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Abstract

Having many friendship links to counties with high exposure to the opioid epidemic positively cor-

relates with overdose death rates. This correlation is not driven by physical proximity and socioe-

conomic characteristics. To establish causality, we exploit the 2010 OxyContin reformulation and the

staggered introduction of must-access Prescription Drug Monitoring Programs (PDMPs). Both events

led to the unintended consequence that users switched to illegal opioids, thereby constituting shocks

to illegal drug consumption that are exogenous to friendship network formation. Having more friends

exposed to counties severely affected by these adverse consequences leads to higher opioid overdoses,

suggesting a causal friendship network effect. Socially inclusive local friendship networks can reduce

such negative spillovers.
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1 Introduction

The widespread prescribing of opioid-based painkillers and illicit use of related substances have led to a

severe public health crisis in the U.S. that has claimed approximately one million lives over the past two

decades. There are no signs that the opioid epidemic is abating. On the contrary, recent reports from the

Centers for Disease Control and Prevention (CDC) show that more than 107,000 individuals died from

drug overdoses in 2021, suggesting that social isolation caused by the Covid-19 pandemic has accelerated

the opioid epidemic. Opioid consumption is influenced by a wide range of socioeconomic factors like

personal characteristics and network effects induced by the social environment. In this paper, we focus

on the role of friendship networks in the opioid epidemic. Our main contribution is to document that

friendship networks help to explain the spread of the opioid epidemic. At a general level, our results

thus provide evidence on the social transmission of non-infectious diseases.

To study the role of friendship networks in the opioid epidemic, we construct a new measure of So-

cial Proximity to the opioid epidemic based on the Social Connectedness Index (SCI) (Bailey et al., 2018b),

which is used to proxy for county-to-county friendship links. The SCI is constructed from the universe

of friendship links on Facebook, but serves as a proxy for online and offline friendship networks. Con-

sequently, our analysis captures two nonexclusive channels through which friendship networks could

affect overdose deaths. The first channel involves offline interactions, i.e., it could be that friends likely

meet in person and exchange information or substances. Consistent with this idea, survey evidence

documents that among individuals with substance misuse approximately 41% obtained their pills for

free from close friends or relatives (Han et al., 2017). The second channel comprises online interactions

where acquaintances communicate remotely and share information about drug use. A plethora of anec-

dotal evidence supports this view as, among others, The New York Times reports that young buyers almost

exclusively obtain illegal substances through social media, where dealers and potential buyers first spot

each other and then communicate directly.1

For each county in our sample, we calculate Social Proximity to the opioid epidemic as the SCI-

weighted sum of overdose death rates in all other counties. First, we use panel regressions to correlate

Social Proximity with different overdose death measures. Our analyses are conducted at the county-level

to be able to analyze the evolution of the opioid epidemic at a granular level. Second, to approach

causality we exploit two quasi-experiments based on the 2010 OxyContin reformulation and the stag-

gered introduction of must-access PDMPs across different states.
1See NYT article: https://www.nytimes.com/2022/05/19/health/pills-fentanyl-social-media.html, ac-

cessed on October 20, 2022.
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We find that Social Proximity to the opioid epidemic significantly correlates with opioid overdose

death rates. This result holds after controlling for demographic factors, economic conditions, and unob-

served heterogeneity at the county and state-by-year level. Friendship networks tend to cluster locally

around individuals’ places of residence (Bailey et al., 2018b). Thus, we control for the physical proxim-

ity to the epidemic. Additionally, we conduct all analyses only based on data on county-pairs that are

geographically distant and find that our results generally hold. Zooming in on the specific drugs that

are involved, we find the correlations to hold for total opioid overdoses, prescription opioid overdoses,

fentanyl overdoses, and heroin overdoses.

While we think the results described thus far are important in the sense of allowing a better prediction

of which counties are more likely to be affected by the epidemic in the future—and possibly implement

preventive measures—they are obviously not sufficient to make any causal statements. Establishing

causal effects of friendship networks in the context of the opioid epidemic is plagued by severe endo-

geneity concerns. Network formation is generally endogenous to overdose measures as individuals self-

select into friendship networks based on partially unobserved characteristics. Previous authors show

that individuals are more likely to be friends with individuals that share similar personal characteristics

along dimensions such as race, ethnicity, age, religion, education, occupation, or gender (e.g., Lazarsfeld

et al., 1954, McPherson et al., 2001).

Unobserved variables might determine both network formation and overdose deaths, which would

cause us to inconsistently estimate friendship network effects. Kuchler and Stroebel (2021) highlight two

ways to achieve identification of peer group effects: (1) random peer group assignment and (2) random

shocks to an endogenously formed peer group. We follow the latter strategy in our empirical analysis.

In particular, we leverage two policy-induced shocks to illicit drug consumption as quasi-experiments:

the 2010 OxyContin reformulation and the staggered introduction of must-access PDMPs in various

states. The idea of our identification strategy is as follows. Both types of interventions make it harder

to access legal opioid prescriptions, thereby driving individuals into consuming illegal alternatives like

heroin and fentanyl. Hence, the OxyContin reformulation and the introduction of must-access PDMPs

constitute unintentional shocks to illegal drug consumption that are potentially orthogonal to friendship

network formation.

Using county-level data, we confirm that the OxyContin reformulation is not only associated with

decreases in opioid prescriptions but also with substantial substitution to illicit alternatives like heroin

and fentanyl. This effect is particularly strong in counties most affected by the reformulation, i.e., coun-

ties with high OxyContin usage rates prior to the reformulation, which is consistent with prior state level
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evidence from Alpert et al. (2018). We document that the reformulation actually led to an increase not

only in heroin and fentanyl overdose death rates, but also in total opioid overdose death rates, i.e., the

positive effect of lower opioid prescriptions was overcompensated by the substitution with other (more

dangerous) opioids. Thus, we use the reformulation as a quasi-experimental shock to illicit overdose

deaths that hits counties with relatively high rates of OxyContin use prior to the reformulation. We then

analyze whether this shock spreads through friendship networks.

Central for our analysis of the spatial spread of the epidemic, we show that there indeed exists a

strong network effect as counties having closer ties to other counties more affected by the 2010 OxyCon-

tin reformulation experience an adverse impact on different overdose measures in the post-2010 period.

The positive effect on total opioid overdose deaths is entirely driven by heroin and fentanyl overdose

deaths. For example, a one standard deviation increase in friendship network exposure to the OxyCon-

tin reformulation leads to an increase in total opioid overdoses by 1.02 per 100,000 residents or as much

as 11.8% of the sample average. Consistent with a causal mechanism, this friendship network effect is

still statistically significant and economically large even when considering geographically distant coun-

ties only. We also find no evidence for differential pre-trends between high and low OxyContin network

exposure counties, validating our empirical setup.

Even though we carefully control for the direct effect of the OxyContin reformulation in the above

setting, one might argue that our friendship network effect is at least partially driven by the direct ef-

fect of the reformulation. To address such concerns, we use the staggered introduction of must-access

PDMPs in 16 states between 2007 and 2015 where there is arguably no direct effect on counties in non-

implementing states but only—if existent—an indirect network effect. These state level programs collect

data on patients’ prescription history and make this information available for physicians. Must-access

PDMPs require physicians to review patients’ prescription records before prescribing strong pain medi-

cation, potentially decreasing the likelihood that individuals with a suspicious record of opioid prescrip-

tions are continued to be served with legal opioid prescriptions.

In our analysis we first confirm prior studies and provide further evidence showing that must-access

PDMPs are not only associated with reductions in opioid prescriptions, but also lead to increases in

total opioid overdose deaths, similar to what we observe for the OxyContin reformulation. The effect

is again driven by heroin as well as fentanyl overdose deaths. Hence, we establish that must-access

PDMPs represent (unintended) positive shocks to illicit drug consumption in counties of implementing

states, which is consistent with state level evidence from Kim (2021). As a key part of our empirical

analysis, we then study how these shocks propagate through friendship networks to socially proximate
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counties in non-implementing states. Importantly, must-access PDMP legislation has no direct impact

on counties in non-implementing states. Absent any direct effect of the out-of-state must-access PDMP

shock, we can cleanly identify the indirect friendship network effect. Our results show that illicit drug

consumption spreads through friendship networks. For example, a one standard deviation increase in

friendship network exposure to out-of-state must-access PDMPs is related to an increase in total opioid

overdoses by 0.96 deaths per 100,000 residents. The effect size is as large as 11% of the sample average.

At first glance, our findings might appear counterintuitive as one might expect strong friendship

networks to make individuals less vulnerable to substance abuse. However, it is important to note

that the effects we document are driven by the structure of the friendship links and not by the inten-

sity or strength of friendship ties per se. Therefore, we additionally explore whether the intensity and

strength of local within-county friendship ties has a moderating influence on our results. The idea is

that counties with inclusive and cohesive local friendship networks are less vulnerable to out-of-county

friendship network exposure. To test for this possibility, we use county-level data on the characteristics

of local friendship networks from Chetty et al. (2022a). In summary, we find that—conditional on the

same shock to illegal drug consumption—counties with more inclusive and cohesive local friendship

networks experience attenuated network spillovers compared with counties where local friendship net-

works are separated across socioeconomic groups. Therefore, our results suggest that counties at risk

should strengthen economic and social cohesion to reduce negative spillovers from friendship network

exposure to illegal drug consumption.

We conduct a battery of robustness ensuring that our results are stable. We also explicitly control for

labor market effects, time-varying effects of income differences, DMA-by-year fixed effects, and migra-

tion between counties with different exposure to the epidemic. Our friendship network effect is stable

across all specifications. Furthermore, we implement placebo tests where we randomize the social con-

nections between any county pair and re-estimate our specifications. We find that the point estimates

using the true social connections are located in the extreme tail of the placebo distribution, further vali-

dating our empirical results.

Related Literature

Our paper contributes to three different strands of literature. First, we relate to the growing literature

that explores the forces shaping the opioid epidemic. PDMPs seem to prevent opioid misuse but only

if they have a must-access provision (Buchmueller and Carey, 2018). However, must-access PDMPs are

also associated with substantial substitution to illicit alternatives (Mallatt, 2018, Balestra et al., 2021, Kim,
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2021). Several studies analyze the effects of the 2010 introduction of an abuse-deterrent version of Oxy-

Contin using state level data (Alpert et al., 2018, Evans et al., 2019, Powell and Pacula, 2021). Alpert et al.

(2018) show that this supply-side intervention significantly reduced OxyContin misuse, though, at the

cost of a sharp rise in heroin overdose deaths. Complementary evidence by Evans et al. (2019) suggest

that the reformulation of OxyContin did not bring about a reduction in combined heroin and opioid

mortality but each prevented prescription opioid death was compensated by an additional heroin death,

while Powell and Pacula (2021) document sustained negative long-term consequences. Other authors

highlight the importance of economic conditions (Pierce and Schott, 2020), the effects of location-specific

factors on prescription opioid abuse (Finkelstein et al., 2022), the role of retail pharmacy ownership in

the opioid epidemic (Janssen and Zhang, 2023), and the impact of practice variation across physicians

on opioid dependence (Eichmeyer and Zhang, 2022). Alpert et al. (2022) discuss the introduction of

OxyContin in 1996 and the associated marketing activities as a potential cause for the opioid epidemic.

They show that state-based triplicate prescription programs2 were effective in curbing the promotion of

opioids and as a result triplicate states are found to have lower growth rates of opioid overdoses. We

contribute to this literature in two ways. We confirm the findings concerning the OxyContin reformula-

tion as well as must-access PDMPs using county-level data and more importantly, we identify friendship

networks to be an important driver of the opioid epidemic.

Second, we also contribute to the growing literature on friendship networks and social ties. For

example, several studies have identified peer-effects in different economic settings like consumption

choices (e.g., Kuhn et al., 2011, Gilchrist and Sands, 2016, De Giorgi et al., 2020), households’ financial

decisions (e.g., Duflo and Saez, 2003, Hong et al., 2004, Bursztyn et al., 2014, Beshears et al., 2015, Ouimet

and Tate, 2020), information aggregation (e.g., Alatas et al., 2016), job opportunities (e.g., Munshi, 2003,

Bandiera et al., 2009), microfinance (e.g., Banerjee et al., 2013), and health behavior (e.g., Kremer and

Miguel, 2007, Fletcher and Marksteiner, 2017, Fadlon and Nielsen, 2019). Historically, empirical research

on friendship networks using large scale data from online social networks has been scarce due to data

availability issues. Only recently, Bailey et al. (2018b) have introduced the publicly available SCI based

on de-identified Facebook data, triggering more work on friendship networks. Using the SCI as a proxy

for social connections in the real world, various authors document friendship network effects in access

to capital (Rehbein and Rother, 2020, Kuchler et al., 2022a), tax filing behavior (Wilson, 2022), housing

markets (Bailey et al., 2018a), insurance decisions (Hu, 2020), international trade (Bailey et al., 2021),

2Triplicate prescription programs require physicians to obey special regulations when prescribing controlled substances.
Practically speaking, they create three copies of the prescription. One copy is kept by the physician for her own record, the
second copy is stored by the pharmacy, and the third copy is sent to the state drug monitoring institution.
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product adoption choices (Bailey et al., 2022), social distancing during Covid-19 (Bailey et al., 2020b),

and upward income mobility (Chetty et al., 2022a).

Third, we relate to the literature that studies the role of friendship networks in the spread of epi-

demics. On a general level, the potential role of friendship networks in the spread of infectious diseases

has long been recognized (e.g., Keeling and Eames, 2005, Danon et al., 2011) and networks have been

explicitly used in spatial epidemiological models (e.g., Newman, 2002, Mossong et al., 2008). The avail-

ability of new data sources on human interactions has re-sparked the interest in this line of research

(Buckee et al., 2021). Using the SCI, Kuchler et al. (2022b) show that the spatial spread of Covid-19 cor-

relates with the strength of social ties arguing that friends are likely to meet in person and transmit the

disease via personal contact. We differ from these authors as we focus on explaining the spread of a

non-infectious disease and the causal role of friendship networks. To the best of our knowledge, there are

no other studies that analyze the spread of the opioid epidemic through friendship networks.

The remainder of this article is structured as follows. Chapter 2 introduces the data used in our

analysis. We present our baseline results in Section 3. Then, Section 4 documents evidence from two

quasi-experiments. In Section 5, we explore the heterogeneity of our baseline findings by characteristics

of local friendship networks. Concluding remarks are provided in Section 6.

2 Data

We combine several data sources, including, among others, data on county-to-county Facebook links,

different overdose death measures, opioid supply data, and socioeconomic control variables. These

datasets provide information at the county-level, which allows studying spatial dynamics at a relatively

fine geographic granularity. We describe our data in the next subsections.

2.1 Social Connectedness

We proxy for county-to-county friendship links using the SCI first introduced by Bailey et al. (2018b).

This measure is based on the cross-section of all U.S. Facebook friendship links as of August 2020. The

raw friendship data are anonymized, aggregated at the county-pair level, and scaled by the number

county-pair Facebook users

SCIij =
# of Friendshipsij

# of FB Usersi × # of FB Usersj
, (1)
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where i and j denote the respective county-pair. The SCI is scaled to the range 0 to 1,000,000,000 and

measures the relative probability of a Facebook friendship link between a user in county i and another

user in county j. Prior authors argue that Facebook provides a tool for real-world friends to interact

online (Gilbert and Karahalios, 2009, Hampton et al., 2011, Jones et al., 2013, Bailey et al., 2018b) and

therefore the SCI allows a unique large-scale representation of U.S. friendship networks. Evidence pro-

vided by Bailey et al. (2018a,b, 2020a,b, 2021), Kuchler et al. (2022b), and Rehbein and Rother (2020)

is consistent with this notion. Moreover, Facebook usage rates seem to be relatively stable across in-

come groups, education groups, and racial groups (Bailey et al., 2018b), further validating the SCI as an

unbiased measure of real-world friendship networks. In our analysis, we rely on a snapshot of the uni-

verse of all Facebook friendship links as of August 2020. While time-varying information on friendship

links might be preferable, Kuchler et al. (2022b) argue that the SCI is extremely stable over time. Hence,

concerns related to using time-constant friendship data are of minor consideration here.3

2.2 Mortality Data

Mortality data for the years 1999 to 2019 come from the National Vital Statistics System (NVSS) Multi-

ple Cause of Death database which documents death rates by geography (national, state, and county),

age group, race, gender, year and month of death, weekday of death, place of death, autopsy status,

and underlying and multiple cause of death. We follow the CDC guidelines in computing opioid over-

doses. First, we code deaths as overdoses by using the ICD-10 external cause of injury codes X40-X44

(unintentional), X60-X64 (suicide), X85 (homicide), and Y10-Y14 (undetermined). Second, we use drug

identification codes, which provide information about the substances found in the body at death. There

are four drug identification codes related to opioids: T40.1 for heroin, T40.2 for natural and semisyn-

thetic opioids (e.g., oxycodone and hydrocodone), T40.3 for methadone, and T40.4 for synthetic opioids

excluding methadone (e.g., fentanyl). We follow Kim (2021) and study four different measures of over-

dose deaths: (i) total opioid overdoses (T40.1-T40.4), (ii) prescription opioid overdoses (T40.2+T40.3),

(iii) heroin overdoses (T40.1), and (iv) combined heroin and fentanyl overdoses (T40.1+T40.4).4 It is im-

portant to note that these death categories indicate any presence of specific drugs in the system of the

death person but are not exclusive in the sense that we can attribute the death to a single drug when

3We also have access to a version of the SCI based on a snapshot as of the year 2016. Our results are robust to using this
older version.

4These different overdose categories allow us to identify effects on total opioid overdoses as well as to disentangle substi-
tution patterns among different legal (prescription opioids) and illegal substances (heroin and (illegal) fentanyl). We obtain
qualitatively similar results when we use fentanyl overdoses as a separate category. However, we document our main results
using combined heroin and fentanyl overdoses because heroin is often laced with fentanyl.
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Figure 1—NATIONAL TRENDS IN DEATH RATES

Notes: The figure plots national trends in deaths rates from 1999 through 2019. Drug overdose death rates are identified using
ICD-10 underlying cause of death codes X40-X44, X60-X64,X85, and Y10-Y14. We use the following multiple cause of death
codes to measure specific drug involvement: T40.1 for heroin, T40.2 for prescription opioids containing active ingredients like
oxycodone and hydrocodone, T40.3 for methadone, and T40.4 for synthetic opioids like fentanyl (excluding methadone). Data
source: National Vital Statistics System (NVSS).

multiple substances are mentioned on the death certificate. However, as Alpert et al. (2018) point out,

changes in the presence of a drug over time are still clearly indicative of substitution patterns. Thus, we

can use these data to characterize the spatial spread of the opioid epidemic and the relative importance

of specific substances over time.

Figure 1 shows national trends in overdose death rates from 1999 through 2019. Total opioid over-

doses have increased from two to more than 14 deaths per 100,000 residents. We can also see the three

waves of the epidemic: First, the rise in total opioid overdose deaths is mainly driven by prescription

opioids, while the growth rate of prescription opioid overdose deaths has somewhat flattened out since

2010. Second, we see a strong increase in heroin overdose death rates from this time on. Third, more re-

cently synthetic opioid overdoses (caused by, e.g., fentanyl) seem to be the main driver of the epidemic,

while the growth in prescription opioid and heroin overdoses has diminished. Still, the total death toll

remains at historically high levels. To illustrate the geographic distribution of the opioid epidemic, Fig-

ure 2 shows a heatmap of total opioid overdose deaths (T40.1-T40.4) between 1999 and 2019. Darker

areas have seen higher overdose death rates. The map documents substantial geographic heterogene-

ity in the distribution of opioid overdose deaths. Opioid overdose deaths seem to cluster in Rust Belt
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Figure 2—GEOGRAPHIC DISTRIBUTION OF TOTAL OPIOID OVERDOSE DEATHS BY COUNTY

Notes: The figure illustrates the geographic distribution of the total number of opioid overdose deaths per 100,000 residents
between 1999 and 2019. The data is obtained from the National Vital Statistics System (NVSS). Total opioid overdose deaths
are identified using ICD-10 underlying cause of death codes X40-X44, X60-X64,X85, and Y10-Y14 together with the drug iden-
tification codes T40.1-T40.4.

counties and communities of the North East. In those regions, up to 1,000 opioid overdose deaths per

100,000 residents have been recorded between 1999 and 2019, indicating that approximately 1% of the

population has died from opioid overdoses. However, we also observe high death rates in counties in

other regions. Our goal is to better understand the spatial spread of the opioid epidemic over time.

2.3 Further Data Sources and Summary Statistics

We gather additional data from multiple sources. Total population counts and population counts per

age as well as racial groups come from the National Cancer Institute’s Surveillance, Epidemiology, and

End Results Program. These demographic variables are provided at the county-level with an annual

frequency. In order to proxy for regional economic conditions, we obtain yearly county unemployment

rates (Bureau of Labor Statistics) and real per capita income (Bureau of Economic Analysis). County-pair

physical distances are gathered from the NBER county distance database. Additional socio-demographic

variables are obtained from the Atlas of Rural and Small-Town America provided through the De-

partment of Agriculture. For some of our analyses we use per-capita opioid prescriptions (CDC) and

pharmacy-level opioid shipments sourced from ARCOS DEA.

Merging all different data sources results in our final dataset which contains 65,289 county-year ob-

servations from 1999 to 2019. Since we drop territories and counties in outlying states, we cover 3,109
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Table 1—POOLED SUMMARY STATISTICS

Mean SD Q25 Median Q75 Min Max

Overdose Deaths

Total Opioids (T40.1-T40.4) 5.09 8.41 0.00 1.40 7.23 0.00 139.75

Prescription Opioids (T40.2+T40.3) 3.04 5.70 0.00 0.00 4.28 0.00 115.09

Heroin (T40.1) 0.72 2.41 0.00 0.00 0.00 0.00 58.45

Heroin + Fentanyl (T40.1+T40.4) 2.05 5.39 0.00 0.00 1.71 0.00 133.40

General Connectedness

Share of Friends within 50 miles (%) 53.15 13.12 44.65 55.20 63.49 0.96 79.40

Share of Friends within 100 miles (%) 63.71 12.29 56.04 66.61 73.13 5.85 85.58

Share of Friends within 200 miles (%) 73.12 10.70 67.89 76.33 80.75 11.22 90.77

log(SCI) 10.27 1.02 9.61 10.29 10.95 7.30 13.43

Total Population 0.98 3.14 0.11 0.26 0.66 0.00 101.06

Race (%)

Non-Hispanic White 79.79 19.45 68.95 87.33 95.05 2.09 100.00

Non-Hispanic Black 9.33 14.59 0.77 2.39 10.75 0.01 86.73

Population (%)

0-14 19.34 2.95 17.54 19.26 20.95 3.30 37.73

15-24 13.22 3.48 11.47 12.56 13.90 1.30 50.29

45-64 26.48 3.29 24.45 26.65 28.52 5.21 46.38

65-84 14.28 3.88 11.68 13.92 16.47 1.63 53.69

85+ 2.13 0.87 1.54 1.97 2.54 0.05 8.80

Economic Conditions

Per Capita Income 33.70 11.62 25.82 31.68 39.12 9.23 230.14

Unemployment Rate (%) 5.93 2.68 4.00 5.30 7.20 0.70 30.30

Notes: The table reports pooled county-level summary statistics for the years 1999 to 2019. All death variables are normalized
by county population and expressed per 100,000 residents. Per capita income is expressed in thousands of dollars, while total
population is measured in millions.

out of 3,243 U.S. counties. Table 1 reports pooled summary statistics for our final dataset. The aver-

age county in our sample has roughly 100,000 residents consisting of 79.77 percent non-Hispanic Whites

and 9.33 percent non-Hispanic Blacks. While friendship networks seem to be geographically concen-

trated, the average share of friends further away than 50 (100) miles is still 37 (26) percent. These

more distant links allow us to distinguish social proximity from mere physical proximity in our later

analysis. The average per capita income is 33,700 USD. County unemployment rates vary between 0.7

and 30.3 percent and are on average 5.93 percent. The average annual total opioid overdose death rate
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(T40.1-T40.4) is 5.09 per 100,000 residents, but counties differ significantly in their exposure to the opi-

oid epidemic as illustrated by the standard deviation of 8.41 and the maximum value of 139.75 deaths

per 100,000 residents (Cabell County, West Virginia, 2017). The other death categories like prescription

opioid overdoses (T40.2+T40.3), heroin overdoses (T40.1), and combined heroin and fentanyl overdoses

(T40.1+T40.4) show a similar pattern.

3 Social Proximity to the Opioid Epidemic and Overdose Deaths

In this section we study how Social Proximity to the opioid epidemic correlates with overdose deaths.

We document descriptive evidence that counties with more social ties to areas severely affected by the

opioid epidemic have higher overdose deaths in the following year and explicitly quantify how much of

the within-county variation in overdose deaths is explained by Social Proximity to the opioid epidemic.

We begin by presenting descriptive evidence showing that the SCI can help to predict the geographic

spread of the opioid epidemic. To this end, we construct two different time-varying measures of prox-

imity to the opioid epidemic. Social Proximity measures a county’s exposure to the opioid epidemic

through friendship networks, while Physical Proximity allows us to control for county-level exposure

through physical proximity. Both measures are necessarily correlated because friendship networks are

geographically concentrated (see Table 1). However, Kuchler et al. (2022b) showcase that geographically

distant places, e.g., Westchester and the east coast of Florida can still often have strong social connections.

We exploit such variation in social ties.

Our main variable of interest, Social Proximity to the opioid epidemic, is defined as

Social Proximityit =
∑
j ̸=i

Deathsjt ×
SCIij∑
h SCIih

, (2)

where Deathsjt denotes overdose deaths per 100,000 residents in county j and year t.5 The sum j runs

over all counties except the focal county i. Intuitively, Social Proximityit measures the friendship

network-weighted overdose death rate in county i and year t. Correspondingly, Physical Proximity to

5We study four different measures of overdose deaths: (i) total opioid overdoses (T40.1-T40.4), (ii) prescription opioid over-
doses (T40.2+T40.3), (iii) heroin overdoses (T40.1), and (iv) combined heroin and fentanyl overdoses (T40.1+T40.4). Therefore,
when constructing Social Proximityit and Physical Proximityit we also use these different overdose measures to proxy for
Deathsjt in Equations (2) and (3).
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the opioid epidemic is constructed as

Physical Proximityit =
∑
j ̸=i

Deathsjt ×
1

1 +Distanceij
, (3)

where Distanceij is the physical distance between counties i and j. Thus, counties that are located

nearby the focal county i are assigned a higher weight in the construction of Physical Proximity. Both

proximity measures vary over time due to the dynamic nature of the county-level death rates.

We first study how social and physical proximity dynamically affect overdose death rates. Therefore,

we estimate the following regression model

Deathsit = β1 × Social Proximityi,t−1 + β2 × Physical Proximityi,t−1

+ δXit +Φit + εit,
(4)

where Deathsit are different overdose death rates, Social Proximityi,t−1 and Physical Proximityi,t−1

are lagged measures of social and physical proxmity to the opioid epidemic, respectively, Xit is a matrix

of control variables, and Φit contains different sets of location and time fixed effects. Our main results

are population-weighted using county population in 1999, but the results are not sensitive to this choice.

Standard errors are clustered at the state level.

Table 2 documents our first set of results. The dependent variable measures total opioid overdose

deaths (T40.1-T40.4) per 100,000 residents. We standardize Social Proximity and Physical Proximity before

running the regressions. Thus, the coefficients can be interpreted as the effect of a one standard devi-

ation change in the respective proximity measure. Specification (1) shows that when we only include

Social Proximityi,t−1 and Physical Proximityi,t−1 as regressors, without controlling for any fixed ef-

fect, the estimated coefficient on Social Proximityi,t−1 is 4.48. This implies that a one standard deviation

increase in Social Proximity to the opioid epidemic in year t− 1 is associated with 4.48 more opioid over-

doses per 100,000 residents in the following year. Given that the sample mean of total opioid overdoses

is 7.22, the effect size is clearly economically meaningful. Moreover, the estimated coefficient is also sta-

tistically significant at the one percent level. Notably, the coefficient on Physical Proximity is smaller in

absolute terms and only marginally significant.6

In columns (2) and (3) we add measures of general connectedness as well as demographic and eco-

nomic control variables. The effect of Social Proximity remains statistically significant at the one percent

level and becomes even larger in magnitude, while Physical Proximity does not seem to exert a con-

6For total opioid overdose deaths the correlation between Social Proximity and Physical Proximity is 0.76.
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Table 2—SPATIAL SPREAD OF OPIOID EPIDEMIC

(1) (2) (3) (4) (5) (6) (7)

Proximity
Social Proximityt−1 4.481*** 5.758*** 5.799*** 4.950*** 4.686*** 5.317*** 4.305***

(0.730) (0.603) (0.554) (0.425) (0.452) (0.451) (0.473)

Physical Proximityt−1 1.458* -0.082 0.508 2.536*** 0.838 2.245*** 1.210
(0.777) (0.606) (0.580) (0.708) (1.352) (0.737) (1.906)

General Connectedness
Friends within 100mi 0.032 -0.003 0.037 0.038

(0.022) (0.022) (0.023) (0.025)

log(SCI) 0.425 -0.025 -0.472 -0.642
(0.322) (0.317) (0.377) (0.399)

Race
Non-Hispanic White 0.066*** 0.062*** 0.083** 0.092*** 0.393*** 0.328**

(0.021) (0.021) (0.033) (0.032) (0.094) (0.148)

Non-Hispanic Black 0.057** 0.052** 0.108** 0.106** 0.365** 0.278*
(0.025) (0.024) (0.041) (0.040) (0.149) (0.160)

Age Group
15-24 -0.071 -0.114* -0.040 -0.044 -0.038 -0.239

(0.059) (0.065) (0.066) (0.063) (0.261) (0.221)

45-64 -0.214** -0.103 -0.000 0.003 -0.022 0.000
(0.102) (0.089) (0.107) (0.110) (0.239) (0.229)

65-84 0.206** 0.034 0.009 -0.033 -0.337* -0.408*
(0.083) (0.087) (0.077) (0.087) (0.190) (0.233)

85+ -0.353 0.459 0.570 0.601 -0.482 -0.375
(0.397) (0.444) (0.407) (0.429) (0.792) (0.645)

Economic Conditions
log(Per Capita Income) -3.513*** -2.685*** -2.310*** -3.962 -3.497

(0.707) (0.847) (0.831) (2.493) (2.161)

Unemployment Rate -0.060 0.210** 0.361*** -0.091 -0.095
(0.056) (0.090) (0.126) (0.089) (0.139)

Dependent Mean 7.22 7.22 7.24 7.24 7.23 7.24 7.23
State FE No No No Yes No No No
Year FE No No No Yes No Yes No
State × Year FE No No No No Yes No Yes
County FE No No No No No Yes Yes
N 62020 61771 60617 60617 60597 60617 60597
R2 0.508 0.537 0.551 0.593 0.634 0.730 0.770

Notes: The table shows results from panel regressions. The dependent variable is the total opioid overdose (T40.1-T40.4) death
rate per 100,000 residents. Social Proximity measures a county’s network exposure to the opioid epidemic. Physical Proximity
captures a county’s distance-weighted exposure to the opioid epidemic. Friends within 100mi is the share of friends within 100
miles. Log(SCI) is the log of a county’s average SCI. Non-Hispanic White and Non-Hispanic Black denote the percentage of
people in the respective race group. The different age groups measure the percentage of people in the respective age bracket.
log(Per Capita Income) is the log of the average per capita income in a county. Unemployment Rate is measured in percent
and captures employment conditions. All regressions are population-weighted and include fixed effects as indicated. Standard
errors are clustered at the state level. *, **, and *** denote significance at the 10%, 5%, and 1% level, respectively.
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sistently significant impact on total opioid overdose deaths after the inclusion of control variables. In

column (3), a ten percent increase in per capita income results in a statistically significant decrease in

opioid overdose deaths by 0.35 per 100,000 residents.

We saturate the model with various fixed effects to control for unobserved (time-varying) state,

county, and year-specific effects in columns (4) to (7). The estimated coefficients on Social Proximity

remain statistically significant at the one percent level and only slightly decrease in magnitude when

imposing more conservative model specifications. In our most conservative specification in column (7),

we add state-by-year as well as county fixed effects, implying that the coefficients are identified from

within-county variation in the same state and year, thereby controlling for a plethora of confounders

like time-constant county characteristics or differential state laws. Now, the coefficient estimate on Social

Proximity decreases to 4.31. Nevertheless, we argue that this effect size is still economically large as it

represents some 60 percent of the mean opioid overdose death rate. Physical Proximity shows a positive

but insignificant estimate. Correspondingly, the effect size of Social Proximity remains of much larger

magnitude than the effect size of Physical Proximity. Furthermore, economic conditions seem to have a

moderate impact once we control for year-specific state and county characteristics: both per capita in-

come and unemployment rates now display an insignificant relation with total opioid overdose deaths.

Moreover, across all specifications the coefficients of the variables capturing demographic and economic

conditions frequently switch signs and are rather small in terms of economic magnitude. Overall, these

results show that Social Proximity is strongly associated with total opioid overdose death rates as the es-

timated coefficients are statistically significant and substantial in magnitude whether or not we control

for demographic factors, economic conditions, or unobserved heterogeneity at the state, state-by-year,

or county-level.

To further explore the link between Social Proximity and the spatial spread of the opioid epidemic,

we estimate the most conservative specification of Table 2 using different measures of overdose deaths.

Table 3 documents the results. For the sake of clarity, we only report coefficient estimates on Social Prox-

imity and Physical Proximity. All specifications include state-by-year and county fixed effects, effectively

making this a comparison of within-county variation in the same state and year. Panel A reports results

based on all friendship links. Irrespective of the overdose death measure used in the regressions, Social

Proximity is always statistically significant at the one percent level. Moreover, the coefficients are also

economically meaningful. For example, column (4) shows that if Social Proximity to the opioid epidemic

increases by one standard deviation in year t−1, combined heroin and fentanyl overdoses increase by 3.9

per 100,000 residents in year t. The effect size is quantitatively large when compared to the unconditional
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Table 3—OVERDOSE DEATHS AND SOCIAL PROXIMITY

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

Panel A: All friends
Social Proximityt−1 4.305*** 1.262*** 1.551*** 3.896***

(0.473) (0.184) (0.165) (0.418)
Physical Proximityt−1 1.210 1.253** 0.095 0.311

(1.906) (0.558) (0.725) (1.837)

Dependent Mean 7.23 3.85 2.02 4.04
N 60597 60597 60597 60597
R2 0.094 0.029 0.158 0.158

Panel B: Distance > 50 miles
Social Proximityt−1 1.440*** 0.119 0.555*** 1.297***

(0.464) (0.150) (0.154) (0.366)
Physical Proximityt−1 4.568** 1.952*** 1.865 4.396**

(1.752) (0.494) (1.203) (2.116)

N 60597 60597 60597 60597
R2 0.031 0.007 0.052 0.055

Panel C: Distance > 100 miles
Social Proximityt−1 1.184** -0.134 0.463*** 1.050***

(0.447) (0.166) (0.150) (0.325)
Physical Proximityt−1 3.397 1.154* 1.130 2.539

(2.128) (0.589) (1.445) (2.665)

N 60597 60597 60597 60597
R2 0.023 0.003 0.039 0.040

Notes: The table shows results from fixed effects panel regressions. Social Proximity measures a county’s network exposure
to the opioid epidemic. Physical Proximity captures a county’s distance-weighted exposure to the opioid epidemic. Panels
A, B, and C implement different restrictions on the physical proximity of county pairs when computing the social proximity
measure. The dependent variable in specification (1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2)
considers prescription opioid overdose deaths (T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and
specification (4) concerns combined heroin and fentanyl overdose deaths (T40.1+T40.4). The dependent variables are expressed
per 100,000 residents. Control variables are included as in Table 2, column (7). All regressions are population-weighted and
include state-by-year as well as county fixed effects. Standard errors are clustered at the state level. *, **, and *** denote
significance at the 10%, 5%, and 1% level, respectively.

sample mean of 4.04 combined heroin and fentanyl overdoses per 100,000 residents. Regarding Physical

Proximity the picture is more diverse across the four specifications. When considering prescription opi-

oid overdoses, Physical Proximity seems to exert a significant positive impact. However, the coefficient

estimates are insignificant once we focus on total opioid overdoses, heroin overdoses, and combined

heroin and fentanyl overdoses, respectively. To show that our results are not driven by outliers in spe-

cific years, Figure A.1 in the Online Appendix A documents year-specific effects of Social Proximity to
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the opioid epidemic. Generally, we find that the coefficient estimates are fairly stable over time. In line

with the observation that fentanyl played a minor role in the early years of the epidemic, the coefficients

in Panel D of Figure A.1 (combined heroin and fentanyl overdose deaths) start to become consistently

significant from 2008 on.

Even though we directly control for Physical Proximity in our regressions, one might argue that our

coefficient estimates on Social Proximity partially take up effects of local socioeconomic factors that are not

included in our analysis but correlated with Social Proximity. Hence, we would falsely attribute the effect

of such variables to our Social Proximity measure, overstating the network effect. In order to mitigate such

considerations, Panels B and C of Table 3 report results based on a modified version of the Social Proximity

measure. In particular, instead of summing over all counties, the summation index j in Equation (2)

only considers counties having a physical distance of more than 50 miles (Panel B) or 100 miles (Panel

C) to the focal county. The estimated coefficients on Social Proximity become smaller in magnitude but

remain statistically significant at least at the five percent level throughout all specifications and distance

restrictions except column (2). For example, computing Social Proximity based on all county-pairs with

distance greater than 100 miles results in a coefficient estimate of 1.05 when considering combined heroin

and fentanyl overdose deaths. Hence, if Social Proximity to the opioid epidemic, as measured by the

network exposure based on geographically distant counties, increases by one standard deviation in year

t − 1, combined heroin and fentanyl overdose deaths are higher by 1.05 per 100,000 residents in year t.

The effect is economically meaningful as it represents 26% of the sample average. This interpretation

qualitatively transcends to total opioid overdoses as well as heroin overdoses, while the effect vanishes

for prescription opioids. Thus, it seems that prescription opioids spread less through geographically

distant friendship networks. In our later analyses we focus on the spread of illegal opioids. We conclude

that Social Proximity is strongly associated with total opioid overdose deaths, heroin overdose deaths, and

fentanyl overdose deaths in the cross-section and even when controlling for unobserved heterogeneity

as well as implementing county-pair distance restrictions.

We provide additional information on the predictive power of Social Proximity in Table B.1 of the

Online Appendix. More specifically, we compute the incremental within-R2 of the regressors used in

our baseline regressions of Table 3. The incremental within-R2 is reported in percent and defined as

the difference in the within-R2 using the full set of variables and the within-R2 using the full set of

variables except the variable in the respective row. Hence, it measures how much of the within-county

variation in overdose deaths is explained by the variable under consideration. Overall, we find that

Physical Proximity and socioeconomic variables do not explain a substantial fraction of the time variation
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in county-level overdose deaths as the reported incremental within-R2s. However, our results strongly

indicate that Social Proximity is important for explaining time variation in county-level overdose deaths.

The additional within-county variation in overdose deaths explained by Social Proximity amounts to up

to roughly 9.5% when focusing on combined heroin and fentanyl overdose deaths.

4 Quasi-Experimental Variation in Network Exposure to the Epidemic

While our results hitherto are suggestive for a causal impact of social proximity, the baseline regressions

are plagued by potential endogeneity concerns. For example, a county’s friendship network structure is

inherently endogenous as people decide for themselves who they want to be friends with. In line with

this notion, a large literature documents that individuals are more likely to be friends with individuals

that share similar personal characteristics along dimensions such as race, ethnicity, age, religion, edu-

cation, occupation, or gender (e.g., Lazarsfeld et al., 1954, McPherson et al., 2001). Hence, counties are

likely to be more closely connected with other counties that are on average similar across various socioe-

conomic dimensions. Therefore, our results could be driven by an omitted third factor that determines

both the structure of county friendship networks and overdose deaths. Kuchler and Stroebel (2021) high-

light two ways to achieve identification of peer group effects: (i) random peer group assignment and (ii)

random shocks to an endogenously formed peer group. We follow the latter strategy in the rest of our

paper.

In particular, we exploit two policy-induced shocks to illicit drug consumption that are orthogonal

to friendship network formation. Firstly, we leverage the differential network exposure of counties to

the 2010 OxyContin reformulation. Secondly, we analyze how county-level overdose deaths change

when out-of-state must-access PDMPs are implemented. Both the OxyContin reformulation and must-

access PDMPs have been shown to effectively reduce prescription opioid misuse, while at the same time

causing substantial substitution to illicit opioids such as heroin and fentanyl (e.g., Alpert et al., 2018,

Evans et al., 2019, Powell and Pacula, 2021, Kim, 2021). These findings are also supported by the medical

literature showing that most illicit drug users started to abuse prescription opioids before switching

to even more dangerous alternatives due to their pharmacological similarity (e.g., Cerdá et al., 2015,

Compton et al., 2016). We leverage these shocks to illicit opioid consumption in our empirical design to

study how opioids in general and heroin and fentanyl in particular spread through friendship networks.
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4.1 The 2010 OxyContin Reformulation

OxyContin was introduced by Purdue Pharma in 1996 and is based on the active ingredient oxycodone.

In line with clinical recommendations, opioids were mostly used to treat chronic or acute pain of, e.g.,

terminally ill cancer patients by that time (Max et al., 1995). The main innovation of OxyContin was its

extended release formulation which provided 12 hours of continuous pain relief. To achieve effective

pain management over such a prolonged time interval, OxyContin usually featured a high dosage of

the active ingredient. The extended release formulation made OxyContin especially attractive and easy

to use compared to previous drugs. However, the gradual release mechanism can be circumvented by

chewing, snorting, or injecting the dissolved pill. Such abusive behavior causes the full dose of oxy-

codone to be released immediately. For this reason, OxyContin was particularly attractive for abusers.

Spurred by an overwhelming marketing campaign in the late 1990s through the early 2000s promoting

OxyContin use for non-cancer chronic pain (Alpert et al., 2022), OxyContin became one the best-selling

prescription drugs with more than $3 billion dollar sales in 2010 (Bartholow, 2011). This blockbuster

success also contributed to a widespread diversion to non-medical use rendering it one of the most

frequently abused prescription drugs (Cicero et al., 2005). Unsurprisingly, OxyContin is frequently con-

sidered as a key cause of the opioid epidemic (Kolodny et al., 2015, Alpert et al., 2022).

In August 2010, Purdue Pharma stopped selling the original formulation of OxyContin to points of

distribution. Instead, an abuse-deterrent version of OxyContin was introduced which contained physic-

ochemical barriers to make the pill hard to crush or dissolve, thereby effectively preventing the most

harmful abuse methods, while still allowing legitimate treatment of severe pain (Alpert et al., 2018).

Prior studies report that OxyContin misuse and oxycodone shipments immediately decreased after the

reformulation (Alpert et al., 2018, Evans et al., 2019, Powell and Pacula, 2021). These studies also provide

evidence that the reformulation-induced supply interruption caused a quantitatively large substitution

to heroin, thereby fueling the second wave of the opioid epidemic.

We start by confirming these results using county-level data, while all previous studies on the Oxy-

Contin reformulation are conducted at the state level. Alpert et al. (2018) note that the direct effect of

the reformulation is dependent on pre-2010 OxyContin abuse as the reformulation has more bite in high

abuse states compared to low abuse states. We use county-level oxycodone shipments per capita (AR-

COS DEA) between 2006 and 2009 as a proxy for misuse to measure the extent to which counties are
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Table 4—OXYCONTIN REFORMULATION – DIRECT EFFECT

Opioid
Presc.

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

Pre2010OxyRate × Post -0.030*** 0.759* 0.031 0.409** 0.916**
(0.007) (0.442) (0.178) (0.187) (0.389)

Dependent Mean 0.74 8.65 4.44 2.47 5.04
State × Year FE Yes Yes Yes Yes Yes
County FE Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes
N 35900 44065 44065 44065 44065
R2 0.955 0.762 0.680 0.756 0.780

Notes: The table shows results from difference-in-differences panel regressions. Pre2010OxyRate is the county-level Oxycodone
prescription rate between 2006 and 2009. Post is an indicator variable for the post-reformulation period starting in 2010. Opioid
prescriptions per capita is the dependent variable in specification (1), specification (2) incorporates total opioid overdose deaths
(T40.1-T40.4), specification (3) considers prescription opioid overdose deaths (T40.2+T40.3), specification (4) uses prescription
opioid overdose deaths without cases where heroin or fentanyl are involved (T40.2+T40.3 but not T40.1+T40.4), specification
(5) focuses on heroin overdose deaths (T40.1), and specification (6) concerns combined heroin and fentanyl overdose deaths
(T40.1+T40.4). The overdose measures are expressed per 100,000 residents. All regressions are population-weighted and in-
clude state-by-year as well as county fixed effects. Standard errors are clustered at the state level. *, **, and *** denote signifi-
cance at the 10%, 5%, and 1% level, respectively.

affected by the reformulation.7

To identify substitution patterns at the county-level, we implement the following difference-in-differences

design

yit = β × Pre2010OxyRatei × Postt + δXit +Φit + εit, (5)

where Pre2010OxyRatei are total county-level oxycodone shipments per capita between 2006 and 2009.

yit can be per-capita opioid prescriptions (CDC) or different measures of opioid overdose death rates.

Postt is a dummy variable which equals one in the post reformulation period.8 Moreover, Xit is a matrix

of socioeconomic control variables. To control for time-constant county characteristics and time-varying

unobserved effects at the state level, Φit contains county as well as state-by-year fixed effects. Our

main results are population-weighted using county population in 1999, but the results are not sensitive

to this choice. Table 4 shows the direct effect of the OxyContin reformulation. Pre2010OxyRatei

7Alpert et al. (2018) conduct their analysis at the state level and can thus employ self-reported OxyContin misuse rates
provided through the National Survey on Drug Use and Health (NSDUH) to measure misuse. Unfortunately, this direct
measure of OxyContin abuse is not available at the county-level. However, in the Online Appendix C we show that our
oxycodone shipment-based measure is a good proxy for misuse.

8We also estimate event study versions of this difference-in-differences model and report the results in Online Appendix D.
We find our baseline results to be confirmed by the event study plots.
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is standardized such that the coefficients can be interpreted as the effect of a one standard deviation

increase in the total county-level oxycodone shipments between 2006 and 2009. To explicitly carve out

the substitution patterns after the 2010 OxyContin reformulation we five different outcome variables.

Column (1) shows that counties in which the OxyContin reformulation has more bite experienced

larger decreases in opioid prescriptions. In particular, a one standard deviation increase in pre-2010

oxycodone shipments leads to 0.03 fewer opioid prescriptions per capita on an annual basis in the post

reformulation period. This effect corresponds to a decrease of 4% relative to the sample average of opioid

prescriptions, i.e., the regulation was effective in the sense of leading to fewer prescriptions in counties

with indications of higher abuse rates prior to the reformulation. Columns (2) to (5) analyze the effect

of the reformulation on various opioid overdose measures to isolate substitution patterns. Total opioid

overdoses(column (2)), heroin overdoses (column (4)) as well as combined heroin and fentanyl overdoses

(column (5)) increase significantly after the reformulation. However, in column (3), prescription opioid

overdoses display insignificantly positive effects. In this context, it is important to note that our death

categories only indicate any presence of specific drugs but do not allow an exact attribution of a death to

a single drug when multiple substances are mentioned on the death certificate, as is typically the case.

Hence, the absence of a reduction in prescription opioid overdose deaths might be explained by taking

into account that between 2011 and 2013 more than 45% of heroin users were also addicted to opioid

pain relievers (Jones et al., 2015). To support this view, we additionally perform the same regression

but use deaths exclusively attributed to prescription opioids but not heroin or fentanyl as the outcome

variable. For this adjusted measure of prescription opioid overdoses we find a negative effect of -0.16 that

is marginally insignificant (p-value=0.102), but the effect size of 4% of the sample average is consistent

with the reduction in opioid prescriptions.

Column (5) shows that the effect size for heroin overdoses is 0.41 implying that a one standard devi-

ation increase in pre-2010 oxycodone shipments translates into 0.41 more annual heroin overdoses in the

post reformulation period. The economic magnitude of this effect is large as it corresponds to roughly

16.6% of the sample average of heroin overdoses. For combined heroin and fentanyl overdoses the co-

efficient estimate is 0.92, further indicating a strong substitution of prescription opioids with heroin and

fentanyl. Our results are consistent with previous studies analyzing the OxyContin reformulation at the

state level (e.g., Alpert et al., 2018, Evans et al., 2019, Powell and Pacula, 2021).

Having established significant substitution effects caused by the reformulation, we now leverage

this supply policy induced shock to illicit drugs to study whether drug usage patterns spread through
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friendship networks. We measure friendship network exposure to the OxyContin reformulation as

OxyNetExposurei =
∑
j ̸=i

1(Pre2010OxyRatej > Med)× SCIij∑
h SCIih

, (6)

where 1(Pre2010OxyRatej > Med) captures whether county j has above-median oxycodone ship-

ments between 2006 and 2009. The sum j runs over all counties except the focal county i. Intuitively,

OxyNetExposurei measures the share of a county’s friendship network that is exposed to above-median

oxycodone counties. Hence, it also captures the degree to which counties are confronted with a shock

to illicit drug consumption through their friendship networks. Using the network exposure to the Oxy-

Contin reformulation, we test if the shock to illicit drug consumption is transmitted through friendship

networks. Therefore, we implement the following difference-in-difference specification

Deathsit = β1 ×OxyNetExposurei × Postt + β2 × Pre2010OxyRatei × Postt + δXit +Φit + εit, (7)

where Deathsit are various overdose measures, Pre2010OxyRatei×Postt controls for the direct effect of

the reformulation, and Xit is a matrix of control variables. Our main variable of interest is the interaction

term OxyNetExposurei × Postt which allows separating the network effect from the direct effect of the

OxyContin reformulation. Consequently, β1 captures how counties having many connections to regions

where the OxyContin reformulation has more bite differ in terms of overdose measures from regions

with fewer connections to such regions after the reformulation.

Our empirical model contains county fixed effects to control for time-invariant county characteris-

tics. State-by-year fixed effects control for time-varying heterogeneity, e.g., changes in legislation or law

enforcement at the state level, effectively making this a comparison between counties in the same state

and year. As such the identification comes from within-state differences in county network exposure

to the OxyContin reformulation, holding factors like legislation, law enforcement, socioeconomic char-

acteristics, unobserved time-constant county heterogeneity, and the direct effect of the reformulation

constant.

The identification assumption is that net of all control variables and fixed effects, counties with more

friendship links to regions where the OxyContin reformulation has more bite would have behaved like

other counties in the same state that had fewer friendship links to such regions if the OxyContin refor-

mulation had not taken place. As always the identification assumption cannot be directly verified, but

we later provide evidence that pre-trends did not differ significantly between counties with high and
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low OxyContin friendship network exposure.9

In Table 5, we report the results of estimating Equation (7) to test if network exposure to the Oxy-

Contin reformulation contributes to changes in overdose deaths over and above the direct effect of the

reformulation. The different columns in the table refer to different opioid overdose measures. Panel A

presents the results when computing the network exposure to the OxyContin reformulation based on all

friendship links. A one standard deviation increase in the network exposure to the OxyContin reformu-

lation is associated with an increase in total opioid overdose deaths by 1.02 deaths per 100,000 residents,

holding the direct effect of the reformulation constant and controlling for unobserved county as well as

state-by-year heterogeneity. The effect is statistically significant at the 1% level and also meaningful in

economic terms as it corresponds to some 12% of the sample average. In column (3) and (4) we present

our findings for heroin overdose deaths and combined heroin and fentanyl overdose deaths. The esti-

mates show that a one standard deviation increase in friendship network exposure is related, c.p., to an

increase in heroin overdose deaths (combined heroin and fentanyl overdose deaths) by 0.80 (1.31) per

100,000 residents or as much as 32% (26%) of the sample average with both coefficients being statistically

significant at the one percent level.

Nevertheless, one might argue that the social network effect picks up at least some part of the direct

effect and will become insignificant when focusing on geographically distant friends. We rule out such

an alternative explanation by showing that the coefficient on OxyNetExposurei × Postt remains sig-

nificant when we impose distance restrictions on the county-pairs used to construct OxyNetExposurei.

Panels B and C require that county pairs are at least 50 and 100 miles away from each other for being con-

sidered when computing OxyNetExposurei. In our preferred specification in Panel C, the coefficient on

OxyNetExposurei × Postt remains statistically significant at the one percent level for heroin overdoses

and combined heroin and fentanyl overdoses. As expected, the effect size becomes smaller but remains

economically substantial as the coefficient estimate for heroin (combined heroin and fentanyl) overdoses

implies that a one standard deviation increase in the OxyContin network exposure only incorporating

geographically distant friends results in 0.54 (0.76) more annual heroin (combined heroin and fentanyl)

overdoses per 100,000 residents after the reformulation. The effect size is still large as it corresponds

to 22% (15%) of the sample average. For total opioid overdoses, the coefficient becomes smaller but re-

mains statistically significant at the 10% level. Panel C also shows that a distance restriction of 100 miles

causes the coefficient on Pre2010OxyRatei × Postt to converge almost fully back to the estimates pre-

9Additionally, in Table E.1 of the Online Appendix E we present detailed summary statistics conditional on below and above
median network exposure to the OxyContin reformulation.
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Table 5—OXYCONTIN REFORMULATION – INDIRECT FRIENDSHIP NETWORK EFFECT

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

Panel A: All friends
OxyNetExposure × Post 1.020*** -0.012 0.803*** 1.311***

(0.294) (0.117) (0.160) (0.269)
Pre2010OxyRate × Post 0.627 0.031 0.301 0.743*

(0.453) (0.189) (0.181) (0.385)

Dependent Mean 8.65 4.44 2.47 5.04
N 44065 44065 44065 44065
R2 0.763 0.680 0.759 0.782

Panel B: Distance > 50 miles
OxyNetExposure × Post 0.568** -0.103 0.596*** 0.823***

(0.268) (0.093) (0.138) (0.227)
Pre2010OxyRate × Post 0.714 0.036 0.361* 0.850**

(0.472) (0.181) (0.203) (0.415)

N 44065 44065 44065 44065
R2 0.763 0.680 0.760 0.782

Panel C: Distance > 100 miles
OxyNetExposure × Post 0.516* -0.110 0.543*** 0.755***

(0.268) (0.082) (0.138) (0.231)
Pre2010OxyRate × Post 0.718 0.036 0.365* 0.855**

(0.475) (0.179) (0.206) (0.420)

N 44065 44065 44065 44065
R2 0.763 0.680 0.760 0.782

Notes: We study the network effects of the OxyContin reformulation on various public health outcomes. OxyNetExposure
measures the degree to which a county’s social network is exposed to the 2010 OxyContin reformulation. Panels A, B, and
C implement different restrictions on the physical proximity of county pairs when computing the network exposure. The
dependent variable in specification (1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2) considers pre-
scription opioid overdose deaths (T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification
(4) concerns combined heroin and fentanyl overdose deaths (T40.1+T40.4). The dependent variables are expressed per 100,000
residents. We flexibly control for local economic conditions as well as the direct effect of the 2010 OxyContin reformulation by
interacting the county-level Oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions are
population-weighted and include state-by-year as well as county fixed effects. Standard errors are clustered at the state level.
*, **, and *** denote significance at the 10%, 5%, and 1% level, respectively.

sented in Table 4, suggesting that with our empirical model we can distinguish between the direct effect

and the indirect network effect of the reformulation. Finally, the results in column (2) show insignificant

friendship network effects for prescription opioid overdoses, consistent with the direct effect of the re-

formulation, which does not seem to cause significant reductions in prescription opioid overdoses (see

Table 4).
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Overall, our findings are intuitive. We show in Table 4 that the 2010 OxyContin reformulation caused

a major transition from prescription opioids to illicit drugs like heroin or fentanyl. Therefore, it is rea-

sonable to expect friendship network effects for total opioid overdoses, heroin overdoses and combined

heroin and fentanyl overdoses since these death categories exactly cover illicit opioids that are used to

substitute for OxyContin. Hence, our results show that the indirect network effect operates in the same

direction as the direct effect, consistent with behavior passing through friendship networks.

To formally test for differential pre-trends between high and low network exposure counties, we

implement the same specification as in Equation (7) but interact OxyNetExposurei with a full set of

year dummies

Deathsit =
2019∑

t=2005
t̸=2010

β1,t ×OxyNetExposurei × 1(Y ear = t)

+ β2 × Pre2010OxyRatei × Postt + δXit +Φit + εit.

(8)

The specification still includes Pre2010OxyRatei × Postt to control for the direct effect of the refor-

mulation. Moreover, Φit contains county fixed effects as well state-by-year fixed effect to make this a

comparison of within-county variation in the same state and year. Standard errors are clustered at the

state level. We normalize the coefficient for 2009—the year prior to the reformulation—to zero such that

all coefficients are to be interpreted with respect to this baseline. Figure 3 graphically illustrates the es-

timates of β1,t along with 95% confidence bands. As before, we study four different outcome variables:

Panels A, B, C, and D show the results for total opioid overdoses, prescription opioid overdoses, heroin

overdoses, and combined heroin and fentanyl overdoses, respectively. Overall, the results clearly show

that differential pre-trends between counties with high and low friendship network exposure are of no

concern here as the coefficients are insignificant and practically zero before 2010 in all cases. Panel A

shows that a one standard deviation increase in the friendship network exposure to the OxyContin re-

formulation leads to higher opioid overdose rates in the order of up to three deaths per 100,000 residents

after the reformulation. Prescription opioid overdoses do not seem to exhibit a network effect as the

coefficients in Panel C are insignificant. This result is consistent with the zero aggregate effect found

in column (2) of Table 5. Panels C and D confirm no differential pre-trends and a very strong network

effect for heroin and fentanyl.10 In general, we find that the network effect is consistently significant and

substantial in magnitude from two or three years after reformulation onwards. We interpret this result

10As documented in the Online Appendix, we find a very similar pattern if we focus on county pairs that are more than 50
(Figure H.1) or more than 100 miles (Figure H.2) apart.
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Figure 3—EVENT STUDY SPECIFICATION: FRIENDSHIP NETWORK EXPOSURE TO OXYCONTIN

REFORMULATION

Notes: The figure illustrates time-specific difference-in-differences coefficients along with 95% confidence bands using differ-
ent outcome variables. The dependent variable in Panel A incorporates total opioid overdose deaths (T40.1-T40.4), Panel B
considers prescription opioid overdose deaths (T40.2+T40.3), Panel C focuses on heroin overdose deaths (T40.1), and Panel D
concerns combined heroin and fentanyl overdose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents.
The regressions feature state-by-year and county fixed effects. We flexibly control for local economic conditions as well as the
direct effect of the 2010 OxyContin reformulation by interacting the county-level Oxycodone prescription rate between 2006
and 2009 with a post-2010 dummy. The regressions are population-weighted. Standard errors are clustered at the state level.

as consistent with the idea that information takes time to spread through friendship networks and that

actual changes in illicit drug use patterns increase mortality rates only after some time has elapsed.

Robustness of Results: OxyContin Reformulation

In the following, we provide evidence that our main results for the friendship network effect of the Oxy-

Contin reformulation are consistent across various specifications. A concern might be that our friendship

network effect is driven by migration from high oxycodone areas. For example, it could be that a certain

county experiences substantial migration from high oxycodone counties after the 2010 OxyContin refor-

mulation. If individuals choose their migration destination based on existing friendship links it might
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be that our friendship network effect loads on migration patterns without there necessarily being a true

friendship network effect. To test for this possibility, we collect data on county-to-county migration flows

from the IRS SOI Tax Stats and compute the exposure of counties to the 2010 OxyContin reformulation

through migration as

OxyMigExposureit =
∑
j

Pre2010OxyRatej ×Migrationij
t , (9)

where Migrationij
t is the migration rate from county j to the focal county i in year t. The sum j runs

over all counties except focal county i. Intuitively, if OxyMigExposureit is high, comparatively many

people from high Oxycodone counties migrate to the focal county i in year t. Thus, this measure captures

the exposure of county i to the OxyContin reformulation through migration. To control for migration

effects we estimate our baseline specification defined in Equation (5) and include an additional term

labeled OxyMigExposureit×Postt, where Postt is a dummy variable for the post-reformulation period

starting in 2010. The results are presented in Table H.6. Migration exposure to high oxycodone counties

seems to have a negligible impact on overdose deaths. Compared with the baseline results in Table 5, the

friendship network effect neither looses statistical nor economic significance. To sum up, we conclude

that our friendship network effect is not driven by migration patterns.

To rule out that our estimates are driven by systematic features of the SCI data, we report the results

of placebo experiments in Figure H.3 of the Online Appendix. In each placebo experiment, we randomly

assign social connections between county pairs. We then reconstruct the OxyContin network exposure

variable defined in expression (6), estimate Equation (7), and store the resulting t-statistic of β1. The solid

lines in the figures correspond to the t-statistics using the true social connections as given by the SCI. As

expected, for total opioid overdoses, heroin overdoses, and combined heroin and fentanyl overdoses, the

t-statistic using the true social connections is significantly to the right of the distribution of the placebo

t-statistic, while for prescription opioid overdoses it lies within the distribution of placebo t-statistics.

Overall, these findings are consistent with our baseline results presented in Table 5.

Moreover, we re-estimate the results of Table 5 using different alterations of the research design and

report the results in the Online Appendix. Trimming the top 5% of the sample based on the respective

dependent variable does not change the interpretation of our results. In fact, Table H.1 provides further

evidence in favor of a strong friendship network effect as the direct effect of the reformulation is most of

the time insignificant, while the friendship network effect retains its economic and statistical significance.

Moreover, Table H.2 shows that clustering standard errors at the county level affects the statistical signif-
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icance of our estimates only slightly. As described above, our main regressions are population-weighted.

When giving equal weight to all observations, all results still go through. Table H.3 documents that the

point estimates become even larger when estimating unweighted panel regressions. It might be that our

friendship network measure is just a proxy for distance and we are erroneously capturing drug con-

sumption behavior of counties in the same local media or labor market. Our estimates might be biased

if the OxyContin reformulation affected local media or labor markets. To counteract such concerns, we

control for Designated Market Area (DMA)-by-year fixed effects. Table H.4 shows that our main results

remain mostly unaffected. If anything, the friendship network effect becomes even larger. To control

for time-varying effects of differences in economic conditions, we estimate a model that includes year-

specific fixed effects for percentiles of average county-level household income. Table H.5 documents that

our main results are not driven by time-varying effects of income differences.

4.2 Must-Access Prescription Drug Monitoring Programs

In the previous section, controlling for the direct effect of the OxyContin reformulation and imposing

distance restrictions, we examine how differential friendship network exposure affects overdose deaths

in the post reformulation period. Nevertheless, one might argue that our results could be partially

driven by the direct effect of the reformulation which is at work at the same time. To rule out such

considerations and to provide robustness based on a second identification strategy, we exploit a setting

where there is arguably no direct effect but—if existent—only an indirect friendship network effect. We

focus on the introduction of must-access PDMPs, i.e., state level databases that keep track of a patient’s

prescription history and provide useful information for physicians (Davis et al., 2014). PDMPs are either

with or without a must-access provision. In case of a must-access provision, physicians are obliged to

consider a patient’s prescription record before prescribing controlled substances like opioids. Without a

must-access provision, it is in the physician’s judgment to consult the PDMP database before prescribing

controlled substances. However, unless access to PDMPs is mandated, participation is low with take-up

rates around 35% between 2010 and 2012 (Kreiner et al., 2014, Haffajee et al., 2015). Consistent with

this observation, previous studies only find weak effects of voluntary PDMPs (e.g., Buchmueller and

Carey, 2018). On the contrary, must-access PDMPs are found to effectively reduce opioid prescriptions

and prescription opioid misuse, though, at the cost of substantial substitution to illicit drugs like heroin

(Buchmueller and Carey, 2018, Mallatt, 2018, Kim, 2021). We concentrate on 16 must-access PDMPs

implemented between 2007 and 2015. Figure 4 shows the timeline of must-access PDMP introductions.

The introduction dates are obtained from Kim (2021). We proceed in two steps. First, we show that must-
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Figure 4—TIMELINE OF MUST-ACCESS PDMP INTRODUCTIONS

Notes: The figure illustrates the must-access PDMP introduction dates between 2007 and 2015. The introduction dates are
obtained from Kim (2021).

access PDMPs reduce county-level opioid prescriptions, while total opioid overdose deaths increase

significantly. This increase is driven by a substantial substitution to illegal substances like heroin and

fentanyl. Hence, must-access PDMPs induce a positive shock to illicit drug consumption—particularly

for heroin and fentanyl—in counties of implementing states. These findings confirm the results of Kim

(2021) in our slightly extended sample. Second, and more importantly, we exploit this shift towards illicit

drug consumption using a difference-in-differences design to study how the opioid epidemic propagates

through friendship networks. Specifically, we analyze how counties with many connections to counties

in states that implement a must-access PDMP, i.e., to regions that experience a positive shock to illicit

opioid consumption, differ from counties with fewer such connections. Must-access PDMPs provide an

ideal setting to analyze friendship network effects as they are introduced at the state level. Therefore,

they only impact counties located in the implementing state, while out-of-state counties are not directly

affected.11 The absence of any direct effect on counties in non-implementing states allows us to cleanly

estimate the indirect friendship network effect.

To first investigate the direct impact of must-access PDMPs in counties of implementing states we

estimate the following staggered difference-in-differences model

yit = θ × PDMPit + δXit + ϕi + γt + εit, (10)

where PDMPit is a dummy variable that is one when a county has a must-access PDMP provision in

year t. We estimate this model using OLS.12. As above, yit are different measures of opioid overdoses

or per-capita opioid prescriptions. Moreover, Xit is a matrix of socioeconomic control variables. Kim

(2021) notes that it is crucial to control for the OxyContin reformulation when estimating the impact

11Out-of-state counties could be indirectly affected as individuals could travel across state borders to circumvent must-access
PDMP legislation in their home state. The analysis presented in Table H.10 in Online Appendix excludes counties that border
implementing states and shows that our main results are unaffected.

12Due to the recent advances in the literature on difference-in-differences with staggered treatments, we also provide event
study plots in the Online Appendix F using the method proposed by Sun and Abraham (2020). We find our baseline OLS
results to be confirmed by the event study plots.
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Table 6—MUST-ACCESS PDMPS – DIRECT EFFECT

Opioid
Presc.

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

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

PDMP -0.036* 5.750*** 1.321*** 2.543*** 5.313***
(0.021) (1.538) (0.343) (0.630) (1.550)

Dependent Mean 0.74 6.99 3.73 1.96 3.91
Year FE Yes Yes Yes Yes Yes
County FE Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes
N 35913 61484 61484 61484 61484
R2 0.942 0.626 0.585 0.613 0.610

Notes: The table shows the direct effect of must-access PDMPs. PDMP is a dummy variable which is equal to one if a state has
enacted a must-access PDMP law. Opioid prescriptions per capita is the dependent variable in specification (1), specification
(2) incorporates total opioid overdose deaths (T40.1-T40.4), specification (3) considers prescription opioid overdose deaths
(T40.2+T40.3), specification (4) focuses on heroin overdose deaths (T40.1), and specification (5) concerns combined heroin
and fentanyl overdose deaths (T40.1+T40.4). The overdose measures are expressed per 100,000 residents. All regressions are
population-weighted and include year as well as county fixed effects. We flexibly control for local economic conditions as well
as the direct effect of the 2010 OxyContin reformulation by interacting the county-level Oxycodone prescription rate between
2006 and 2009 with a post-2010 dummy. Standard errors are clustered at the state level. *, **, and *** denote significance at the
10%, 5%, and 1% level, respectively.

of must-access PDMPs. Thus, we include Pre2010OxyRatei × Postt in Xit, as defined in Equation (7),

to absorb any confounding effect of the OxyContin reformulation. To control for time-constant county

characteristics and time-specific shocks, we include county (ϕi) as well as year (γt) fixed effects. Note

that we cannot control for state-by-year fixed effects because our main variable of interest, PDMPit,

varies at the state-year level. Our main results are population-weighted using county population in

1999, but the results are not sensitive to this choice. The identifying assumption in Equation (10) is that

overdose measures in counties in must-access PDMP implementing states would have evolved similarly

to overdose measures in counties in non-implementing states if the implementing states had not adopted

a must-access PDMP.

Table 6 shows the direct effects of must-access PDMP introductions. Column (1) indicates that must-

access PDMPs indeed reduce opioid prescriptions by 0.036 per capita, or as much as 5% of the average

annual prescription rate. At the same time, however, columns (2) to (5) show that overdose deaths do

not decline but increase significantly, confirming the evidence from Kim (2021). When evaluated at the

average death rate per 100,000 residents, the increase is sharpest for heroin and combined heroin and

fentanyl overdoses, suggesting that opioid users switch to illicit drugs like heroin once restrictions on

legal prescriptions are in place. Despite the decrease in opioid prescriptions, column (3) shows that
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overdoses involving prescription opioids increase after a must-access PDMP is introduced. Similar as

in the OxyContin reformulation setting, this finding is likely to be driven by the fact that our overdose

measures indicate any presence of specific drugs but are not exclusive in the sense that we can attribute

the death to a single drug when multiple substances are mentioned on the death certificate. Hence, even

though individuals substitute away from prescription opioids as indicated by the decline in opioid pre-

scriptions, we might observe prescription opioid overdoses to increase.13 Therefore, we run additional

tests and only consider deaths attributable exclusively to prescription opioids but not heroin or fentanyl.

As expected, the positive effect of PDMPs on prescription opioid overdoses vanishes almost fully, with

the point estimate shrinking to 0.2 and being statistically insignificant (p-value=0.35). Thus, our find-

ings overall indicate that must-access PDMPs cause a substantial shift from prescription opioids to illicit

drugs.

After showing that must-access PDMPs represent a shock to illicit drug consumption in counties

of implementing states, we study whether this shock spills over to non-implementing regions through

friendship networks. We hypothesize that counties with more social connections to states with must-

access PDMPs experience larger increases in opioid overdose deaths than counties with fewer social

connections to these implementing states because the shock to illicit drug consumption due to must-

access PDMPs propagates through friendship networks. To measure changes in must-access PDMP

network exposure we define

PDMP NetExposureit =
S∑

s(i)̸=s(j)

1(PDMP in state s(j))t ×
SCIij∑
h SCIih

, (11)

where 1(PDMP in state s(j))t captures whether state s(j) has a must-access PDMP in year t. The sum j

runs over all states s(j) except focal county i’s own state s(i). Intuitively, PDMP NetExposureit mea-

sures how strongly a county’s friendship network is exposed to states which have already implemented a

must-access PDMP in year t. Hence, it proxies the degree to which counties are confronted with a shock

to illicit drug consumption through their friendship networks. Importantly, PDMP NetExposureit

varies across counties and time as counties are more or less exposed to implementing states through

their friendship networks and an increasing number of states implements must-access PDMPs during

our sampling period. Using the network exposure to must-access PDMPs, we test whether the shock

to illicit drug consumption induced by must-access PDMPs is transmitted through friendship networks.

13For example, it is likely that opioid addicts still continue to get prescriptions from their physicians, but at a lower rate,
and substitute the rest by heroin or other drugs obtained illegally on street markets or via the Internet. Consistent with this
explanation, Jones et al. (2015) report that around half of all heroin users are also addicted to prescription opioid pain relievers.
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Therefore, we estimate the following regression model

Deathsit = α× PDMP NetExposureit + δXit + ϕi + γst + εit. (12)

Equation (12) contains county (ϕi) and state-by-year fixed effects (γst) to control for any time invariant

county characteristic and time-varying unobservables at the state level. Thus, any variation at the state-

year level is absorbed, including if a county’s own state is implementing a must-access PDMP. As in

Equation (10) we include Pre2010OxyRatei × Postt in Xit to control for any confounding effect of the

OxyContin reformulation. Our main results are population-weighted using county population in 1999,

but the results are not sensitive to this choice. Standard errors are clustered at the state level.

State-by-year fixed effects ensure a comparison between counties in the same state and year. Thus,

any effect we document must be driven by within state differences in county network exposure to out-

of-state must-access PDMPs, holding factors like legislation, law enforcement, socioeconomic character-

istics, unobserved time-constant county heterogeneity, and the direct effect of the OxyContin reformula-

tion constant. The identification assumption is that counties with more friendship links to must-access

PDMP implementing states would have behaved like other counties in the same state that had fewer

friendship links to such states if the out-of-state PDMP had not been introduced. The identification

assumption cannot be verified directly, but we later provide evidence that pre-trends did not differ sig-

nificantly between counties with high and low must-access PDMP network exposure.14

Table 7 shows estimation results from model (12) to test whether illicit drug consumption is transmit-

ted through friendship networks. We find that a one standard deviation increase in friendship network

exposure to out-of-state must-access PDMPs increases total opioid overdoses by 0.96 per 100,000 resi-

dents which corresponds to 11.1% of the sample average. The effect is also statistically significant at the

one percent level. In contrast, prescription opioid overdoses do not seem to exhibit significant network

effects as the coefficient estimate is positive but both statistically and economically insignificant. This

result reassures trust in our research design since our identification exploits a shock to illicit drug con-

sumption in out-of-state counties that is potentially propagated through friendship networks. Hence, it

would be counterintuitive if we found sizable network effects for prescription opioid overdoses despite

our identification aiming at illicit opioids. Finally, column (3) and (4) show statistically and economically

significant network effects for heroin overdoses as well as combined heroin and fentanyl overdoses. A

14Additionally, Table G.1 in the Online Appendix G presents summary statistics for (i) all counties, (ii) counties with an
above median change in must-access PDMP network exposure, and (iii) counties with a below median change in must-access
network exposure.
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Table 7—MUST-ACCESS PDMPS – INDIRECT FRIENDSHIP NETWORK EFFECT

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

PDMP NetExposure 0.959*** 0.115 0.644*** 1.005***
(0.347) (0.113) (0.173) (0.320)

Dependent Mean 8.65 4.44 2.47 5.04
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 44065 44065 44065 44065
R2 0.764 0.681 0.764 0.784

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetExposure measures the degree
to which a county’s out-of-state social network is exposed to must-access PDMP laws. The dependent variable in specifica-
tion (1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2) considers prescription opioid overdose deaths
(T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and
fentanyl overdose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control for demo-
graphic and local economic conditions as well as the 2010 OxyContin reformulation by interacting the county-level Oxycodone
prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions are population-weighted and include state-
by-year as well as county fixed effects. Standard errors are clustered at the state level. *, **, and *** denote significance at the
10%, 5%, and 1% level, respectively.

one standard deviation increase in network exposures to out-of-state must-access PDMPs is related to an

increase in heroin (combined heroin and fentanyl) overdoses by 0.64 (1.01) deaths per 100,000 residents.

The effect size corresponds to 26.1% (19.9%) of the sample average. Moreover, comparing the magni-

tudes of the coefficients, we conclude that the total effect documented in column (1) is mainly driven

by heroin and fentanyl overdoses. In summary, these results show that illicit drug consumption spreads

through friendship networks.

The identification assumption in model (12) effectively requires that counties with many connections

to states that implement a must-access PDMP would have behaved like other counties in the same state

that have fewer such connections had there been no expansion of out-of-state must-access PDMPs. To

ensure trust in the research design one could test whether these counties followed similar trends before

out-of-state must-access PDMPs were introduced. However, as states adopt must-access PDMPs at dif-

ferent points in time, pre-trends are more difficult to test than in the canonical difference-in-differences

setting. As an alternative, we follow the methodology suggested in Wilson (2022) and treat each out-of-

state must-access PDMP introduction as a separate event. Then, we stack the data for each event and
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estimate the average effect across all out-of-state must-access PDMP introductions as

Deathsijt =

8∑
t=−5
t̸=−1

αt ×
SCIij∑S
g SCIig

× 1(t years from introduction)

+ δXijt + ϕij + γjst + εijt.

(13)

In this setting, SCIij is the SCI for county i and the implementing state j. The fraction SCIij/
∑S

g SCIig

thus captures the importance of state j for the friendship network of county i. The vector Xijt contains the

same controls as in model (12). However, the county fixed effects from (12) are now replaced by event-by-

county fixed effects (ϕij) and the state-by-year fixed effects by event-by-state-by-year fixed effects (δjst)

to ensure a within-event comparison. Therefore, one can interpret Equation (13) as comparing different

overdose measures between counties in the same state that have strong versus weak social connections

to the must-access PDMP implementing state j and then taking an average over all events.

We restrict the sampling period to five years before and eight years after each event. The coefficients

of interest, αt, are plotted along with 95% confidence bands in Figure 5 for our four different overdose

measures. Panel A (B, C, D) shows total opioid overdoses (prescription opioid overdoses, heroin over-

doses, and combined heroin and fentanyl overdoses). Generally, the coefficients illustrated in Figure 5

are in line with the numerical baseline results provided in Table 7. Across all panels, we do not observe

evidence of differential pre-trends as the coefficient estimates are close to zero and statistically insignif-

icant. Therefore, we conclude that network exposure to states that introduce must-access PDMPs does

not affect overdose measures before the policy is implemented. This observation would reject any view

that counties with more connections to must-access PDMP implementing states are systematically differ-

ent in key characteristics that affect overdose measures over time. When out-of-state must-access PDMPs

are introduced, we see a small and typically insignificant divergence for prescription opioid overdoses,

while total opioid overdoses, heroin overdoses, and combined heroin and fentanyl overdoses diverge

suggesting that shocks to illicit drug consumption as caused by must-access PDMPs are propagated

through friendship networks. Hence, this implies that overdose measures in counties with many and

few social connection to implementing states were on the same trend and only diverge after out-of-state

must-access PDMPs are implemented, lending credibility to our identification assumption.
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Figure 5—EVENT STUDY SPECIFICATION: FRIENDSHIP NETWORK EXPOSURE TO OUT-OF-STATE

PDMPS

Notes: The figure illustrates time-specific difference-in-differences coefficients along with 95% confidence bands using different
outcome variables. We consider the friendship network exposure to out-of-state must-access PDMP introductions. In our
sample we examine 16 staggered adoptions of must-access PDMPs. The dependent variable in Panel A incorporates total
opioid overdose deaths (T40.1-T40.4), Panel B considers prescription opioid deaths (T40.2+T40.3), Panel C focuses on heroin
overdose deaths (T40.1), and Panel D concerns combined heroin and fentanyl overdose deaths (T40.1+T40.4). All death counts
are expressed per 100,000 residents. The regressions include event-by-state-by-year and event-by-county fixed effects. We
flexibly control for demographic and local economic conditions as well as the direct effect of the 2010 OxyContin reformulation
by interacting the county-level Oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions
are population-weighted. Standard errors are clustered at the state level.

Robustness of Results: Out-of-State PDMPs

We only consider out-of-state friendship networks and include state-by-year fixed effects in our identi-

fication to eliminate potential direct effects of PDMP introductions. A remaining concern could be that

counties located in non-implementing states but adjacent to implementing states see a rise in the quan-

tity of opioids sold because individuals from implementing states cross the border to obtain easy access.

This could, at least theoretically, bias our friendship network effect. To exclude this view we discard all

counties adjacent to PDMP-implementing states and find our results to hold (see Table H.10).

Similar to the OxyContin setting, we present evidence in the Online Appendix that our main results
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for the friendship network effects of out-of-state PDMPs are consistent across a wide range of specifi-

cations. As above, we check the robustness of our results by implementing the following additional

analyses: placebo tests (Figure H.4), trimming the top 5% of the sample based on the respective depen-

dent variable (Table H.7), clustering standard errors at the county level (Table H.8), giving equal weight

to all counties in our regressions (H.9), and controlling for DMA-by-year fixed effects (Table H.11) time-

varying effects of income differences (Table H.12) as well as migration from PDMP-implementing states

(H.13). We find that our results are robust across these tests.

5 Cross-Sectional Heterogeneity by Characteristics of Local Networks

Our findings indicate that the opioid epidemic can spread through friendship networks. At the same

time, however, one might expect a strong friendship network to make individuals less vulnerable to opi-

oid abuse. It is important to note that the effects we document are driven by the structure of geograph-

ically distant friendship links and not by the friendship intensities per se. Thus, we now complement

our baseline analyses and study whether characteristics of local within-county friendship links affect our

results.

We first hypothesize that in counties where local friendship networks are more important compared

to non-local friendship networks, the influence of non-local friendship networks will be lower. Thus,

we expect a smaller friendship network effect in such cases because our network exposure variables

only consider geographically distant friendship links. Apart from the relative importance of local vs.

non-local friendship networks, the characteristics of within-county friendship links might also affect our

baseline results. In recent contributions, Chetty et al. (2022a,b) examine various characteristics of local

(within-county) friendship networks, including, among others, network density, civic engagement, and

economic connectedness. For example, they show that economic connectedness, defined as the share

of high-socioeconomic status (SES) friends among individuals with low SES, is a strong predictor of

upward income mobility. Thus, if many within-county friendship links bridge socioeconomic groups,

individuals may be less vulnerable to substance abuse because they have better economic prospects,

irrespective of their out-of-county friendship network exposure to illicit drug usage. Likewise, if social

cohesion or civic engagement are high within a county, friendship relationships within the county might

also be more intense, making it less likely that outside friends affect beliefs and behaviors.

We use within-county connections from the SCI dataset and data provided by Chetty et al. (2022a) to

study four different dimensions of within-county friendship networks: (1) within-county connectedness,
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(2) network density, (3) civic culture, and (4) economic connectedness.15 Specifically, for both settings,

i.e., the OxyContin reformulation and the out-of-state PDMPs, we interact our network exposure vari-

able with dummies indicating above median values for the respective proxy. As we are interested in the

cross-sectional heterogeneity of the friendship network effect, we focus on total opioid overdoses, heroin

overdoses, and fentanyl overdoses in this section.

Table 8 presents the results for the OxyContin reformulation (Panel A) and the out-of-state must-

access PDMP introductions (Panel B), respectively. For example, column (1) in Panel A indicates that

high within-county connectedness only insignificantly affects our baseline results. Likewise, we also

find insignificant interaction terms in columns (2) and (3) for network density and civic culture. Finally,

the last column shows that high economic connectedness reduces the negative effects associated with

friendship network exposure to the OxyContin reformulation by up to three quarters. However, the

effects are noisily estimated and insignificant.

In the out-of-state must-access PDMP setting, we find a more coherent picture: high within-county

connectedness mitigates the friendship network effect. The interaction terms are negative and statisti-

cally significant. Similarly, friendship network density, defined as the county-level average of the rate

at which two friends of a given person are in turn friends with each other, strongly reduces the base-

line friendship network effect. These results are intuitive because we only include out-of-state friend-

ship links when measuring network exposure to out-of-state PDMP introductions. When within-county

friendship links are more important relative to geographically distant friendship links or when friend-

ship networks are dense within a given county, out-of-state friends have a harder time exerting influence

and so we would expect a lower friendship network effect. In column (3), we find that high civic culture

has a negative effect on our baseline results, but the coefficients are not significant. Finally, column (4)

indicates that high economic connectedness mitigates negative friendship network effects.

Overall, for the must-access PDMP setting we find some evidence in favor of the view that counties

with high within-county connectedness and more cohesive local friendship networks experience muted

increases in overdose deaths compared with counties where local friendship networks are separated

across socioeconomic groups. One implication of our findings is that counties at risk should try to pro-

mote economic and social cohesion to mitigate, among other things, negative spillovers from friendship

network exposure to illegal drug consumption.

15Within-county connectedness is the ratio of within-county connections and out-of-county connections. Network density
is the average fraction of an individual’s friend pairs who are also friends with each other. Civic culture is measured by the
fraction of Facebook users who are members of activist groups on Facebook. Economic connectedness is the share of high
socioeconomic status (SES) friends among individuals with low-SES. A technical description of these variables can be found in
Table I.1 of Online Appendix I.
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Table 8—CROSS-SECTIONAL HETEROGENEITY BY LOCAL FRIENDSHIP NETWORK CHARACTERISTICS

High Within-County
Connectedness

High Network
Density

High Civic
Culture

High Economic
Connectedness

(1) (2) (3) (4)

Panel A: OxyContin Reformulation

DV: Total Opioid Overdoses (T40.1-T40.4)
OxyNetExposure × Post 0.722* 0.554 0.933** 1.223**

(0.430) (0.433) (0.446) (0.464)
OxyNetExposure × Post × Variable 0.357 0.301 -0.014 -0.850

(0.437) (0.510) (0.530) (0.545)

DV: Heroin Overdoses (T40.1)
OxyNetExposure × Post 0.535** 0.452* 0.693*** 0.682***

(0.239) (0.233) (0.204) (0.211)
OxyNetExposure × Post × Variable 0.255 0.296 0.024 -0.023

(0.281) (0.337) (0.249) (0.293)

DV: Heroin+Fentanyl Overdoses (T40.1+T40.4)
OxyNetExposure × Post 0.891** 0.785** 1.162*** 1.392***

(0.370) (0.368) (0.371) (0.419)
OxyNetExposure × Post × Variable 0.389 0.366 0.015 -0.646

(0.403) (0.468) (0.475) (0.564)

Panel B: Out-of-State PDMP Introductions

DV: Total Opioid Overdoses (T40.1-T40.4)
PDMP NetExposure 0.836** 0.870** 0.986** 1.271***

(0.347) (0.361) (0.375) (0.388)
PDMP NetExposure × Variable -0.956** -1.285*** -0.144 -1.000**

(0.394) (0.430) (0.341) (0.471)

DV: Heroin Overdoses (T40.1)
PDMP NetExposure 0.570*** 0.582*** 0.659*** 0.708***

(0.175) (0.179) (0.183) (0.197)
PDMP NetExposure × Variable -0.321* -0.526*** -0.059 -0.250

(0.170) (0.169) (0.149) (0.167)

DV: Heroin+Fentanyl Overdoses (T40.1+T40.4)
PDMP NetExposure 0.857** 0.911*** 1.029*** 1.298***

(0.319) (0.335) (0.353) (0.369)
PDMP NetExposure × Variable -1.042*** -1.253*** -0.127 -0.949*

(0.321) (0.328) (0.332) (0.524)

Notes: The table documents the cross-sectional heterogeneity of the friendship network effect for the OxyContin reformulation
(Panel A) and the out-of-state PDMP introductions (Panel B). OxyNetExposure (PDMP NetExposure) measures the degree to
which a county’s social network is exposed to the 2010 OxyContin reformulation (out-of-state PDMP introductions). OxyNe-
tExposure (PDMP NetExposure) × Post × Variable shows the cross-sectional variation of the baseline effect with respect to
the column variables. A detailed description of the interaction variables can be found in Table I.1 of Online Appendix I. The
dependent variables are expressed per 100,000 residents. Standard errors are clustered at the state level. Control variables
and fixed effects as in Table 5 (Panel A) and Table 7 (Panel B). *, **, and *** denote significance at the 10%, 5%, and 1% level,
respectively.
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6 Conclusion

Over the last 20 years, the U.S. has experienced a pronounced opioid epidemic but the overall dynamics

of this crisis are not well-understood. In this paper, we analyze the role of social connections in shaping

the spatial dynamics of the opioid epidemic. We first show in simple panel regressions that counties

with more social ties to areas severely affected by the opioid epidemic have higher overdose deaths in

the following year. This network effect is robust to controlling for physical proximity, socioeconomic

conditions, and unobserved heterogeneity.

Moreover, to establish causality we identify spatial shocks to illegal drug consumption and then

study how these shocks propragate through friendship networks. Firstly, having closer ties to locations

more affected by the 2010 OxyContin reformulation adversely impacts overdose death rates in the post-

2010 period. Secondly, having more friends face an out-of-state PDMPs results in higher overdose death

rates. Both sets of results are consistent with the direct effects of these interventions, suggesting that in-

formation and social behavior spread through social networks. At a general level, we provide important

evidence regarding the causal effect of friendship networks on the spread of non-infectious diseases.

Our baseline findings are related to the dark side of friendship networks, which can act as a rein-

forcement mechanism for potentially harmful behaviors like opioid misuse. It is important to note that

the effects we document are driven by the structure of the friendship links and not by the intensity or

strength of friendship ties per se. Therefore, we additionally explore how the intensity and strength of

local within-county friendship ties affects our results and find that counties with inclusive and cohesive

local friendship networks are less vulnerable to out-of-county friendship network exposure to shocks to

illegal drug consumption. In this regard, we also highlight the bright side of friendship networks.
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A Year-Specific Effect of Social Proximity
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Figure A.1—SPATIAL SPREAD OF OPIOID EPIDEMIC - TIME-VARYING HETEROGENEITY

Notes: The figure illustrates coefficient estimates along with 95% confidence bands from interacting social proximity with a
full set of year dummies. The dependent variable in Panel A incorporates total opioid overdose deaths (T40.1-T40.4), Panel B
considers prescription opioid deaths (T40.2+T40.3), Panel C focuses on heroin overdose deaths (T40.1), and Panel D concerns
combined heroin and fentanyl overdose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. The
regressions include state-by-year and county fixed effects as well as socioeconomic control variables. Standard errors are
clustered at the state level.
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B Incremental within-R2

In Table B.1 we document the incremental within-R2 of the regressors employed in our baseline regres-

sions of Table 3. As in the main text, Panels A, B, and C implement different restrictions on the physical

proximity of county pairs when computing the social proximity measure. The incremental within-R2 is

reported in percent and defined as the difference in the within-R2 using the full set of variables and the

within-R2 using the full set of variables except the variable in the respective row. Hence, it measures

how much of the within-county variation in overdose deaths is explained by the variable under consid-

eration. Overall, we find that demographic and economic variables do not explain a substantial fraction

of the time variation in county-level overdose deaths as the reported incremental within-R2s are almost

always well-below 1%. The same is also true for Physical Proximity. However, our results strongly indi-

cate that Social Proximity is important for explaining time variation in county-level overdose deaths. The

additional within-county variation in overdose deaths explained by Social Proximity amounts to up to

roughly 9.5%. For example, when computing Social Proximity based on the full friendship network, we

can explain an additional 9.5% of the time variation in combined heroin and fentanyl overdose deaths

when adding Social Proximity to a model which already contains measures of Physical Proximity, demo-

graphic factors, and economic conditions. Imposing distance restrictions when computing the Social

Proximity measures lowers, as expected, the predictive information contained in Social Proximity, but the

within-R2 almost always stays well-above the corresponding measure of the other variables contained

in the regression model. Thus, even geographically distant friendship links help explaining time varia-

tion in county overdose deaths. Overall, the relationship between Social Proximity and overdose deaths

is strongest for combined heroin and fentanyl overdoses, while being weaker for prescription opioid

overdoses.
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Table B.1—INCREMENTAL WITHIN-R2

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

Panel A: All friends
Social Proximityt−1 5.502 1.291 8.838 9.505
Physical Proximityt−1 0.048 0.174 0.003 0.005
Non-Hispanic White 0.512 0.245 0.114 0.428
Non-Hispanic Black 0.146 0.075 0.014 0.134
Age 15-24 0.068 0.001 0.006 0.142
Age 45-64 0.000 0.000 0.066 0.048
Age 65-84 0.263 0.063 0.224 0.288
Age 85+ 0.008 0.000 0.010 0.021
log(Per Capita Income) 0.298 0.054 0.771 0.472
Unemployment Rate 0.052 0.041 0.055 0.116

Panel B: Distance > 50 miles
Social Proximityt−1 0.847 0.015 2.538 2.622
Physical Proximityt−1 2.278 0.421 0.678 0.850
Non-Hispanic White 0.439 0.147 0.028 0.332
Non-Hispanic Black 0.211 0.051 0.017 0.212
Age 15-24 0.058 0.000 0.005 0.138
Age 45-64 0.000 0.000 0.004 0.006
Age 65-84 0.345 0.099 0.388 0.471
Age 85+ 0.000 0.005 0.001 0.001
log(Per Capita Income) 0.286 0.027 0.641 0.423
Unemployment Rate 0.034 0.024 0.039 0.092

Panel C: Distance > 100 miles
Social Proximityt−1 0.999 0.022 2.182 2.172
Physical Proximityt−1 0.270 0.114 0.213 0.232
Non-Hispanic White 0.353 0.091 0.004 0.261
Non-Hispanic Black 0.178 0.030 0.002 0.189
Age 15-24 0.065 0.000 0.002 0.132
Age 45-64 0.001 0.000 0.005 0.006
Age 65-84 0.351 0.111 0.334 0.468
Age 85+ 0.000 0.007 0.002 0.002
log(Per Capita Income) 0.125 0.038 0.473 0.281
Unemployment Rate 0.044 0.016 0.070 0.118

Notes: The table shows the incremental within-R2 for the variables employed in the regressions of Table 3. Panels A, B, and C
implement different restrictions on the distance of county pairs when computing the social proximity measure. The dependent
variable in specification (1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2) considers prescription
opioid overdose deaths (T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification (4) concerns
combined heroin and fentanyl overdose deaths (T40.1+T40.4). All regressions are population-weighted and include state-by-
year as well as county fixed effects. The incremental within-R2 is reported in percent and defined as the difference in the
within-R2 using the full set of variables and the within-R2 using the full set of variables except the variable in the respective
row.
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C Direct Exposure to OxyContin Reformulation

Figure C.1 shows that total county-level oxycodone shipments are a good proxy for actual OxyContin

misuse. The figure shows binned scatterplots using the state level OxyContin misuse rate between 2004

and 2009 to form 30 equally-sized bins. Dosages per capita refers to the total county-level oxycodone

shipments between 2006 and 2009. We compute the mean oxycodone dosage per capita within each bin

and illustrate the 30 data points in a scatterplot. Panel A depicts the correlation between oxycodone

shipments and state level OxyContin misuse rates in percent. Panel B shows the association between

oxycodone shipments and general pain reliever misuse rate in percent. The grey line represents the

fit of a linear regression. Overall, the figure confirms a positive association between state level misuse

rates and county-level oxycodone shipments, i.e., counties with high oxycodone shipments are located

in states with high misuse rates. Hence, we conclude that our oxycodone shipment-based measure is a

good proxy for misuse.
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Figure C.1—OXYCODONE SHIPMENTS AND OXYCONTIN MISUSE RATES

Notes: The figure shows binned scatterplots using the state level OxyContin misuse rate between 2004 and 2009 to form 30
equally-sized bins. Dosages per Capita refers to the total county-level Oxycodone shipments between 2006 and 2009. We
compute the mean of the x-axis and y-axis variable within each bin and illustrate the 30 data points in a scatterplot. Panel A
depicts the correlation between Oxycodone shipments and state level OxyContin misuse rates in percent. Panel B shows the
association between Oxycodone shipments and general pain reliever misuse rate in percent. The grey line represents the fit of
a linear regression.
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D Direct Effect of OxyContin Reformulation: Event Study Plots
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Figure D.2—EVENT STUDY SPECIFICATION: DIRECT EFFECT OF OXYCONTIN REFORMULATION

Notes: The figure illustrates time-specific difference-in-differences coefficients along with 95% confidence bands using differ-
ent outcome variables. The dependent variable in Panel A covers opioid prescriptions per capita, Panel B incorporates total
opioid overdose deaths (T40.1-T40.4), Panel C considers prescription opioid deaths (T40.2+T40.3), Panel D focuses on heroin
overdose deaths (T40.1), and Panel E concerns combined heroin and fentanyl overdose deaths (T40.1+T40.4). All death counts
are expressed per 100,000 residents. The regressions include county as well as state-by-year fixed effects. We flexibly control
for demographic and local economic conditions. The regressions are population-weighted. Standard errors are clustered at the
state level.
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E Summary Statistics Conditional on OxyContin Network Exposure

Table E.1—SUMMARY STATISTICS CONDITIONAL ON OXYCONTIN NETWORK EXPOSURE

Mean in 2005 ∆ from 2005 to 2019

All Counties
Exposure
> Median

Exposure
< Median All Counties

Exposure
> Median

Exposure
< Median

Overdose Deaths

Total Opioids (T40.1-T40.4) 3.56 5.23 1.90 6.05 9.62 2.50

Prescription Opioids (T40.2+T40.3) 2.69 4.10 1.28 0.39 0.56 0.22

Heroin (T40.1) 0.20 0.32 0.08 1.48 2.58 0.38

Heroin+Fentanyl (T40.1+T40.4) 0.72 1.12 0.32 6.07 10.23 1.92

Total Population 9.77 16.67 2.89 1.09 1.93 0.26

Population (%)

0-14 19.71 19.62 19.80 -1.59 -1.98 -1.20

15-24 13.83 13.94 13.72 -1.46 -1.37 -1.55

25-44 25.14 26.20 24.08 -1.50 -2.01 -0.99

45-64 26.31 26.33 26.29 -0.12 0.17 -0.42

65-84 13.04 12.24 13.85 4.24 4.70 3.78

85+ 1.96 1.67 2.26 0.43 0.49 0.37

Race (%)

Non-Hispanic White 80.93 82.34 79.51 -3.72 -3.74 -3.69

Non-Hispanic Black 9.25 8.78 9.72 0.55 0.61 0.50

Hispanic 7.26 5.97 8.55 2.45 2.32 2.58

Other 2.57 2.90 2.24 0.72 0.81 0.62

Per Capita Income 28.76 30.04 27.52 16.87 16.38 17.34

Unemployment Rate (%) 5.44 5.48 5.40 -1.47 -1.49 -1.45

Notes: The table reports county-level summary statistics. The first three columns display means in the year 2005 for different
groups of counties. The last three columns report changes from 2005 to 2019 for different groups of counties. Exposure >
Median (Exposure < Median) refers to set of counties for which the network exposure to the 2010 OxyContin reformulation is
greater (smaller) than the sample median. All death variables are normalized by county population and expressed per 100,000
residents. Per capita income is expressed in thousands of dollars, while total population is measured in 106.

Table E.1 presents summary statistics for (i) all counties, (ii) counties with above median OxyCon-

tin network exposure, and (iii) counties with below median OxyContin network exposure. Our sample

starts in 2005 and runs through 2019 to observe sufficiently many periods before and after the reformu-

lation. The first three columns indicate that there are some level differences between counties having

higher network exposure to the reformulation and counties having a lower network exposure. Counties

with more links to regions where the OxyContin reformulation had a larger bite had more opioid over-

dose deaths in 2005, are larger in terms of population size, and earn somewhat more than counties with

fewer connections to regions most affected by the reformulation. As our identification exploits changes
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over time, these level differences are not too worrisome. We observe only small level difference in pop-

ulation age group shares, racial shares, and labor markets. Moreover, columns (4) to (6) present changes

in means from 2005 to 2019. Generally, the changes for above and below median network exposure

counties have the same sign. However, regarding the overdose measures the changes are larger in ab-

solute and relative terms for above median network exposure counties suggesting potential friendship

network effects.
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F Direct Effect of Must-Access PDMPs: Event Study Plots
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Figure F.1—EVENT STUDY SPECIFICATION: DIRECT EFFECT OF MUST-ACCESS PDMPS

Notes: The figure illustrates time-specific difference-in-differences coefficients along with 95% confidence bands using different
outcome variables. In our sample we examine 16 staggered adoptions of must-access PDMPs. The dependent variable in Panel
A covers opioid prescriptions per capita, Panel B incorporates total opioid overdose deaths (T40.1-T40.4), Panel C considers
prescription opioid deaths (T40.2+T40.3), Panel D focuses on heroin overdose deaths (T40.1), and Panel E concerns combined
heroin and fentanyl overdose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. The regressions are
estimated using the method proposed by Sun and Abraham (2020) and include county as well as year fixed effects. We flexibly
control for demographic and local economic conditions as well as the direct effect of the 2010 OxyContin reformulation by
interacting the county-level Oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions are
population-weighted. Standard errors are clustered at the state level.
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G Summary Statistics Conditional on PDMP Network Exposure

Table G.1—SUMMARY STATISTICS CONDITIONAL ON PDMP NETWORK EXPOSURE

Mean in 1999 ∆ from 1999 to 2019

All Counties
∆Exposure
> Median

∆Exposure
< Median All Counties

∆Exposure
> Median

∆Exposure
< Median

Overdose Deaths

Total Opioids (T40.1-T40.4) 1.01 1.38 0.64 8.61 13.06 4.18

Prescription Opioids (T40.2+T40.3) 0.62 0.85 0.39 2.46 3.66 1.26

Heroin (T40.1) 0.17 0.32 0.03 1.50 2.65 0.36

Heroin+Fentanyl (T40.1+T40.4) 0.37 0.58 0.15 6.43 10.67 2.20

Total Population 9.21 16.32 2.12 1.62 3.13 0.11

Population (%)

0-14 20.93 20.90 20.95 -2.80 -3.04 -2.57

15-24 13.55 13.75 13.36 -1.19 -1.03 -1.34

25-44 27.81 29.00 26.63 -4.18 -4.64 -3.72

45-64 22.92 22.87 22.97 3.27 3.41 3.13

65-84 12.89 11.92 13.86 4.40 4.73 4.07

85+ 1.90 1.56 2.24 0.50 0.57 0.43

Race (%)

Non-Hispanic White 83.11 82.84 83.39 -5.89 -6.58 -5.21

Non-Hispanic Black 9.67 8.62 10.85 0.72 0.88 0.56

Hispanic 5.71 6.47 4.95 4.01 4.49 3.54

Other 2.14 2.15 2.12 1.12 1.21 1.03

Per Capita Income 22.70 24.37 21.06 22.93 23.20 22.67

Unemployment Rate (%) 4.93 4.73 5.12 -0.96 -0.76 -1.16

Notes: The table reports county-level summary statistics. The first three columns display means in the year 1999 for different
groups of counties. The last three columns report changes from 1999 to 2019 for different groups of counties. ∆ Exposure >
Median (∆ Exposure < Median) refers to set of counties for which the change in the network exposure to must-access PDMPs
between 1999 and 2019 is greater (smaller) than the sample median. All death variables are normalized by county population
and expressed per 100,000 residents. Per capita income is expressed in thousands of dollars, while total population is measured
in 106.

Table G.1 presents summary statistics for (i) all counties, (ii) counties with above median change in

must-access PDMP network exposure, and (iii) counties with below median change in must-access net-

work exposure. The sample ranges from 1999 to 2019. Thus, we observe sufficiently many years before

the first and last must-access PDMP introduction in 2007 and 2015, respectively. The first three columns

indicate that there are some level differences between counties that saw larger increases in must-access

PDMP network exposure and counties that saw smaller increases. Counties that experienced larger in-

creases had more opioid overdose deaths, were larger in terms of population size, and had higher per

capita incomes in 1999. As our identification exploits changes over time, these level differences are not

too worrisome. We observe only small level differences in population age group shares, racial shares,
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and labor markets. To further illustrate the data, columns (4) to (6) present changes in means from 1999

to 2019. Regarding the overdose measures the changes are larger in absolute and relative terms for above

median change in must-access PDMP network exposure counties. Nevertheless, the changes for coun-

ties with above and below median change in must-access PDMP network exposure have the same sign

in general.
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H Robustness of Results
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Figure H.1—EVENT STUDY SPECIFICATION OXYCONTIN – ROBUSTNESS: DISTANCE > 50 MILES

Notes: The figure illustrates time-specific difference-in-differences coefficients along with 95% confidence bands using differ-
ent outcome variables. The dependent variable in Panel A incorporates total opioid overdose deaths (T40.1-T40.4), Panel B
considers prescription opioid deaths (T40.2+T40.3), Panel C focuses on heroin overdose deaths (T40.1), and Panel D concerns
combined heroin and fentanyl overdose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. The speci-
fications used to estimate the coefficients include state-by-year and county fixed effects. We flexibly control for local economic
conditions as well as the direct effect of the 2010 OxyContin reformulation by interacting the county-level Oxycodone pre-
scription rate between 2006 and 2009 with a post-2010 dummy. The regressions are population-weighted. Standard errors are
clustered at the state level.
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Panel D: Heroin+Fentanyl (T40.1+T40.4)

Figure H.2—EVENT STUDY SPECIFICATION OXYCONTIN – ROBUSTNESS: DISTANCE > 100 MILES

Notes: The figure illustrates time-specific difference-in-differences coefficients along with 95% confidence bands using differ-
ent outcome variables. The dependent variable in Panel A incorporates total opioid overdose deaths (T40.1-T40.4), Panel B
considers prescription opioid deaths (T40.2+T40.3), Panel C focuses on heroin overdose deaths (T40.1), and Panel D concerns
combined heroin and fentanyl overdose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. The speci-
fications used to estimate the coefficients include state-by-year and county fixed effects. We flexibly control for local economic
conditions as well as the direct effect of the 2010 OxyContin reformulation by interacting the county-level Oxycodone pre-
scription rate between 2006 and 2009 with a post-2010 dummy. The regressions are population-weighted. Standard errors are
clustered at the state level.
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Figure H.3—EFFECT OF FRIENDSHIP NETWORK EXPOSURE TO OXYCONTIN REFORMULATION ACROSS

PLACEBO EXPERIMENTS

Notes: The figure illustrates the distribution of t-statistics across 500 placebo experiments. In each placebo experiment, we
randomly assign social connections between county pairs. We then reconstruct the OxyContin network exposure variable and
estimate Equation (7). The dependent variable in Panel A incorporates total opioid overdose deaths (T40.1-T40.4), Panel B
considers prescription opioid deaths (T40.2+T40.3), Panel C focuses on heroin overdose deaths (T40.1), and Panel D concerns
combined heroin and fentanyl overdose deaths (T40.1+T40.4). The solid line corresponds to the t-statistic using the true social
connections.
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Figure H.4—EFFECT OF FRIENDSHIP NETWORK EXPOSURE TO OUT-OF-STATE PDMPS ACROSS

PLACEBO EXPERIMENTS

Notes: The figure illustrates the distribution of t-statistics across 500 placebo experiments. In each placebo experiment, we ran-
domly assign social connections between county pairs. We then reconstruct the out-of-state PDMP network exposure variable
and estimate Equation (12). The dependent variable in Panel A incorporates total opioid overdose deaths (T40.1-T40.4), Panel
B considers prescription opioid deaths (T40.2+T40.3), Panel C focuses on heroin overdose deaths (T40.1), and Panel D concerns
combined heroin and fentanyl overdose deaths (T40.1+T40.4). The solid line corresponds to the estimated effect using the true
social connections.

We report the results of placebo experiments in Figure H.4 of the Online Appendix. In each of the 500

placebo experiments, we randomly assign social connections between county pairs. We then reconstruct

the out-of-state PDMP network exposure variable defined in expression (11), estimate Equation (12), and

store the resulting t-statistic of α. The solid lines in the figures correspond to the t-statistics using the

true social connections as given by the SCI. For total opioid overdoses, heroin overdoses, and combined

heroin and fentanyl overdoses, the t-statistic using the true social connections is significantly to the right

of the distribution of placebo t-statistics. In contrast, the t-statistic for prescription opioid overdoses

using true social connections is in the middle of the distribution of placebo t-statistics. These findings

are consistent with our baseline results in Table 7 and provide confidence in our empirical set-up.
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Table H.1—NETWORK EFFECT OXYCONTIN REFORMULATION – ROBUSTNESS: TRIM TOP 5%

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

Panel A: All friends
OxyNetExposure × Post 0.700*** 0.029 0.531*** 0.749***

(0.170) (0.098) (0.054) (0.105)
Pre2010OxyRate × Post -0.065 -0.088 0.001 0.082

(0.190) (0.136) (0.049) (0.099)

Dependent Mean 7.02 4.03 1.39 2.99
N 41869 41851 41897 41875
R2 0.747 0.681 0.737 0.750

Panel B: Distance > 50 miles
OxyNetExposure × Post 0.428** -0.059 0.410*** 0.525***

(0.171) (0.086) (0.047) (0.088)
Pre2010OxyRate × Post -0.008 -0.080 0.039 0.140

(0.203) (0.131) (0.064) (0.118)

N 41869 41851 41897 41875
R2 0.747 0.681 0.739 0.750

Panel C: Distance > 100 miles
OxyNetExposure × Post 0.366** -0.066 0.357*** 0.463***

(0.164) (0.076) (0.047) (0.084)
Pre2010OxyRate × Post -0.003 -0.080 0.043 0.145

(0.205) (0.130) (0.067) (0.122)

N 41869 41851 41897 41875
R2 0.747 0.681 0.738 0.750

Notes: We study the network effects of the OxyContin reformulation on various public health outcomes. OxyNetExposure
measures the degree to which a county’s social network is exposed to the 2010 OxyContin reformulation. Panel A, B, and
C implement different restrictions on the physical proximity of county pairs when computing the network exposure. The
dependent variable in specification (1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2) considers pre-
scription opioid overdose deaths (T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification
(4) concerns combined heroin and fentanyl overdose deaths (T40.1+T40.4). The dependent variables are expressed per 100,000
residents. We flexibly control for local economic conditions as well as the direct effect of the 2010 OxyContin reformulation
by interacting the county-level Oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions
are population-weighted and include state-by-year as well as county fixed effects. Before running the regression, the top 5%
observations based on the respective dependent variable are discarded. Standard errors are clustered at the state level. *, **,
and *** denote significance at the 10%, 5%, and 1% level, respectively.
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Table H.2—NETWORK EFFECT OXYCONTIN REFORMULATION – ROBUSTNESS: COUNTY CLUSTERING

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

Panel A: All friends
OxyNetExposure × Post 1.020*** -0.012 0.803*** 1.311***

(0.232) (0.099) (0.138) (0.211)
Pre2010OxyRate × Post 0.627** 0.031 0.301*** 0.743***

(0.259) (0.121) (0.097) (0.216)

Dependent Mean 8.65 4.44 2.47 5.04
N 44065 44065 44065 44065
R2 0.763 0.680 0.759 0.782

Panel B: Distance > 50 miles
OxyNetExposure × Post 0.568*** -0.103 0.596*** 0.823***

(0.181) (0.070) (0.099) (0.163)
Pre2010OxyRate × Post 0.714*** 0.036 0.361*** 0.850***

(0.262) (0.117) (0.100) (0.223)

N 44065 44065 44065 44065
R2 0.763 0.680 0.760 0.782

Panel C: Distance > 100 miles
OxyNetExposure × Post 0.516*** -0.110* 0.543*** 0.755***

(0.174) (0.067) (0.092) (0.156)
Pre2010OxyRate × Post 0.718*** 0.036 0.365*** 0.855***

(0.263) (0.117) (0.101) (0.225)

N 44065 44065 44065 44065
R2 0.763 0.680 0.760 0.782

Notes: We study the network effects of the OxyContin reformulation on various public health outcomes. OxyNetExposure
measures the degree to which a county’s social network is exposed to the 2010 OxyContin reformulation. Panel A, B, and
C implement different restrictions on the physical proximity of county pairs when computing the network exposure. The
dependent variable in specification (1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2) considers pre-
scription opioid overdose deaths (T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification
(4) concerns combined heroin and fentanyl overdose deaths (T40.1+T40.4). The dependent variables are expressed per 100,000
residents. We flexibly control for local economic conditions as well as the direct effect of the 2010 OxyContin reformulation
by interacting the county-level Oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions
are population-weighted and include state-by-year as well as county fixed effects. Standard errors are clustered at the county
level. *, **, and *** denote significance at the 10%, 5%, and 1% level, respectively.
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Table H.3—NETWORK EFFECT OXYCONTIN REFORMULATION – ROBUSTNESS: NO POPULATION

WEIGHTING

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

Panel A: All friends
OxyNetExposure × Post 0.966*** 0.047 0.748*** 1.245***

(0.222) (0.083) (0.123) (0.240)
Pre2010OxyRate × Post 0.703*** 0.227** 0.273** 0.698***

(0.239) (0.111) (0.115) (0.235)

Dependent Mean 6.47 3.79 0.95 2.74
N 44065 44065 44065 44065
R2 0.646 0.606 0.630 0.664

Panel B: Distance > 50 miles
OxyNetExposure × Post 0.926*** 0.102 0.744*** 1.136***

(0.167) (0.079) (0.092) (0.146)
Pre2010OxyRate × Post 0.770*** 0.222* 0.321** 0.792***

(0.264) (0.115) (0.131) (0.258)

N 44065 44065 44065 44065
R2 0.646 0.606 0.632 0.665

Panel C: Distance > 100 miles
OxyNetExposure × Post 0.897*** 0.093 0.713*** 1.093***

(0.179) (0.076) (0.104) (0.156)
Pre2010OxyRate × Post 0.782*** 0.224* 0.332** 0.809***

(0.268) (0.116) (0.134) (0.261)

N 44065 44065 44065 44065
R2 0.646 0.606 0.632 0.664

Notes: We study the network effects of the OxyContin reformulation on various public health outcomes. OxyNetExposure
measures the degree to which a county’s social network is exposed to the 2010 OxyContin reformulation. Panel A, B, and C im-
plement different restrictions on the physical proximity of county pairs when computing the network exposure. The dependent
variable in specification (1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2) considers prescription opi-
oid overdose deaths (T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification (4) concerns
combined heroin and fentanyl overdose deaths (T40.1+T40.4). The dependent variables are expressed per 100,000 residents.
We flexibly control for local economic conditions as well as the direct effect of the 2010 OxyContin reformulation by interacting
the county-level Oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions include state-
by-year as well as county fixed effects. Standard errors are clustered at the state level. *, **, and *** denote significance at the
10%, 5%, and 1% level, respectively.
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Table H.4—NETWORK EFFECT OXYCONTIN REFORMULATION – ROBUSTNESS: DMA × YEAR FE

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

Panel A: All friends
OxyNetExposure × Post 0.914*** -0.014 0.764*** 1.220***

(0.266) (0.133) (0.148) (0.261)
Pre2010OxyRate × Post 0.756** 0.050 0.395** 0.907**

(0.374) (0.134) (0.165) (0.346)

Dependent Mean 8.68 4.44 2.48 5.06
N 43930 43930 43930 43930
R2 0.827 0.734 0.835 0.855

Panel B: Distance > 50 miles
OxyNetExposure × Post 0.473** -0.072 0.518*** 0.707***

(0.228) (0.116) (0.122) (0.196)
Pre2010OxyRate × Post 0.803** 0.050 0.431** 0.968**

(0.388) (0.131) (0.180) (0.367)

N 43930 43930 43930 43930
R2 0.827 0.734 0.835 0.855

Panel C: Distance > 100 miles
OxyNetExposure × Post 0.412* -0.084 0.463*** 0.650***

(0.238) (0.118) (0.127) (0.205)
Pre2010OxyRate × Post 0.800** 0.052 0.428** 0.963**

(0.389) (0.131) (0.180) (0.369)

N 43930 43930 43930 43930
R2 0.827 0.734 0.835 0.855

Notes: We study the network effects of the OxyContin reformulation on various public health outcomes. OxyNetExposure
measures the degree to which a county’s social network is exposed to the 2010 OxyContin reformulation. Panel A, B, and
C implement different restrictions on the physical proximity of county pairs when computing the network exposure. The
dependent variable in specification (1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2) considers pre-
scription opioid overdose deaths (T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification
(4) concerns combined heroin and fentanyl overdose deaths (T40.1+T40.4). The dependent variables are expressed per 100,000
residents. We flexibly control for local economic conditions as well as the direct effect of the 2010 OxyContin reformulation
by interacting the county-level Oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions
include state-by-year, DMA-by-year as well as county fixed effects. Standard errors are clustered at the state level. *, **, and ***
denote significance at the 10%, 5%, and 1% level, respectively.
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Table H.5—NETWORK EFFECT OXYCONTIN REFORMULATION – ROBUSTNESS: INCOME × YEAR FE

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

Panel A: All friends
OxyNetExposure × Post 1.051*** 0.062 0.623*** 1.277***

(0.385) (0.154) (0.172) (0.341)
Pre2010OxyRate × Post 0.547 0.007 0.278** 0.692**

(0.371) (0.171) (0.135) (0.298)

Dependent Mean 8.65 4.44 2.47 5.04
N 44146 44146 44146 44146
R2 0.795 0.702 0.795 0.820

Panel B: Distance > 50 miles
OxyNetExposure × Post 0.546* -0.080 0.489*** 0.770***

(0.291) (0.119) (0.118) (0.244)
Pre2010OxyRate × Post 0.643 0.020 0.325** 0.803**

(0.387) (0.167) (0.151) (0.324)

N 44146 44146 44146 44146
R2 0.795 0.702 0.795 0.820

Panel C: Distance > 100 miles
OxyNetExposure × Post 0.490 -0.086 0.442*** 0.707***

(0.303) (0.108) (0.129) (0.262)
Pre2010OxyRate × Post 0.646 0.020 0.327** 0.806**

(0.390) (0.166) (0.153) (0.328)

N 44146 44146 44146 44146
R2 0.795 0.702 0.795 0.820

Notes: We study the network effects of the OxyContin reformulation on various public health outcomes. OxyNetExposure
measures the degree to which a county’s social network is exposed to the 2010 OxyContin reformulation. Panel A, B, and
C implement different restrictions on the physical proximity of county pairs when computing the network exposure. The
dependent variable in specification (1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2) considers pre-
scription opioid overdose deaths (T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification
(4) concerns combined heroin and fentanyl overdose deaths (T40.1+T40.4). The dependent variables are expressed per 100,000
residents. We flexibly control for local economic conditions as well as the direct effect of the 2010 OxyContin reformulation
by interacting the county-level Oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions
include state-by-year, and county fixed effects as well as year-specific fixed effects for percentiles of average household income.
Standard errors are clustered at the state level. The sample consists of 44,146 observations. *, **, and *** denote significance at
the 10%, 5%, and 1% level, respectively.

xix



Table H.6—NETWORK EFFECT OXYCONTIN REFORMULATION – ROBUSTNESS: MIGRATION

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

Panel A: All friends
OxyNetExposure × Post 1.354*** 0.048 1.013*** 1.627***

(0.315) (0.141) (0.176) (0.287)
Pre2010OxyRate × Post 0.556 -0.103 0.338* 0.806*

(0.467) (0.186) (0.194) (0.407)
OxyMigExposure × Post -0.261 -0.024 -0.194** -0.272

(0.197) (0.095) (0.091) (0.189)

Dependent Mean 8.65 4.44 2.47 5.04
N 44065 44065 44065 44065
R2 0.763 0.680 0.761 0.784

Panel B: Distance > 50 miles
OxyNetExposure × Post 0.765*** -0.075 0.736*** 1.009***

(0.279) (0.097) (0.149) (0.243)
Pre2010OxyRate × Post 0.662 -0.096 0.413* 0.932**

(0.493) (0.178) (0.222) (0.446)
OxyMigExposure × Post -0.185 0.010 -0.188** -0.209

(0.191) (0.093) (0.089) (0.186)

N 44065 44065 44065 44065
R2 0.763 0.681 0.762 0.783

Panel C: Distance > 100 miles
OxyNetExposure × Post 0.690** -0.075 0.655*** 0.906***

(0.288) (0.084) (0.154) (0.259)
Pre2010OxyRate × Post 0.664 -0.096 0.415* 0.934**

(0.497) (0.177) (0.226) (0.451)
OxyMigExposure × Post -0.160 0.010 -0.161* -0.174

(0.200) (0.090) (0.089) (0.192)

N 44065 44065 44065 44065
R2 0.763 0.681 0.762 0.783

Notes: We study the network effects of the OxyContin reformulation on various public health outcomes. OxyNetExposure
measures the degree to which a county’s social network is exposed to the 2010 OxyContin reformulation. Moreover, Migration
Exposure × Post controls for the impact of migration from high Oxycodone counties. Panel A, B, and C implement differ-
ent restrictions on the physical proximity of county pairs when computing the network exposure. The dependent variable in
specification (1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2) considers prescription opioid over-
dose deaths (T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification (4) concerns combined
heroin and fentanyl overdose deaths (T40.1+T40.4). The dependent variables are expressed per 100,000 residents. We flexibly
control for local economic conditions as well as the direct effect of the 2010 OxyContin reformulation by interacting the county-
level Oxycodone prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions include state-by-year as
well as county fixed effects. Standard errors are clustered at the state level. *, **, and *** denote significance at the 10%, 5%, and
1% level, respectively.
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Table H.7—MUST-ACCESS PDMPS – ROBUSTNESS: TRIM TOP 5%

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

PDMP NetExposure 0.704*** 0.133** 0.340*** 0.632***
(0.113) (0.066) (0.032) (0.088)

Dependent Mean 4.92 2.74 0.44 1.59
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 41869 41851 41897 41875
R2 0.621 0.602 0.620 0.607

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetExposure measures the degree
to which a county’s out-of-state social network is exposed to must-access PDMP laws. The dependent variable in specifica-
tion (1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2) considers prescription opioid overdose deaths
(T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and
fentanyl overdose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control for demo-
graphic and local economic conditions as well as the 2010 OxyContin reformulation by interacting the county-level Oxycodone
prescription rate between 2006 and 2009 with a post-2010 dummy. Before running the regressions, the top 5% observations
based on the respective dependent variable are discarded. The regressions are population-weighted and include state-by-year
as well as county fixed effects. Standard errors are clustered at the state level. *, **, and *** denote significance at the 10%, 5%,
and 1% level, respectively.
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Table H.8—MUST-ACCESS PDMPS – ROBUSTNESS: COUNTY CLUSTERING

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

PDMP NetExposure 0.959*** 0.115 0.644*** 1.005***
(0.205) (0.087) (0.113) (0.200)

Dependent Mean 8.65 4.44 2.47 5.04
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 44065 44065 44065 44065
R2 0.764 0.681 0.764 0.784

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetExposure measures the degree
to which a county’s out-of-state social network is exposed to must-access PDMP laws. The dependent variable in specifica-
tion (1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2) considers prescription opioid overdose deaths
(T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and
fentanyl overdose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control for demo-
graphic and local economic conditions as well as the 2010 OxyContin reformulation by interacting the county-level Oxycodone
prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions are population-weighted and include state-
by-year as well as county fixed effects. Standard errors are clustered at the county level. *, **, and *** denote significance at the
10%, 5%, and 1% level, respectively.
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Table H.9—MUST-ACCESS PDMPS – ROBUSTNESS: NO POPULATION WEIGHTING

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

PDMP NetExposure 1.231*** 0.317*** 0.797*** 1.310***
(0.264) (0.093) (0.149) (0.270)

Dependent Mean 6.47 3.79 0.95 2.74
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 44065 44065 44065 44065
R2 0.647 0.606 0.640 0.670

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetExposure measures the degree
to which a county’s out-of-state social network is exposed to must-access PDMP laws. The dependent variable in specifica-
tion (1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2) considers prescription opioid overdose deaths
(T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and
fentanyl overdose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control for demo-
graphic and local economic conditions as well as the 2010 OxyContin reformulation by interacting the county-level Oxycodone
prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions include state-by-year as well as county
fixed effects. Standard errors are clustered at the state level. *, **, and *** denote significance at the 10%, 5%, and 1% level,
respectively.
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Table H.10—MUST-ACCESS PDMPS – ROBUSTNESS: DISCARD PDMP-BORDER COUNTIES

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

PDMP NetExposure 1.184*** 0.118 0.763*** 1.236***
(0.276) (0.094) (0.197) (0.287)

Dependent Mean 7.42 4.07 2.05 4.01
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 29409 29409 29409 29409
R2 0.783 0.688 0.805 0.804

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetExposure measures the degree
to which a county’s out-of-state social network is exposed to must-access PDMP laws. The dependent variable in specifica-
tion (1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2) considers prescription opioid overdose deaths
(T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and
fentanyl overdose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control for demo-
graphic and local economic conditions as well as the 2010 OxyContin reformulation by interacting the county-level Oxycodone
prescription rate between 2006 and 2009 with a post-2010 dummy. Before running the regressions, counties bordering to PDMP
states are discarded. The regressions are population-weighted and include state as well as county fixed effects. Standard errors
are clustered at the state-by-year level. *, **, and *** denote significance at the 10%, 5%, and 1% level, respectively.
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Table H.11—MUST-ACCESS PDMPS – ROBUSTNESS: DMA × YEAR FE

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

PDMP NetExposure 1.470*** 0.339*** 0.711*** 1.481***
(0.326) (0.101) (0.167) (0.338)

Dependent Mean 8.68 4.44 2.48 5.06
DMA × Year FE Yes Yes Yes Yes
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 43930 43930 43930 43930
R2 0.829 0.735 0.837 0.857

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetExposure measures the degree
to which a county’s out-of-state social network is exposed to must-access PDMP laws.The dependent variable in specification
(1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2) considers prescription opioid overdose deaths
(T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and
fentanyl overdose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control for demo-
graphic and local economic conditions as well as the 2010 OxyContin reformulation by interacting the county-level Oxycodone
prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions are population-weighted and include state-
by-year, DMA-by-year as well as county fixed effects. Standard errors are clustered at the state level. *, **, and *** denote
significance at the 10%, 5%, and 1% level, respectively.
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Table H.12—MUST-ACCESS PDMPS – ROBUSTNESS: INCOME × YEAR FE

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

PDMP NetExposure 0.721** 0.056 0.535*** 0.777**
(0.348) (0.099) (0.159) (0.319)

Dependent Mean 8.65 4.44 2.47 5.04
Income × Year FE Yes Yes Yes Yes
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 44065 44065 44065 44065
R2 0.795 0.703 0.798 0.821

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetExposure measures the degree
to which a county’s out-of-state social network is exposed to must-access PDMP laws. The dependent variable in specifica-
tion (1) incorporates total opioid overdose deaths (T40.1-T40.4), specification (2) considers prescription opioid overdose deaths
(T40.2+T40.3), specification (3) focuses on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and
fentanyl overdose deaths (T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control for demo-
graphic and local economic conditions as well as the 2010 OxyContin reformulation by interacting the county-level Oxycodone
prescription rate between 2006 and 2009 with a post-2010 dummy. The regressions include state-by-year, and county fixed
effects as well as year-specific fixed effects for percentiles of average household income. Standard errors are clustered at the
state level. *, **, and *** denote significance at the 10%, 5%, and 1% level, respectively.
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Table H.13—MUST-ACCESS PDMPS – ROBUSTNESS: MIGRATION

Total Opioids
(T40.1-T40.4)

Presc. Opioids
(T40.2+T40.3)

Heroin
(T40.1)

Heroin+Fentanyl
(T40.1+T40.4)

(1) (2) (3) (4)

PDMP NetExposure 1.244*** 0.143 0.768*** 1.312***
(0.377) (0.107) (0.202) (0.353)

PDMP MigExposure -0.337 -0.034 -0.146* -0.364
(0.212) (0.064) (0.073) (0.219)

Dependent Mean 8.65 4.44 2.47 5.04
State × Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes
N 44065 44065 44065 44065
R2 0.765 0.681 0.765 0.785

Notes: The table shows the indirect friendship network effect of must-access PDMPs. PDMP NetExposure measures the de-
gree to which a county’s out-of-state social network is exposed to must-access PDMP laws. Migration Exposure controls for
the impact of migration from PDMP implementing states. The dependent variable in specification (1) incorporates total opi-
oid overdose deaths (T40.1-T40.4), specification (2) considers prescription opioid overdose deaths (T40.2+T40.3), specification
(3) focuses on heroin overdose deaths (T40.1), and specification (4) concerns combined heroin and fentanyl overdose deaths
(T40.1+T40.4). All death counts are expressed per 100,000 residents. We flexibly control for demographic and local economic
conditions as well as the 2010 OxyContin reformulation by interacting the county-level Oxycodone prescription rate between
2006 and 2009 with a post-2010 dummy. The regressions are population-weighted and include state-by-year as well as county
fixed effects. Standard errors are clustered at the state level. *, **, and *** denote significance at the 10%, 5%, and 1% level,
respectively.

As for the OxyContin reformulation, another concern might be that our friendship network effect

is driven by migration patterns as some counties might experience high migration from PDMP im-

plementing states. Correlation between the SCI and migration rates could bias our estimates. To test

for this possibility, we compute the exposure of counties to out-of-state PDMPs through migration as

PDMP MigExposureit =
∑S

j ̸=s 1(PDMP in state j)t ×Migrationij
t , where Migrationij

t is the migration

rate from state j to the focal county i in year t. The sum j runs over all states except county i’s own state.

PDMP MigExposureit is high, if comparatively many people from PDMP implementing states migrate

to the focal county i in year t. To capture migration effects we estimate our baseline specification defined

in Equation (12) and include PDMP MigExposureit as an additional term. The results are presented in

Table H.13. Migration from PDMP-implementing states does not seem to have a strong impact on over-

dose deaths as the coefficients on the migration term are rather small in magnitude and insignificant in

two out of four specifications. The friendship network effect of out-of-state PDMPs becomes even larger

in magnitude and fully retains statistical significance. Overall, our friendship network effect does not

seem to be driven by migration patterns.
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I Description of Interaction Variables

Table I.1—DESCRIPTION OF INTERACTION VARIABLES

Variable Name Description

High Within-County Connectedness Equal to one if the ratio between within-county
connections and out-of-county connections is
above the cross-sectional median. Source: Bai-
ley et al. (2018b)

High Network Density Equal to one if the county has above me-
dian value for friendship network clustering.
Source: Chetty et al. (2022a); technical variable
name: clustering_county

High Civic Culture Equal to one if an above median value of indi-
viduals in a county volunteer in civic organi-
zations. Source: Chetty et al. (2022a); technical
variable name: volunteering_rate_county

High Economic Connectedness Equal to one if county has above median
value for economic connectedness. Source:
Chetty et al. (2022a); technical variable name:
ec_county

High Friending Bias Equal to one if county has above me-
dian value for friending bias. Source:
Chetty et al. (2022b); technical variable name:
bias_grp_mem_county
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