Some people began crushing  
the pills and ingesting the medication all at once to get around the  
medication’s slow time release. By 2004, OxyContin had become 
the opioid most associated with addiction.3 

The second wave of the opioid crisis dates from 2010 to 2013 
and was characterized by a rise in heroin use and associated 
deaths. Two forces triggered the second wave. First, a reformula-
tion of OxyContin in August 2010 made the drug crush-resistant 
and harder to snort or inject. Unfortunately, addiction is hard 
to stop once it gets started. This reformulation compelled many 
OxyContin addicts to switch to heroin, which they could more 
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F I G U R E  2

The Opioid Crisis Exploded After 2010
Opioids other than heroin have driven the epidemic.
Opioid-related death rates per 10,000 people, 1999–2019

Data Source: Centers for Disease Control and Prevention, National Center for Health Statistics, Mortality.
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Researchers have also found that the opioid epidemic adversely  
affected consumer finance. Using data from a U.S. lender, one 
researcher documented an increase in consumer defaults in sub- 
prime auto loans due to local-market opioid abuse.14 Other  
researchers, using a nationally representative data set that covers  
both subprime and prime borrowers as well as a wide range  
of credit products, revealed unfavorable credit consequences for 
consumers living in—and for banks operating in—highly exposed 
areas.15 Specifically, low-credit-score consumers in areas with 
greater exposure to the opioid crisis were more likely to default 
on their loan obligations, including credit card debt, auto loans, 
and first mortgages. Single-branch banks also experienced 
more credit card defaults and nonperforming loans when they 
operated in counties more exposed to opioid abuse. As a result, 
lenders contracted the credit supply for consumers in these 
areas by applying stricter credit terms and reducing credit offers, 
particularly to those with lower credit scores.

Researchers have also found that the opioid epidemic harmed 
municipal finance. For example, local opioid abuse negatively 
affects municipal bonds, which in turn impedes a municipality’s 
ability to provide necessary public services and infrastructure.16 
Other researchers have identified lower housing values in  
areas more affected by the opioid epidemic, which have negative  
implications for local government finance.17 And the more  
opioids distributed by a dispensary, the lower the value of  
surrounding homes.18

The Limits of the Law
Federal, state, and local policymakers have introduced many 
opioid-related laws and regulations to combat the opioid  
epidemic. In this article, we focus on state and local laws, as do 

The Opioid Epidemic’s Effect on  
the Real Economy
The medical profession has long documented that drug addiction  
often leads to unsound decisions due to “reinforcer pathology,” 
which increases an individual’s overvaluation of short-term  
rewards and undervaluation of long-term negative consequences.  
(Other causes of unsound decisions include impulsivity, noncon-
formity to rules, and cognitive issues.)8 These unsound decisions 
in turn render addicts less employable and lead to financial 
difficulties. Indeed, researchers have identified the detrimental 
effects of the opioid crisis on many aspects of the real economy, 
such as the labor market, the housing market, consumer finance, 
and municipal finance.

Researchers have found that the opioid epidemic has particu-
larly harmed the labor market and firm production. For the  
labor market, workers who reported misuse of prescription drugs,  
including opioids, were more likely to report workday absentee- 
ism and more days of absenteeism than workers who didn’t  
report prescription drug misuse.9 And counties in which more 
per capita opioid pain medication had been prescribed had lower  
labor force participation rates, lower employment-to-population 
ratios, higher disability insurance claiming rates, and higher 
unemployment rates.10

Meanwhile, firm growth is negatively affected by exposure to 
opioid-affected areas, because the eroding labor market conditions  
force firms to invest more in technology and to substitute capital 
for relatively scarce labor.11 There are also negative impacts  
on small-firm formation and survival.12 And opioid use reduces net  
firm entry and results in a shift in industrial composition due  
to labor supply issues in affected areas, driving long-term stagna- 
tion and fiscal difficulties.13
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F I G U R E  3

Opioid Death Rates Differ by Demographic Group
Opioid-related overall death rates per 10,000 people by consumer demographics, 2010–2020

Note: Rates are constructed relative to their respective population.

Data Source: Centers for Disease Control and Prevention, National Center for Health Statistics, Mortality.
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been legalized in 21 states and the District of Columbia. The 
legalization of marijuana use, either medically or recreationally, 
may have spillover effects on opioid usage. Cannabis could offer 
an alternative to opioids for treating chronic pain and therefore 
reduce opioid overdoses and deaths. Additionally, cannabis 
might help people with opioid use disorder curb their addiction.

Evidence of the effectiveness of these laws, whether they target  
supply or demand, has been mixed. Two researchers found 
that PDMPs reduce prescription rates but do not reduce opioid 
deaths or improve socioeconomic outcomes.23 However, other 
researchers have found that a state’s implementation of a PDMP 
reduces opioid deaths and partially reverses some negative 
effects on municipal finance in that state.24 Two other researchers  
found evidence of increased opioid abuse after easier access to nal- 
oxone. This is likely due to increased risk-taking by addicts, given  
that they know there is an antidote in place to save their lives.25

When the three authors of this article, along with one other 
researcher, examined six state-level opioid-related laws, they 
found that all laws except the naloxone laws help reduce opioid 
prescription rates, with the strongest effects in states with 
triplicate prescription, PDMP, and medical marijuana permitting 
laws.26 However, the effects on opioid deaths were more com-
plicated. These researchers also found that, in terms of credit 
supply, a few of the laws—specifically, laws that limit opioid 
prescriptions, the mandatory PDMPs, and triplicate prescription 
laws—tend to improve consumer access to credit, while others— 
specifically, the naloxone, Good Samaritan, and medical marijuana  
permitting laws—appear to help less or even harm consumer 
access to credit. These laws may even intensify the opioid crisis. 

To understand the impact or lack of impact of these antiopioid  
regulations, one researcher built a model of how consumers who  
use opioids for nonmedical reasons choose between legitimate 
prescriptions and illicitly manufactured opioids.27 He demon-
strated that the price gap between prescribed opioids and illicitly  
manufactured opioids is a critical determinant of whether the 
regulations reduce or increase the use of opioids and by how 
much. As a result, policies aimed at reducing prescription opioid 
consumption can lead to increased mortality in the short run due  
to widespread substitution with illicit opioids. 

Conclusion
The opioid crisis has multiple and complex dimensions, as its 
evolution over the last few decades has demonstrated. Despite 
this complexity, we can safely conclude that (1) the crisis has 
negative economic outcomes; (2) the crisis has become less driven  
by opioid prescriptions, thanks to the many state laws and  
regulations that target the supply and prescription of opioids; 
and (3) designing effective policies that curb demand for opi- 
oids remains a challenge. 

most previous studies.19 Broadly speaking, we can divide these 
regulations into two groups: those that aim to restrict opioid 
supply and those that aim to restrict opioid demand. However, 
none of these laws have been very successful at curbing opioid 
use and abuse.

On the supply side, some states limit opioid prescriptions to 
four-, five-, or seven-day supplies when used to treat acute or 
postoperative pain for first-time users. As of 2018, 32 states also 
limited the number of prescriptions or the overall quantity of 
opioids that physicians may prescribe to a patient.

To varying degrees, states have also implemented a prescrip-
tion drug monitoring program (PDMP), which uses an electronic 
database to track controlled-substance prescriptions within 
that state. PDMPs provide health authorities timely information 
about prescribing and patient behaviors that contribute to the 
epidemic; these data facilitate a nimble and targeted response. 
Some states mandate the use of PDMPs by prescribers; others 
make it voluntary. As noted earlier, the opioid crisis began when 
some doctors overprescribed opioids, sometimes illegally, so the 
information collected is also used by licensing boards to identify 
doctors, dentists, and pharmacists who may be inappropriately 
prescribing or dispensing these highly abusable drugs.

Additionally, states with triplicate prescription laws require 
that physicians write prescriptions on special triplicate forms for 
all Schedule II drugs, including opioids.20 In triplicate prescribing,  
the physician keeps one copy of the prescription for five years and  
sends two copies with the patient to the pharmacist. The phar-
macist keeps one copy and forwards the third copy to a specified 
state agency. The state agency uses these prescriptions to  
track the physician’s prescribing practices and the patient’s use 
of controlled substances.21 

On the demand side, states have implemented access laws  
for naloxone, which reverses an opioid overdose. The level of 
naloxone access varies by state. The most generous laws include 
a standing order that allows any resident to obtain the drug  
at a local pharmacy with no justification. The less-generous third- 
party prescription laws, by comparison, allow a resident who is 
not at risk of overdose to purchase naloxone for use on someone 
else.22 As of August 2020, all 50 states and the District of Columbia  
have some form of a naloxone access law.

Good Samaritan laws offer legal protection to people who give  
reasonable assistance to those who are, or whom they believe 
to be, injured, ill, in peril, or otherwise incapacitated. Such laws 
vary from state to state. Although they don’t limit opioid addic-
tion, they may reduce fatal opioid overdoses by allowing people 
to help an addict without fearing legal consequences related to 
drug use and possession.

Finally, in 37 states and the District of Columbia, medical mari- 
juana permitting laws legalize the medical use of cannabis with 
a doctor’s recommendation. Recreational use of cannabis has 

https://www.philadelphiafed.org/the-economy
https://www.philadelphiafed.org/the-economy


Federal Reserve Bank of Philadelphia
Research Department

The Economic Impact of the Opioid Epidemic
2023 Q3 13

22 Because naloxone remains a prescription drug as cate-
gorized by the U.S. Food and Drug Administration, standing 
orders and third-party prescriptions are enabled only  
when a state’s surgeon general writes a prescription for all 
residents of that state.

23 See Kaestner and Engy (2019).

24 See Cornaggia, Hund, Nguyen, and Ye (2021).

25 See Doleac and Mukherjee (2019).

26 See Agarwal, Li, Noman, and Sorokina (2022).

27 See Mulligan (2022).
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1. Introduction 

 The prescribing behavior of physicians has fueled the opioid crisis (Kolodny et al. 2015).  

In addition to the availability of new drugs (for instance, market entry of OxyContin in 1996) 

and aggressive pharmaceutical marketing efforts over the 1990s, the concern that pain was being 

undertreated led to more aggressive pain management standards, and state medical boards 

liberalized rules governing the prescription of opioid analgesics for chronic non-cancer pain.   

As a result, total opioid prescriptions filled increased from 107 million in 1992 to 274 million in 

2012 (Pezalla et al. 2017). Though opioid prescribing has since fallen, the volume of 

prescriptions remains more than two times higher than in 1992. The proper use of opioids can 

mitigate the burden of acute pain, such as post-surgical pain (Manchikanti et al. 2010), and 

indeed a substantial portion of outpatient opioid prescribing can be traced to a hospital procedure 

(Brummett et al. 2017). However, while expanded availability and access to prescription (Rx) 

opioids has benefitted many, it has also led to unintended consequences in the form of addiction 

and the diversion of these drugs for non-medical purposes.   

Overdose deaths from opioid analgesics have increased seven-fold since 1999,1 with 

economic costs of the opioid epidemic exceeding $500 billion annually (Council of Economic 

Advisors 2017).2 Though the crisis has shifted in recent years with an upsurge in overdose deaths 

related to non-prescription opioids such as heroin or illicit fentanyl, prescription opioids continue 

to play a role as four out of five new heroin users started out by misusing prescription opioids 

(Jones et al. 2013).   

                                                
1 Authors’ calculations based on age-adjusted death rates from CDC Wonder. 
2 The CEA found that previous estimates of the economic cost of opioid abuse (for instance, Florence et al. 2016) 

were considerably understated due to the underestimation of the value of the lives lost due to opioid-related 

overdoses.  
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 In order to restrain the diversion of Rx opioids for non-medical use and address the role 

played by physician prescribing, a popular state-level intervention has been to implement 

Prescription Drug Monitoring Programs (PDMPs). PDMPs are statewide databases that track the 

prescribing and dispensing of controlled substances, and thus provide key information to 

physicians and pharmacists on the patient’s prescription history. While individuals can obtain Rx 

drugs for non-medical use through several sources including theft, street purchases, and from a 

friend or relatives, physicians remain the leading source for those who are at highest risk of 

overdose (Jones, Paulozzi, and Mack 2014). Notably, individuals may obtain excessive Rx 

opioids through their own prescriptions, often times from multiple providers without the 

prescribers being aware of the other prescriptions, a practice known as “doctor shopping”. 

Doctor shopping can also be an important indirect source for the user by making up an essential 

part of supply for street dealers (Inciardi et al. 2009).3 PDMPs can help identify patients who 

may be doctor shopping, misusing Rx drugs, or are at risk of overdose. Also, PDMPs can help 

identify patients that would benefit from timely treatment interventions.   

 Currently all states and D.C. have an operational PDMP, though utilization of these 

programs by providers largely remains voluntary and the systems vary based on their 

comprehensiveness and degree of integration. In many states where providers have discretion in 

whether or not to refer to the PDMP prior to prescribing an opioid (or another controlled 

substance), utilization rates tend to be quite low, hovering between 14-25% (Alexander et al. 

2015), and unsurprisingly PDMPs are found to have limited to no effect on opioid misuse. A 

growing number of states have enhanced and modernized their programs, instituting universal 

registration and mandatory-access provisions and requiring providers to register on and query the 

                                                
3 Numerous additional problems have also been identified with how opioids are prescribed, including overlapping or 

early refill of prescriptions, dose escalation, and high daily dose rates (Mack et al. 2015). 
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PDMP prior to prescribing any controlled substance. Several individual state audit studies have 

shown that mandatory access PDMPs have effectively increased utilization and query rates.4 

There is an emerging consensus that these stricter programs have also led to robust reductions in 

opioid misuse and related negative consequences. Mandatory-access PDMPs have reduced 

opioid misuse among Medicare Part D participants (Buchmueller and Carey 2018), and also 

reduced opioid misuse and opioid-related mortality among adults in the general population (Ali 

et al. 2017; Grecu, Dave, and Saffer 2019).5 The CDC, U.S. Government Accountability Office, 

and the President’s Commission on opioid abuse have all stressed the importance of states 

mandating PDMP use among licensed prescribers, as an integral part of a comprehensive 

strategy to combat opioid misuse (U.S. GAO 2009; Christie et al. 2017).6 

 What remains unclear are the potential spillovers from these interventions, and any 

resulting success in reducing Rx drug misuse, on other outcomes. Opioid misuse has been linked 

with many adverse consequences including: higher health care costs (White et al. 2005), lower 

worker productivity (Hansen et al. 2011), more suicides (Borgschulte et al, 2018), and a 

complementary increase in cocaine and marijuana use (Grecu, Dave and Saffer 2019). Given the 

links between drug misuse, mental health, and crime, policies that lead to changes in Rx opioid 

abuse may also generate spillover effects on criminal behaviors, which could have substantial 

economic effects.7   

                                                
4 For instance, the number of prescriber and pharmacist PDMP registrations increased by 77% and 680% 

respectively, existing but inactive accounts decreased by 50%, and queries increased from an average of 11,000 per 

month to 1.2 million per month, following New York’s enactment of mandated use in August 2013. Enrollment in 

the PDMP database in Kentucky increased by 264% (and multiple provider episodes – “doctor shopping” – 

decreased by 52%) and queries in Ohio increased by 505% (and multiple provider episodes decreased over 40%) 
following the enactment of mandatory access PDMP provisions).  See Grecu et al. (2018) and 

http://www.namsdl.org/library/27CD066B-AF5B-BF3E-9B06857DF279C60A/. 
5 Note that these studies also found that merely having an operational PDMP without mandated access is largely 

ineffective. 
6 See: https://www.cdc.gov/drugoverdose/policy/index.html. 
7 Florence et al. (2016) estimate criminal justice costs of about $8 billion annually related to Rx opioid abuse. 
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 We provide some of the first evidence on the impact of PDMPs on an important societal 

outcome, crime. Our study also speaks to the larger and complex question of how policies that 

restrict access to Rx opioids per se within the healthcare system can have a broader impact on 

societal outcomes such as crime. While restricting Rx opioids can reduce Rx opioid misuse, 

leading to a potential decrease in crime, if individuals substitute to other illicit drugs or more 

dangerous supply channels then such policies could actually generate unintended costs through 

greater engagement in crime and violence. Given the growing literature on the impact of PDMPs 

on the misuse of opioids, and the well-documented link between substance misuse and crime 

(Carpenter 2007; Pedersen and Skardhamar 2010), such policies could have a considerable 

external impact on crime. Moreover, given the substantial costs associated with crime in general, 

and the fact that crime associated with opioid use is particularly costly (Hansen et al. 2011), if 

there are spillovers on criminal engagement, then they are likely to be of an order of magnitude 

that is economically significant.  

Many states have yet to enact stringent provisions to their PDMPs, and some providers 

resist using the PDMP due to time constraints, learning costs, and because often times these 

databases are not well-integrated into the electronic medical records of the medical practice 

(Grecu et al. 2019).8 There have also been some drawbacks associated with PDMPs, which 

include additional costs to the healthcare system and compliance difficulties (Islam and McRae 

2014, Stucke et al. 2018). Hence, the overall value of these programs is still actively debated, 

despite recommendations from policymakers and public health organizations urging states to 

                                                
8 For instance, challenges by some MA physician and dentist groups to the breadth of circumstances proposed for 

PDMP queries have contributed to a 2-year delay in the final implementation of a legally-required mandate 

(Haffajee et al. 2015). 
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adopt these provisions. Failure to account for potential crime costs associated with these 

programs – either positive or negative – can substantially skew the cost-benefit calculus.  

While a few studies have imputed the criminal justice cost burden associated with Rx 

opioid misuse (Hansen et al. 2011; Florence et al. 2016), these have been based on a descriptive 

apportionment approach and not meant to be interpreted as causal estimates. We provide one of 

the first studies to specifically inform the causal link between Rx opioid misuse and crime. In 

particular, we exploit variation in the timing of the implementation of PDMPs and enhanced 

mandatory access provisions across states, within a difference-in-differences research design. We 

find consistent evidence that the mandatory provisions are associated with a significant reduction 

on the order of about 5% for overall crime, driven by decreases in both violent and property 

crimes.   

The remainder of the paper proceeds as follows. The next section briefly provides some 

background on the previous literature and the pathways through which Rx opioid misuse, and 

PDMPs, could impact crime. Section 3 describes the data sources, followed by a discussion of 

the empirical methods in Section 4. We present the results and robustness checks in Section 5, 

and the concluding section summarizes our findings and places them in context along with some 

policy implications. 

2. Background 

2.1 PDMPs and Opioid misuse  

 A large literature has studied the effects of PDMPs, which can be separated into earlier 

studies that used data predating most of the mandatory access provisions and more recent work 

that has specifically assessed the effectiveness of voluntary vs. mandatory access PDMPs. Many 

of the studies based on older data, or data which do not differentiate between voluntary and 
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mandatory access programs, find very limited or nil effects of the programs on measures of 

opioid use and misuse (McDonald, Carlson, and Izrael, 2012; Reifler et al., 2012; Jena et al. 

2014; Haegerich et al. 2014). These inconsistent and limited effects are likely driven by the low 

provider query rates in states that do not mandate PDMP use. As stressed in the GAO report 

(U.S. GAO 2009), in order for PDMPs to work to their fullest potential, prescribers and 

dispensers must refer to the data prior to prescribing and filling a prescription.9   

 The recent wave of studies has moved this literature forward by specifically disentangling 

the effects of voluntary vs. the more recent mandatory access PDMP provisions. They find 

robust evidence of significant declines in opioid misuse and related adverse health consequences 

from mandatory access PDMPs but generally not from programs with no utilization mandates. 

For instance, Buchmueller and Carey (2018) find that mandatory access PDMPs significantly 

reduced measures of misuse, including excessive quantity and doctor shopping behaviors, among 

the Medicare Part D population. Their results reflect a 5-6% decline in the share of opioid takers 

with overlapping claims (multiple scripts for the same drug at a point in time) and with more 

                                                
9 PDMPs are enacted and operationalized at the state-level; thus, each state follows its own mode of monitoring and 

enforcing that healthcare providers are utilizing the PDMP where mandated. Different state agencies may be 

responsible for administering the PDMP, including substance abuse or consumer protection or licensing agencies.  

In the majority of states (36 states), however, PDMPs are administered either by the state’s board of pharmacy or the 

department of health (Grecu et al. 2019). The state’s appropriate licensing board – typically the medical board 

and/or the board of pharmacy – has the authority to impose (or refer to the appropriate licensing agency to impose) 

disciplinary actions that can include revocation, suspension, or non-renewal of the provider’s license for 

inappropriate prescribing of opioids and failure to register on and refer to the PDMP. Any licensed prescriber who 

fails to register on the PDMP and query the system, or fails to submit the accurate prescribing information or 

inappropriately prescribes controlled substances, is also subject to other civil or criminal penalties as defined in each 

state’s legislation, which can vary across states. Referral to law enforcement agencies, however, is generally 

confined to cases wherein physicians are prescribing for diversion purposes; a warning or license suspension 
(following multiple warnings) is relatively more typical for non-compliance with PDMP mandates. States can also 

conduct frequent and automated analyses of their PDMP – generating reports on providers who exhibit problematic 

prescribing and dispensing – and use this information to investigate further and impose warnings and disciplinary 

actions as necessary. Disciplinary actions can result from such regular audits as well as from complaints originating 

from dispensers, law enforcement, or consumers regarding any inappropriate prescribing. States also can establish a 

Medicaid Fraud Control Unit to investigate suspicious behavior based on PDMP information. 
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than a seven-month supply, and an 8-16% drop in doctor shopping behavior (share of individuals 

obtaining opioids from five or more prescribers and pharmacies).   

Ali et al. (2017), based on self-reported information from the National Surveys of Drug 

Use and Health, also find a significant drop in doctor shopping (defined in their data as obtaining 

Rx drugs from two or more doctors) and a reduction in the number of days of misuse at the 

intensive margin (by about 42% relative to the mean).10 Grecu, Dave, and Saffer (2019) assess 

the effects of PDMPs on substance use disorder treatment admission flows stemming from 

various Rx drugs and on mortality from drug poisonings. They also confirm the broader findings 

and find statistically and economically significant reductions in these measures of misuse, with 

the largest effects concentrated on Rx opioid misuse and among young adults ages 18-24 (32% 

decline in treatment admissions and 26% decline in opioid-related mortality).11 Kaestner and 

Ziedan (2019) provide evidence of a significant first-stage with respect to prescribing patterns, 

and show that the adoption of a modern PDMP system accessible to all users is associated with a 

4-8% decrease in retail opioid prescriptions. 

2.2 Substance misuse, PDMPs and Crime  

 Most of the studies that have evaluated the impact of PDMPs have assessed measures of 

Rx drug misuse or associated health indicators, and at best assessed spillovers into the use of 

other drugs. Given the robust and consistent findings from this literature that certain forms of 

PDMPs have been highly effective, it is plausible that the reduction in Rx opioid misuse may 

also impact criminal behaviors. Broadly, substance use can affect crime through three pathways, 

                                                
10 They do not report marginal effects, but find approximately a 24% decline in the odds of doctor shopping 
associated with the must-access PDMP policies relative to voluntary PDMPs. 
11 The effectiveness of mandatory access PDMPs is driven by the sharp increase in utilization and query rates. For 

instance, the number of registered prescribers and pharmacists increased by 77% and 680% respectively, existing 

but inactive accounts decreased by 50%, and queries increased from an average of 11,000 per month to 1.2 million 

per month, following New York’s enactment of mandated use in August 2013 (see: 

http://www.pewtrusts.org/~/media/assets/2016/12/prescription_drug_monitoring_programs.pdf).   
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including a pharmacological effect by affecting aggression or violent tendencies, an economic 

effect whereby drug users may resort to income-generating crime in order to finance their drug 

use habit, and/or a “systemic” effect as participants interact in illicit markets that inherently tend 

to resort to a high degree of violence and criminal activity in their sales and distribution networks 

(Corman and Mocan 2000).12 These channels also point to important effects on both violent and 

property (income-generating) crime. 

 Various prescription drugs, including certain opioids and others that are likely to be 

misused, have been linked to reports of violence towards others. Based on data on adverse drug 

events reported to the FDA, Moore et al. (2010) find that many anti-depressants, sedatives, and 

drugs for attention deficit hyperactivity disorder are associated with serious acts of violence; 

oxycodone, an opioid, was among the top 20 Rx drugs associated with violence-related adverse 

drug events.13 Opioid-dependent fathers tend to be more violent towards their intimate partners 

(Moore et al. 2011), and behavioral symptoms of Rx drug misuse can include excessive mood 

swings and hostility.14  

If PDMPs are effective in reducing opioid misuse, and effective in reducing the use of 

other complementary substances such as cocaine and alcohol (which have also been linked to 

aggression and violence; Davis 1996; Corman and Mocan 2000), then we may see a reduction in 

violent crime. Decreased use and misuse of addictive substances, and better mental health, have 

generally been linked to lower rates of both property and violent crime (Grogger and Willis, 

2000; DeSimone, 2007; Cuellar et al., 2004; Markowitz, 2005; Marcotte and Markowitz, 2011; 

                                                
12 Violence occurs in drug markets partly because consumers and suppliers are not able to rely on contracts and the 

court system to resolve disputes. 
13 Number of violence cases for oxycodone was over 4 times greater than for all other evaluated drugs, adjusting for 

the volume of reports. 
14 See https://www.mayoclinic.org/diseases-conditions/prescription-drug-abuse/symptoms-causes/syc-20376813. 
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Fryer et al. 2013).15 Though these studies focused on illicit drugs such as cocaine and heroin, the 

broader causal link underscored here may also carry over to Rx opioids.   

More specific to Rx opioid misuse, doctor shopping has been found to be a significant 

source of diversion (Simeone 2017), including sourcing street dealers. Underground drug 

markets are particularly associated with violent crime as well as property crime. In this context, 

mandatory PDMPs represent an adverse supply shock not just for those who may be accessing 

opioids for non-medical use through the healthcare system but also for those who may be 

obtaining Rx opioids on the street. To the extent that this may lead to further declines in Rx drug 

misuse, criminal activity – both income-generating and violent crime – may decline. 

 On the other hand, disruptions to access of Rx drugs may also generate perverse or even 

no effects on crime through potential substitution and compensatory behaviors and generate 

important dynamics in the market response. For instance, in the context of methamphetamines, 

large supply-side disruptions have not been found to have any major effects on violent or 

property crime, and any transient changes in prices and indicators of misuse returned to pre-

interventions levels within 4-18 months (Dobkin and Nicosia 2009). In the context of Rx opioids, 

both substitution to other supply sources for the same Rx drugs as well as substitution to other 

illicit drugs are possible. Given that doctor shopping and physicians are an important supply 

source for patients who misuse opioids, constraining this access may lead them to seek out 

underground channels outside the healthcare system.   

There is some emerging evidence that supply-side interventions that limit access to 

opioids may increase the use of some other illicit substances. Notably, the reformulation of 

                                                
15 In order to bypass the endogeneity between substance abuse and crime and between mental health and crime, 

these studies rely on natural experiment and exogenous shocks, for instance exploiting changes in illicit drug prices, 

emergence of crack cocaine, and mental health treatment.  
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OxyContin into an abuse-deterrent formulation, and its market entry in 2010, has been found to 

be associated with a sharp increase in mortality from heroin overdose (Alpert, Powell & Pacula 

2018; Evans & Lieber 2019). Interactions with supply and distribution networks in illicit drug 

markets have been especially prone to violence, gang activity, and crimes involving guns.16 

Furthermore, the street price of Rx drugs tends to be considerably higher than the pharmacy price 

(Sajan et al. 1998; Surrat et al. 2012; Dasgupta et al. 2013), raising the total cost of access for a 

user substituting from the formal healthcare system to underground sources. Thus, if some users 

are now substituting to these underground supply sources as a result of the PDMPs, then this 

may lead to an increase in violent crime and possibly property crime.    

Very little work has evaluated broader spillovers of opioid-related interventions. In the 

only other study on PDMPs and spillovers into crime-related outcomes that we are aware of, 

Mallatt (2019) finds a strong increase (about 112% on average) in crime incidents related to 

heroin possession, with stronger effects in counties which had higher rates of oxycodone 

prescribing at baseline.17 Based on descriptive trends, some studies have linked the recent 

increase in homicide rates to the re-emergence of heroin and transition from Rx opioids to other 

illicit opioids (Rosenfeld 2016). Rosenfeld (2016) notes that the greater demand and entry of 

more users into the illicit drug market leads to greater opportunities and incentives for the sellers, 

and more disputes among sellers over territories and customer access and more disagreements 

between sellers and buyers can lead to greater violence. At the same time, studies directly linking 

                                                
16 Drug use has been found to be correlated with aggressive and violent behavior (Murray et al. 2008), and in terms 

of drug epidemics, the rise of heroin in the 1970’s and the crack cocaine epidemic of the 1980’s were both 
associated with substantial increases in violent crimes, including gun crimes and homicides (Szalavitz and Rigg 

2017). 
17 Mallatt (2019) focuses solely on heroin and opioid crime, specifically related to possession, in order to gauge 

spillovers from restricted access to Rx opioids on substitution into illicit opioids. Kaestner and Ziedan (2019) 

consider broader socioeconomic outcomes including employment, earnings, public assistance, and marital status, 

and find little evidence that state interventions targeting Rx opioids are significantly associated with these outcomes. 
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interventions targeted at Rx opioid misuse and spillovers on other illegal drugs are limited and 

have not reached a consensus and find very weak adverse or even beneficial effects on other 

illicit drugs (Meinhofer 2018; Grecu et al. 2019).18  

 The upshot of this discussion is that, while spillover effects on crime are plausible, the 

net effects of disruption to Rx opioid access on criminal behaviors are a priori indeterminate. The 

overall effects depend on the extent of potential substitution into other illicit drugs vs. the overall 

reduction in the pool of addicts. The various reinforcing and/or counteracting channels also 

suggest that there may heterogeneous responses across crime types, and in particular point to 

potentially important (negative or positive) effects on violent crime, which generate much of the 

societal costs associated with crime (McCollister et al. 2010). We provide the first study on the 

broader spillover effects of PDMPs on total crime and across specific crime categories. As 

policies and interventions proliferate at the federal, state, and local levels targeted at curbing the 

opioid epidemic, it is important to account for spillovers on other outcomes and markets. Hence, 

our study contributes more broadly towards understanding how supply-side interventions which 

disrupt access to Rx opioids in the healthcare system impact crime. Finally, this study contributes 

to the larger literature on the effects of substance use on crime, providing evidence on the causal 

link between Rx opioid misuse and crime by exploiting the adoption of the mandatory PDMP 

provisions as a source of exogenous variation in access to and diversion of Rx drugs.  

3. Data 

3.1 Crime 

                                                
18 Degenhardt et al. (2005) exploit a supply shock in Australia in 2001, which sharply reduced heroin supply, and 

find a transient increase in cocaine use among injecting drug users, which was associated with an increase in violent 

crime. Doleac and Mukherjee (2018) study the effects of Naloxone (an opioid antagonist, effective at reversing 

overdose from Rx opioids) access laws and find an increase in opioid-related theft associated with greater access to 

Naloxone. They attribute this to an ex ante moral hazard effect and to change in the composition of the population 

towards surviving active drug users, who are more likely to commit such crimes. 
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 We use measures of crime using data spanning 2003-2017 from the Federal Bureau of 

Investigation’s (FBI) Uniform Crime Reports (UCR) monthly files19, and use three separate 

datasets within the UCR, each providing complementary strengths.20 All law enforcement 

agencies that operate under a U.S. jurisdiction, state, county, city, university/college, tribal and 

federal law enforcement agencies, submit crime data to the UCR, either through a state UCR 

program or directly to the FBI’s UCR program. These files include the most commonly reported 

violent and property crimes (Part I crimes) including murder, manslaughter, rape, robbery, 

assault, burglary, larceny, and motor vehicle theft. Between 88 to 96 percent of the U.S. 

population is covered by agencies that report to the FBI’s UCR Program (Maltz 1999).  

For our primary analysis, we use the Offenses Known and Clearances by Arrests 

segments of the UCR. In addition to total crime, we estimate effects on Part I violent crime 

(homicide-murder and manslaughter, rape, robbery, assault and simple assault) and Part I 

property crime (burglary, larceny, and motor vehicle theft), as well as separately for each of the 

disaggregated crime types.   

Known crimes are considered the most accurate crime outcome as they are not an 

endogenous function of police enforcement; however, a drawback is that data on known crimes 

do not include information about the offender (or the victim). Thus, we also supplement our 

main analyses with information from the UCR Arrest Data, which are valuable for two reasons. 

First, arrest data include information on drug-related crimes.21 Second, arrest data include 

information on the demographics of the offender, which allows us to determine whether the 

                                                
19 Kaplan (2019) compiled the offenses, arrests and homicide UCR datasets in ICPSR. While the data on offenses 

known is available for 2017, the arrest data is only available until 2016.  
20 This is important and provides a validation check, given the inherent difficulties in measuring crime, a limitation 

not unique to our study.   
21 In particular, UCR Arrests report information for sale, manufacture or possession of: (1) 

opium/cocaine/derivatives, (2) marijuana, (3) synthetic narcotics, and (4) other dangerous non-narcotics. 
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propensity to commit crime changed in response to PDMP implementation differentially by age. 

Since young adults are more likely to engage in criminal activity in general and also the most 

likely to adjust their opioid use patterns in response to the implementation of PDMPs (Grecu et 

al. 2019), we expect the effect on crime among individuals of this age group to be 

disproportionately impacted by the policy. We further supplement our analyses with data from 

the UCR Supplementary Homicide Reports (SHR), with the added advantage that they contain 

information regarding the age of both the offender and the victim, albeit only for homicides.  

 Finally, it is important to note that the UCR data are reported at the agency level. Because 

of the heterogeneity in the reliability of reporting across agencies and the fact that a single non-

reporting agency may account for a substantial fraction of crime for a given geographical area, 

we follow the crime literature and focus on agencies that reported crimes consistently in all 12 

months of the year, every year (Maltz and Targonski, 2002). 

3.2 Prescription Drug Monitoring Programs 

While PDMP programs have been in existence for quite some time, in 2003 the 

Department of Justice began supporting initiatives to implement PDMPs, and the NAMSDL 

published the Model Prescription Monitoring Program Act and appropriated funds for its 

deployment (Dekker 2007). Thus, we chose to begin our analysis period in 2003, which provides 

a sample of PDMPs that are more homogeneous and potentially more effective across states. 

To model the impact of PDMP legislation on crime we follow the literature and use dates 

on which a state’s PDMP became operational derived from the Prescription Drug Abuse Policy 

System (PDAPS)22 and dates of implementation of mandatory-access provisions. Mandatory-

access provisions are stronger statutes that required all licensed prescribers and dispensers to 

                                                
22 http://pdaps.org/datasets/prescription-monitoring-program-laws-1408223416-1502818373 
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register on the PDMP and to query the PDMP prior to prescribing and dispensing controlled 

substances. We note that there is some heterogeneity across states in terms of mandatory access. 

For instance, Kentucky mandates access in the strictest sense in that it requires that both 

prescribers and dispensers must access the PDMP before writing and dispensing any script for 

controlled substances. In contrast, some states mandate access in limited circumstances or do not 

mandate access for all providers. For instance, Georgia only requires that physicians practicing at 

a pain clinic regularly check the PDMP on all new and existing patients and Florida only requires 

providers to check the database prior to prescribing but does not require dispensers to check the 

database prior to dispensing.23 

Thus, there is some heterogeneity in the PDMP definitions derived from the PDAPS. In 

supplementary analyses, we also model the impact of PDMPs, based on an alternate dimension 

and dates that have been highlighted in a recent study (Horwitz et al. 2018). Horwitz et al. (2018) 

contend that a salient consideration when modeling the impact of PDMPs is to assess 

effectiveness relative to when a state’s full modern, electronic PDMP system became operational 

and became directly accessible to all users (providers, law enforcement). They carefully 

assemble a legal database and report the dates based on these criteria, and further show these 

PDMPs to be negatively associated with measures of “doctor shopping”.  

3.3. Other Drug and Alcohol Policies 

In order to account for other confounding shifts, we control for several additional policies 

and laws that were enacted over the sample period and which may also potentially have impacted 

drug use and crime. Specifically, we control for ID Laws, which require pharmacists to request 

and check identification prior to dispensing controlled substances, and physical exam 

                                                
23 According to PDAPS, eighteen states have mandated access defined as “Does the state require prescribers to 

check the PDMP before prescribing controlled substances?”. 
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requirement (PER) laws, which require a physical examination or a bona fide physician-patient 

relationship prior to prescribing controlled substances. Dates of implementation of ID and PER 

laws are obtained from the National Conference of State Legislatures and the Centers for Disease 

Control and Prevention and are cross-validated with the review of individual state legislatures 

and the Federation of State Medical Boards.  

We further control for Naloxone access laws, which expand access to Naloxone to people 

other than the person at risk of overdose in order to facilitate friends and family of the user to 

administer the opioid antagonist in case of an overdose (Rees et al. 2019). We also control for 

Good Samaritan Laws, which exempt those who seek medical assistance for someone 

experiencing overdose from arrest and prosecution for minor drug and alcohol law violations 

(Rees et al. 2019). Information on these laws is obtained from the Policy Surveillance Program, 

which is funded by the Robert Wood Johnson Foundation and the Network for Public Health 

Law.24 Finally, we control for policies pertaining to marijuana legalization, marijuana 

decriminalization, medical marijuana, beer taxes, and whether the state has a 0.08 blood alcohol 

content (BAC) per se limit law. 

3.4. Demographic and Police Composition Data 

Police department employment data were obtained from the UCR Program Data: Police 

Employee (Law Enforcement Officers Killed and Assaulted Program - LEOKA) from 2003 to 

2017. Specifically, we control for the natural logarithm of the number of officers in the police 

force per 100,000 residents. We also control for state-level demographic composition using data 

from the bridged-race population estimates, which are produced by the U.S. Census Bureau in 

collaboration with the National Center for health Statistics (NCHS).25 In particular, we construct 

                                                
24 https://www.networkforphl.org/_asset/qz5pvn/network-naloxone-10-4.pdf 
25 https://wonder.cdc.gov/controller/datarequest/D9 
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the share of the population composed by minors, individuals ages 18-25, and males ages 18-25 

years, as well as the overall share of males. Additionally, we control for income per capita and 

seasonally adjusted unemployment rates, which were obtained from the U.S. Bureau of Labor 

Statistics and the County Business Patterns (CBP), and account for shifts in the state’s 

economy.26 Finally, we control for the poverty rate, and the share of residents with a college 

degree, some college, high school, less than high school.27  

4. Methods 

 Our empirical analysis is motivated by the mechanisms described above through which 

mandatory PDMPs, which have been shown to significantly reduce Rx opioid misuse, can have 

spillover effects on crime. To assess these relationships, we exploit variation in the timing of 

PDMP implementation across states, and estimate the following difference-in-differences (DD) 

specification:  

𝑌"#$ = 𝛼' +𝛽'𝑃𝐷𝑀𝑃#$ + 𝛽-𝑃𝐷𝑀𝑃#$ ∗ 𝑀𝐴#$ + 𝛿𝑋#$ + 𝛾$ + 𝛾" 	+ 𝜀"#$        (1) 

Equation (1) can be interpreted as a reduced-form crime supply function. The analysis is 

at the agency-year level j, and the outcome (denoted by 𝑌"#$) represents the natural logarithm of 

the rate of offenses known to police per 100,000 residents in a given agency j, in state s and year 

t. 28  Models are estimated for all Part 1 crimes, and separately for violent and property crimes. 

The variable 𝑃𝐷𝑀𝑃#$ is a dummy variable that indicates if a state has an operational PDMP in 

place, and 𝑀𝐴#$ is a dummy variable indicating that the state has enhanced its prescription drug 

                                                
26 Note that this dataset provides annual statistics for businesses with paid employees and excludes mostly 
establishments with government employees. 
27 These measures are obtained from the University of Kentucky Center for Poverty Research Welfare Data 

(http://www.ukcpr.org/data), and alternately computed from the Annual Social and Economic Supplement of the 

March Current Population Surveys. 
28 We add one to the counts before computing the rate in order to avoid dropping the agency-year observations with 

zero counts. 
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monitoring program and implemented stricter mandated-access provisions. The coefficient of 

interest is β1, which represents the net reduced-form effect of mandated PDMP use, relative to 

states that have an operational but voluntary PDMPs.   

All specifications control for an extended vector of socioeconomic and policy factors 

(𝑋#$) including demographic information (share of population composed by minors, individuals 

age 18-25, males 18-25 years of age, males), drug and alcohol policies (ID laws, PER laws, 

Naloxone laws, Good Samaritan laws, marijuana decriminalization, marijuana legalization, 

medical marijuana laws, BAC laws, beer taxes), police composition (number of officers in the 

police force) and other socioeconomic variables (income per capita, unemployment rate, poverty 

rate and share of residents that have a college degree, some college, high school, and less than 

high school).  

All specifications further include agency fixed effects (𝛾"), and year fixed effects (𝛾$). 

The agency fixed effects account for time-invariant differences across agencies (and hence time-

invariant differences across states, since agencies are nested within states). Time fixed effects 

account for national trends in crime rates over the sample period. We also present estimates from 

models that include treatment-specific linear trends (𝑀𝐴# ∗ 𝑡), to account for the possibility that 

states which ever-adopted enhanced provisions to their PDMPs may be systematically different 

than the non-adopting states, and models that include state-specific linear trends (𝛾# ∗ 𝑡), to 

account for unmeasured systematic time-varying confounding factors across all states (e.g. 

policing behavior, funds allocated to policing, funds allocated to education, among others).  

These controls account to some degree for systematic differential trends across implementation 

vs. non-implementation states prior to the policy. Given that the analysis is performed at the 

agency-year level, including state-specific trends is salient as most potential confounders such as 
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allocation of public funds or implementation of police training tactics would be implemented at 

the state and not at the agency level.29 Standard errors are clustered at the state level, and all 

models are weighted by the population covered by the agency (Angrist and Pischke 2007). 

We extend the baseline model in several ways. First, in addition to evaluating the effects 

on aggregated counts of all Part 1 crimes (per 100,000 residents), which implicitly assigns equal 

severity to each offense, we also evaluate effects on cost-weighted crime following Chalfin and 

McCrary (2018). The latter provides an estimate of the policy on the expected cost of crime 

based on a weighted aggregate of crime counts, with weights equal to the cost of each type of 

crime.30 This approach explicitly places a larger weight on more costly crimes, and typically 

violent crimes are more costly than property crimes, given the high victim and societal costs of 

the former. Second, since aggregated crime may mask nuanced changes in relatively infrequent 

crimes, we also explicitly assess effects of PDMP policy separately on each offense type. 

Specifically, the following crimes are evaluated: homicide (which combines murder and 

manslaughter), rape, robbery, assault, burglary, larceny, and motor vehicle theft. 

Third, drawing on the previous literature that has documented significant heterogeneity 

across age groups with respect to the non-medical use of opioids, we estimate the impact of 

PDMPs on crime conditioned on age group. While information on the offender’s and victim’s 

age is not contained in the UCR Offenses Known Segment, we can observe the offender’s and 

                                                
29 Previous crime literature exploits variation at the county or city level to evaluate the effect on crime or substance 

use at the agency level include a state by year fixed effect as the main specification in order to control for potential 

confounders such as the allocation of public funds on policing, education, changes in policing tactics and training, or 

socioeconomic conditions that usually vary at the state level (Bondurant, Lindo and Swensen, 2019; Swensen, 

2015). Because PDMPs vary at the state-year level, we cannot include a state by year fixed effects, but a state-
specific linear trend would take into account these confounders that vary linearly. Also, note that the treatment-

specific linear trends are nested within the state-specific linear trends. 
30 Estimating the effect on cost-adjusted violent and property crimes, or the expected cost of crime, as presented in 

Chalfin and McCrary (2018), takes into account that a policy that prevents a small amount of more socially costly 

crimes such as homicide could be more cost-effective than a policy that prevents a large amount of less costly 

crimes such as burglary. 



 20 

victim’s age and gender with respect to homicide incidents using the UCR Supplement of 

Homicide Report (SHR). In particular, we examine the following dependent variables: the rate of 

homicides where the offender (victim) was between the ages of 18-39 and 40 and over.31   

Fourth, we further exploit the SHR to evaluate whether the rate of homicides that 

involved a firearm or a knife changed in response to PDMP implementation. Illicit drug markets 

are more likely to involve interactions and networks prone to violence. In particular, studies of 

drug gangs show that a significant amount of gang activity involves homicide and assault (Levitt 

and Venkatesh 2000; Rainbow 2010; Klein, Maxson and Cunningham, 1991) and particularly 

gun-related homicide (Miron 1999; Levitt and Rubio 2005). If PDMPs impact interactions with 

illicit drug markets, violent crime, and homicides in particular, it is possible that the strongest 

impact among offenders may be among young adults - the group whose opioid misuse and 

adverse health events are most impacted by mandatory PDMPs (Grecu et al. 2019). 

Fifth, we also use information on the offender’s age from the arrest data, which have also 

been commonly used in the crime literature (Corman et al. 2014). Specifically, we re-estimate 

Equation (1) for total arrests for adults 18-30 and over 40. Another advantage of these data is that 

they allow separate analyses for drug-related arrests, which we capitalize on to assess effects on 

arrests related to specific categories of drugs.  

A critical assumption necessary for the DD research design to credibly identify the causal 

effect is that trends in non-implementation states are a valid counterfactual for trends in 

implementation states in the absence of mandatory access provisions (Angrist and Pischke 2007; 

                                                
31 The age of the victim is missing only in 1.3 % of the incidents while the age of the offender is missing for 35% of 

the incidents and therefore the results pertaining the effects on demographics of the offender must be interpreted 

with caution. 
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Colman and Dave 2018). We conduct a fully-specified conditional event study based on the 

following specification. 

𝑌"#$ = 𝛼 + ∑ 𝛽8" 𝐼[𝐷#$8 = 1] + 𝛿𝑋#$ + 𝛾$ + 𝛾" + 𝜀"#$         (2)   

In this specification 𝐷#$8  is an indicator that has the value of one when state s has enacted 

a PDMP k years away from the contemporaneous period and we estimate this event study using 

both the voluntary PDMP implementation dates as well as the mandatory access dates from 

PDAPS. Note that when k<0 it indicates lead pre-policy effects, that the PDMP will be enacted k 

years in the future, and when k>0 it indicates post-policy effects, that the PDMP program was 

enacted k years in the past. We normalize 𝛽=- to zero and therefore all parameters 𝛽8 for k 

between -4 and 4 should be interpreted as the policy effect on crime relative to the year prior to 

implementation. We also impose endpoint restrictions for periods at least five years away from 

the year of implementation, which prevents us from assigning unequal weight to states that 

enacted PDMP particularly early or particularly late given the unbalanced sample. 

The event study framework serves two functions. First, it allows us to directly test for 

differential pre-policy trends by evaluating the magnitude and significance of the lead 

coefficients (k<0). Second, the event study allows us to decompose the dynamics of the main DD 

effect from Equation (1). That is, the main DD effect represents the average effect on crime over 

the post-policy window. For instance, Grecu et al. (2019) show that, while mandatory PDMPs 

are highly effective, the effects become stronger over time. This compounding is partly due to 

the diffusion of physician knowledge and training as they become more versed with using the 

PDMPs, partly because there may be lags in the disruption to supply due to stockpiling, or 

because it may take time for the total pool of addicts to decrease. Furthermore, even if access to 

Rx opioids is disrupted, alternate sources may substitute over time or there may be substitution 
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into heroin and other illicit drugs (synthetic opioids) in the shorter or longer term. The event 

study allows us to capture any such dynamic effects that may either accumulate or dissipate over 

time.  

Finally, to evaluate the validity of our empirical estimates we perform a placebo check 

similar to the randomization inference outlined in Abadie and Gardeazabal (2003). In this 

falsification exercise, agency-year indicators for whether mandated access is active are re-

shuffled and randomly assigned. Equation (1) is then re-estimated with this placebo or “shuffled” 

pseudo-PDMP indicator, and this process is repeated 300 times, each time using a different set of 

placebo indicators. Once the estimation is complete, all 300 placebo coefficients are plotted and 

compared with the results of our primary DD analysis.   

5. Results 

 

5.1. Summary Statistics 

Due to the fact that some agencies do not report offenses every year, decreases in crime 

could be driven by actual decreases in crime or could be driven by agencies not reporting crimes 

on that year. In order to avoid that problem, our main analysis is restricted to the 9,136 agencies 

that report crimes in all years between 2003 and 2017 and that report offenses all 12 months each 

year between 2003 and 2017.32  

Panel A of Table 1 presents the summary statistics of offenses known to police for all 

agencies in the sample (columns 1-2), and agencies that reported all 12 months and reported data 

each year between columns 2003-2017 (columns 3-4). In terms of crime rates for the entire 

                                                
32 We also estimate the model restricting to agency-year cells that report offenses all 12 months regardless of 

whether they do so for all years between 2003 and 2017. We further analyze offenses known to police restricting the 

agencies to those that report crimes all years between 2003 and 2016 and that belong to cities with at least 10,000 

residents and the results are similar. The last restriction excludes cities with population smaller than 10,000, MSAs 

and non-MSAs. These results will be provided upon request. 



 23 

sample, overall there were approximately 2,240 crimes per 100,000 residents with 212 (9%) of 

these constituting violent crimes and the other 2,027 (90%) being property crimes. The violent 

crime with the highest crime rate is aggravated assault with 152 incidents per 100,000 residents 

while the least frequent violent crime is homicide with 2.4 incidents per 100,000 residents. 

Among property crimes, the most prevalent property crime is larceny with 1,487 incidents per 

100,000 residents while the least prevalent property crime is motor vehicle theft with 129 

incidents per 100,000 residents. While the means for the subsample we use in the main analysis 

are expectedly higher due to more complete information on all reporting agencies, the relative 

shares of violent and property crime in total crime, and the shares of the specific offenses in 

violent and property crime, remain largely unaffected.  

Panel B presents summary statistics for the Supplementary Homicide Reports (SHR), 

where the first two columns correspond to the entire sample and the last two columns correspond 

to the subsample used in this study. Because the original SHR dataset reports homicides at the 

incident level, agencies only appear in the dataset as long as they reported a homicide and 

therefore the SHR is potentially restricted to agencies where homicide is more prevalent. A 

missing agency-year can occur either because the data are missing or because there were zero 

homicides during that period. In order to avoid this issue, we restrict the analysis to agencies that 

appear in the data every year, and hence report at least one homicide every year throughout the 

period studied. This is reflected in the fact that the number of homicides that occurred with a 

firearm are much larger in the subsample used.33 

                                                
33 We restrict the SHR analysis to agencies that correspond to cities with a population of at least 10,000 that reports 

data every year instead of restricting the analysis to agencies that report all 12 months because the latter would 

imply restricting the analysis to agencies that reported at least one homicide each month. The discrepancies between 

the murder rate and the murder rate conditional on any given age group occurs because not every incident reports 

demographics of the victim. As we mentioned earlier, demographics of the offender are largely missing.  
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Finally, Panel C presents summary statistics of the arrest dataset. Patterns of arrest rates 

(e.g. property crime arrests are more prevalent than violent crime arrests, murder is the least 

prevalent violent crime, among others) remain unchanged when we restrict the sample to 

agencies that report all 12 months and report crimes every year in the observed period. In 

addition, the patterns of arrest rates follow closely the patterns we observed among offenses 

known to police. 

5.2 Effect of PDMPs on Part I Crimes 

Table 2 presents the coefficients 𝛽' and 𝛽- from Equation (1) using agency-year level 

data, where the dependent variable is the natural log of the number of offenses per 100,000 

residents. We also report estimates for the impact of mandatory access PDMPs, relative to no 

PDMP, using a model with mutually exclusive categories for voluntary and mandated PDMP.  

We present estimates for total Part I offenses, and then separately for violent and property 

offenses. Panel A presents the effects for aggregated crime counts, and Panel B presents effects 

on cost-weight crime counts, explicitly weighting each crime type by its total societal cost 

following Chalfin and McCrary (2018).  

For each crime outcome, we estimate the baseline model, and then progressively add the 

treatment-specific trends and the state-specific trends in order to control for potential 

confounders and policies that likely vary at the state level and the less-than-perfect nature of the 

natural experiment. Our preferred estimates are the ones that include these trends, though it is 

reassuring that estimates are not largely sensitive to these controls or how we control for these 

trends (state-specific or treatment-specific). We present estimates from an event study 

framework later to more explicitly assess the parallel trends assumption and effect dynamics. 
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The estimates in Table 2 suggest three main findings. First, there is little indication that 

voluntary PDMPs have had any economically or statistically significant effect on crime. This is 

consistent with much of the prior work that concludes that merely having an operational PDMP 

without any mandate on providers to query the databases has not been effective in reducing Rx 

drug or opioid misuse (Haegerich et al. 2014; Buchmueller and Carey 2018; Grecu, Dave and 

Saffer 2019). Second, we do find evidence that mandatory-access PDMPs significantly decrease 

crime. Specifically, mandatory PDMPs are found to significantly reduce overall crime by about 

5-6%, relative to voluntary PDMPs. Since virtually all states have an operational PDMP 

currently, these “add-on” effects are policy-relevant given that they inform what may happen if 

these states enhanced and mandated use of these systems. The total effect of moving from no 

PDMP of any kind to a fully mandated PDMP is significant and implies about a 7-8% reduction 

in total crime (based on models that control for trends).  

Third, results largely hold when offenses are disaggregated into property and violent 

crime – voluntary PDMPs do not significantly reduce crime and mandatory access PDMPs do. 

However, some of these effects are imprecisely estimated. In general, these estimates imply 

about a 4-5% reduction in property and violent crime as a result of stricter PDMPs. Results in 

Panel B are largely similar and indicate a comparable reduction in total expected crime costs, 

driven by both a reduction in violent and property crimes. In Table 3 crimes are disaggregated 

into specific types of offenses (homicide, rape, robbery, assault, burglary, larceny, and motor 

vehicle (MV) theft). Similar to Table 2 – voluntary PDMPs are generally found to have no 

significant effect on any of the offense types. In contrast, mandatory-access PDMPs have a 

robust and significant negative effect on both assault and burglary. Also, while results are 

sensitive to model specification and disaggregated crime data are more subject to noise, we also 
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find a negative effect of mandatory-access PDMPs on homicide, robbery, and motor vehicle 

theft.   Generally, mandatory-access PDMPs are found to reduce offenses on the order of about 

5-10%.  

A limitation of offenses known segment of the UCR is that it does not contain 

information about the age of either the offender or the victim. There are several reasons to use 

the other UCR segments that contain demographics about the offender and victim. First, 

reflecting an age-crime gradient (Ulmer and Steffensmeier 2014), engagement in criminal 

activity tends to peak into late adolescence and early adulthood. Second, young adults ages 18-

24, followed by adults ages 25-44, tend to have the highest prevalence of non-medical use of Rx 

drugs and dependence on pain relievers, though misuse has also been increasing among older 

adults.34 Third, prior work has shown that young adults, and in particular young-adult males, 

have experienced the largest decrease in opioid misuse and related mortality as a result of 

mandatory access PDMPs (Grecu et al. 2019).35   

To incorporate information about the offender and victim Appendix Tables A1 and A2 

present estimates from FBI UCR arrest rates, which are commonly used in the crime literature 

(see for instance, Corman et al. 2014, 2017). It is validating that these estimates are largely 

consistent with those from the Offenses Known Segment. They consistently show that 

mandatory PDMPs are associated with a reduction in total arrests and are driven by both a 

reduction in violent and property crime arrests. The effect magnitudes are also similar to those 

reported in Table 2, implying a decline on the order of about 5-6%. Decomposing these effects 

                                                
34 Data from 2014 National Survey of Drug Use and Health indicate that the prevalence of Rx drug abuse and 

dependence (pain reliever abuse and dependence) is 3 times (2.8 times) higher and 2.6 times (2.5 times) higher 

among adults ages 18-25 and ages 26-44 relative to adults 45+, respectively.    
35 We also estimate the effect of PDMP with an alternative subsample of agencies that report crimes during all 12 

months every year of the study and explore with defining the dependent variable as the log or as the log plus one in 

order to avoid agencies with zero counts and the results remain unchanged. See Table A2 and A3.  
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into specific crime types, we find a significant reduction in assault, burglary, and motor vehicle 

theft, particularly among young adults (ages 18-39). There is also a suggestive decline in 

robbery, assaults, burglary, and motor vehicle theft (5-13%).36  

5.3 Homicide 
 

Given that we find significant effects of PDMPs on homicide, we further evaluate 

whether this effect is also reflected in data from the UCR Homicide Supplements. Based on the 

Homicide Supplements we are further able to evaluate the extent to which the effect of PDMPs 

on homicides is driven by a particular demographic group among offenders (gender and age), to 

what extent it happens to a particular demographic group of victims, and whether the effects are 

driven by homicides involving a particular weapon or firearms. For consistency, we aggregate 

the data at the agency-year level.  

Table 4 presents the results of the DD model estimated with the UCR Homicide 

Supplements where the dependent variable is the natural log of the number of homicides per 

100,000 residents, conditioned on demographics. Results are broadly in line with the results in 

Table 3 in that voluntary PDMPs are not found to have a statistically significant impact on 

homicides, and mandatory-access PDMPs are found to have a significant impact.  

Columns 2-3 of Table 4 report the effects of PDMPs on weapon used. The results indicate that 

mandated PDMPs decreased the rate of homicides that occurred with a firearm by approximately 

7-14%. If stricter PDMP regulations affects the circumstances under which individuals access 

the illicit drug market, wherein interactions are particularly more likely to involve guns, one 

                                                
36 In addition, we computed a pairs cluster percentile-t bootstrap (Cameron and Miller, 2015; Hansen, 2018; 

Cameron, Gelbach and Miller, 2008), where we resample states and for every resample compute a bootstrapped t-

statistic for the true null hypothesis that the bootstrap coefficient is equal to the full sample coefficient. The 

percentiles of the bootstrapped t-statistics can be used to adjust up or down the full sample standard error. This more 

refined approach to inference leaves our main results unchanged in terms of their qualitative conclusions. See 

Cameron and Miller (2015) for a description of paired-clustered percentile t-bootstrap. 
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would expect more pronounced effects on gun-related homicides. Previous literature has found 

that the drug market contributes to violent disputes, murders, and non-fatal shootings with 

handguns (Maher and Dixon 2001; Blumstein 1995; Maher and Dixon 1999; Ramussen et al. 

1993; Miron 1999; Levitt and Rubio 2005; Sullivan and Elkus 2008).37 The reduction in 

homicides, and in particular homicides involving handguns, suggest that overall, PDMPs may 

not have increased interactions with the illicit drug market. This is prima facie consistent with 

the prior literature that found that these interventions resulted in a net decrease in opioid misuse 

and related health consequences. 

Columns 4-5 evaluate the impact of PDMPs on homicides of victims conditioned on age. 

Results indicate that mandatory access PDMPs reduced the number of homicides where the 

victim was between ages 18-39 by 7-13% and the number of homicides where the victim was 

over 40 by 8%.38 Both of these effects are statistically significant at conventional levels. The last 

two columns present evidence that the number of homicides committed by individuals between 

the ages of 18-39 decreased by about 9%, with a similar magnitude of effect among older 

offenders.39 As noted previously, the effects on the offender’s demographics must be interpreted 

with caution because the demographics of the offender are largely missing.  

Table 5 presents the effects of PDMP on the demographics of the victim (Panel A) and 

offender by gender (Panel B) and can be summarized as follows: There is a decrease in the rate 

of male homicide victims of 6-11% and this is driven mostly by a decrease in homicide rate of 

18-39 year old men of approximately 6-12%. There is a decrease in the rate of female homicide 

                                                
37 On the other hand, prohibiting drugs or disrupting drug markets also lead to the inevitable consequences of gun 

violence and homicides (Werb et al, 2011). 
38 The effect on victimization of older adults is not statistically different from that for younger victims.  
39 Results a close to zero for models estimated with no time trends and the results for offenders over 40 are less 

precisely estimated.  
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victims of 14%, driven by larger effects among older females (40+). As indicated by the means 

reported in the table, homicide is a crime where the offender and victim are typically male. 

Hence, even if relative effects for female victims are similar, these estimates from the 

demographic composition of homicides suggest that the decline that we find in homicides is 

primarily driven by a decline among young adult male victims (ages 18-39). 

Alternately we can also turn to arrests to identify whether the effects are different among 

younger or older adult offenders. Appendix Table A1 presents evidence that the decrease in 

overall and property crimes are somewhat higher among 18-39 year olds than among individuals 

over age 40. On the other hand, the effect of PDMP on violent crimes are generally similar in 

magnitude among younger or older adults. It should be noted that, though these relative effects 

are more or less similar, the effect sizes imply substantially larger reductions in the total number 

of crimes committed by young adult offenders (given that young adults commit more crimes than 

older adults).  

5.4 Event Study and Timing of the Effects 
 

We visually present the event study in Figures 1-4. Specifically, Figure 1 presents the 

coefficients 𝛽" from Equation (2) corresponding to dates of mandated access implementation, for 

total Part 1 crimes, and Figures 2 and 3 present the corresponding estimates for violent and 

property crime rates respectively. Figure 4 separately presents the event study coefficients using 

the dates of voluntary PDMP implementation.40  

Our event-study results underscore four points, all of which instill a degree of confidence 

to our estimates. First, there is consistent, dynamic evidence that voluntary PDMPs did not 

                                                
40 Given the inherent noisiness of the crime data, a limitation not unique to our study, disentangling the timing of the 

effects is an imprecise exercise.  Furthermore, dynamics in the effect magnitudes (shorter vs. longer term effects, for 

instance) may also capture differential effects across early vs. later adopters (Rees et al. 2019), and estimates should 

be interpreted with care. 
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impact crime rates in any significant manner (Figure 4). Given that most of the literature has 

found little to no first-order effects of these discretionary programs on opioid misuse, this result 

adds confidence to the validity of our model. Second, we find that the lead pre-policy effects are 

close to zero (e.g. the coefficients 𝛽" are statistically indistinguishable from zero for t<0), which 

indicate that the reduction in crime only materializes after the implementation of mandatory 

PDMP. This suggests that PDMPs were not endogenously implemented in response to changes 

in crime trends.  

Third, figures 1-3 suggest that a reduction in crime materializes after the implementation 

of the mandatory access PDMPs.  These results are also reflected in the expected cost of crime.41 

Fourth, there are important dynamics in the treatment effects. For violent crime, the post-policy 

effects persist up to our window of observation (4 years); there also appear to be lagged effects 

of the policy such that the effects on violent crime get stronger over time. Lagged effects are 

indicated in prior work, and plausible, given the time it takes for physicians to learn and become 

well-versed in accessing the databases. Also, this makes sense given the potential lags between 

restricted access to Rx opioids and substitution into alternate sources or diversion into treatment 

(Grecu et al. 2019).42  

For property crime, the post-policy effects are negative for a while but then tend to 

rebound back to pre-policy levels by the last year of our observation window. This is consistent 

                                                
41 Figure A1 presents the coefficient corresponding to the event study using the dates of modern fully accessible 

PDMP systems from Horwitz et al (2018) and the results remained similar. Since the dates presented in Horwitz et 
al (2018) are not as recent as those of the PDAPS mandated access, we show a longer event study when using those 

dates, where we estimate dynamic effects within a five-year period and impose endpoint restrictions where 𝛽8 = 𝛽̅  

if 𝑡 ≥ 6 and 𝛽8 = 𝛽  if 𝑡 ≤ 6. The endpoint restrictions prevent us from assigning unequal weight to cities that 

enacted their PDMP particularly earlier or later given that the sample is unbalanced in event time (Kline, 2014; 

McCrary, 2007).   
42 Prior work in the context of heroin (Moore and Schnepel 2018) also finds that a supply shock that increased the 

price of heroin by 400% resulted in a short term smaller increase in property crimes accompanied by a longer term 

decline; indicating that an average post-policy effect may mask important dynamics in the presence of drug 

transitions. 
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with Dobkin and Nicosia (2009) who also found that changes in prices and misuse indicators 

related to supply-side interventions, albeit for methamphetamines, were transient and returned to 

pre-intervention levels within two years. In terms of non-cost adjusted crime rates, the transient 

effects for property crime dominate those for violent crime and hence Figure 1 also suggests that 

total crime may revert back within four years. However, when one accounts for the relative 

severity of violent crime, cost-adjusted crime rates (Figure 1) – where violent crime carries a 

larger weight - continue to show a sustained decline. The discrepancies between crime rates and 

cost-adjusted crime rates arise because the more socially costly crimes are the least prevalent. 

While a very small change in crime would be unlikely to noticeably change crime rates, the cost-

adjusted measure would capture it if these crimes are costly.  

5.5 Robustness Checks and Falsification Diagnostics 

Drug Arrests 

One advantage of the arrest data is that they allow separate analyses for drug-related 

arrests, which we capitalize on to assess effects on arrests related to specific categories of drugs. 

Previous work has reported strong net decreases in opioid misuse among younger adults as a 

result of PDMPs (Grecu et al. 2019). Hence, if there is a decrease in Rx opioid misuse, and some 

of these individuals are diverted into treatment and do not substitute into other illicit drugs, then 

we would not expect strong effects on drug arrests. Drug-related arrest data are subject to 

measurement error and the effects of PDMP on drug-related arrest rates are largely imprecise.  

Nevertheless, Appendix Table A3 presents some evidence of a decrease in arrests related 

to drugs offenses in general. This decrease is primarily driven by synthetic drugs (manufactured 

addicting narcotics such as Demerol and methadone) and by other non-narcotic drugs (e.g. 

barbiturates and Benzedrine). Previous literature has found a diversion effect from opioids to 
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heroin, but our specification does not have sufficient power even though the effects are positive 

and suggestive of an increase of about 5% among younger adults. In addition, some recent work 

has found that opioids and marijuana may be substitutes, and that medical marijuana may be 

associated with a decrease in opioid use and misuse (Liang et al. 2018; Bachhuber et al. 2014). 

Consistent with this literature, we find a positive effect on marijuana-related arrests (on the order 

of 6%); however, this effect is statistically insignificant at the conventional level and not 

consistent across the trend controls.43  

Falsification Diagnostics 

As discussed in the previous section, we perform a placebo check similar to the 

randomization inference outlined in Abadie and Gardeazabal (2003) in order to evaluate where 

our results fare relative to a placebo analysis where agency-year indicators for whether mandated 

access is active are re-shuffled and randomly assigned. For this falsification exercise, we 

estimate equation (1) with an iteration-specific “shuffled” or placebo pseudo-PDMP indicator 

and repeat this process 300 times. Figures 5 presents the coefficients of these iterations for the 

300 placebo parameters alongside the actual main policy effect and visual inspection suggest that 

the estimated effect of PDMPs is considerably different from the placebo estimates for the total 

crime rates as well as for the cost-adjusted crime rates. Figure A2 presents the coefficients of a 

similar exercise using the dates presented in Horwitz et al (2018) and the results remain similar.  

Other Specification Checks 

We implemented the following additional checks to verify that our main results are 

robust to alternate specifications and adjustments for sampling issues, and to assess and these 

                                                
43 We further examine the relationship between drug-related arrests and PDMP implementation using the dates from 

Horwitz et al (2018) and those results present evidence of a decrease in arrests related to “other drug” (e.g. 

Barbiturates and Benzedrine) that is statistically significant at the conventional level. 
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results are available upon request. First, we alternately specify the outcome as the crime rate or 

the natural log of the count of offenses (or arrests). Second, we estimate models using inverse 

hyperbolic sine transformation (that can account for zero cell counts without having to add one 

in the log models), fixed effects Poisson and negative binomial specifications. Third, we evaluate 

the sensitivity of our results to weighting. In our main analyses, we weight all models by the 

agency population, which produces a policy effect that represents an average over individuals (as 

opposed to an average over agencies, if the models are unweighted) and can also improve 

precision of the estimates since crime rates in a small agency may be more variable over time. 

Our coefficient estimates, patterns of results, and general conclusions are not materially affected 

by unweighting.  

Fourth, we aggregated up all crime data to the state-year level, and re-estimated all 

specifications. Aggregation did not materially impact our results. Finally, in our main analyses 

we restricted the analyses to those agencies that consistently reported their crime statistics for 

every month of our sample period (that is, reported over all 180 months over our 2003-2017 

sample period). As a robustness check we instead use agency-year cells that consistently reported 

over all 12 months in a given year, yielding an unbalanced panel of agencies (that still 

nevertheless reported consistently over all 12 months in the given calendar year for which we 

included their data). All of our estimates, in terms of signs, magnitudes, and statistical 

significance, remain robust in this expanded sample. 

5.6 Alternate PDMP Measures 

 The bulk of the recent literature that has evaluated the effectiveness of PDMPs (for 

instance, Grecu et al. 2019; Buchmueller et al. 2018; Ali et al. 2017) stress the importance of 

differentiating mandatory access provisions to PDMPs. These studies find strong evidence that 
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mandatory provisions have effectively reduced measures of opioid misuse. In recent work, 

Horwitz et al. (2018) stress another important dimension of such programs, notably when a 

state’s full modern, electronic PDMP system became operational and became directly accessible 

to users (all key providers, law enforcement). They show that this aspect of PDMP deployment is 

significantly and negatively associated with doctor shopping and negatively associated with the 

dispensing of Rx opioids.  

Given this evidence of a “first-stage”, that such PDMPs appear to have reduced Rx 

opioid misuse, we also assess whether this dimension produces declines in crime consistent with 

mandatory access provisions. Appendix Table A4 and A5 utilize these alternate dates of modern, 

electronic, and fully accessible PDMP deployment from Horwitz et al. (2018) to assess effects on 

crime (based on both offenses known and the arrests). It is validating that these estimates largely 

confirm our previously discussed findings; they indicate a significant reduction in total crime as 

well as in violent and property crime, on the order of about 4%. Also, figure A1 graphically 

presents estimates from the event study analysis of PDMP deployment using the dates presented 

in Horwitz et al (2018). Reassuringly, the lead effects are insignificant and close to 0 in 

magnitude, suggestive of parallel pre-policy trends between the treated and control states. 

Furthermore, where there are reductions in crime, they materialize only after the deployment of 

the modern and fully accessible PDMP, with dynamics consistent with those discussed above 

with respect to mandatory PDMPs. 

5.7 Effects in Context  

 Our estimates thus far suggest that mandatory access PDMPs have led to a significant 

reduction in overall crime, in both violent and property crime. The effect magnitudes indicate 

about a 5% reduction in the total number of offenses overall, and specifically a 7% reduction in 
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the number arrests among young adults. These are reduced-form estimates that directly link the 

policy lever to a key societal outcome. We can combine the reduced-form effect on crime with 

the reduced-form effect on Rx drug misuse from the literature to impute an “implied instrumental 

variables” (IV) estimate of the structural effect of shifts in Rx drug misuse on crime.44 

Specifically, Grecu, Dave and Saffer (2018), based on similar DD and event-study specifications, 

find robust evidence that mandatory PDMPs reduced Rx opioid misuse among young adults ages 

18-24 by between 26-32% (26% for opioid-related mortality, and 32% for treatment admissions).  

Combining these sets of estimates, the implied IV-based elasticity of total crime with respect to 

Rx opioid misuse is about 0.2 for young adults.45 This effect in line with the literature relating 

other substances (heavy alcohol use, crack cocaine) to crime (Grogger and Willis 2000; 

Carpenter 2007; Fryer et al. 2013).   

 We can further use these sets of estimates to project the numbers of arrests that could be 

prevented at the margin from reducing Rx drug misuse. In 2017, about 2.5 million adults (ages 

18-25) misused opioid pain relievers (based on the NSDUH), and law enforcement made about 

2.21 million arrests among this age group (based on the UCR Arrest files). The reduced-form 

estimates indicate that mandatory PDMP provisions may have decreased the number of young 

adult Rx opioid misusers by about 750,000 and decreased total arrests among young adults by 

about 154,700. This indicates that for every 5 or so fewer Rx drug misusers, about one arrest 

appears to have been averted. Thus, the marginal effect of Rx opioid misuse on arrests is also 

about 0.2 (154,700 / 750,000). This compares to an average probability of an arrest relative to 

                                                
44 Note that the causal effect of Rx drug abuse on crime (∂Crime / ∂Rx Abuse) can be decomposed as the ratio of 

two reduced-form effects: (∂Crime / ∂Rx Abuse) = (∂Crime / ∂PDMP) / (∂Rx Abuse / ∂PDMP) 
45 The reduced-form effect of the policy on crime is about 7% and the reduced-form of the policy on Rx opioid 

abuse is about 30% (26-32%), among young adults. Thus, the implied IV elasticity, akin to a Wald estimate, is: (-

0.07 / -0.30) or 0.2.  
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having ever misused opioids, of about 0.31.46 Hence, the marginal probability implied by our 

estimates is reasonable and “in the ball park”; that it is somewhat smaller than the average 

probability may imply a concave crime production function with respect to Rx opioid misuse. 

 While these imputed estimates help to frame the potential importance of PDMPs in 

affecting crime, help derive a structural causal effect of Rx drug misuse on crime, and also help 

assess the plausibility of the effect magnitudes, they are meant to be suggestive and should be 

interpreted with caution. The implied structural causal effect of Rx misuse on crime assumes that 

shifts in Rx opioid misuse are the only proximate channel through which mandatory access 

PDMPs affect crime, which appears plausible. Furthermore, small changes in the underlying 

reduced-form effects (numerator and denominator of the Wald estimate) can lead to large 

changes in the implied structural effect. Finally, the structural effect represents a local average 

treatment effect, capturing how Rx drug abuse impacts crime for the marginal misuser who is 

deterred from misusing Rx drugs due to the access restrictions (though they may substitute into 

other drugs, or transition into treatment and complete abstinence). Nevertheless, this exercise 

provides some validation that the effect sizes are of a plausible order of magnitude, being 

consistent with prior “first-order” effects of the policy on Rx opioid misuse and also consistent 

with descriptive data on the percent of opioid misusers who are arrested. 

6. Conclusion 

The misuse of opioids in the United States has quadrupled in the last 15 years and has 

reached epidemic proportions. In an attempt to mitigate opioid misuse almost every state has 

implemented a PDMP, and while the early literature on the effects of PDMPs did not find these 

programs to be effective, numerous recent studies have found a significant effect of mandatory-

                                                
46 Data from the 2014 NSDUH indicate that among young adults ages 18-24, who had ever misused opioid pain 

relievers, 31.1% had reported being arrested. 
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access PDMPs on both the misuse of opioids and opioid related deaths (Grecu, Dave, and Saffer 

2018; Buchmueller and Carey 2018; Alpert, Powell, and Pacula 2017). However, there are costs 

associated with PDMPs, particularly mandatory-access PDMPs, and there is still some debate 

regarding the appropriateness of PDMP legislation.  

Furthermore, while the recent opioid epidemic has its roots within the formal healthcare 

system and originated with the rapid growth in the prescribing of opioid analgesics, it is unclear 

how restricting Rx opioids per se within the healthcare system would impact societal outcomes 

and population well-being. On the one hand, such restrictions may reduce overall misuse and 

adverse health consequences, though there may also be unintended costs due to the possibility 

that individuals may substitute to other illicit drugs or more dangerous supply channels to 

continue their habit. This study contributes to this debate and presents some of the first empirical 

analyses on the broader spillover impact of PDMP mandates on non-health related domains. Our 

study also more generally informs the question of how policies that specifically restrict the 

prescribing of opioids (and other controlled drugs) impact an important societal outcome, overall 

crime. 

We find consistent evidence that stricter and well-deployed PDMPs, but not voluntary 

PDMPs, have led to a reduction in criminal activity. Our main estimates suggest that the stricter 

PDMP regulations reduced overall crime by about 5%, which is driven by reductions in violent 

crimes (4%), specifically homicides, as well as property crime (5%), specifically burglary and 

motor vehicle theft.47 Though PDMPs were not implemented as a tool to fight crime, its 

implementation has affected crime to an extent comparable to more controversial and costly 

                                                
47 The decline in property crime is consistent with a large literature that links substance use to crime and finds 

evidence of an economic effect whereby addicts may resort to property crime as a way to fund drug habits 

(Carpenter 2007; Silverman and Spruill 1977; Manzoni et al 2006). 
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policies, such as increasing the size of the police force by approximately 10% (Evans and Owens 

2007; Chalfin and McCrary 2007)48. 

The reduction in violent crime, and in particular homicides, may reflect the 

pharmacologic and systemic effects linking substance misuse to crime. Prior work has found that 

mandatory PDMPs have led to robust reductions in opioid misuse and overdose-related 

mortality. Even if some of these individuals are substituting into heroin or alternate underground 

supply sources for Rx drugs, the reduction in crime we find implies that on the net the marginal 

Rx drug misuser, who is impacted by the PDMP restrictions, has less exposure to the illicit drug 

market (which is strongly associated with violence, homicides, and gun-related deaths; Werb et 

al. 2011), has less exposure to the pharmacologic effects of the drugs (which may further help to 

reduce violence and aggression), and has less of an incentive to resort to crime to fund their drug 

addiction.49 

 The Centers for Disease Control and Prevention (CDC), Government Accountability 

Office (GAO), and the President’s Opioid Commission (U.S. GAO 2009; Christie et al. 2017) 

have all stressed that in order for PDMPs to be effective, providers must access the data. They 

underscore the importance of moving towards universal registration and utilization, and 

recommend that all states institute mandatory access provisions. PDMP mandates are 

proliferating, though these mandates continue to face some opposition by physician and dentist 

groups on the grounds that they are intrusive, burdensome and difficult to implement in practice, 

                                                
48 To put this in cotext, given the cost-weighted crime elasticity of -0.21 to -0.47 of police and crime (Chalfin and 

McCrary, 2017), the 4%-6% decrease in the expected cost of total crime driven by the implementation of mandated 

access PDMP has an effect comparable to a 10% increase in the police force. Given the high cost of expanding 
policing services as the annual salary of a police officer in 2018 is $65,400 as estimated by the Bureau of Labor 

statistics (last accessed October 1st, 2019), expanding PDMP to mandated access PDMP may be a cost-effective tool 

to fight crime. 
49 While individuals who are already addicted to Rx opioids may enter the underground market to substitute towards 

illicit drugs, there will be newer cohorts that will not become addicted to Rx opioids as a result of the restrictions 

and hence that substitution would be less likely to occur over time. 
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take up time that could be otherwise spent treating patients, and can result in substantial punitive 

consequences for prescribers (Haffajee et al. 2015). At the end of our sample period, in 2017, 18 

states, representing 33% of the population had required that providers must use the PDMP prior 

to prescribing a controlled drug; the rest continued to leave PDMP registration and use to the 

discretion of the providers or mandated use in limited circumstances. Our estimates for violent 

Part I offenses suggest that expanding strict PDMP mandates from the 33% coverage rate to 

universal coverage across the U.S. could reduce violent crime by about 3.4% or by about 42,408 

offenses.50 This would result in economic cost savings of up to $9.8 billion annually.51 Overall, 

these findings specifically provide additional evidence that prescription drug monitoring 

programs are an effective social policy tool to mitigate the negative consequences of opioid 

misuse, and more broadly indicate that opioid policies can have important spillover effects into 

other non-health related domains such as crime that should be considered in any cost-benefit 

calculus.  

 

 

  

  

                                                
50 Table 2 and Appendix Table A1 reported that mandatory PDMP provisions reduce violent crime by between 4% 

and 6%, or on average 5%. Expanding coverage by 67% (from 33% to universal coverage) would therefore result in 

approximately (0.67*5) 3.4% reduction in violent crime. In 2017, the FBI reported 1,247,321 violent Part I crimes 
(see https://ucr.fbi.gov/crime-in-the-u.s/2017/crime-in-the-u.s.-2017/topic-pages/tables/table-1). Thus, a 3.4% 

reduction translates into 42,408 fewer offenses.  Since property crime might be rebounding by the end of our 

observation window, we do not include these in our calculations. 
51 McCollister et al. (2010) present crime-specific estimates, combining the tangible and intangible costs, for Part I 

and some Part 2 crimes.  Aggregating their violent crime estimates, based on the specific shares of each offense in 

total violent crimes for 2008, and converting to 2017 dollars yields the total cost of a violent offense as $230,205. 
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Notes: This event study uses the PDAPS dates of mandatory access implementation. The outcome is total crime rates (crimes per 

100,000 residents) and cost-adjusted total crime rates. The coefficient corresponding to the year prior to the implementation  (t=-1) of 

mandated access PDMP is normalized to zero.  
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Figure 1: Dynamic Effects of MA PDMP on Total Crime



 
Notes: This event study uses the PDAPS dates of mandatory access implementation. The outcome is violent crime rates (crimes per 

100,000 residents) and cost-adjusted violent crime rates. The coefficient corresponding to the year prior to the implementation  (t=-1) 

of mandated access PDMP is normalized to zero.  
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Notes: This event study uses the PDAPS dates of mandatory access implementation. The outcome is violent crime rates (crimes per 

100,000 residents) and cost-adjusted violent crime rates. The coefficient corresponding to the year prior to the implementation  (t=-1) 

of mandated access PDMP is normalized to zero.  
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Notes: This event study uses the PDAPS dates of voluntary implementation. The outcome is total crime rates (crimes per 100,000 

residents). The coefficient corresponding to the year prior to the implementation  (t=-1) of voluntary PDMP is normalized to zero.  
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Notes: This randomization inference exercise estimates the DD specification 300 times after “re-

shuffling” the indicator for whether a state has a mandatory access PDMP and estimates the 

effect of a mandated access PDMP relative to a voluntary PDMP. 
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Figure 5: Randomization Inference, Mandated Access



Table 1: Summary Statistics, Crime Rate per 100,000 Residents 

 Full Sample  Subsample Reports 12  Months 

 Mean  SD  Mean  SD 
Panel A: Offenses Known (per 100,000 population covered)  
Total 2,240.07  (27,420.41)  3,253.86 (39,638.11) 
Violent 212.77  (635.58)  298.90 (751.33) 
Property 2,027.33  (27,149.56)  2,954.97 (39,269.62) 
Homicide 2.39  (14.90)  3.25 (14.67) 
Rape 19.75  (46.67)  27.59 (43.16) 
Robbery 38.02  (287.74)  58.13 (407.75) 
Assault 152.82  (417.94)  210.19 (402.53) 
Burglary 410.50  (779.26)  562.46 (976.06) 
Larceny 1,487.74  (26,643.28)  2,193.23 (38,571.12) 
MV Theft 129.09  (1,355.15)  199.28 (1,939.42) 
Agencies 22,779  9,136 
Observations 243,986  115,892 
Panel B: Homicide Circumstances  (per 100,000 population covered)  
 Full Sample  City Pop>10,000 

 Mean  SD  Mean  SD 
Murders 11.82 (27.02)  10.56 (9.79) 
Weapon Firearm 7.18 (24.28)  7.83 (8.53) 
Weapon Knife 1.74 (7.27)  1.10 (1.31) 
Victim 18-39 6.18 (20.95)  6.95 (7.15) 
Victim Over 40 4.32 (13.15)  2.61 (2.66) 
Offender 18-39 5.88 (14.12)  4.65 (4.12) 
Offender Over 40 3.05 (18.24)  1.14 (1.32) 
Victim Male 8.41 (24.26)  8.83 (8.81) 
Victim Female  3.36 (12.42)  1.72 (1.81) 
Victim Male 18-39 4.76 (19.31)  6.09 (6.61) 
Victim Male Over 40 2.84 (11.16)  1.98 (2.26) 
Victim Female 18-39 1.40 (8.13)  0.85 (1.22) 
Victim Female Over 40 1.47 (7.23)  0.62 (0.96) 
Agencies 8,988  316 
Observations 39,069   4,740 

 
 
 
 
 
 



Table 1 (Continued) : Summary Statistics, Crime Rate per 100,000 Residents 

 Full Sample  Subsample Reports 12 Months 

 Mean  SD  Mean  SD 
Panel C: Arrests  (per 100,000 population covered)    

Total  866.27 (16,742.59)  807.01 (3,038.45) 
Violent  147.61 (3,333.44)  171.00 (543.45) 
Property 718.66 (13,448.34)  636.01 (2,600.73) 
Murder 2.49 (24.15)  2.65 (15.15) 
Rape  7.10 (22.09)  7.70 (16.77) 
Robbery 20.07 (117.09)  26.79 (155.91) 
Assault 117.95 (3,316.69)  133.86 (396.72) 
Burglary 93.31 (573.89)  109.80 (714.87) 
Larceny 594.45 (6,943.70)  493.76 (1,764.37) 
MV Theft 30.91 (6,600.40)  32.45 (339.83) 
Total 18-39 416.53 (1,640.12)  498.71 (2,063.25) 
Violent 18-39 94.82 (358.51)  110.85 (393.01) 
Property 18-39 321.71 (1,361.07)  387.86 (1,737.45) 
Total 40 Plus 162.36 (3,332.54)  156.01 (700.40) 
Violent 40 Plus 65.00 (3,299.19)  38.84 (137.83) 
Property 40 Plus 97.35 (423.49)  117.18 (600.08) 
N Agencies 22,640   3,987 

Notes:  The first two columns present summary statistics for the entire sample. The last two 
columns present summary statistics for the subsample used in this analysis. The analysis using 
offenses   known to police and arrest file are restricted to agencies that reported  crimes all 12 
months while the Supplementary Homicide Report analysis uses agencies that correspond to a 
city of at least 10,000 residents and that report at least one homicide in each year of study. 
Offenses known data is available until 2017 and arrest data is available until 2016. 



Table 2: The Effect of PDMP on Total, Violent and Property Crimes  

 FBI UCR Offenses Known 

 Total  Violent  Property 
Panel A: Ln Crime Rates           

PDMP -0.029** -0.023 -0.022  -0.040 -0.042 -0.000  -0.025 -0.018 -0.026 
 (0.014) (0.015) (0.020)  (0.031) (0.031) (0.019)  (0.015) (0.015) (0.021) 

MA -0.022 -0.052* -0.057*  -0.058** -0.044 -0.040*  -0.016 -0.049 -0.053* 
 (0.025) (0.029) (0.029)  (0.028) (0.029) (0.023)  (0.026) (0.030) (0.029) 

Observations 115,892 115,892 115,892   115,891 115,891 115,891   115,895 115,895 115,895 
Total MA Effect -0.052* -0.075** -0.078**  -0.097*** -0.086** -0.041  -0.041 -0.066* -0.079** 

 (0.028) (0.031) (0.034)  (0.034) (0.034) (0.027)  (0.031) (0.034) (0.036) 
Panel B: Ln Cost-Adjusted Crime Rates          

PDMP -0.024 -0.026 0.023  -0.019 -0.022 0.026  -0.030 -0.031 -0.020 
 (0.022) (0.024) (0.019)  (0.025) (0.027) (0.021)  (0.023) (0.023) (0.022) 

MA -0.064** -0.052* -0.039  -0.061** -0.045 -0.030  -0.038 -0.035 -0.045 
 (0.028) (0.029) (0.027)  (0.030) (0.032) (0.029)  (0.026) (0.028) (0.030) 

Observations 115,882 115,882 115,882   115,871 115,871 115,871   115,895 115,895 115,895 
Total MA Effect -0.087** -0.078** -0.016  -0.080** -0.068* -0.004  -0.069* -0.066* -0.065* 

 (0.034) (0.031) (0.028)  (0.037) (0.032) (0.028)  (0.034) (0.036) (0.036) 
Agency FE Y Y Y  Y Y Y  Y Y Y 
Year FE Y Y Y  Y Y Y  Y Y Y 
State Trend N N Y  N N Y  N N Y 
Treatment Trend N Y N  N Y N  N Y N 
Weight Agency Pop Y Y Y  Y Y Y  Y Y Y 
Cluster State Y Y Y   Y Y Y   Y Y Y 

Note: Models weighted by population agency. Standard erros are clustered by state and reported in parentheses. All models controls for demographic factors (%  

minors, % age 18-25, %males age 18-25, %males), drug and alcohol policies (ID laws, PER laws, Naloxone laws, Good Samaritan laws, marijuana decriminalization, 
marijuana legalization, medical marijuana laws, BAC laws, beer taxes), police composition (ln officers per 100,000 residents) and other socioeconomic variables 

(income per capita, unemployment rate, poverty rate and share of residents that have a college degree, some college, high school, and less than high school). **** p-

value≤0.001, *** p-value≤0.01, * *p-value≤0.05, *p-value<0.10 
 



Table 3: The Effect of PDMP on Crime Categories, Ln Crime Rate 

 FBI UCR Offenses Known  
Panel A: Homicide    

PDMP -0.005 -0.004 0.024 
 (0.017) (0.019) (0.017) 

MA -0.048* -0.052** -0.034 
 (0.027) (0.024) (0.021) 

Observations 115,891 115,891 115,891 
Total MA Effect -0.053 -0.056* -0.010 

 (0.034) (0.029) (0.023) 
Panel B: Rape    

PDMP -0.152 -0.170 0.001 
 (0.107) (0.125) (0.046) 

MA -0.309 -0.224 -0.098 
 (0.252) (0.175) (0.071) 

Observations 115,833 115,833 115,833 
Total MA Effect -0.461 -0.394 -0.096 

 (0.348) (0.283) (0.062) 
Panel C: Robbery    

PDMP -0.016 -0.023 0.010 
 (0.029) (0.029) (0.016) 

MA -0.057* -0.025 -0.026 
 (0.032) (0.033) (0.027) 

Observations 115,889 115,889 115,889 
Total MA Effect -0.073** -0.048 -0.015 

 (0.035) (0.033) (0.027) 
Panel D: Assault    

PDMP -0.035 -0.033 -0.012 
 (0.036) (0.036) (0.023) 

MA -0.047 -0.061* -0.054* 
 (0.036) (0.036) (0.030) 

Observations 115,886 115,886 115,886 
Total MA Effect -0.083* -0.093* -0.066* 
  (0.046) (0.047) (0.036) 
Agency FE Y Y Y 
Year FE Y Y Y 
State Trend N N Y 
Treatment Trend N Y N 
Weight Agency Pop Y Y Y 
Cluster State Y Y Y 



(Continued) Table 3: The Effect of PDMP on Crime Categories , Ln Crime Rate 

 FBI UCR Offenses Known  
Panel E: Burglary    

PDMP -0.035 -0.029 -0.013 
 (0.023) (0.023) (0.023) 

MA -0.052 -0.081** -0.091** 
 (0.036) (0.038) (0.039) 

Observations 115,895 115,895 115,895 
Total MA Effect -0.087** -0.110*** -0.105** 

 (0.039) (0.041) (0.045) 
Panel F: Larceny    

PDMP -0.041 -0.036 -0.096 
 (0.035) (0.035) (0.070) 

MA -0.017 -0.040 -0.016 
 (0.039) (0.051) (0.044) 

Observations 115,895 115,895 115,895 
Total MA Effect -0.057 -0.076 -0.112 

 (0.067) (0.073) (0.088) 
Panel G: MV Theft    

PDMP -0.060 -0.076** -0.040 
 (0.040) (0.038) (0.029) 

MA -0.103*** -0.024 -0.037 
 (0.037) (0.030) (0.031) 

Observations 115,894 115,894 115,894 
Total MA Effect -0.163*** -0.100** -0.078 
  (0.054) (0.049) (0.047) 
Agency FE Y Y Y 
Year FE Y Y Y 
State Trend N N Y 
Treatment Trend N Y N 
Weight Agency Pop Y Y Y 
Cluster State Y Y Y 

Notes: Models weighted by population agency. Standard errors are clustered by state, and 
reported in parentheses.  All models control for demographic factors (%  minors, % age 18-25, 

%males age 18-25, %males), drug and alcohol policies (ID laws, PER laws, Naloxone laws, 

Good Samaritan laws, marijuana decriminalization, marijuana legalization, medical marijuana 

laws, BAC laws, beer taxes), police composition (ln officers per 100,000 residents) and other 

socioeconomic variables (income per capita, unemployment rate, poverty rate and share of 

residents that have a college degree, some college, high school, and less than high school). **** 

p-value≤0.001, *** p-value≤0.01, * *p-value≤0.05, *p-value<0.10 
 



Table 4: The Effect of PDMP on Homicide Circumstances  

 FBI UCR Supplementary Homicide Reports 

 Murders 
Weapon 
Firearms 

Weapon  
Knife 

Victim  
18-39 

Victim  
Over 40 

Offender 
18-39 

Offender 
Over 40 

Panel A: No Trend        

PDMP -0.025 -0.012 0.041 -0.019 -0.028 -0.026 -0.068 
 (0.035) (0.047) (0.045) (0.047) (0.039) (0.049) (0.041) 

MA -0.116** -0.126** -0.037 -0.129** -0.085** -0.002 -0.029 
 (0.047) (0.058) (0.030) (0.055) (0.033) (0.051) (0.056) 

Total MA Effect -0.141** -0.138 0.004 -0.148* -0.113* -0.028 -0.097 
 (0.067) (0.086) (0.050) (0.083) (0.056) (0.081) (0.080) 

Panel C: Treatment Trend       

PDMP -0.024 -0.009 0.038 -0.019 -0.028 -0.007 -0.056 
 (0.037) (0.049) (0.047) (0.047) (0.043) (0.049) (0.042) 

MA -0.122*** -0.138** -0.023 -0.127** -0.084** -0.086* -0.081 
 (0.042) (0.051) (0.045) (0.052) (0.040) (0.047) (0.059) 

Total MA Effect -0.145** -0.147* 0.015 -0.146* -0.112** -0.093 -0.137* 
 (0.061) (0.080) (0.051) (0.082) (0.051) (0.073) (0.074) 

Agency FE Y Y Y Y Y Y Y 
Year FE Y Y Y Y Y Y Y 
Weight Agency Pop Y Y Y Y Y Y Y 
Cluster State Y Y Y Y Y Y Y 
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