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Abstract

The Food and Drug Administration (FDA) upholds the safety of US drug supply, but persistent
shortages and concentration in manufacturing have raised concerns that the agency’s regu-
latory enforcement actions may disrupt access to essential medicines. I study this trade-off
between access and safety by estimating the causal effects of FDA enforcement at upstream
drug manufacturing facilities on downstream hospitals and the patients they serve. Linking
Medicare claims to newly assembled data on the origin facilities of sterile injectable opioid
drugs, I find that enforcement causes substantial production disruptions, reducing volume
from the implicated facility by one-third. Yet, responses by other elements of the supply
chain provide resilience: hospitals draw on multi-sourced procurement networks to rapidly
substitute to alternative suppliers, such that more-exposed hospitals experience no detectable
declines in drug supply relative to less-exposed hospitals. Even in high-risk conditions under
which supply does decline—among rural hospitals and when enforcement occurs during crit-
ical shortages—the disruption does not compromise patient health or quality of care. These
findings suggest that, despite concerns about fragility in this setting, FDA enforcement in
concentrated supply chains shields patients from drugs produced at non-compliant facilities
while maintaining access and quality of care.
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1 Introduction

The concentration and fragility of modern supply chains sharpen the canonical trade-off reg-
ulators face between product access and safety (Kwon et al., 2024; Liu et al., 2024; Baldwin et al,,
2023). Enforcement actions intended to protect consumers, when directed at high market share
firms, may risk production disruptions that compromise access to critical products. Indeed, re-
cent experience illustrates that nationwide shortages can be triggered by an outage at just one
single manufacturing facility: infant formula in 2022 (FTC, 2024); hospital IV bags in 2024 and
2017 (Aguero and Allen, 2024); and car brake and fuel line parts in 2012 (Holbrook, 2013), among
others. These shocks, which arose from operational failures and natural disasters, underscore a
vulnerability of concentrated production: isolated upstream disruptions can have broad down-
stream consequences.

Understanding how enforcement propagates downstream is therefore essential for evaluating
the implications of supply chain concentration for regulators. Unlike natural disasters or opera-
tional failures, enforcement actions are a deliberate and routine feature of normally-functioning
markets. If enforcement has adverse downstream consequences, regulators may face a dilemma
similar to “too-big-to-fail” (Strahan, 2013), whereby they may reduce stringency at important
firms to manage shortage risk. For antitrust authorities, this would also highlight tension be-
tween efficiency gains from economies of scale and supply chain vulnerability in high fixed cost
industries.

This paper examines these implications by providing, to my knowledge, the first causal evi-
dence of the downstream effects of regulatory enforcement by the US Food and Drug Administra-
tion (FDA), an influential regulator overseeing products that account for over 20% of US consumer
spending (Philipson and Sun, 2008). I focus on the agency’s oversight of manufacturing facilities
that produce sterile injectable (SI) drugs, which are administered in nearly all inpatient hospital-
izations and play a central role in hospital care (Wosinska and Frank, 2023; Lahue et al., 2012).
Oversight is high-stakes in this setting because SI drugs are injected directly into the blood-
stream, meaning that quality deficiencies are life-threatening. Most importantly, SIs represent
a natural setting for studying the access-safety trade-off because FDA officials have repeatedly
identified them as a drug class where production disruptions are particularly concerning due
to fears of supply chain fragility (Conti and Wosinska, 2025; Serchen et al., 2025; FDA, 2020b;
Yurukoglu et al., 2017). Reflecting this concern, the FDA has stated it uses regulatory flexibility—
temporarily permitting manufacturers to operate outside regulatory standards—to mitigate SI
shortages (Woodcock and Wosinska, 2013).!

My measure of FDA enforcement—Official Action Indicated (OAI) inspections representing the agency’s initial dis-
covery of non-compliance at a manufacturing facility—is selected so that its extensive margin occurrence is plausibly
unaffected by such regulatory flexibility.



Studying how upstream FDA enforcement reverberates through concentrated supply chains
requires overcoming two data challenges: the drugs manufactured at specific facilities are guarded
as trade secrets (Galdin, 2025; Conti and Wosinska, 2025; Park et al., 2023), and SI use is not reli-
ably recorded in standard healthcare claims datasets because they are typically reimbursed within
broader bundled hospital payments (Alpert and Jacobson, 2019). I address these challenges by
leveraging data from the Drug Enforcement Administration’s (DEA) ARCOS database, which the
agency uses to oversee the flow of controlled substances in the US from manufacturers to hospi-
tals, clinics, and pharmacies. Using transaction-level detail in these data, I create a novel link to
the origin facilities of SI opioid drugs and calculate high-frequency drug shipment volume at the
level of individual hospitals.

The SI opioid drugs captured in the ARCOS data are the second most commonly administered
category of inpatient SIs behind anti-infectives (Lahue et al., 2012), and are unrelated to the opioid
crisis because their one-off use and administration by trained healthcare providers in a controlled
hospital environment limits the scope for patient misuse. In fact, they are the only type of opioid
drug considered medically essential by the FDA, owing to their efficacy in managing severe pain
for surgeries, cancer treatment, labor, and other acute conditions (FDA, 2020a, 2018a). Like SIs
more broadly, their manufacturing is highly concentrated: the top four facilities accounted for
over 80% of annual volume over the study period. SI opioids also face persistent shortage risk,
with the FDA designating at least one of the three primary active ingredients comprising the
market as in shortage for over 60% of the study period.?

Combined with records of FDA manufacturing facility inspections and a 20% sample of Medi-
care claims, I use stacked difference-in-differences empirical strategies to trace the causal effects
of FDA regulatory enforcement at upstream manufacturers down the supply chain to hospi-
tals and the patients they serve, documenting three main findings. First, enforcement system-
atically disrupts production at implicated drug manufacturing facilities. Comparing facilities
treated by FDA enforcement with matched controls enforced 1-3 years later and serving non-
overlapping opioid drug markets—to avoid spillovers from competitor ramp-up—I find that en-
forcement sharply reduces drug volume by one-third. Accompanying increases in recalls and
drug prices are consistent with the implementation of corrective action to restore compliance.

The extent to which upstream disruptions propagate to downstream hospitals is an empirical
question of the resilience provided by other supply chain participants. Competing manufacturing
facilities may counterbalance the shock by ramping up to fill the supply void, provided they hold

excess capacity and face sufficient market incentives to expand production. Hospitals can also

>The FDA designates a drug as in shortage if it deems that demand exceeds commercially available supply. While
a shortage signals supply chain strain, it does not necessarily imply measurable utilization reductions: Alpert and
Jacobson (2019) found utilization reductions in only 5 out of 19 oncology drug shortages.



mitigate shortages through diversified procurement networks that create natural avenues for
substitution to alternative drugs in the event of a disruption. However, each of these responses
may be incomplete or slowed by frictions.

My second main finding is that the drug supply of downstream hospitals is remarkably re-
silient to FDA enforcement. For this analysis, I compare the trajectories of hospitals with different
shares of baseline drug supply originating from the enforced facility. Despite facing mechanically
larger supply disruptions due to the enforcement action, more-exposed hospitals fully recover by
rapidly substituting toward alternative drugs, ultimately experiencing no change in total drug
supply relative to less-exposed hospitals even in the short run.

This stability of drug volume is consistent with continuity of supply, not a temporary draw-
down of inventories, and hospitals leveraging multi-sourced procurement networks to substitute
along less costly margins of adjustment. Specifically, declines at the enforced facility are met
with one-for-one increases in drug volume from other existing supply relationships, which pro-
vide familiar products for hospitals to integrate into clinical workflows. Together with increases
in volume from new supply relationships in the first six months after enforcement, I find that for
every 1 percentage point (pp) of baseline drug supply sourced from the enforced facility, hospital
shipments from that facility fall by 0.21pp but are offset by a 0.24pp increase among alternative
suppliers. However, this resilience is weaker for rural hospitals, which may face greater barriers
to substitution due to less flexible procurement and limited bargaining power, and when enforce-
ment action is taken during critical shortages, when the supply chain may lack excess capacity.

Third, despite the operational adjustments implied by rapid substitution, which may lead
to rationing, delays in care, and a greater risk of medication errors even when drug access is
maintained (Park et al., 2025), I find no evidence of adverse impacts on patients. Comparing
index hospital visits before and after FDA enforcement and leveraging cross-sectional variation
in their predicted exposure to the shock, I detect no effects on patient health, quality of care, or
healthcare costs. These conclusions are robust across a range of specifications, including among
rural patients and during critical shortages, when drug supply is most vulnerable. Evidence of
patients temporarily shifting toward closer and more commonly used hospitals suggests that
reallocations of patients across hospitals may be a margin of adjustment contributing to resilience.

Taken together, the results show that FDA enforcement produces precisely the kinds of large
upstream shocks that, in markets with concentrated production and fragile supply chains, have
the potential to create difficult trade-offs between decreased drug access in the short-term and
long-term safety improvements as the enforced facility takes corrective action. However, my
findings imply that such a trade-off does not materialize, on average, thanks to supply-side re-
sponses. The rapid reorganization of hospital procurement networks shields patients from drugs

produced at non-compliant manufacturing facilities, which may otherwise put them in harm’s



way, while maintaining access to essential medicines. Crucially, these adjustments also preserve
both patient health and quality of care. Although SI opioids exhibit features of “too-big-to-fail,”
the evidence therefore suggests that the market adapts quickly to absorb even large shocks.

These findings likely extend beyond opioids to the broader class of SIs, which are produced
under similar market conditions, by the same manufacturers, and even in the same facilities.
In fact, opioid-specific supply chain rigidities created by DEA regulations (Conti and Wosinska,
2025), such as facility-level annual production limits and heightened security requirements, sug-
gest the resilience I document likely represents a lower bound for SIs.

This paper contributes to three strands of literature. First, it builds on research examining
the consequences of disruptions in healthcare, including strikes (Stoye and Warner, 2023; Gruber
and Kleiner, 2012), bankruptcies (Antill et al., 2025), provider retirements (Fadlon and Van Parys,
2020), and natural disasters (Ziedan et al., 2022; Deryugina et al., 2020). The findings from this
work are mixed: while studies of drug shortages point to resilience (Liebman et al., 2023; Alpert
and Jacobson, 2019), Soliman (2025) and Donahoe (2024) document declines in drug access fol-
lowing DEA regulatory enforcement during the opioid crisis. By contrast, the FDA actions I study
are part of routine regulatory oversight, outside the context of a public health crisis, allowing me
to analyze how supply chains absorb enforcement-induced shocks under normal conditions, and
shed light on the access-safety trade-off in concentrated markets.

Second, this paper connects to a growing literature on supply chain propagation, which has
primarily used natural disasters to study how shocks travel through input-output networks to af-
fect distant firms (Korovkin et al., 2024; Castro-Vincenzi et al., 2024; Balboni et al., 2023; Carvalho
et al,, 2021; Boehm et al., 2019; Barrot and Sauvagnat, 2016). This work provides empirical evi-
dence demonstrating that, at least in other settings, shocks can propagate downstream. I extend
this literature to the healthcare sector, where disruptions carry especially salient welfare impli-
cations because patient health is at stake, and go beyond firm-to-firm propagation by tracing
the effects of upstream shocks down to the level of individual consumers. Doing so by mapping
the flow of drugs across the supply chain—from manufacturing facilities that produce essential
drugs, to hospitals that purchase them, and to patients who are treated by them—is this paper’s
key empirical contribution.

Third, this paper contributes to research on the FDA’s navigation of the core access-safety
trade-off. Prior work has primarily focused on the agency’s role in new product approvals, where
innovation is a central concern, and has generally characterized the FDA as prioritizing safety
over access (Grennan and Town, 2020; Rogers, 2023; Budish et al., 2015; Philipson and Sun, 2008;
Peltzman, 1973). This paper instead adds to a nascent literature that links drugs to their ori-
gin facilities and studies how this trade-off emerges after products have already been approved,

especially amid concerns about supply chain fragility, concentration, and drug shortages. Manu-



facturers facing generic drug price competition have sought to reduce production costs through
two primary channels. First, they have offshored production to countries with cheaper inputs
and weaker regulatory oversight, which increases the risk of shortages and product deficiencies
(Galdin, 2025; Noh et al., 2025; Wright et al., 2025). The second, and the focus of this paper, is pur-
suing economies of scale, which may increase risk as upstream disruptions become mechanically
larger.® In the spirit of Starc and Wollmann (2025), who show that competition protects against
drug price collusion through entry, my findings suggest that responses by other elements in the
supply chain provide a source of natural resilience against enforcement-induced disruptions.
The remainder of the paper is organized as follows: Section 2 provides background on FDA
regulatory enforcement and SI opioid drugs. Section 3 presents data and descriptive statistics.
Section 4 provides first-stage evidence of disruptions caused by FDA enforcement at upstream
drug manufacturing facilities. Sections 5 and 6 study the propagation of these disruptions on

hospital drug supply and patient outcomes, respectively. Section 7 concludes.

2 Background

2.1 FDA Enforcement and Drug Manufacturing Oversight

The Food and Drug Administration’s (FDA) mission is to promote public health by assur-
ing the safety, efficacy, and quality of prescription drugs sold in the United States. Pursuant
to this mission, all manufacturing facilities producing for the US market are subject to regular
FDA inspections that assess compliance with current Good Manufacturing Practices (cGMP) stan-
dards (Conti and Wosinska, 2025; FDA, 2024b, 2023). These inspections comprehensively cover
all aspects of the manufacturing process over multiple days—from production and processing
to packaging and storage—and, due to limited manufacturer reporting requirements, serve as the
agency’s primary source of compliance information. Each manufacturing facility is inspected ap-
proximately once every two years according to a risk-based site selection rule, and inspections at
opioid manufacturing facilities are not pre-announced (FDA, 2024a; Conti and Wosinska, 2025).*

FDA regulatory enforcement in the context of this paper refers to inspections resulting in an
“Official Action Indicated” (OAI) classification, the worst and rarest outcome, when inspectors

determine that a facility is in an unacceptable state of compliance with federal law. Although

3The offshoring channel is turned off in my setting as DEA regulations require that finished dosage form manufac-
turing occur in the US (Conti and Wosinska, 2025).

“The FDA'’s risk-based site selection rule considers compliance history, hazard signals (e.g., adverse patient events,
recalls, complaints), product risk, and time since last inspection (FDA, 2024a). FDA inspections of domestic manu-
facturing facilities are conducted without prior notice, while those of facilities located outside the US are typically
pre-announced. DEA regulations require that all finished dosage forms of opioids consumed in the US be man-
ufactured domestically (Conti and Wosinska, 2025), which the FDA inspects without prior notice. Inspections of
facilities located outside the United States are pre-announced (Wright et al., 2025).



OAIs do not necessarily imply an imminent risk to patients (FDA, 2024a), they reflect material
breakdowns in cGMP standards intended to ensure that drugs are consistently manufactured to
specification. Commonly cited deficiencies include contamination risks from leaks or standing
water, poorly maintained equipment, and inadequate quality control or operating procedures
(FDA, 2018b, 2016, 2010a,b).

Importantly, relative to “No Action Indicated” (NAI) or “Voluntary Action Indicated” (VAI)
inspections that signal acceptable compliance, OAls carry significant potential to disrupt pro-
duction because they trigger requests for corrective action (Wright et al., 2025; FDA, 2023). For
example, enforced facilities may need to upgrade equipment, physically redesign their site, or
revise operating procedures. If corrections are not implemented in a timely manner, the FDA
may withhold approval of pending drug applications (e.g., NDAs, ANDAs, and BLAs) linked to
the enforced facility and suspend its participation in government procurement contracts (FDA,
2024b). Public disclosure of the facility’s non-compliant status on the FDA website also creates
reputational risk among buyers and investors.

In the most serious cases when conditions threaten patient safety, the FDA may request recall
initiations, issue safety letters to healthcare providers, and make public warnings (FDA, 2024b;
American Regent, 2011). Persistent or egregious violations may also be referred to the Depart-

ment of Justice (DOJ) or state attorneys general for legal action.

2.2 Sterile Injectable Opioid Drugs

Among the prescription opioids covered by the DEA ARCOS data, which enable me to link
drugs to their origin manufacturing facility, I focus on sterile injectable (SI) opioids to study how
FDA regulatory enforcement propagates through pharmaceutical supply chains. These drugs, and
the broader class of SIs produced alongside them, provide an ideal setting for this question because
of their medical importance, and the FDA’s stated concerns regarding supply chain fragility and
shortage risk.

SI drugs are at the core of drug use in hospital settings, where they are administered by
healthcare providers intravenously in nearly every hospitalization (Conti and Wosinska, 2025;
Wosinska and Frank, 2023). That these drugs are injected directly into the bloodstream, bypassing
the body’s natural filters like the digestive tract and skin, means that quality deficiencies like
contamination can be life-threatening. Opioids are the second most commonly administered SI
in inpatient care, and are classified as medically essential by the FDA because they are hospitals’

most effective tool for managing severe pain in acute settings, such as surgeries, cancer treatment,



labor, and traumatic injuries (FDA, 2020a, 2018a; Lahue et al., 2012).” ® While they carry risks of
adverse effects owing to their opioid active ingredients, SIs have less scope for patient misuse
than the outpatient drugs linked to the opioid crisis: they are administered by trained healthcare
providers on a one-off basis and in a supervised clinical environment.

Despite their medical importance, SI supply chains are feared to be fragile, creating the po-
tential for FDA enforcement to propagate downstream. In practice, SIs are low-margin products
subject to generic price competition, face high fixed and marginal costs due to the need for spe-
cialized production lines to ensure sterility, and their manufacturing tends to be highly concen-
trated. In turn, high storage costs for SI drugs, which are light- and temperature-sensitive, lead
hospitals to rely on “just-in-time” inventory practices that provide little buffer against extended
disruptions (ASHP, 2024; Wosinska and Frank, 2023; Woodcock and Wosinska, 2013).”

For opioid SIs specifically, the top four manufacturing facilities accounted for over 80% of
annual volume over the 2007-2019 study period, and at least one of the three primary active
ingredients—fentanyl, hydromorphone, and morphine—was designated as in shortage by the FDA
for over 60% of that time. Figure 1, summarizing the 16 FDA enforcement events studied in
this paper, illustrates that this combination of concentration and persistent shortage risk led to
multiple instances of enforcement at high market share facilities while the supply chain was
already under strain. Relative to other SIs, the opioid supply chain may be especially vulnerable
to such shocks due to an additional layer of DEA regulation (Conti and Wosinska, 2025). For
example, manufacturer ramp-up may be limited by DEA quotas, which set facility-specific caps
on annual production. Re-purposing production lines after a disruption may also be limited by
special rules governing documentation, physical security, and surveillance for opioid drugs.

Finally, the FDA and other stakeholders have repeatedly identified SIs as the drug class raising
the greatest concern about the downstream consequences of production disruptions, reflecting
an especially acute trade-off between drug access and safety (Conti and Wosinska, 2025; FDA,
2020b; Woodcock and Wosinska, 2013; Kweder and Dill, 2013). As evidence of this concern, the
agency reported exercising “regulatory flexibility”—temporarily allowing manufacturers to oper-
ate outside regulatory standards to mitigate shortage risk—an average of 49 times per year from

2013 to 2019.® For example, the FDA permitted temporary imports of non-FDA-approved hy-

>The FDA considers a drug essential if it is used to treat or prevent a serious disease or medical condition for which
there is no adequate substitute FDA (2020a). In limited circumstances, SI opioids have non-opioid substitutes that
are not observed in the ARCOS data, such as nerve blockers used to treat hip fractures. In such cases, my analysis
may understate the true extent of substitution.

%Specifically, Lahue et al. (2012) report that the mean number of administrations of injectable medications is 15.39 per
inpatient hospitalization. The two most commonly administered classes are anti-infectives and narcotics/analgesics.

7An American Society of Health-System Pharmacists (ASHP) survey of hospital professionals responsible for in-
ventory management indicates that roughly 70% of hospitals typically hold less than one month of generic sterile
injectable drug inventory on hand, with only 2% holding more than 3 months of supply (ASHP, 2024).

8The FDA’s annual Drug Shortages reports submitted to Congress beginning in 2013 list the number of instances of
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Figure 1. Supply Chain Pressure From FDA Regulatory Enforcement

Notes: Each bar marks one of the 16 FDA enforcement events impacting SI opioid manufacturing facilities
in the study sample. The height of each bar represents the national market share held by the enforced
facility, and the color of the bar represents how many of the three primary active ingredients comprising
SI opioids were in shortage as of the month prior to enforcement. FDA declares a drug to be in shortage
when it deems that demand exceeds supply. X corresponds to FDA permitting temporary imports of non-
approved injectable hydromorphone from Canada in August 2018, an example of regulatory flexibility.

dromorphone injections from Canada in August 2018 in response to a critical SI opioid shortage
caused by persistent drug quality problems (Hospira, Inc., 2018; FDA, 2018a).”

This background also motivates measuring FDA enforcement using OAI inspections, which
represent the agency’s initial discovery of non-compliance and serve as an “intent-to-enforce”
starting point for subsequent regulatory action. Since regulatory flexibility as described by the
FDA is predicated upon acknowledging non-compliance, it should not affect the issuance of OAIs
at the extensive margin. However, it may cause subsequent actions like correction requests, re-
calls, warning letters, and injunctions to vary endogenously according to supply chain risk."
Regulatory flexibility is therefore best understood as part of the downstream supply-side adjust-
ments that shape how markets respond to OAIs.

regulatory flexibility but do not identify affected products, so the extent of their application for SI opioids is not
known.

“Imports of Canadian hydromorphone injections appear in the DEA ARCOS database from August 2018 through the

end of the data in December 2019.

19 Annual FDA drug shortage reports indicate that regulatory flexibility takes two primary forms: (i) limiting the size
of disruptions at facilities with compliance problems, for example by permitting shipments of products with minor
defects under special safeguards; and (ii) enhancing substitute availability by expediting review of new or modified
products, expanding investigational access, or permitting temporary imports.



3 Data and Descriptive Statistics

Tracing the propagation of FDA regulatory enforcement from upstream drug manufacturing
facilities to downstream hospitals and patients requires integrating three primary data sources,

illustrated in Figure A.7.

FDA Inspections At the top of the supply chain, I use records of FDA inspections at drug man-
ufacturing facilities spanning January 2000 to June 2024, obtained through a Freedom of Infor-
mation Act (FOIA) request. The analysis considers inspections between July 2007 and December
2018 to align with coverage from other data sources and allow sufficient pre- and post-periods
to estimate dynamic effects. Inspection records report the facility’s FDA Establishment Identifier
(FEI), name, address, inspection start and end dates, and outcome (i.e., NAIL VAL or OAI).

Table 1 presents summary statistics for inspections at the 43 manufacturing facilities serving
the SI opioid market over the study period."! On average, facilities were inspected 7.3 times,
roughly once every 18 months, with 13% of inspections resulting in an OAI classification. To
study downstream impacts, I focus on OAIs that are a facility’s first in a rolling 12-month period
(to exclude follow-up OAIs), and combine OAIs at different facilities but in the same month into
composite events.'” Figure 1 depicts the 16 OAI inspections comprising the study sample, where

the height of each bar corresponds to the enforced facility’s baseline national market share.

DEA ARCOS Database The central link between upstream enforcement and downstream out-
comes is provided by the DEA’s Automation of Reports and Consolidated Orders System (AR-
COS). Ordinarily, the origin facility where prescription drugs are manufactured is protected as a
confidential trade secret (Conti and Wosinska, 2025; Galdin, 2025)."”* This research leverages the
fact that all drug manufacturers and wholesale distributors are legally required to report trans-
actions involving controlled substances to ARCOS, which the DEA uses to monitor the flow of
controlled substances in the US from manufacturing facilities to the pharmacies, hospitals, and
clinics where they are dispensed (DEA, 1997). Using an extract covering the universe of prescrip-
tion opioid shipments from 2006 to 2019, which became public following litigation related to the

opioid crisis, I identify a drug’s origin manufacturing facility as the one from which wholesale

A manufacturing facility is classified as serving the SI opioid market if it holds at least a 0.1% share of monthly
national volume at any point in the study period.

121 also restrict to OAIs for which the enforced facility held at least 0.1% SI opioid market share in months 13-18
before enforcement to restrict to facilities reliably serving this market.

B3For example, even publicly released FDA inspection reports redact information on the drugs produced at the fa-
cility and other information considered proprietary or sensitive (see, for example, FDA (2018b)). Although the
manufacturer of a particular drug is known, the specific facility where it is produced and whether it is made under
contract by another firm is typically not disclosed.

10



Table 1. FDA Inspections of Manufacturing Facilities in DEA ARCOS Data
Mean Median (SD)

Drug Manufacturing Facilities (N) 43
Maximum Annual Market Share (%) 5.8 1.5 (10.4)
SI Opioid Recalls 1.7 0.0 (3.4)
Facility-Level FDA Inspection Statistics
Total Inspections 7.3 5.0 (5.9)
Inspections Per Year 0.8 0.7 (0.7)
No Action Indicated Classifications (NAI) 3.2 3.0 (4.0)
Voluntary Action Indicated Classifications (VAI) 3.2 2.0 (2.8)
Official Action Indicated Classifications (OAI) 0.9 0.0 (1.2)
Study Sample OAIs' 0.5 0.0 (0.8)

Notes: Summary statistics consider inspections of drug manufacturing facilities that are under the pri-
mary jurisdiction of the FDA, serve the hospital-use sterile injectable opioid market, and have initial
opioid drug volume recorded in the DEA ARCOS database at least 18 months prior to inspection. Facil-
ities are classified as serving the hospital-use sterile injectable opioid market if they held at least a 0.1%
share of national volume, measured in MMEs, in one or more months. The rate of FDA Inspections Per
Year is equal to the number inspections between July 2007 and December 2018 divided by the number of
months over this period, restricting to the period after the facility first records positive drug volume in
the ARCOS database.

T OAISs are included in the study sample if they represent the first at the enforced facility in a rolling
12-month period (to restrict to initial OAls only, excluding follow-ups) and if the enforced facility held
at least 0.01% market share 13-18 months prior to inspection.

distributors are recorded as purchasing the drug. Manufacturing facility FEIs reported in the FDA
inspections data are mapped to DEA registrations in the ARCOS data using a fuzzy matching pro-
cedure based on addresses and manufacturer names. Over 99.9% of SI opioid volume is matched
to an origin manufacturing facility.

From this link to origin facilities, which to the best of my knowledge represents a novel use of
the ARCOS data, Figure 2 plots the market shares held by top SI opioid manufacturing facilities
over the study period. The top four accounted for over 80% of volume for nearly the full period,
with the top facility accounting for roughly one third of market volume. Circular markers in
Figure 2 represent instances of FDA enforcement at these top facilities during the study period.

Another key use of the ARCOS data is to provide a reliable measure of SI opioid drug vol-
ume at the hospital-month level. Creating such a measure is not feasible with insurance claims
datasets commonly used in health economics research because SI drugs may be reimbursed as
part of broader bundled inpatient payments. While ARCOS does not capture utilization directly,
its transaction-level detail records the arrival of new SI opioid inventory to hospitals, which forms

the basis of my analysis of hospital drug supply.
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Figure 2. Top 4 Sterile Injectable Opioid Manufacturing Facility Market Share

Notes: Figure 2 is constructed by identifying the top 4 manufacturing facilities by national market share
in each half-year period. Circular markers refer to study sample FDA enforcement events impacting top
4 and the top manufacturing facility, respectively.

Medicare Claims To examine impacts on downstream patient health, quality of care, and
healthcare costs, I use a 20% sample of administrative Medicare Part A and B billing claims. My
preferred outcome is Healthy Days at Home (HDAH), a measure of quality of care and population
health developed by Burke et al. (2020) and Lam et al. (2021) in conjunction with the Medicare
Payment Advisory Commission (MedPAC). The spirit of HDAH is to classify each patient-day
as either “healthy” or “unhealthy,” where healthy refers to days in which the beneficiary is alive
and not in a facility-based care setting. Though patients may be in poor health even outside of
facility-based care, the spirit of HDAH is to focus on the most therapeutically intensive elements
of the healthcare system, namely inpatient and post-acute care. My analysis follows the approach
taken by (Burke et al., 2023), calculating HDAH indexed to the period following a hospital visit.

Hospital-level SI opioid drug volumes from ARCOS are matched to Centers for Medicare and
Medicaid Services (CMS) provider numbers using a fuzzy matching procedure based on addresses
and hospital names, enabling me to link upstream shocks to downstream patient outcomes. Over
95% of hospital admissions are matched to a hospital DEA registration in the ARCOS data.

4 Upstream Manufacturing Facility Disruption

I begin by estimating the causal effects of FDA regulatory enforcement on drug volume orig-

inating from the implicated manufacturing facility. This can be understood as a first stage: en-
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forcement can only propagate to downstream hospitals and patients if it first disrupts production
at the upstream facility. Specifically, I focus on FDA inspections resulting in an OAI classification,
which formally declare unacceptable regulatory compliance and require the enforced facility to

implement potentially costly and time-consuming corrective action.

4.1 Empirical Strategy

The central challenge to identifying causal effects is that FDA regulatory enforcement is
not randomly assigned to manufacturing facilities. Two sources of endogeneity are particularly
salient. First, whether a facility receives an OAl—rather than a VAI or NAI—depends on the
presence of serious regulatory violations, which are likely correlated with latent manufacturing
problems that may make enforced facilities inherently more disruption-prone. Second, when a
facility receives an OAI is shaped by the FDA’s risk-based inspection rule, which prioritizes sites
that emit hazard signals like recalls, complaints, and adverse patient events. This raises the con-
cern that FDA enforcement may coincide with disruptions that are already underway as facilities
proactively respond to production problems associated with hazard signals.

To address these concerns, I implement a difference-in-differences design that compares fa-
cilities treated by an OAI with matched controls that go on to receive an OAI one to three years
later. Restricting to treatment and control facilities on a shared enforcement trajectory supports
the plausibility of parallel trends, which is empirically assessed with the pre-trends falsification

test.!

To isolate the effects of FDA enforcement from confounding events, I implement my anal-
ysis in monthly event time. Assuming that the precise month of enforcement is plausibly ex-
ogenous within a narrow window, such as due to delays in assessing hazard signals or variation
in inspector availability, anticipatory declines prior to the OAI would suggest the presence of
confounding events. On the other hand, effects emerging sharply after the inspection can be at-
tributed to enforcement. As a placebo test, I replicate this design for VAI inspections, in which
the FDA uncovers some violations but deems acceptable compliance.

My baseline specification draws on OAI inspection events across all opioid manufacturing

facilities represented in the DEA ARCOS data, not only those producing SI opioids."” This broad

14See Coyne et al. (2024) for further discussion of the stacked difference-in-differences research design.

Drawing on World Health Organization Anatomical Therapeutic Chemical (ATC) codes and clinical uses on the
drug’s FDA-approved drug label, I classify non-SI opioids in the DEA ARCOS data into three markets capturing dis-
tinct therapeutic uses. The first consists of combination opioid pills that pair an opioid ingredient with a non-opioid
analgesic, such as hydrocodone combined with acetaminophen or ibuprofen, to treat moderate pain. The second
market is pure opioid pills, like oxycodone and morphine tablets, which are used to treat more severe pain and
carry higher misuse potential. Note that combination opioids cannot be substituted for more potent pure opioids
because their non-analgesic components become toxic at higher dosages. The third market includes specialized
dosage forms like transdermal patches, nasal sprays, lozenges, and liquid solutions, which are intended for pa-
tients with advanced care needs. For example, patients who are highly opioid-tolerant, have difficulty swallowing,
or require continuous pain management over multiple days.

13



design is important for several reasons. To begin with, credible identification requires matched
controls that serve strictly different opioid markets and therefore do not directly compete with
the enforced facility. Since competing facilities may ramp up when rivals are disrupted, includ-
ing them risks biasing estimates. Drawing on the full set of enforcement events also enables the
analysis to provide, to my knowledge, the first systematic evidence of the causal effects of FDA
enforcement, a contribution with intrinsic policy relevance given interest in understanding the
drivers of supply chain risk (CRS, 2023; FDA, 2020b; CRS, 2018)."*'7 Finally, the broader sample
of opioid markets allows for the analysis of impacts on drug prices using Medicare Part D pre-
scription fills data, which do not reliably capture SI opioids because they are typically reimbursed
through bundled inpatient payments. To complement my analysis of downstream propagation,
which focuses on enforcement events at SI opioid manufacturing facilities where the access-safety
trade-off is thought to be most acute, I also estimate a first-stage specification restricted to these
events. The results are robust and validate the existence of a first-stage upstream disruption in
the downstream analysis.

The causal effects of FDA OAI inspections on the enforced facility are estimated using the

following stacked event study specification,

12

Yimir = Z 3, Enforcedy,, » X 1 {r Months Since Enforcement} Fir (1)
r=—6,r#—1

+ 6f,m,7' + Uxs + Xf,m,t,—T + 8f,m,t,‘r

where Y}, ; - measures the outcomes (e.g., drug volume, recalls, prices) of manufacturing facility
f in opioid market m in month ¢ around FDA OAI inspection 7, with event time indexed by r.'3
Aggregating outcomes to the facility-by-market level, rather than to the facility level, preserves
cross-market differences in drug volume and prices, preventing results from being systemati-
cally driven by high-level markets.”” Accordingly, the regression includes two-way facility-by-
market-by-event fixed effects d¢,, - and event-by-event time fixed effects 7, ;. The Enforcedy,, ;
treatment indicator equals 1 for facilities enforced in event 7 and 0 for future-treated matched

20

controls.”” The vector of controls X, _, captures the impacts of OAI inspections with event

16 An FDA report on the root causes of drug shortages lists quality issues, increases in demand, natural disasters, and
product discontinuations as the most common sources of drug shortages from 2013-2017. This analysis sheds light
on the role of regulatory enforcement within quality issues, the most common cause of shortages, which may also
refer to recalls and other product defects (FDA, 2020b).

7Wu and Wang (2023) also study the impacts of FDA inspections on manufacturing facility outcomes, but focus
on the relationship between inspection frequency and drug recalls using a distance-to-facility as an instrumental
variable, rather than the impact of inspections resulting in enforcement.

The OAI inspection index T refers to each opioid market-by-month (m, t) with an FDA enforcement event.

Y About 30% of facilities in my sample serve more than one market.

®For a given treatment group OAI inspection, matched controls must (1) have no OAI inspection in event months
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horizons overlapping with 7, as drug volume from both treatment and control facilities may re-
spond to disruptions associated with these events.?! Following guidance in Wing et al. (2024),
standard errors are clustered at the manufacturing facility level f. Inference is conducted using
the cluster wild bootstrap because there are 45 distinct manufacturing facility clusters (Roth et al.,
2023; Cameron et al., 2008).

4.2 Results

Figure 3 plots the differential evolution of drug volume between enforced facilities and future-
treated matched controls, where drug volume is measured in milligrams of morphine equivalents
(MMEs, a standard potency-adjusted measure of opioid quantity) and divided by baseline total
market volume to yield a market share interpretation. Treatment and control facilities evolve
along parallel trends prior to enforcement, followed by a persistent decline in drug volume from
the enforced facility beginning sharply in the month after the OAI Difference-in-difference esti-
mates reported in Table 2 show that drug volume from enforced facilities decreases by the equiv-
alent of 2pp of market share in the year after enforcement (33% of the baseline mean).

To explore mechanisms, panel (a) of Figure A.1 shows that FDA enforcement is followed by
an increase in active Class I and II drug recalls originating from the enforced facility.”* Overall,
recalls rise by 0.2 units in the year after enforcement (equivalent to one new recall for every five
enforced facilities, or 51% of the baseline mean), with timing closely tracking the onset of drug
volume disruptions. This pattern is consistent with FDA statements indicating that the agency
requests voluntary recalls after inspections that uncover product issues posing an immediate risk
of consumer harm. Together, the timing of the decline in drug volume and rise in recalls in
the post-enforcement period supports the interpretation that the disruption is caused by FDA
enforcement rather than confounding events.

Panel (b) examines impacts on drug prices, measured as the logarithm of total Medicare Part

D prescription spending per MME dispensed.”> The results suggest an approximately 25% in-

r € [—12,12] to prevent contamination from past enforcement; (2) go on to receive an OAI inspection in event
months r € [13,36]; and (3) must produce for opioid markets that are not served by the implicated facility. To
exclude volatility from manufacturing facilities with low production volumes, treatment and control facilities are
required to record positive drug volume in at least two months the six months prior to the FDA treatment group
enforcement event and hold at least 0.01% national market share in the period 13-18 months prior to it. See
Appendix B.3 for a detailed discussion of the matching procedure.

I'The controls consists of national market shares held by the manufacturing facility implicated by overlapping events,
capturing the size of the disruptions, and interacts them with event time indicator variables reflecting the timing
of those overlapping events.

22The FDA classifies recalls into classes I-III, where class I and II represent situations where use of the recalled
product may cause adverse health consequences. Class III recalls are defined as situations in which use of the
product is not likely to cause adverse consequences.

BFor this calculation, drug volume in MMEs is measured with Medicare Part D data rather than the DEA ARCOS
database, and total prescription costs include both payments by the insurer and the beneficiary. Because of missing
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Figure 3. Impact of FDA OAI Inspections on Enforced Facility Drug Volume

Notes: Figure 3 plots the differential evolution of manufacturing facility-by-opioid market outcomes be-
tween enforced manufacturing facilities that matched controls that were enforced 1-3 years later and
serve opioid drug markets that do not overlap with those of the enforced facility. Error bands represent
90% confidence intervals using standard errors calculated with the wild cluster bootstrap and manufactur-
ing facility-level clusters. The outcome variable is national drug volume originating from the implicated
facility measured in milligrams of morphine equivalents divided by mean total market volume in the
baseline period 13-18 months prior to enforcement. The results can therefore be interpreted as percent-
age point changes in baseline market share.

Table 2. Impact of FDA OAI Inspections on Enforced Facility Outcomes

1) @) ©) @ ©) ()
All Opioid Manufacturing Facilities SI Facilities Only

Market Share Active Recalls Log(Enforced Log(Rest of Market Share Active Recalls

$/MME) Market
$/MME)

Enforced x 0-12 Months Post -0.02*** 0.20* 0.26* -0.00 -0.02** 0.46**
N 4,465 4,465 760 760 1,330 1,330
R? 0.98 0.90 0.97 0.99 0.98 0.92
Dep. Var. Pre-Mean 0.06 0.39 -3.15 -3.03 0.11 0.80
Facility-by-Event FEs v v v v v v
Event-by-Event Time FEs v v v v v v
Overlapping Event Controls v v v v v v
Wild Cluster Bootstrap 95% CI [-.025, -.011] [.012, .415] [-.001, .587] [-.057, .048] [-.0338, -.004] [.054, .895]
Wild Cluster Bootstrap p-value 0 0.08 0.10 0.99 0.03 0.03
# of Events 55 55 15 15 15 15
# of Facilities 45 45 19 19 31 31

Notes: * 10%, ** 5%, *** 1%. Table 2 reports the results of difference-in-differences estimates comparing enforced facil-
ities with matched controls enforced 1-3 years later and serving non-overlapping opioid drug markets (see equation
1). Outcomes include drug volume (divided by baseline total market volume), active class I and II drug recalls, and
the logarithms of facility drug prices and rest of market drug prices. Columns 5 and 6 report the results when re-
stricting to FDA enforcement events impacting SI opioid manufacturing facilities, which are further studied in the
analysis of downstream propagation. All inference is conducted using the wild cluster bootstrap with manufacturing
facility-level clusters.
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crease in enforced facility drug prices in the year after enforcement, statistically significant at the
10 percent level, while prices of drugs in the same market but produced by other manufacturing
facilities remain unchanged. This asymmetry suggests that enforcement raises production costs
at the implicated facility, such as due to implementation of corrective action or the higher costs of
operations that fully comply with FDA standards, while the remaining market remains competi-
tive. Indeed, opioid markets are composed of many therapeutically equivalent active ingredients
and dosage forms, creating scope for substitution. However, these effects on prices may not gen-
eralize to SIs, which are manufactured in a comparatively more concentrated market structure
and reimbursed through bundled payments rather than per unit dispensed.

Placebo estimates replicating this empirical strategy for VAI inspections yield statistically
insignificant and near-zero effects on drug volume, recalls, and prices (see Appendix Section B.1).
The contrast between the effects of OAI and VAI inspections suggest that the regulatory actions
associated with OAIs—corrective remediation, recall requests, hindrance to application approvals,
exclusion from government procurement, etc.—are likely responsible for the disruptions.

Finally, because my analysis of the downstream impacts of FDA enforcement focuses on SI
opioids, Table 2 also reports the results of specifications restricting to this subset of treatment
events.”* The results validate that the first-stage disruption is robust in this sample: drug volume
from enforced facilities decreases by 2pp of market share (18% of the baseline mean) and active
Class I and II recalls increase by 0.46 (58% of the baseline mean) in the year after enforcement.
Dynamic difference-in-differences estimates in Appendix Figure B.1, albeit less precise given the
smaller number of enforcement events (15 compared to 55, using non-SI opioid manufacturing
facilities purely as controls), also show the sharp onset of treatment effects. These disruptions
are further reinforced in the analysis of hospital drug supply in Section 5, which documents a
persistent decline in enforced facility drug volume among more-exposed hospitals.

Taken together, the first-stage results demonstrate that FDA regulatory enforcement from OAI
inspections systematically disrupts production at implicated manufacturing facilities, reducing
drug volume by one-third relative to baseline and prompting increases in recalls and facility-
specific drug prices. These findings support the hypothesis that concentration may complicate the
FDA’s core trade-off between drug access and safety, as enforcement against dominant facilities
can cause large upstream supply shocks. Non-compliance therefore poses a dual challenge for

the FDA: consumers may be harmed not only by exposure to sub-standard drugs, but also by

manufacturing facility-by-month drug price data, including for the entire class of sterile injectable opioid drugs,
this analysis uses a smaller number of FDA enforcement events than for drug volume and recalls. Specifically,
to prevent from results being driven by compositional differences, I restrict the regression sample to drug price
trajectories that are non-missing throughout the event horizon.

2Due to the lack of a matched control for one event, which targeted a manufacturing facility holding 1.3% market
share at baseline, the first-stage analysis of SI opioid manufacturing uses 15 events rather than the 16 studied in
Sections 5 and 6.
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short-term reductions in access as enforcement restores compliance. Sections 5 and 6 quantify
these downstream effects in the context of SI opioids, which belong to the broader class of SIs

that the FDA has characterized as having particularly vulnerable supply chains.

5 Downstream Hospital Drug Supply

Next, I turn to estimating how disruptions to upstream manufacturing facilities propagate
downstream, beginning with impacts on hospital drug supply. Propagation depends on the rel-
ative sizes of two opposing forces: the FDA enforcement-induced disruption at the implicated
facility and countervailing supply-side responses by other supply chain participants that may
lend resilience (Acemoglu and Tahbaz-Salehi, 2025; Carvalho et al., 2021; Barrot and Sauvagnat,
2016). These responses operate at two levels of the supply chain—upstream manufacturers and
downstream hospitals—and their speed and extent may be limited by frictions. This discussion
provides a framework for interpreting and generalizing the empirical estimates that follow, which
capture the net reduced-form effects of these opposing forces on hospital drug supply.

At the manufacturing level, the key question is whether competing facilities expand produc-
tion to fill the supply void left by the enforced facility. This response depends on the availability
of excess production capacity and the strength of market incentives to ramp up. Since SI drugs are
typically mature generics without patent protection, excess capacity arises from the presence of
multiple manufacturers approved to produce them.?” Generic drug price competition means that
price increases following disruptions are plausible, though they may not materialize in the short-
run because hospital procurement contracts often set maximum prices.”® Nevertheless, fixed costs
in SI production create economies of scale that may independently motivate production increases.

Next, hospitals may reorganize their procurement operations to substitute to alternative drugs.
This response depends on the availability and closeness of substitutes (i.e., the input-specificity
of disrupted drugs), adjustment costs to incorporate them into clinical workflows, and the price
elasticity of hospital demand. SI drugs have both perfect substitutes—bioequivalent drugs from
other manufacturers—and imperfect substitutes that are therapeutically equivalent but differ in
potency, dosage form (e.g., vial, syringe, ampule), or active ingredients. While the former can
be used interchangeably, the latter may compromise efficacy or increase the risk of medication

errors due to reduced product familiarity.”” Additionally, substitution toward suppliers already

2By contrast, branded drugs are produced by a single monopolistic manufacturer, so excess capacity depends on the
firm’s own redundancies, which may be incentivized by high markups.

2FDA found sustained price increases for 18% of drugs that went into shortage between 2013 and 2017 (FDA, 2020b).

?"Not all SI opioids are interchangeable for all clinical indications (e.g., morphine may be unsuitable for older patients
with renal impairment) and converting across active ingredients requires careful conversion of concentrations as
overdoses can be deadly. The ASHP warns that providers should “exercise extreme caution when purchasing
products that are not regularly stocked” (ASHP, 2018).
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in hospitals’ procurement networks is likely less costly, avoiding the search, staff re-training,
and workflow adjustments associated with integrating new suppliers. Although the medical im-
portance of SI drugs contributes to inelastic demand, hospitals may reduce utilization through
rationing, delaying elective procedures, reducing waste, and approving new substitutions (Vo
et al., 2021). The use of “just-in-time” inventories adds to the urgency of substitution.

Given this framework, SI opioids provide a plausible stress-test within the broader class of SIs
where the propagation of FDA regulatory enforcement is especially likely. Supply chain rigidities
imposed by the additional layer of DEA regulations may limit excess capacity at non-enforced

facilities.?

Although medically essential, the demand of SI opioids may be more elastic than
other SIs, like anti-infectives, because opioids provide palliative rather than curative care. Even
short-lived reductions in drug supply caused by enforcement may carry meaningful welfare im-

plications when considering the collective weight of dozens of FDA OAIs issued every year.

5.1 Empirical Design

Since hospitals’ treatment status switches “on-and-off” repeatedly, up to once for each of the
16 FDA regulatory enforcement events during the study period, I estimate the causal effects of en-
forcement on the drug supply of downstream hospitals using a stacked difference-in-differences
design. This approach leverages three sources of variation: (i) temporal variation before and after
enforcement, (ii) cross-sectional variation in hospitals’ reliance on the enforced facility for drug
supply at baseline, and (iii) collective evidence from 16 distinct enforcement events.” Intuitively,
the design compares drug supply trajectories across hospitals with differing levels of exposure to
a given FDA enforcement action.

For each hospital h and upstream FDA enforcement event 7, exposure is measured by the
share of a hospital’s baseline drug supply that originated from the enforced facility.”’*! This
quantifies the hospital-specific disruption caused by upstream enforcement, capturing the me-
chanical loss in volume if the enforced facility shut down and hospitals made no substitutions.

This construction parallels the “shift-share” approach widely used to study the impacts of distant

21f manufacturers view quota increases as permanent, the quota system may strengthen incentives to ramp up over
longer time horizons, as disruptions would offer an opportunity to permanently improve economies of scale.

#While the effects of a single FDA enforcement action could be analyzed as a standalone case study using a com-
parable difference-in-differences approach, the objective of this paper is to characterize the systematic effects of
enforcement across the full set of events affecting SI opioids during the study period. Pooling events together in
a stacked design mitigates concerns that results reflect idiosyncratic conditions surrounding any single enforce-
ment event. However, this approach introduces complexity in the form of overlapping event horizons across FDA
enforcement actions that create scope for contamination, which I address explicitly in the empirical specification.

30The FDA enforcement event index 7 consolidates all enforcement actions that take place in the same month across
different upstream manufacturing facilities into a single event.

31The baseline period spans the period 13-18 months prior to enforcement. This creates a six-month buffer between
the construction of the treatment variable and the start of the event horizon in event month » = —6, thereby
allowing for the resolution of potential mean-reversion.
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shocks in the trade literature (Borusyak et al., 2025, 2022; Autor et al., 2016), where manufacturing
facility-level FDA enforcement shocks are interacted with hospital-level supplier shares.

Although hospital supply networks may be formed endogenously—for example, hospitals that
are more reliant on low-compliance suppliers may face resource constraints or differ in quality
of care—causal identification relies on parallel trends across hospitals with different supplier net-
works in the counterfactual world without the FDA enforcement action. This assumption is plau-
sible because of the separation between downstream hospitals and the enforcement actions: not
only are hospitals not the targets of FDA enforcement, those actions take place multiple levels
upstream in the supply chain. It is therefore reasonable to conceive of enforcement timing as
quasi-random from the perspective of downstream hospitals.

The principal threat to identification arises from the FDA’s risk-based targeting of inspec-
tions, which may result in enforcement systematically following a period of latent deterioration
in production quality at the implicated manufacturing facility. Consequently, more- and less-
exposed hospitals may experience differential deterioration in the quality of their drug supply
over the event horizon independently of FDA action. Hazard signals like adverse drug events
and healthcare provider complaints potentially associated with quality changes may also create
a link between downstream outcomes and upstream enforcement. Although statements by FDA
officials indicate that OAIs typically preemptively address potential problems before they mani-
fest into realized ones (FDA, 2023), my empirical strategy quantifies this concern with the parallel
pre-trends falsification test. To the extent that there is an inherent lag between the emergence of
quality issues and upstream FDA regulatory enforcement, the systematic worsening of drug sup-
ply may appear as “anticipatory” responses. For example, hospitals may recognize deviations in
drug quality through firsthand experience and begin substituting away from the enforced man-
ufacturer prior to the OAL*

The stacked data structure creates an event-specific panel dataset containing the monthly tra-
jectories of hospital drug volume around each FDA enforcement action.*® Since there is no vari-
ation in treatment timing across hospitals—enforcement always occurs in event month r = 0—
concerns about differential treatment timing from the modern difference-in-differences litera-

ture do not apply. I therefore estimate the following stacked two-way fixed effects difference-in-

%2The FDA’s consideration of hazard signals at downstream hospitals within their risk-based inspection targeting
rule could also lead to reverse causality, as adverse events at high-exposure hospitals in the pre-period may cause
upstream FDA enforcement. The parallel pre-trends test also offers empirical evidence regarding this channel.

%3The stacked data structure allows for the straightforward construction of hospital variables specific to each enforce-
ment event, including treatment variables, outcome variables, hospital characteristics such as the manufacturing
facilities with which it had an existing supply relationship at baseline.
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differences model (Wing et al., 2024),**

12
Yitr = Z /3 HospitalExposure,, . x 1 {r Months Since Enforcement}m (2)
r=—6,r#£—1

+ 5h,7’ + 777‘,7' + Xh,t,fT + gh,t,‘r

where Y}, ; ; measures drug volume shipped to hospital /& in month ¢ around FDA OAI event T,
with monthly event time indexed by r. The treatment variable HospitalExposure,, , measures the
share of hospital /’s baseline drug supply accounted for by the facility implicated by event 7. Two-
way fixed effects include hospital-by-event fixed effects d;, ,, which absorb time-invariant level
differences across hospitals within each event, and event-by-event time fixed effects 7, ;, which
capture shocks common to all hospitals at each event time 7 of event 7. The vector X}, ; _ controls
for potential contamination from enforcement events —7 with overlapping time horizons.” To
provide a percentage point (pp) change in drug volume interpretation, I divide outcomes by each
hospital’s mean monthly drug volume at baseline, and weight hospitals by this mean to reduce
volatility from low-volume hospitals.”® Standard errors are clustered at the hospital level.

Table 3 summarizes the quasi-experimental variation leveraged in this analysis. Panel B char-
acterizes the exposure of hospitals’ baseline drug supply to upstream FDA enforcement. On av-
erage, hospitals relied on the enforced facility for more than 0.01% of drug supply in six of 16
FDA enforcement events. Among these exposed hospitals, the mean share of drug supply from
the enforced facility is 26%, and the mean share in hospitals’ maximum exposure event is 50%.

Panel C summarizes hospitals’ procurement patterns in the six months preceding enforce-
ment. Hospitals receive shipments of SI opioids in nearly every month, with average drug vol-
umes remaining stable relative to the baseline period spanning 13-18 months before enforce-
ment. Procurement exhibits multi-sourcing: at baseline, hospitals source from an average of
3.9 distinct manufacturing facilities (only 3% of hospitals single-source) and 1.6 distributors per
month. The mean monthly Herfindahl-Hirschman Index (HHI) of 4,467 indicates a level of diver-

sification marginally greater than dividing purchases evenly across two manufacturing facilities.

34The (unstacked) two-way fixed effects analog, which removes event indices 7 from the fixed effects and treatment
variable, is Y}, ; = Zii_&#_l Br HospitalExposure;, x 1 {r Months Since Enforcement}, + 65, + 7, + €5 ¢. This
specification could hypothetically be used to study each of the 16 FDA enforcement events in isolation, setting
aside concerns about overlapping treatment.

%5This vector models the treatment effects of overlapping events with the same structure as the focal event 7: with
event time-by-HospitalExposure interaction terms reflecting the timing and hospital-specific exposure to —7. The
construction of hospital exposure using the lagged baseline period » € [—18, —13] means that X} ; _, is con-
structed exclusively using information about hospitals’ supply networks from the pre-enforcement period, even if
the overlapping event occurs late in the focal event horizon (e.g., 7 = 12). This avoids the problem of “forbidden
controls,” whereby hospital exposure to a future event may be shaped by substitution caused by the focal event.

6Results are robust to weighting hospitals equally.
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Table 3. Hospital-Level Regression Sample Summary Statistics

Mean  (SD)
Panel A: Hospital Characteristics
Hospitals (N) 3,729
% Teaching Center 30
% Rural Hospital 33
Panel B: Exposure to FDA Enforcement Events
Events with HospitalExposure > 0.1% 6 (2)
% HospitalExposure Among HospitalExposure > 0.1% 26 (20)
Maximum % HospitalExposure Across All Events 50 (16)
Panel C: Pre-Enforcement Monthly Hospital Procurement
Drug Volume / Hospital’s Baseline Mean 1.0 (1.2)
% of Months with SI Opioid Volume > 0 99 (10)
# of Manuf. Facility Suppliers 3.9 (1.5)
% Single-Sourcing 3.3
HHI across Suppliers (0-10,000) 4,455  (1,734)
# of Distributors 1.6 (0.6)
% Fentanyl 49 (24)
% Hydromorphone 27 (19)
% Morphine 19 (16)

Notes: Panel A of Table 3 reports the distinct hospitals in the sample, and the share classified
as rural (in a non-metro Rural-Urban Continuum ZIP code) and teaching centers. Panel B
summarizes the exposure of hospitals’ drug supply to FDA enforcement events using months
13-18 before enforcement. Panel C summarizes hospitals’ procurement practices in months
1-6 before enforcement.

Hospitals also order meaningful quantities of all three primary active ingredients comprising SI
opioids. Taken together, these patterns suggest that despite concentration in manufacturing, hos-
pital procurement networks maintain natural avenues of substitution, across suppliers and active

ingredients, providing a foundation to help mitigate upstream disruptions.

5.2 Results

Figure 4 plots the evolution of drug supply across more- and less-exposed hospitals around
FDA regulatory enforcement events, revealing substantial resilience in the pharmaceutical supply
chain. Consistent with the first stage disruption documented in Section 4, more-exposed hospitals
experience a discontinuous decline in drug volume originating from the enforced facility starting
sharply in the month of enforcement. Regression estimates imply that for every 1pp of baseline

drug supply sourced from the enforced facility, shipments from that facility fall by 0.21pp of total
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baseline volume in the first six months after enforcement, growing to 0.36pp in months 7-12.%7 3
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Figure 4. Impact of FDA Enforcement on Decomposed Hospital Drug Supply

Notes: Figure 4 plots the evolution of hospital sterile injectable opioid drug volume around FDA OAI
inspections. The dynamic difference-in-differences estimates corresponding to B, from equation 2 com-
pares the trajectories of hospitals differentially reliant on the enforced upstream manufacturing facil-
ity at baseline for drug supply. The figure plots the results of three separate regressions, one using
each element of the following total drug volume decomposition as the outcome variable: qrorq; =
QO AT+ QEzistingOther +dNewOther- ExTor bands represent 95% confidence intervals with standard errors
clustered at the hospital level.

However, these losses are offset by an immediate rise in drug volume from alternative suppli-
ers. For each 1pp of baseline hospital drug supply sourced from the enforced facility, shipments
from non-enforced facilities increase by 0.24pp of total baseline drug volume in months 0-6 after
enforcement and 0.38pp in months 7-12. This pattern of rapid substitution is driven primarily
by increased volume from manufacturing facilities in hospitals’ existing supply networks, which
increases approximately one-for-one with declines from the enforced facility (see Table 4).>” New
supply relationships are also important, accounting for 15% of the supply increase in the first six
months after enforcement, though their role diminishes thereafter.

On net, these rapid procurement adjustments allow more-exposed hospitals to fully recover

37Equivalently, hospitals that were fully reliant on the enforced facility experience declines of 21% and 36% of baseline
volume over the first and second six months, respectively.

*¥Drug volume is measured in milligrams of morphine equivalents (MMEs), a standard potency-adjusted measure
of opioid shipments, divided by the hospital’s total drug volume in the baseline r € [—18, —13] period, giving the
results a percentage point change relative to baseline interpretation.

% A manufacturing facility is classified as being in a hospital’s existing supply network if it accounts for any positive
drug volume in the baseline r € [—18, —13] period. New supply relationships are therefore free to form beginning
in event month r = —12, meaning that the parallel pre-trends test for this outcome provides a meaningful test for
the differential development of new supply relationships across hospitals.
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Table 4. Effect of FDA Enforcement on Hospital Drug Supply

(V) (©)) ®) (O] ©) (6) ™
Volume Type / Hospital Baseline Total Volume

Total Drug Supply ~ Enforced  Existing New Supplier HHI  Ingred. Sub.  # Distributors

HospitalExposure x 0-6 Mo. Post 0.034 -0.211** 0.208** 0.037** -80.401 0.275 0.005

(0.020) (0.010) (0.018) (0.010) (57.265) (0.706) (0.029)
HospitalExposure x 7-12 Mo. Post 0.023 -0.356" 0.362** 0.017 -315.642** 0.683 0.053

(0.031) (0.013) (0.030) (0.009) (84.947) (0.845) (0.042)
N 1,064,893 1,064,893 1,064,893 1,064,893 1,064,893 1,064,893 1,064,893
R? 0.281 0.621 0.300 0.426 0.453 0.370 0.658
Hospital-by-Event FEs v v v v v v v
Event-by-Event Time FEs v v v v v v v
Dep. Var. Pre-Mean 0.970 0.100 0.820 0.050 3,927.280 15.430 1.930
Ind. Var. Mean 0.230 0.230 0.230 0.230 0.230 0.230 0.230
Ind. Var. SD 0.200 0.200 0.200 0.200 0.200 0.200 0.200
Ind. Var. Range [0, 1] [0, 1] [0, 1] [0, 1] [0, 1] [0, 1] [0, 1]
# of Enforcement Events 16 16 16 16 16 16 16
# of Providers 3,720 3,720 3,720 3,720 3,720 3,720 3,720

Notes: * 5%, ** 1%. Table 4 reports the results of stacked difference-in-differences estimates comparing hospitals that
were differentially reliant on the enforced facility for drug supply at baseline (13-18 months before enforcement; see
equation 2). Outcomes include total drug volume (divided by baseline mean hospital volume), drug volume by type of
origin facility, HHI of drug supply across manufacturing facilities, active ingredient substitution index, and number
of supplying distributors. Non-enforced suppliers are categorized as existing (rather than new) supply relationships
based on the presence of positive volume at baseline. Parentheses denote standard errors clustered at the hospital
level.

from mechanically larger volume losses caused by FDA enforcement at the upstream manufac-
turing facility. Indeed, I find no statistically significant differences in total drug supply between
more-exposed hospitals and their less-exposed counterparts (see Figure A.2), with 95% confidence
intervals ruling out differential declines greater than 0.5% in 0—6 months and 4% in months 7-12
months after FDA enforcement.*’ Notably, since the DEA ARCOS data measures drug shipments
delivered to hospitals rather than utilization, this stability of hospital drug volume is consistent
with continuity of supply, not hospitals temporarily drawing down on inventories.

To examine mechanisms, columns 5-7 of Table 4 show how FDA regulatory enforcement im-
pacts the structure of hospital procurement networks. The supplier Herfindahl-Hirschman Index
(HHI), which measures concentration in hospital drug supply across manufacturing facilities, re-
mains stable in the first six months after FDA enforcement before declining by over 300 HHI units
(7.1% of the baseline mean) in the following six months. This reduction is consistent with more
balanced hospital purchases across manufacturing facilities, which may help guard against future
disruptions. Other margins, including substitution across active ingredients and changes in the
number of supplying distributors, are suggestive of hospital responses but are not statistically

significant, on average.*!

“Interpreting point estimates as differences between more- and less-exposed hospitals is consistent with continuous
difference-in-differences effectively comparing above- and below-average exposure units (Callaway et al., 2024).
“ISubstitution across active ingredients is measured using an index that tracks changes in the active ingredient
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In isolation, a limitation of these results is that cross-sectional comparisons across differen-
tially exposed hospitals may mask a general equilibrium “missing intercept,” whereby reductions
to drug supply may be evenly absorbed through redistribution between more- and less-exposed
hospitals. Concerns about such general equilibrium effects are somewhat tempered by the results
of an extension of the first stage analysis studying the dose-response relationship between the
national market share of the enforced facility and aggregate nationwide drug volume from com-
peting facilities (see Appendix Section B.2). The findings of this analysis, pictured in Appendix
Figure B.3, suggest that enforcement at higher market share facilities naturally results in larger
declines in implicated facility volume, but crucially also triggers greater increases in competing
facility volume. That competitor ramp-up appears at the aggregate level suggests that the sub-
stitution to alternative manufacturing facilities found in this section is fueled by true volume
increases rather than pure redistribution across hospitals. However, wide confidence intervals
from this national-level analysis mean that it cannot gauge whether competitor ramp-up fully
offsets disruptions at implicated facilities.

In summary, the absence of measurable differences in total drug supply between more- and
less-exposed hospitals belies a rapid reorganization of procurement networks that shields hos-
pitals from upstream manufacturing disruptions. Substitution occurs primarily along low-cost
margins of adjustment—toward manufacturers already in hospitals’ baseline supply networks
and without differential changes in active ingredient composition—with familiar products likely
decreasing adjustment costs to integrate alternative drugs. These patterns of substitution are
enabled by hospitals’ multi-sourced procurement operations, which provide natural avenues for
substitution when a supplier is disrupted. Since single-sourcing is likely the most cost-effective
but least resilient form of procurement, one interpretation of these findings is that hospitals may

internalize supply chain risk and design procurement networks capable of agile substitution.

5.3 Heterogeneity in Drug Supply Resilience

Having shown that upstream FDA enforcement does not disrupt hospital drug supply, on
average, | next examine heterogeneity along dimensions that shape the supply-side responses
underlying this resilience. First, ramp-up by alternative manufacturers depends on the availabil-
ity of excess production capacity, which may be limited when enforcement actions place greater
stress on the supply chain. I therefore examine heterogeneity by the national market share of

the enforced facility, which captures the amount of production capacity directly implicated, and

composition of a hospital’s drug supply. For each SI opioid active ingredient, the change in share of hospital drug
supply it accounts for is calculated between the current month and the same month in the previous year. The
index is equal to the sum of the absolute values of these changes across active ingredients. Stability in ingredient
composition leads an index value close to zero, with increases corresponding to changing composition.
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by the degree of ongoing drug shortages at the time of enforcement, when manufacturers may
already be operating near capacity to meet demand.

Second, I analyze factors influencing hospitals’ capacity to substitute to alternative drugs,
including the baseline diversification of their supply networks and institutional characteristics
related to procurement sophistication, such as 340B Drug Pricing Program participation, teaching
status, and hospital size. I also consider distributional factors that may lead to disadvantages in
hospital resources and bargaining power, focusing on rural versus urban hospitals and on the
demographic composition of their patient populations, including the shares of dual-eligible and
Black, Hispanic, and Native American beneficiaries.

Figure A.3 summarizes these results, reporting both the baseline post-period treatment effect
on hospital drug supply (i.e., overall treatment effects on drug supply net of the heterogeneity
characteristic) and the heterogeneity interaction (i.e., deviation from baseline treatment effects
based on the heterogeneity characteristic).*

With two important exceptions, discussed below, I find that hospitals are broadly shielded
from declines in drug supply following FDA enforcement. For example, hospitals maintain drug
supply regardless of the enforced facility’s national market share, baseline procurement opera-
tions, and socioeconomic compositions of the patients they serve. Nevertheless, two contexts—
rural hospitals and when enforcement occurs during an ongoing critical shortage—point to vul-
nerabilities in competitor ramp-up and hospital substitution when statistically significant de-
clines in drug supply can arise. Importantly, declines in both of these settings emerge only after
a delay rather than immediately after FDA enforcement, which may provide valuable lead time

for hospitals to prepare for periods of diminished drug access.

Critical Shortages Hospital drug supply is more vulnerable when FDA enforcement occurs
during a critical shortage, defined as periods when all three primary active ingredients of SI opi-
oids are simultaneously in shortage in the month prior to the OAI inspection.* Declines in ship-
ments to more-exposed hospitals, which emerge beginning two quarters after enforcement (see
panel (a) of Figure A.4), are consistent with capacity constraints that limit upstream alternative
manufacturers from sustaining elevated production for extended periods.

Indeed, the results show supply chains working hard during critical shortages to maintain

#2Markers positioned next to estimated coefficients denote the statistical significance of the sum of the baseline and
heterogeneity interaction estimates, indicating whether results are consistent with non-zero effects on hospital
drug supply based on the heterogeneity characteristic.

“3This definition of critical shortages is intended to capture times when the supply chain is already under significant
strain at the time of FDA enforcement, as the supply chain is already grappling with shortages and there is no clear
readily available active ingredient that hospitals can substitute to following a disruption. The results are qualita-
tively and quantitatively similar when defining critical shortages as two or more of the three active ingredients
being in shortage as of the month prior to enforcement.
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drug volume after FDA enforcement. Although such enforcement actions are associated with
larger declines in implicated facility volume, on the order of 30 percentage points more than in
other enforcement events, the decline is initially offset by increased supply from alternative man-
ufacturers (panel (b) of Figure A.4). Two quarters after enforcement, however, supply from these
alternative facilities falls, consistent with capacity constraints, while volume from the enforced
facility remains depressed. Dynamic patterns also suggest that hospitals take more aggressive
action to search for alternative supply during critical shortages, underscoring heightened supply
chain strain (panels (c) and (d) of Figure A.4). At baseline, more-exposed hospitals do not ad-
just along the margins of connections to distributors or active ingredient substitution, possibly
reflecting supply shortfalls being resolved by upstream ramp-up (see Table 4). During critical
shortages, by contrast, more-exposed hospitals increase the number of distributors they source
from (by 15% of the baseline in quarters 2 and 3 after enforcement) and also engage in greater

substitution across active ingredients (by 30% in quarters 0 and 1 after enforcement).

Rural Hospitals More-exposed rural hospitals experience significant drug supply reductions
in the second and third quarters after FDA enforcement, driven by losses in volume from man-
ufacturing facilities in their baseline supply networks (see Panels (a) and (b) of Figure A.5).**
A plausible explanation for these patterns lies in contracting dynamics and limited substitution
capacity. Manufacturers and wholesalers typically allocate supply according to historical pur-
chasing patterns, explaining the short-term resilience of rural hospitals (Conti and Wosinska,
2025; Wosinska and Frank, 2023).*> Over time, however, allocations can be revised as hospitals
vie for shipments against the backdrop of supply uncertainty and shortage risk (Park et al., 2024;
Hantel et al.,, 2019), when rural hospitals may face disadvantages in sustaining substitution due
to weaker bargaining power, fewer resources, and limited procurement flexibility.

Consistent with this interpretation, rural hospitals exhibit weaker substitution responses fol-
lowing FDA enforcement relative to their other more-exposed counterparts. While more-exposed
hospitals generally respond by expanding the number of distributors they source from, rural hos-
pitals tend to narrow their supply networks (see panel (c) of Figure A.5). Furthermore, rural hos-
pitals display less substitution across the active ingredients comprising SI opioid drugs (see panel
(d) of Figure A.5). Together, these patterns suggest limitations in procurement flexibility that
leave rural hospitals more vulnerable to disruptions caused by FDA enforcement.

Overall, heterogeneity analysis reveals that while hospital drug supply is generally resilient
to FDA enforcement, vulnerabilities to competitor ramp-up and hospital substitution emerge in

rural settings and during critical shortages. Though the delayed emergence of these declines until

“These quarters are indexed to capture the periods spanning six to twelve months after FDA enforcement.
#1n fact, the results suggest that rural hospitals actually see a short-term increase in drug supply immediately after
enforcement, which is driven by maintaining greater drug volume from the enforced facility.

27



several months after enforcement may provide lead time to protect patients against adverse con-
sequences, losses to drug supply carry clear scope to impact patient care. I therefore pay special

attention to heterogeneity along these same dimensions in my analysis of patient outcomes.

6 Downstream Patient Outcomes

Finally, I estimate the causal effects of FDA regulatory enforcement on downstream patient
outcomes, including health, quality of care, and healthcare costs. Whether upstream production
disruptions caused by enforcement decrease, increase, or have no effect on hospital drug supply,
their welfare implications depend on how they ultimately impact patient care.

Having shown that hospital drug supply is resilient, on average, there is limited scope for
patient impacts through fluctuations in drug access outside of rural hospitals and during critical
shortages. Instead, the most plausible channel is through the hospital responses generating re-
silience. Substitution may entail operational adjustments that increase the risk of errors, delay
care, or lead to rationing as healthcare providers adapt to unfamiliar products (Park et al., 2025;
Hantel et al., 2019).** On the other hand, recalling that FDA enforcement seeks to protect con-
sumers from non-compliant products, patient outcomes may improve if substitution away from

enforced facilities enhances the safety and quality of hospital drug supply.

6.1 Empirical Strategy

My empirical strategy estimates the impacts of FDA enforcement on the outcomes of patient
hospital visits, which are the natural unit of observation for studying disruptions to SI opioids
because they are administered on a one-off basis in acute hospital care. To ensure full visibility
into patient outcomes and avoid contamination from previous hospitalizations, I focus on “in-
dex” visits: patients’ first emergency department or inpatient claim within a 12-month period of
continuous enrollment in Medicare fee-for-service Parts A and B.*

Using this unit of analysis, I implement a stacked difference-in-differences design that com-
pares hospital visits before and after FDA enforcement, leveraging cross-sectional variation in
the exposure of drug supply in the patient’s local hospital environment. One of this design’s
key considerations is that enforcement may not only influence care within hospitals, but also

which hospital patients visit. For example, hospitals navigating supply chain strain may adjust

“Medication errors are a particularly salient issue in this setting because Weiss and Elixhauser (2013) found that,
in 2011, opiates and narcotics were the third leading cause of hospital adverse drug events (injuries due to drugs
being prescribed or administered improperly).

“"This construction leads to the exclusion of repeat hospitalizations from the set of index visits, though 30-day
readmissions are studied as an outcome variable. Index visits also exclude patients with frequent hospitalizations
(“frequent flyers”), who may not have a 12-month gap in their hospitalizations.
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admissions or discharge rules according to their capacity to provide care, potentially generating
variation in travel costs, quality of care, and patient-provider familiarity.

Accordingly, index visit exposure is constructed by using the empirical distribution of hospital
visits in the pre-period (January 2006—June 2007) as a data-driven predictor of the hospitals that
patients would have visited in the absence of FDA enforcement.”® For index hospital visit 7 by a

patient residing in ZIP code z, predicted exposure to enforcement event 7 is
E [HospitalExposure], ;) - = Z s ?S ,, X HospitalExposure, |
H
where s7 7, is the fixed share of visits by patients residing in ZIP code z(i) to hospital & in
the pre-period, and HospitalExposure,,  is hospital /’s share of baseline drug supply from the
facility enforced in event 7. Intuitively, this construction reflects the degree to which hospitals in
a patient’s local environment happened to rely on the enforced facility for drug supply at baseline,
assuming that patients continue visiting hospitals following pre-period patterns.*’

The advantage of s” Z; »» compared to approaches like geographic proximity instruments (e.g.,
Antill et al. (2025) and Einav et al. (2025)), is that realized hospital visits embody the full set of
factors—quality, capacity, specialization, referral networks, distance—that endogenously shape
hospital market shares. This endogeneity does not threaten identification because visit proba-
bilities are pre-determined with respect to FDA enforcement, and Appendix D.2 demonstrates
that the pre-period hospital visit distribution and the predicted hospital exposure it generates are
highly predictive of realized hospital visits and hospital exposure, respectively.”

I estimate the following specification under the identifying assumption that the outcomes of
index visits with different predicted hospital exposure would have evolved along parallel trends

in the absence of enforcement

12
Yiir = Z 5. E [HospitalEXposure]Z(i)J x 1 {r Months Since Enforcement}w (3)
r=—6,r#—1

+ 5Z(i),7' + Nrr + Xz(i),t,fT + Wz + Eit,r

“Conditioning on the actual hospital visited would risk understating negative effects if, for example, patients who
would have normally visited a high-exposure hospital instead shifted to a low-exposure hospital. While FDA en-
forcement may seem unlikely to affect hospital choice—since sterile injectable drugs represent only one component
of hospital services and their availability may not be sufficient to impact hospitals’ admissions decisions alone—I
allow this to be part of the causal mechanism.

*The measure also resembles the spirit of a shift-share design: the “shifts” are hospital-specific exposure to upstream
FDA enforcement and the “shares” are the fixed pre-period hospital visit probabilities.

0A first stage regression of exposure at the hospital actually visited on (i) predicted exposure and (ii) the national
market share of the upstream implicated facility indicates that every percentage point of predicted exposure is
associated with a highly statistically significant 0.87pp increase in actual exposure. By comparison, a 1pp increase
in the national market share of the implicated facility, capturing the overall exposure of hospital drug volume to
enforcement, is associated with only a 0.13pp increase in actual exposure.
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where Y ; ; is the outcome of index hospital visit ¢ in month ¢ around FDA OAI inspection event
7.>! Two-way fixed effects include patient ZIP code-by-event fixed effects d,(;) , and event-by-
event time fixed effects 7, ;. The vector X ;) _ controls for event time-by-predicted exposure
interactions from overlapping FDA enforcement events —7, and W, are primary diagnosis fixed
effects. Standard errors are clustered at the ZIP code level, where treatment is assigned.

To focus on index visits most clinically relevant to SI opioid disruptions, I use pre-period
data to train a cross-validated LASSO machine learning model on patient demographics (age, age
squared, sex, and race) and primary diagnosis to predict whether a hospital visit involved anes-
thesia or operating room use, a likely proxy of SI opioid utilization informed by input from an
emergency physician. Index visits in the top quartile of predicted probability serve as the regres-
sion sample, capturing the highest ex-ante likelihood of utilization, while those in the bottom
quartile provide a placebo group unlikely to be directly impacted by the disruptions. Appendix
D.1 details the prediction exercise and documents substantial differences in the severity and hos-
pital characteristics of top- and bottom-quartile visits.

As robustness checks, I replicate the analysis using the full sample of index visits and by con-
structing predicted hospital exposure using pre-period hospital visit distributions specific to the
top predicted SI opioid utilization quartile. To address small cell sizes, I implement an Empiri-
cal Bayes procedure that shrinks quartile-specific ZIP code hospital visit probabilities toward the

distribution of top-quartile patients in the same Hospital Service Area.

6.2 Results

Like the analysis of drug supply, the patient-level results highlight hospitals’ resilience to
upstream FDA enforcement. Across a range of outcomes, I find no detectable harms to patient
health, quality of care, or healthcare costs following enforcement. Suggestive evidence of tem-
porary shifts toward closer and more commonly used hospitals points to changes in the types of
hospitals visited as a margin of adjustment that may contribute to this resilience.

I begin by examining how enforcement impacts patient health and quality of care (see Table
A.1). My preferred outcome is unhealthy days away from home (hereafter, unhealthy days), a
quality-of-care measure developed in conjunction with CMS and MedPAC that counts the number
of days in the 30 after hospital arrival that the patient spends in a healthcare facility (e.g., hospital
or skilled nursing facility) or is deceased (Burke et al., 2020, 2023). The advantage of this measure
is that it aggregates outcomes across a broad range of healthcare settings, capturing the net effects

of initial length of stay, readmissions, post-discharge care, and mortality.

>1The (unstacked) two-way fixed effects analog, which removes event indices 7 from the fixed effects and treatment
variable, is Y; ;, = Zii%’#ﬂ By E [HospitalExposure], ;) x 1{r Months Since Enforcement}, + d,(;) + 7 +
Wi + €5 +. This specification could be used to study each of the 16 FDA enforcement events in isolation, setting
aside concerns about overlapping treatment.
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Event study estimates plotted in Figure 5 show that differences in unhealthy days between
more- and less-exposed index hospital visits remain stable throughout the event horizon: more-
exposed visits experience a 0.15-day rise in unhealthy days (1.4% of the 10.7-day baseline mean)
in the first six months after FDA enforcement and a 0.01-day rise in the following six months
(0.1% of the baseline). Corresponding 95% confidence intervals rule out increases of more than

3.4% and 2.2% over these periods, respectively.
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Figure 5. Impact of FDA OAI Inspections on Patient Health

Notes: Figure 5 plots the evolution of patient health outcomes around FDA OAI inspections. The dy-
namic difference-in-differences estimates corresponding to f, from equation 3 compares the trajectories
of hospital visits by patients residing in ZIP codes with local hospital environments that were differen-
tially reliant on the implicated upstream manufacturing facility at baseline for their drug supply. The
treatment variable used to make this comparison, [E [HospitalExposure], (i), 1s @ convex combination of
hospital-level exposure to FDA enforcement event 7 and patient ZIP code-level hospital visit probabili-
ties, which are based on the fixed empirical distribution of hospital visits in the pre-study period. Error
bands represent 95% confidence intervals with standard errors clustered at the patient ZIP code level.

Though less precisely estimated owing to their low frequency, small and statistically insignif-
icant point estimates for 90-day all-cause mortality and 30-day readmissions are also consistent
with no systematic deterioration in patient outcomes. Using the full sample of index visits pro-
vides additional precision. The 95% confidence intervals rule out increases in 90-day mortality of
more than 4.9% and 6.2% in months 0-6 and 7-12 after enforcement, respectively, and increases
of more than 1.8% and 1.5% in 30-day readmissions over the same periods.

These patterns are robust across a range of alternative specifications. Specifically, there is no
detectable evidence of declines in patient health or quality of care when (i) constructing predicted
exposure with quartile-specific hospital visit distributions (see Appendix Table D.1), (ii) using the
exposure of the hospital actually visited (see Appendix Table D.2), and (iii) when analyzing the
full set of index hospital visits rather than restricting to the top quartile most likely to be treated
with SI opioids within standard care (see Appendix Tables D.3 and D.4).

Next, I find that FDA enforcement has no detectable impacts on the logarithm of hospital
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charges or Medicare reimbursements associated with index visits. These null findings may appear
surprising given the operational adjustments undertaken by more-exposed hospitals in response
to the upstream supply disruption, most notably reorganizing their procurement networks. How-
ever, a limitation of this analysis is that claims-based cost measures may not be well-suited to fully
capturing these adjustments. Hospital charges reflect list prices and so embody changes in the
intensity or complexity of billed services. As such, they may not reflect staffing, administration,
or drug acquisition expenses that are not specific to a single hospital visit. Nevertheless, to the
extent that hospitals do in fact bear such adjustment costs, null effects on reimbursement indicate
that they are not directly passed on to the Medicare program or its beneficiaries.

Although patient outcomes and costs are unaffected, there is suggestive evidence of tempo-
rary shifts to the characteristics of hospitals visited after FDA enforcement. At baseline, patients
in the top quartile of predicted SI opioid utilization disproportionately receive care from more
distant and higher-resource hospitals: they are less likely to visit their geographically closest or
a rural hospital and are more likely to be admitted to teaching centers (Appendix Table D.7).”
These patterns are modestly attenuated following FDA enforcement among patients in more-
exposed ZIP codes. In the first six months after enforcement, point estimates suggest that such
hospital visits are 1.5pp more likely to occur at the patient’s nearest hospital (a 4% increase rela-
tive to baseline), 1.2pp less likely to occur at a teaching center (a 2.4% decline), 0.3pp more likely to
occur at a rural hospital (a 2.4% increase), and involve 2% shorter travel distances (see Table A.2).
Event study estimates indicate that these effects are concentrated between two and six months
after enforcement and dissipate afterward (see Appendix Figure D.1).

Interestingly, these shifts do not reflect avoidance of high-exposure hospitals: point estimates
imply that index visits in ZIP codes with hospitals that were fully reliant on the implicated facility
for baseline drug supply shift to hospitals with only 0.3-0.7pp lower exposure. Instead, patients
appear to be directed toward hospitals with higher baseline visit probabilities. One possible expla-
nation for these patterns is that enforcement temporarily strains hospital environments, prompt-
ing adjustments to capacity, scheduling, or referral patterns that may limit patients’ willingness
or ability to travel to more distant hospitals. Placebo estimates for bottom-quartile visits show
smaller and statistically insignificant effects (see Appendix Table D.6), reinforcing the interpre-
tation that the hospital visited is a margin of adjustment limited to patients most affected by SI
opioid disruptions.

In summary, FDA enforcement does not cause detectable declines in patient health, quality
of care, or healthcare costs. These conclusions are robust across index visit samples and expo-

sure definitions, with confidence intervals ruling out large adverse impacts. Since these findings

2Distance is measured as the geodesic distance between the centroid of the patient’s ZIP code and hospital latitude
and longitude.
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reflect the net effects of potential harms from supply disruptions on one hand, and benefits from
potential improvements in the safety and quality of drug supply following substitution on the
other, it is not clear whether both forces are muted or influence patient outcomes in an offsetting
manner. Nevertheless, the results underscore hospitals’ resilience to upstream FDA regulatory
enforcement: they not only rapidly reshuffle their procurement networks to maintain supply, but

also manage to do so while maintaining the quality and cost of care they provide.

6.3 Heterogeneity Analysis

The hospital-level analysis in Section 5 identifies rural hospitals and FDA enforcement taken
during critical shortages as high-risk settings where drug supply is vulnerable to declines. To test
whether resilience in patient outcomes also holds in these settings, which most threaten patient
care due to potential losses in drug access, I examine heterogeneity across these dimensions on
health, quality of care, and cost outcomes. For completeness, I also assess heterogeneity by the
national market share held by the implicated manufacturing facility, capturing the magnitude
of supply chain strain created by enforcement, as well as along patient characteristics linked
to distributional concerns, including dual-eligibility for Medicare and Medicaid, sex, and among
Black, Hispanic, and Native American beneficiaries.

Figure A.6 presents the results, reporting the baseline post-enforcement treatment effects on
patient outcomes (i.e., overall treatment effects on patient outcomes net of the heterogeneity
characteristic) and the heterogeneity interaction (i.e., deviation from baseline treatment effects
based on the heterogeneity characteristic).”® >*

Across nearly all dimensions, the findings reinforce the conclusion that hospitals effectively
shield patients from potential adverse consequences of upstream FDA regulatory enforcement.
Even under high-risk conditions when hospital drug supply is most vulnerable to decline—among
rural patients and during critical shortages—I find small and statistically insignificant impacts on
all patient outcomes studied, including unhealthy days, 90-day mortality, 30-day readmissions,
and healthcare costs. Similar patterns of robustness hold across the other dimensions of hetero-

geneity studied (see Figure A.6).”

SMarkers positioned next to estimated coefficients denote the statistical significance of the sum of the baseline
and heterogeneity interaction estimates, indicating whether results are consistent with non-zero effects on patient
outcomes based on the heterogeneity characteristic.

>Like the baseline regression specification in the main analysis of patient outcomes, heterogeneity specifications
use the sample of index visits in the top quartile of predicted sterile injectable opioid utilization.

>>Two isolated findings suggesting the existence of heterogeneous effects merit mention. First, I find a reduction in
healthcare costs specific to dual-eligible beneficiaries, appearing as reductions to both the logarithm of hospital
charges and reimbursements. The implications of this finding are ambiguous, potentially reflecting modest im-
provements to care or, given that dual-eligible beneficiaries may bring lower reimbursement than other Medicare
beneficiaries (Keohane and Hwang, 2022), reductions in services provided. However, because the cost reductions
are not accompanied by changes to unhealthy days, mortality, or readmissions, the evidence suggests no impacts
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7 Conclusion

This paper links detailed supply chain data from the DEA ARCOS database with Medicare
claims to causally trace how FDA regulatory enforcement against drug manufacturing facilities
propagates to downstream hospitals and patients. Despite large disruptions at the enforced fa-
cility, the feared fragility of SI supply chains, and evidence of supply chain propagation in other
settings, I show that the supply of SI opioid drugs is resilient to FDA enforcement. My findings
therefore suggest that, in this context, supply chain concentration has not meaningfully compli-
cated the FDA’s trade-off between drug access and safety. Owing to supply-side responses by
other elements of the supply chain, including manufacturer ramp-up and hospital substitution,
the short-term reductions to drug access that might accompany long-term safety improvements
as enforced facilities implement corrective actions do not appear to have materialized.

These results plausibly generalize to the broader category of SI drugs, which share the con-
ditions of concentrated production, recurrent quality problems, and frequent shortages. Given
that resilience in this setting is driven by substitution, a natural direction for future research is
to examine drug classes with limited substitutability, such as breakthrough branded therapies or
specialty drugs. A key empirical question is whether the absence of close substitutes heightens
the risk of downstream propagation for these drugs, or whether the potential loss of high-margin
sales incentivizes manufacturers to invest in redundancies and more robust production.

A second avenue for future work is to comprehensively assess the impacts of FDA enforce-
ment on hospital costs. While null effects on reimbursement suggest little direct impact on spend-
ing borne by the Medicare program or its beneficiaries, claims data do not capture the full set of
adjustment costs hospitals may incur when incorporating substitutes. Whether arising from in-
creased drug acquisition expenses, labor needs, or inventory management, these costs represent
a policy-relevant parameter for fully understanding the implications of FDA regulatory enforce-
ment. By clarifying the conditions under which enforcement risks compromising short-run out-
comes, this paper and the proposed directions for future work can help contribute to a more

complete understanding of the FDA’s access-safety trade-off in concentrated supply chains.

on care. Second, estimates suggest a possible rise in unhealthy days among female patients. However, the effect
is not statistically significant when combined with the baseline treatment effect, and event studies reveal no clear
dynamics consistent with a deterioration in outcomes.
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Figure A.1. Impact of FDA OAI Inspections on Secondary Outcomes

Notes: Figure A.1 plots the differential evolution of manufacturing facility-by-opioid market outcomes
between enforced manufacturing facilities that matched controls that were enforced 1-3 years later and
serve opioid drug markets that do not overlap with those of the enforced facility. Error bands repre-
sent 90% confidence intervals based on standard errors calculated using the wild cluster bootstrap with
manufacturing facility-level clusters. Panel (a) plots the evolution of active class I and II recalls of drugs
originating from each manufacturing facility. Class I and II recalls refer to recalls where use of the drug
has the potential to cause adverse health consequences, and recalls are counted as active between their
initiation and termination months. Panel (b) plots the evolution of log drug prices, including those of
drugs originating from the implicated facility and of drugs produced by other manufacturing facilities
the same opioid market. Drug prices are calculated by the sum of all Medicare Part D prescription spend-
ing divided by milligrams of morphine dispensed from those prescriptions.
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Figure A.2. Impact of FDA Enforcement on Total Hospital Drug Supply

Notes: Figure A.2 plots the evolution of hospital sterile injectable opioid drug volume around FDA OAI
inspections. The dynamic difference-in-differences estimates corresponding to B, from equation 2 com-
pares the trajectories of hospitals differentially reliant on the enforced upstream manufacturing facility
at baseline for drug supply. The figure plots the results when using total drug volume as the outcome
variable. Error bands represent 95% confidence intervals with standard errors clustered at the hospital
level.
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Figure A.3. Heterogeneity in Resilience of Hospital Drug Supply

Notes: Figure A.3 examines heterogeneity in the impacts of FDA regulatory enforcement on hospital
drug supply based on the degree of stress imposed by the enforcement action on the supply chain, char-
acteristics of hospital procurement operations, and by distributional concerns. All estimates are from
difference-in-difference regression equations with the form:

Yp,t,r = B1Postt,+ x HospitalExposure,, . + BaPostt,r X HospitalExposure,, . X Heterogeneity,, .
+ 5}1,,7 + MNr,r + Xh,t,—'r + Eh,t, T

where 3 represents the baseline post-period treatment effect of FDA enforcement (plotted in orange

with circular markers) and (§; represents the heterogeneity interaction capturing the deviation in treat-
ment effects by each heterogeneity characteristic (plotted in purple with triangular markers). Symbols
plotted in the figure denote the statistical significance of the test 5; + 32 = 0, indicating whether the
baseline treatment effect and heterogeneity effect are collectively different from zero: + 10% * 5% ** 1%
*%0.1%.
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Figure A.4. Heterogeneity in Hospital Drug Supply During Critical Shortages

Notes: Figure A.4 studies the dynamic heterogeneous effects of FDA regulatory enforcement on hospital
drug supply when enforcement occurs during an ongoing critical shortage, which is defined as all three
primary active ingredients of sterile injectable opioids being in shortage as of the month prior to enforce-
ment. All estimates are from difference-in-difference regression equations with the form:

3
Yitr= Z 6; HospitalExposure,L’Ttimesl {q Quarters Since Enforcement}t,_r
q=-2

+ B?HospitaIExposure hor X1 {q Quarters Since Enforcement}t’ + X CriticalShortage .

+ 6h,7‘ + Nr,r + Xh,t,—f + Eh,t, T

where ﬁ,} represents the baseline treatment effect ¢ quarters after FDA enforcement (plotted in orange
with circular markers) and 63 represents the heterogeneity interaction capturing the deviation in treat-
ment effects when FDA enforcement occurs during an ongoing critical shortage (plotted in purple with
triangular markers). Quarters are indexed such that ¢ = 0 includes the month of FDA enforcement
and the two following months. Panels (a), (c), and (d) plots ﬂ; and Bg when the outcome variable is
total hospital drug supply, number of wholesale distributor suppliers, and active ingredient drug sub-
stitution index, respectively. Symbols plotted in the figure denote the statistical significance of the test
6; + Bg = 0, indicating whether the baseline treatment effect and heterogeneity effect are collectively
different from zero: + 10% * 5% ** 1% ***. Panel (b) plots ﬁg for decomposed measures of hospital drug
volume, including from the enforced manufacturing facility and other suppliers, capturing deviations
from baseline treatment effects during critical shortage enforcement events.
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Figure A.5. Heterogeneity in Hospital Drug Supply among Rural Hospitals

Notes: Figure A.5 studies the dynamic heterogeneous effects of FDA regulatory enforcement on hospital
drug supply across rural and urban hospitals. All estimates are from difference-in-difference regression
equations with the form:

3
Yitr= Z B(}HospitalExposurehyT x 1 {q Quarters Since Enforcement}t,T
q=-2

+ BgHospitalExposurem - % 1{g Quarters Since Enforcement}, _ X Ruraly,

+ éhﬂ' + e+ Xh,t,—T +ent,r

where ﬂ; represents the baseline treatment effect ¢ quarters after FDA enforcement (plotted in orange
with circular markers) and ﬁg represents the heterogeneity interaction capturing the deviation in treat-
ment effects among rural hospitals during the same time period (plotted in purple with triangular mark-
ers). Quarters are indexed such that ¢ = 0 includes the month of FDA enforcement and the two following
months. Panels (a), (c), and (d) plots ,3(} and ﬁg when the outcome variable is total hospital drug supply,
number of wholesale distributor suppliers, and active ingredient drug substitution index, respectively.
Symbols plotted in the figure denote the statistical significance of the test 5,} + 52 = 0, indicating
whether the baseline treatment effect and heterogeneity effect are collectively different from zero: + 10%
* 5% ** 1% ***. Panel (b) plots ﬁg for decomposed measures of hospital drug volume, including from the
enforced manufacturing facility and other suppliers, capturing deviations from baseline treatment effects
for rural hospitals.
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Table A.1. Patient Health and Quality of Care (Top Quartile)

(1) @) ®) 4) (5)
90-Day Mortality ~Unhealthy Days 30-Day Readmission Log(Hospital Charges) Log(Reimbursement)

Ly

E [HospitalExposure] x 0-6 Mo. Post 0.0017 0.1517 0.0035 -0.0011 0.0113
(0.0030) (0.1094) (0.0047) (0.0126) (0.0128)
E [HospitalExposure| x 7-12 Mo. Post 0.0023 0.0128 -0.0072 -0.0076 0.0060
(0.0030) (0.1135) (0.0048) (0.0129) (0.0131)
N 6,841,406 6,841,406 6,841,406 6,841,406 6,768,431
R? 0.2199 0.4178 0.0965 0.6182 0.6424
Hospital-by-Event FEs v v v v v
Event-by-Event Time FEs v v v v v
Primary Diagnosis FEs v v v v v
0-6 Month Coef. as % of Baseline Mean 2.6400 1.4200 2.1800 -0.0100 0.1300
7-12 Month Coef. as % of Baseline Mean 3.5000 0.1200 —-4.4900 -0.0800 0.0700
0—6 Month Coef. 95% CI as % of Baseline Mean [-6.3, 11.58] [-.59, 3.43] [-3.55, 7.91] [-.26, .23] [-.16, .42]
7-12 Month Coef. 95% CI as % of Baseline Mean [-5.68, 12.69] [-1.96, 2.2] [-10.34, 1.37] [-.33,.18] [-.23,.37]
Dep. Var. Pre-Mean 0.0700 10.7000 0.1600 10.0700 8.6600
Ind. Var. Mean 0.1300 0.1300 0.1300 0.1300 0.1300
Ind. Var. SD 0.1600 0.1600 0.1600 0.1600 0.1600
Ind. Var. Range [0, .91] [0, .91] [0, .91] [0, .91] [0, .91]

Notes: * 5%, ** 1%. Table A.1 reports the results of stacked difference-in-differences estimates comparing the outcomes of index hospital visits in the top quartile
of predicted SI opioid utilization, across patients with local hospital environments differentially reliant on the implicated facility for baseline drug supply (see
equation 3). The treatment variable is a convex combination of hospital-level exposure to each FDA enforcement event and the pre-period hospital visit distri-
bution, calculated at patient ZIP-code-level. Parentheses denote standard errors clustered at the patient ZIP code level.
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Table A.2. Effects of FDA OAI Inspections on Hospital Visited (Top Quartile)

(1) ) ®) (4) ®) (6)
Nearest Hosp  Log(Distance) Teaching Cntr  Rural Hosp  Hosp Exposure  Pre-Period Hospital Visit Share (All)

E [HospitalExposure] x 0-6 Mo. Post 0.0152*** -0.0217 -0.0122"* 0.0031 -0.0034* 0.0056

(0.0054) (0.0163) (0.0051) (0.0030) (0.0020) (0.0034)
E [HospitalExposure| x 7-12 Mo. Post 0.0071 0.0189 -0.0011 0.0020 -0.0070*** 0.0023

(0.0056) (0.0168) (0.0057) (0.0030) (0.0020) (0.0036)
N 6,836,524 6,836,524 6,840,155 6,840,155 6,841,406 6,841,406
R? 0.3486 0.3938 0.4674 0.6246 0.7847 0.3987
Hospital-by-Event FEs v v v v v v
Event-by-Event Time FEs v v v v v v
Primary Diagnosis FEs v v v v v v
0-6 Mo Coef % of Baseline Mean 3.8600 -0.9500 -2.3600 2.4300 -2.6400 1.5900
7-12 Mo Coef % of Baseline Mean 1.8100 0.8300 -0.2200 1.6100 —-5.4500 0.6600
0-6 Mo 95% CI % of Baseline Mean [1.17, 6.56] [-2.34, .44] [-4.29,-44]  [-2.13,6.98]  [-5.72, .44] [-.31, 3.48]
7-12 Mo 95% CI as % of Baseline Mean ~ [-.99, 4.62] [-.62, 2.27] [-2.38,1.94]  [-3.09,6.31]  [-8.49, -2.4] [-1.31, 2.63]
Dep. Var. Pre-Mean 0.3900 2.3100 0.5100 0.1300 0.1000 0.3500
Ind. Var. Mean 0.1300 0.1300 0.1300 0.1300 0.1300 0.1300
Ind. Var. SD 0.1600 0.1600 0.1600 0.1600 0.1600 0.1600
Ind. Var. Range [0, .91] [0, .91] [0, .91] [0, .91] [0, .91] [0, .91]

Notes: * 5%, ** 1%. Table A.2 reports the results of stacked difference-in-differences estimates comparing the outcomes of index hospital visits in the top quartile
of predicted SI opioid utilization, across patients with local hospital environments differentially reliant on the implicated facility for baseline drug supply (see
equation 3). The treatment variable is a convex combination of hospital-level exposure to each FDA enforcement event and the pre-period hospital visit distri-
bution, calculated at patient ZIP-code-level. Parentheses denote standard errors clustered at the patient ZIP code level.
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Figure A.6. Heterogeneity in Resilience of Patient Health, Quality of Care, and Healthcare Costs

Notes: Figure A.6 examines heterogeneity in the impacts of FDA regulatory enforcement on patient health
and quality outcomes drug supply based on the degree of stress imposed by the enforcement action on
the supply chain and distributional concerns. All estimates are from difference-in-difference regression
equations with the form:

Yit,r = B1Post, - x [ [HospitalExposure], ;) . + B2Postt,» x E [HospitalExposure] ;) . x Heterogeneity,, -
+ N+ 62(2‘),7‘ + Xz(i),t,f‘r + Wi + Eit, T

where (31 represents the baseline post-period treatment effect of FDA enforcement (plotted in orange

with circular markers) and (5, represents the heterogeneity interaction capturing the deviation in treat-
ment effects by each heterogeneity characteristic (plotted in purple with triangular markers). Symbols
plotted in the figure denote the statistical significance of the test 51 + 82 = 0, indicating whether the
baseline treatment effect and heterogeneity effect are collectively different from zero: + 10% * 5% ** 1%
*0.1%.
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B Appendix to Upstream Manufacturing Facility Disruption
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Figure B.1. Impact of FDA OAI Inspections on Enforced Facility: SI Opioid Treatment Events Only

Notes: Figure B.1 plots the differential evolution of manufacturing facility-by-opioid market outcomes be-
tween enforced sterile injectable opioid manufacturing facilities and matched controls that were enforced
1-3 years later and serve strictly different opioid drug markets. These capture 15 of the 16 FDA enforce-
ment events studied in the analysis of downstream propagation to hospitals and patients in Sections 5
and 6, respectively, where one event is dropped due to a lack of matched controls. Error bands repre-
sent 90% confidence intervals based on standard errors calculated using the wild cluster bootstrap with
manufacturing facility-level clusters. The outcome variable in panel (a) is national drug volume originat-
ing from the implicated facility measured in milligrams of morphine equivalents divided by mean total
market volume in the baseline period 13-18 months prior to enforcement. The results can therefore be
interpreted as percentage point changes in baseline market share. Panel (b) plots the evolution of active
class I and II recalls of drugs originating from each manufacturing facility. Class I and II recalls refer
to recalls where use of the drug has the potential to cause adverse health consequences, and recalls are
counted as active between their initiation and termination months. Since sterile injectable opioid drug
prices are not reliably captured in Medicare Part D data, this outcome cannot be studied among this sub-
set of enforcement events.
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B.1 Placebo Test: Upstream Effects of VAI Inspections

To reinforce the causality of the decline in drug volume following OAI inspections, I conduct a
placebo test using FDA inspections that result in VAI classifications, which are the most common
FDA inspection outcome and carry comparatively less scope to cause disruptions than OAIs.
Although VAI inspections do uncover some objectionable conditions, they signal an acceptable
level of regulatory compliance, do not result in further enforcement actions, and leave facilities
within the routine surveillance inspection schedule rather than the higher frequency “for-cause”

schedule associated with OAI facilities.
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Figure B.2. Impact of FDA VAI Inspections on Directly Impacted Facility Drug Volume

Notes: Figure B.2 plots the results of a placebo test that replicates the empirical strategy in section 4 for
voluntary action indicated (VAI) inspection classifications rather than OAI classifications corresponding
to FDA enforcement. Specifically, estimates compare the evolution of drug volume between manufactur-
ing facilities receiving voluntary action indicated (VAI) inspection classifications and matched controls
that receive VAIs 1-3 years later and serve strictly different opioid drug markets. Error bands repre-
sent 90% confidence intervals based on standard errors calculated using the wild cluster bootstrap with
manufacturing facility-level clusters. Panel (a) plots the results from a specification using the set of VAI
inspections across the set of all manufacturing facilities represented in the DEA ARCOS database. Panel
(b) restricts to treated units that produce sterile injectable opioid drugs.

Figure B.2 presents the dynamic difference-in-differences estimates comparing facilities treated
by VAl inspections against matched controls that will receive a VAI 1-3 years in the future. Table
B.1, reporting the difference-in-difference estimates, shows that VAI inspections have a statis-
tically insignificant and near zero impact on drug volume both in the full sample of all opioid

manufacturing facilities and the subset that produce SI opioids.
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Table B.1. Impact of FDA VAI Inspections on Implicated Facility Drug Volume

1) ) () 4) (©) (6)
All Opioid Manufacturing Facilities SI Facilities Only
Market Share Active Recalls Log(Enforced Log(Rest of Market Share Active Recalls
$/MME) Market $/MME)
Enforcedx 0-12 Months Post 0.00 -0.16 -0.02 0.02 -0.00 -0.09
N 11,134 11,134 1,900 1,900 3,971 3,971
R?2 0.97 0.87 0.97 0.99 0.97 0.80
Dep. Var. Pre-Mean 0.05 0.23 -2.55 -3.05 0.11 0.47
Facility-by-Event FEs v v v v v v
Event-by-Event Time FEs v v v v v v
Overlapping Event Controls v v v v v v
Wild Cluster Bootstrap 95% CI ~ [-.005989, .008499] [-.439, .0676] [-.202, .186] [-.017,.045] [-.01188,.01049] [-.3341, .153]
Wild Cluster Bootstrap p-value 0.79 0.30 0.90 0.41 0.99 0.57
# of Events 124 124 30 30 25 25
# of Facilities 112 112 41 41 59 59

Notes: * 10%, ** 5%, *** 1%. Table B.1 reports the results of placebo difference-in-differences estimates of the effects of FDA voluntary action indicated (VAI)
inspections, rather than official action indicated (OAI) inspections that mark regulatory enforcement action. Estimates compare VAI facilities with matched
controls receiving VAI classifications 1-3 years later and serving non-overlapping opioid drug markets (see equation 1). Outcomes include drug volume (divided
by baseline total market volume), active class I and II drug recalls, and the logarithms of facility drug prices and rest of market drug prices. Columns 5 and 6 report
the results when restricting to FDA enforcement events impacting SI opioid manufacturing facilities, which are further studied in the analysis of downstream
propagation. All inference is conducted using the wild cluster bootstrap with manufacturing facility-level clusters.



B.2 Dose-Response Impacts of OAI Inspections on Aggregate Outcomes

To study the dose-response relationship between the size of the upstream manufacturing fa-
cility implicated by FDA regulatory enforcement and aggregate opioid market volume, I run a
modified version of the matched controls analysis presented in section 4 where the binary FDA
enforcement variable is replaced with a continuous measure of the national market share held by

the enforced facility 13-18 months before enforcement.

12
Yimir = Z B, x EnforcedMarketSharey ,, » x 1 {r Months Since Enforcement}w (4)
r=—6,r#—1

—I— /'7T7T + 5f7m77- + Xf7m7t7_7- + €f7m7t77-

Though the results of this analysis are best interpreted as suggestive due to the statistical impre-
cision of estimates based on a single national unit of observation for each opioid drug market, it
is intended to complement the more precise hospital cross-sectional analysis presented in section
5 in two ways. First, it tests whether the premise of the cross-sectional analysis—that the poten-
tial disruption created by FDA enforcement is proportional to the share of baseline drug supply
accounted for by the enforced facility—is borne out in aggregate data. Second, the analysis al-
lows me to directly estimate competing facility ramp-up and the general equilibrium “missing
intercept” absorbed by fixed effects in cross-sectional analysis.

To closely link to the analysis of downstream hospital drug supply, I restrict to enforcement
events at SI opioid manufacturing facilities only. For the competing facility and total market
drug volume outcomes, standard errors are clustered at the market-by-event level while those
for facility-specific drug volume are clustered at the manufacturing facility level. All inference is
conducted using the wild cluster bootstrap.

Estimated effects on drug volume from the enforced facility, all other manufacturing facil-
ities producing for the impacted market, and total market drug volume are presented in Table
B.2, with the corresponding dynamic estimates plotted in Figure B.3. The results bear out the
prediction that FDA enforcement at larger drug manufacturing facilities result in larger volume
declines from the enforced facility. For every percentage point of national market share held by
the enforced facility at baseline, its drug volume falls by the equivalent of 0.2pp of market share
in the 12 months after enforcement. Importantly, the results also hint at supply-side responses to
FDA enforcement in the form of increased drug volume from non-enforced competing facilities,
which increase by 0.35pp of market share for every percentage point of drug baseline market
share held by the implicated facility.

This finding provides important context to the rapid substitution to alternative manufacturing

facilities documented in section 5, indicating ramp-up by other manufacturing facilities rather
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Figure B.3. Impact of FDA OAI Inspections on Implicated and Other Facility Drug Volume

Notes: Figure B.3 plots the evolution of aggregate national drug volume by the enforced manufacturing
facility and by all other manufacturing facilities serving the same opioid drug market around FDA OAI
inspections. Each panel plots Br dynamic difference-in-differences estimates from equation 4, which
compare the trajectory of aggregate drug volume in opioid markets served by facilities implicated by
FDA OAl inspections against aggregate drug volume in markets served by matched control facilities that
will be enforced 1-3 years later. The treatment variable for these regressions is the national market
share held by the OAI facilities at baseline, thereby capturing the size of the potential disruption to drug
volume created by FDA enforcement. By design, treatment and control facilities matched together serve
distinct opioid drug market. Drug volume originating from the implicated facility and from all competing
manufacturing facilities are divided by total opioid drug market volume at baseline (r € [—18, —13]) so
that the results have a percentage point change in market share interpretation. Error bands represent 90%
confidence intervals based on standard errors calculated using the wild cluster bootstrap with market-
by-event clusters.
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Table B.2. Impact of FDA OAI Inspections on Aggregate Volume
1) @) (3)

Implicated Facility Other Facilities Total Market Volume

Treat X Baseline Market Sharex 0-12 Mo. Post -0.19*** 0.35** 0.15

N 1,330 1,330 1,330

R2 0.98 0.93 0.94
Facility-by-Event FEs v v v
Event-by-Event Time FEs v v v
Overlapping Event Controls v v v

Wild Cluster Bootstrap 95% CI [-.2768, -.1146] [.05717, .7686] [-.07689, .4274]
Wild Cluster Bootstrap p-value 0 0.01 0.38
Wild Cluster Bootstrap t-stat -6.13 3.05 1.70

Dep. Var. Pre-Mean 0.11 0.87 0.97

# of Events 15 15 15

# of Facilities 31 31 31

Notes: * 10%, ™™ 5%, *** 1%. Table B.2 studies the role of competitor ramp-up in response to OAI inspections by re-
porting difference-in-differences estimates of the dose-response relationship between the size of the enforced man-
ufacturing facility, as measured by its baseline national market share, and aggregate drug volume outcomes. To
complement the cross-sectional analysis of downstream hospital drug supply, the regression sample is limited to
enforcement events impacting manufacturing facilities that produce SI opioid drugs. The estimates compare en-
forced facilities with matched controls enforced 1-3 years later and serving non-overlapping opioid drug markets
(see equation 4). Outcomes include national facility drug volume, drug volume by all other facilities serving the same
opioid drug market, and total opioid drug market volume (each divided by baseline total market volume). Standard
errors are clustered at the facility-level for implicated facility volume and at the market-by-event level for other
facilities and total market volume. All inference is conducted using the wild cluster bootstrap with manufacturing
facility-level clusters.

than pure redistribution across more- and less-exposed hospitals in the supply chain. Added
together into total market drug volume, the estimates point to noisy but statistically insignificant

effects on total drug volume.

B.3 Future-Treated Matched Controls Algorithm

My analysis considers the set of all FDA OAI inspections with drug volume recorded in the
DEA ARCOS database starting at least 18 months prior to the month of inspection, two or more
months of positive drug volume in the r € [—6, —1] pre-period, and in which the enforced facility
held at least 0.01% market share in the » € [—18, —13] baseline period. These restrictions, which
are also applied to matched controls, are intended to ensure that facility drug volume can be
reliably measured before and after each inspection.”

Additionally, OAI inspections are only considered if the facility did not receive another OAI
in the r € [—12, —1] pre-period to prevent contamination from the ongoing effects of past en-
forcement. The treatment group therefore consists of “initial” OAI inspection events, where the

effects of subsequent OAI inspections within 12 months appear in the r € [0, 12] post-period and

56 Although this criteria excludes manufacturing facilities with drug volume initially beginning in [—18, —1], the
results should be interpreted as applying to established rather than to new drug volume.
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are treated as follow-ups to the initial enforcement action. Indeed, once facilities receive an OAI,
they tend to be inspected at a higher frequency within the FDA’s “for-cause” inspection regime,
which can result in repeated OAI classifications in quick succession.”’

The final restriction is to drop inspections of drug compounding facilities that are not regis-
tered as 503B outsourcers at the time of inspection, since these facilities fall under the primary
regulatory jurisdiction of state pharmacy boards rather than the FDA. Since there are documented
instances of such facilities resisting FDA inspections and subsequent enforcement action, OAIs
at these facilities are less likely to cause disruptions.

Among all OAI inspections meeting these inclusion criteria, a separate OAI event is cre-
ated to capture the trajectory of drug volume for each distinct opioid drug category served by
the implicated facility. The 80 opioid manufacturing facilities receiving an FDA OAI inspection
served an average of 1.8 distinct opioid drug categories. To reduce redundancy and contamina-
tion risk, OAI events impacting the same opioid market and taking place in the same month are
combined into a single composite event considering their combined impact. For each of these
events, a sub-experimental balanced panel dataset spanning event months [—6, 12] around the
OAI event is constructed to reflect drug volume originating from the treated facilities and possi-
bly multiple future-treated matched control facilities. Other than having no OAI in event months
r € [—12, —1], no further restrictions are placed on the treatment group’s inspection outcomes:
NAIT and VAI classifications are permitted both in the pre- and post-periods and follow-up OAIs
are permitted in € [1,12].

Matched controls cannot receive any OAls in event months r € [—12, 12], must meet the same
criteria for minimum drug volume in the pre-period, and must be subject to an OAI inspection in
event months r € [13, 36]. Facility-by-opioid market volume trajectories from matched controls
are only included if they are from the subset of opioid categories that are not served by the
treatment group OAI facility. This ensures that matched controls are not subject to spillover
effects that would bias estimates, such as from competitive ramp-up responses to a production
disruption at the treated facility.”® If one or more potential matched control facility-by-opioid
category trajectories meets all of the requirements listed above, their balanced time series of
drug volume spanning r € [—6, 12] is appended to the sub-experimental dataset for the OAI
inspection. If no matches are found, the entire OAI inspection sub-experiment is dropped from

the analysis. Appending all sub-experimental datasets together yields the final regression sample.

STFalsification tests using VAI inspections are based on analogous but more restrictive criteria to prevent contami-
nation from OAIs. To be considered an “initial” VAI inspection, the manufacturing facility must not have received
any VAI or OAI in the 12 months leading up to inspection. Additionally, the facility should not receive an OAI
inspection in the 12-month post-inspection period to ensure that outcomes are not contaminated.

58Since all markets considered in my analysis are for opioid drugs, using different markets captures secular trends
related to opioids and the prescription opioid crisis but without scope for immediate substitution.
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C Appendix to Downstream Hospital Drug Supply Analysis

C.1 Addressing Hospital Drug Volume Outliers in DEA ARCOS Data

To minimize the influence of spurious observations, I implement an outlier detection proce-
dure that conservatively flags implausibly high drug shipment volumes. This approach is mo-
tivated by instances in which a hospital’s drug volume exhibits an isolated spike far exceeding
surrounding values, which may be due to data entry errors (e.g., recording quantities in micro-
grams instead of milligrams). For each hospital (168 monthly observations over 14 years for those
observed throughout the study period), I calculate the 95th percentile of monthly drug volume
in non-zero months. This serves as an empirical upper bound characterizing typical behavior,
excluding the influence of potentially extreme values. An observation is then classified as an
outlier if it exceeds this 95th percentile threshold by 20 times or more.

This threshold reflects a conservative approach. While hospitals may experience legitimate
one-off increases in volume—for example, replenishing inventory or stockpiling after a recall, or
experiencing a temporary surge in patient demand—such events are unlikely to entail orders 20
times larger than the 95th percentile, which already represents a high level of ordering.

For each FDA enforcement stack in my stacked regression sample, a hospital’s entire time
series of outcomes is dropped from the regression sample if one or more months is flagged as an
outlier. Overall, 68, or 0.01%, hospital-months are flagged as outliers. These represent only 0.25%
of hospital-months with volume in excess of the 95th percentile, reinforcing the rarity of outlier
observations. Of these, 57% occur between November 2011 and February 2012 and 19% between
April 2014 and July 2014. In both of these periods, shipment volume from a single wholesale

distributor appears consistent with misreporting of drug units.
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Figure C.1. Hospital Adaptation Responses to FDA Enforcement

Notes: Figure C.1 plots the evolution of hospital drug supply characteristics around FDA OAI inspections.
The dynamic difference-in-differences estimates corresponding to $, from equation 2 compares the tra-
jectories of hospitals differentially reliant on the enforced upstream manufacturing facility at baseline
for drug supply. Panels (a), (b), and (c) plot the results when using hospital Herfindahl-Hirschman in-
dex (HHI) across supplying manufacturing facilities, active ingredient substitution index, and number
of supplying distributors as outcome variables, respectively. HHI is calculated by summing the squared
shares of monthly hospital drug supply accounted for by each supplying manufacturing facility, measur-
ing concentration in hospital supply networks. The active ingredient substitution index is constructed
by calculating the absolute value of the change in share of hospital drug supply accounted for by each
opioid active ingredient within the class of sterile injectable opioid drugs between the current month
and the same month in the previous year, and then summing these changes together across active in-
gredients. Stability in the active ingredient composition will lead to an index value close to zero, with
increases corresponding to changes in drug composition. The number of supplying distributors includes
both wholesale distributors and the direct-from-manufacturer purchases. Vertical axes are set to cover
the range spanning £50% of the outcome variable’s pre-period baseline mean. Error bands represent
95% confidence intervals with standard errors clustered at the hospital level.
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D Appendix to Downstream Patient Outcomes Analysis
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Figure D.1. Impact of FDA OAI Inspections on Hospital Care is Received From

Notes: Figure D.1 plots the evolution of the characteristics of hospitals that patients receive care from
around FDA OAI inspections. The dynamic difference-in-differences estimates corresponding to 3, from
equation 3 compares the trajectories of hospital visits by patients residing in ZIP codes with local hospital
environments with baseline drug supply differentially reliant on the enforced manufacturing facility. The
treatment variable used to make this comparison, IE [HospitalExposure]
hospital-level exposure to FDA enforcement event 7 and patient ZIP code-level hospital visit probabilities,
which are based on the fixed empirical distribution of hospital visits in the pre-study period. Error bands
represent 95% confidence intervals with standard errors clustered at the patient ZIP code level.
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Table D.1. Patient Health and Quality of Care (Top Quartile, Quartile-Specific Hospital Shares)

(1) @) ®) 4) (5)
90-Day Mortality ~Unhealthy Days 30-Day Readmission Log(Hospital Charges) Log(Reimbursement)
E [QtileHospitalExposure] x 0-6 Mo. Post 0.0020 0.1870 0.0055 0.0058 0.0164
(0.0032) (0.1174) (0.0050) (0.0134) (0.0137)
E [QtileHospitalExposure] x 7-12 Mo. Post 0.0024 0.0040 -0.0072 -0.0039 0.0096
(0.0033) (0.1213) (0.0051) (0.0138) (0.0141)
N 6,836,807 6,836,807 6,836,807 6,836,807 6,763,894
R? 0.2199 0.4178 0.0964 0.6182 0.6424
Hospital-by-Event FEs v v v v v
Event-by-Event Time FEs v v v v v
Primary Diagnosis FEs v v v v v
0-6 Month Coef. as % of Baseline Mean 3.0500 1.7500 3.4400 0.0600 0.1900
7-12 Month Coef. as % of Baseline Mean 3.6400 0.0400 —-4.4900 -0.0400 0.1100
0—-6 Month Coef. 95% CI as % of Baseline Mean [-6.5, 12.6] [-4,3.9] [-2.66, 9.53] [-.2, .32] [-.12, .5]
7-12 Month Coef. 95% CI as % of Baseline Mean [-6.18, 13.46] [-2.19, 2.26] [-10.71, 1.74] [-.31, .23] [-.21, .43]
Dep. Var. Pre-Mean 0.0700 10.7000 0.1600 10.0700 8.6600
Ind. Var. Mean 0.1200 0.1200 0.1200 0.1200 0.1200
Ind. Var. SD 0.1600 0.1600 0.1600 0.1600 0.1600
Ind. Var. Range [0, .89] [0, .89] [0, .89] [0, .89] [0, .89]

Notes: * 5%, ** 1%. Table D.1 reports the results of stacked difference-in-differences estimates comparing the outcomes of index hospital visits in the top quartile
of predicted SI opioid utilization, across patients with local hospital environments differentially reliant on the implicated facility for baseline drug supply (see
equation 3). The treatment variable is a convex combination of hospital-level exposure to each FDA enforcement event and the top quartile’s pre-period hospital
visit distribution, calculated at patient ZIP-code-level and shrunk towards the HSA-level rates using empirical bayes. Parentheses denote standard errors clustered
at the patient ZIP code level.
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Table D.2. Patient Health and Quality of Care (Top Quartile, Visited Hospital Exposure)

(1) () ®3) (4) (5)
90-Day Mortality =~ Unhealthy Days 30-Day Readmission Log(Hospital Charges) Log(Reimbursement)

HospitalExposure x 0-6 Mo. Post -0.0008 0.0653 0.0036 -0.0091 -0.0032

(0.0020) (0.0725) (0.0032) (0.0079) (0.0083)
HospitalExposurex 7-12 Mo. Post -0.0006 -0.0220 -0.0027 -0.0171** -0.0042

(0.0021) (0.0738) (0.0033) (0.0083) (0.0088)
N 6,944,168 6,944,168 6,944,168 6,944,168 6,871,191
R? 0.1775 0.3896 0.0495 0.6406 0.6387
Hospital-by-Event FEs v v v v v
Event-by-Event Time FEs v v v v v
Primary Diagnosis FEs v v v v v
0-6 Month Coef. as % of Baseline Mean -1.2300 0.6100 2.2700 -0.0900 -0.0400
7-12 Month Coef. as % of Baseline Mean -0.9800 -0.2000 -1.6600 -0.1700 -0.0500
0-6 Month Coef. 95% CI as % of Baseline Mean [-7.10, 4.64] [-.71, 1.92] [-1.64, 6.19] [-.24, .06] [-.22, .15]
7-12 Month Coef. 95% CI as % of Baseline Mean [-7.16, 5.2] [-1.55, 1.14] [-5.73, 2.41] [-.33,-.01] [-.25, .15]
Dep. Var. Pre-Mean 0.0700 10.6900 0.1600 10.0600 8.6600
Ind. Var. Mean 0.2400 0.2400 0.2400 0.2400 0.2400
Ind. Var. SD 0.2000 0.2000 0.2000 0.2000 0.2000
Ind. Var. Range [0, 1] [0, 1] [0, 1] [0, 1] [0, 1]

Notes: * 5%, ** 1%. Table D.2 reports the results of stacked difference-in-differences estimates comparing the outcomes of index hospital visits in the top quartile
of predicted SI opioid utilization, across patients who visited hospitals differentially reliant on the implicated facility for baseline drug supply (see equation 3).
In other words, the treatment variable is based on the hospital actually visited to receive care. Parentheses denote standard errors clustered at the hospital level.
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Table D.3. Patient Health and Quality of Care (All Index Visits)

(1) ) ®3) 4) (5)

90-Day Mortality ~Unhealthy Days 30-Day Readmission Log(Hospital Charges) Log(Reimbursement)

E [HospitalExposure] x 0-6 Mo. Post 0.0003 0.0222 -0.0017 -0.0058 0.0060
(0.0014) (0.0497) (0.0023) (0.0063) (0.0064)
E [HospitalExposure| x 7-12 Mo. Post 0.0010 0.0052 -0.0024 -0.0135™* 0.0056
(0.0015) (0.0510) (0.0024) (0.0065) (0.0067)
N 27,019,426 27,019,426 27,019,426 27,019,426 26,838,123
R? 0.1816 0.3965 0.0496 0.6559 0.6758
Hospital-by-Event FEs v v v v v
Event-by-Event Time FEs v v v v v
Primary Diagnosis FEs v v v v v
0-6 Month Coef. as % of Baseline Mean 0.5000 0.3000 -1.0500 -0.0600 0.0800
7-12 Month Coef. as % of Baseline Mean 1.6100 0.0700 -1.5400 -0.1500 0.0800
0—6 Month Coef. 95% CI as % of Baseline Mean [-3.95, 4.94] [-1.02, 1.62] [-3.93, 1.84] [-.2,.07] [-.09, .25]
7-12 Month Coef. 95% CI as % of Baseline Mean [-2.99, 6.22] [-1.28, 1.42] [-4.53, 1.45] [-.29, -.01] [-.1,.25]
Dep. Var. Pre-Mean 0.0600 7.3900 0.1600 9.0300 7.4700
Ind. Var. Mean 0.1300 0.1300 0.1300 0.1300 0.1300
Ind. Var. SD 0.1600 0.1600 0.1600 0.1600 0.1600
Ind. Var. Range [0, .98] [0, .98] [0, .98] [0, .98] [0, .98]

Notes: * 5%, ** 1%. Table D.3 reports the results of stacked difference-in-differences estimates comparing the outcomes of all index hospital visits across patients
with local hospital environments differentially reliant on the implicated facility for baseline drug supply (see equation 3). The treatment variable is a convex
combination of hospital-level exposure to each FDA enforcement event and the pre-period hospital visit distribution, calculated at patient ZIP-code-level. Paren-
theses denote standard errors clustered at the patient ZIP code level.
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Table D.4. Patient Health and Quality of Care (All Index Visits, Visited Hospital Exposure)

(1) () ®3) (4) (5)
90-Day Mortality =~ Unhealthy Days 30-Day Readmission Log(Hospital Charges) Log(Reimbursement)

HospitalExposure x 0-6 Mo. Post 0.0002 0.0088 -0.0006 -0.0072 -0.0019

(0.0010) (0.0355) (0.0016) (0.0048) (0.0049)
HospitalExposurex 7-12 Mo. Post -0.0008 0.0140 —-0.0008 -0.0100" 0.0032

(0.0010) (0.0377) (0.0017) (0.0053) (0.0054)
N 27,140,717 27,140,717 27,140,717 27,140,717 26,959,020
R? 0.1668 0.3869 0.0335 0.6824 0.6780
Hospital-by-Event FEs v v v v v
Event-by-Event Time FEs v v v v v
Primary Diagnosis FEs v v v v v
0-6 Month Coef. as % of Baseline Mean 0.2700 0.1200 -0.3600 -0.0800 -0.0300
7-12 Month Coef. as % of Baseline Mean -1.2900 0.1900 -0.5000 -0.1100 0.0400
0-6 Month Coef. 95% CI as % of Baseline Mean [-2.79, 3.32] [-.81, 1.04] [-2.39, 1.67] [-.18,.02] [-.15, .1]
7-12 Month Coef. 95% CI as % of Baseline Mean [-4.45, 1.87] [-.79, 1.16] [-2.58, 1.57] [-.22,.01] [-.1,.18]
Dep. Var. Pre-Mean 0.0600 7.3900 0.1600 9.0300 7.4700
Ind. Var. Mean 0.2400 0.2400 0.2400 0.2400 0.2400
Ind. Var. SD 0.1900 0.1900 0.1900 0.1900 0.1900
Ind. Var. Range [0, 1] [0, 1] [0, 1] [0, 1] [0, 1]

Notes: * 5%, ** 1%. Table D.4 reports the results of stacked difference-in-differences estimates comparing the outcomes of all index hospital visits across patients
who visited hospitals differentially reliant on the implicated facility for baseline drug supply (see equation 3). In other words, the treatment variable is based on

the hospital actually visited to receive care. Parentheses denote standard errors clustered at the patient ZIP code level.
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Table D.5. Patient Health and Quality of Care (Bottom Quartile)

(1) @) ®) 4) (5)
90-Day Mortality ~Unhealthy Days 30-Day Readmission Log(Hospital Charges) Log(Reimbursement)
E [HospitalExposure] x 0-6 Mo. Post -0.0005 -0.0025 -0.0123"** 0.0081 0.0210*
(0.0022) (0.0766) (0.0043) (0.0115) (0.0115)
E [HospitalExposure| x 7-12 Mo. Post 0.0011 0.0425 -0.0033 -0.0192 0.0034
(0.0022) (0.0801) (0.0045) (0.0118) (0.0118)
N 7,032,631 7,032,631 7,032,631 7,032,631 7,002,095
R? 0.1584 0.2705 0.0765 0.5318 0.4648
Hospital-by-Event FEs v v v v v
Event-by-Event Time FEs v v v v v
Primary Diagnosis FEs v v v v v
0-6 Month Coef. as % of Baseline Mean -1.6300 -0.0600 -8.7900 0.1000 0.3300
7-12 Month Coef. as % of Baseline Mean 3.2900 1.1000 -2.3300 -0.2300 0.0500
0—6 Month Coef. 95% CI as % of Baseline Mean [-14.83, 11.58] [-3.96, 3.83] [-14.85, —2.74] [-.18, .37] [-.02, .67]
7-12 Month Coef. 95% CI as % of Baseline Mean [-10.14, 16.72] [-2.97, 5.18] [-8.69, 4.03] [-.52,.05] [-.3, .41]
Dep. Var. Pre-Mean 0.0300 3.8300 0.1400 8.2000 6.4700
Ind. Var. Mean 0.1300 0.1300 0.1300 0.1300 0.1300
Ind. Var. SD 0.1600 0.1600 0.1600 0.1600 0.1600
Ind. Var. Range [0, .98] [0, .98] [0, .98] [0, .98] [0, .98]

Notes: * 5%, ** 1%. Table D.5 reports the results of placebo stacked difference-in-differences estimates comparing the outcomes of index hospital visits in the
bottom quartile of predicted SI opioid utilization, across patients with local hospital environments differentially reliant on the implicated facility for baseline drug
supply (see equation 3). The treatment variable is a convex combination of hospital-level exposure to each FDA enforcement event and the pre-period hospital
visit distribution, calculated at patient ZIP-code-level. Parentheses denote standard errors clustered at the patient ZIP code level.
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Table D.6. Placebo Effects of FDA OAI Inspections on Hospital Visited (Bottom Quartile)

(1) ) ®) (4) ®) (6)
Nearest Hosp  Log(Distance) Teaching Cntr  Rural Hosp  Hosp Exposure  Pre-Period Hospital Visit Share (All)

E [HospitalExposure] x 0-6 Mo. Post -0.0007 -0.0334™* 0.0012 -0.0012 -0.0009 0.0030

(0.0050) (0.0159) (0.0045) (0.0023) (0.0017) (0.0029)
E [HospitalExposure| x 7-12 Mo. Post 0.0057 -0.0196 -0.0046 0.0004 -0.0007 -0.0004

(0.0053) (0.0162) (0.0053) (0.0024) (0.0017) (0.0031)
N 7,027,913 7,027,913 7,031,112 7,031,112 7,032,631 7,032,631
R? 0.4084 0.3778 0.5949 0.7883 0.8326 0.4905
Hospital-by-Event FEs v v v v v v
Event-by-Event Time FEs v v v v v v
Primary Diagnosis FEs v v v v v v
0-6 Mo Coef % of Baseline Mean -0.1300 -1.7000 0.2700 -0.6900 -0.7300 0.6900
7-12 Mo Coef % of Baseline Mean 1.1100 -1 -1.0300 0.2300 -0.5500 -0.0900
0-6 Mo 95% CI % of Baseline Mean [-2.04, 1.79] [-3.3, -.11] [-1.7,2.24]  [-3.32,1.93]  [-3.43,1.97] [-.66, 2.03]
7-12 Mo 95% CI as % of Baseline Mean ~ [-.9, 3.12] [-2.62, .62] [-3.34,1.28]  [-2.49,2.95]  [-3.28, 2.18] [-1.49, 1.31]
Dep. Var. Pre-Mean 0.5200 1.9800 0.4400 0.1800 0.1000 0.4300
Ind. Var. Mean 0.1300 0.1300 0.1300 0.1300 0.1300 0.1300
Ind. Var. SD 0.1600 0.1600 0.1600 0.1600 0.1600 0.1600
Ind. Var. Range [0, .98] [0, .98] [0, .98] [0, .98] [0, .98] [0, .98]

Notes: * 5%, ** 1%. Table D.6 reports the results of placebo stacked difference-in-differences estimates comparing the outcomes of index hospital visits in the
bottom quartile of predicted SI opioid utilization, across patients with local hospital environments differentially reliant on the implicated facility for baseline drug
supply (see equation 3). The treatment variable is a convex combination of hospital-level exposure to each FDA enforcement event and the pre-period hospital

visit distribution, calculated at patient ZIP-code-level. Parentheses denote standard errors clustered at the patient ZIP code level.



D.1 Sterile Injectable Opioid Utilization Prediction

To increase the sensitivity of my analysis and mitigate the dilution of estimated treatment
effects from index hospital visits unlikely to require the disrupted drugs, I restrict attention to a
subsample of patients with the highest ex-ante likelihood of treatment with SI opioid medications
within standard care.” This high-risk sample is defined using predictions from a cross-validated
linear LASSO model trained on pre-period data and using anesthesia or operating room ser-
vices as a proxy for likely SI opioid utilization. This proxy is informed by clinical input from
an emergency physician, who emphasized that SI opioids are routinely administered for surgical
and post-operative pain management. A proxy is necessary because SI drugs are reimbursed in
inpatient settings through bundled payments, and so cannot reliably be directly observed.

The LASSO model is trained using patient characteristics that are immutable at the time of
hospital arrival, including age (and age squared), sex, race, and primary diagnosis. To decrease di-
mensionality in generating the prediction, I map granular International Classification of Diseases
(ICD) primary diagnosis codes to 285 mutually exclusive and clinically meaningful categories us-
ing the Clinical Classification Software (CCS) developed by the Agency for Healthcare Research
and Quality (AHRQ).®® While disruptions to care can hypothetical influence a patient’s diagnoses,
such as by causing adverse events related to their care, treating primary diagnosis as immutable
is reasonable because such complications rising to the level of the patient’s primary diagnosis
should be rare. Complications can be noted as one of the patient’s several possible secondary
diagnoses, which are studied as an outcome variable.

Since disruptions caused by FDA regulatory enforcement have scope to impact utilization
of anesthesia and operating room services, the LASSO model is trained on pre-period hospital
visits, which span January 2006 to June 2007. I consider the set of all inpatient and emergency
department claims to acute or critical access hospitals among Medicare beneficiaries who are 65
years old and over. Unlike my primary regression sample, I do not restrict to “index” visits (i.e.,
a beneficiary’s first hospital visit in a rolling 12-month period of continuous enrollment in Parts
A and B) due to the lack of look-back early in the data. Predictions arising from training on a
sample of each patient’s first visit in the pre-period are almost perfectly correlated with those
from using the full pre-period sample (p > 0.99).

Model-generated parameters are used to predict SI opioid use among regression sample index
visits spanning May 2007 to May 2019 based on beneficiary race, age, sex, and primary diagnosis.

The 25th and 75th percentiles of the pre-period predicted probability distribution are used as

While the patient-level predictions used to define this subsample are themselves estimated, I do not explicitly
adjust for the associated estimation error because these errors are expected to be orthogonal to the predicted
hospital exposure treatment variable. This is empirically supported by the absence of differential pre-trends in
patient predicted SI opioid utilization.

80The model is trained using 5-fold cross-validation.
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cutoffs to identify visits with the highest and lowest ex-ante probabilities of SI opioid use.®!

Using anesthesia or operating room services as a proxy yields a top quartile of hospital visits
that are highly likely to utilize SI opioids within standard care, but it may not be all-inclusive
in capturing all clinical scenarios in which these drugs are used. For example, patients who
experience severe pain outside of the context of surgical operations are unlikely to have high
predicted values. Though this may result in a small number of patients in the bottom quartile
whose treatment involves sterile injectable opioids, it nevertheless provides a useful comparison
group with much less scope for impacts from disruptions to SI opioid drug supply.

Table D.7 compares the characteristics of regression sample index visits in the top and bottom
quartiles (statistics for the pre-period training sample are qualitatively similar), illustrating clear
differences. Index visits in the top quartile have greater clinical severity and treatment intensity
relative to those in the bottom quartile. For example, top quartile visits are 58 percentage points
more likely to involve anesthesia or operating room use and have a 2 percentage point higher
rate of in-hospital mortality. These visits are also 63 percentage points more likely to result in
inpatient admission (rather than outpatient emergency care), 36 percentage points more likely
to be elective admissions, and are associated with an average hospital stay three days longer.
Reflecting these differences in care intensity, hospital reimbursements are ten times higher for
top-quartile visits, and total hospital charges are nearly seven times higher.

The hospitals that patients receive care from also differ systematically across the top and bot-
tom quartiles. Top quartile visits are 22 percentage points less likely to take place at rural hospi-
tals, 18 percentage points more likely to be at teaching hospitals, and 25 percentage points less
to be at the patient’s nearest hospital (with respect to their ZIP code centroid). The distribution

of hospital ownership and 340B Drug Pricing Program participation is similar across quartiles.

Prediction Quality To evaluate the model’s performance in using patient demographics and
primary diagnosis to predict SI opioid utilization, I estimate a series of first-stage regressions
in which the dependent variable is an indicator for whether the hospital visit involved use of
anesthesia or operating room services (i.e., the proxy outcome used to train the model). Since the
hospital visits used to train the model (all pre-period hospital visits) and the regression sample
(index hospital visits in the study period) are distinct, I estimate the first stages separately for these
two samples to quantify the impacts of these compositional differences. To examine the stability
of the prediction over time, I also estimate the first-stage regressions separately by calendar in
the regression sample. This may be important as the predictive relationship may degrade over

time due to changes in clinical practices and billing conventions.

®1Though two months worth of regression sample index hospital visits were used for the prediction (May and June
2007), no FDA enforcement action in the study period occurred prior to November 2007, so these early index visits
are also unaffected by treatment.
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Table D.7. Characteristics of Top and Bottom Quartile of Predicted SI Utilization Hospital Visits

Top Quartile Index Visits Bottom Quartile Index Visits

Mean (SD) Mean (SD)

Visit Characteristics

Any Anesthesia or OR Utilization 0.59 (0.49) 0.01 (0.12)

In-Hospital Mortality 0.02 (0.13) 0.00 (0.06)

Inpatient Hospitalization 0.77 (0.42) 0.13 (0.34)

Stay Length (Days) 4.40 (4.11) 1.46 (1.58)
Hospital Characteristics

Rural Hospital 0.14 (0.34) 0.18 (0.39)

Teaching Hospital 0.51 (0.50) 0.43 (0.50)

Nearest Hospital 0.39 (0.49) 0.52 (0.50)

Log(Distance in Miles) 2.32 (1.48) 1.98 (1.52)

340B Program Hospital 0.35 (0.48) 0.34 (0.47)

Non-Profit Hospital 0.73 (0.45) 0.72 (0.45)
Financial Characteristics

Total Reimbursement (Dollars) 11,846.13 (14,962.42) 1,418.02 (3,792.14)

Total Hospital Charges (Dollars) 47,829.24 (67,297.23) 7,325.29 (14,513.08)

Notes: Table D.7 reports summary statistics of index hospital visits in the top and bottom quartiles of predicted sterile
injectable opioid utilization.

Separate specifications include the continuous predicted probability and categorical indicators
for whether the visit is in the top or bottom quartile of the prediction distribution (with the middle
50% as the reference group) as independent variables. Coefficients are plotted by year with 95%
confidence intervals and R? values displayed to assess the strength and stability of the predictive
relationship. Standard errors are clustered at the patient ZIP code level, which is the same level
of clustering as in the main analysis of treatment effects on patient outcomes.

First-stage regression results displayed in Figure D.2 show that the predicted probability gen-
erated by the cross-validated LASSO machine learning algorithm is a strong and stable predictor
of actual anesthesia or operating utilization in the regression sample. In the pre-period training
sample, the continuous predicted probability measure yields a coefficient of 1.00, an R? of 0.35,
and an F-statistic of 114,554, indicating strong explanatory power (see panel A of Figure D.2).
When applied to the main regression sample of index hospital visits, the predictive relationship
strengthens further, with a coefficient of 1.07, R? of 0.45, and F-statistic of 232,252 in the first year
of the regression sample. This suggests that the prediction algorithm retains and even improves
its explanatory power when applied to the more restrictive regression sample consisting of index
hospital visits. Importantly, the predictive relationship remains robust: by the final year, 2019, the

coefficient remains at 1.03 with an R? of 0.41 and F-statistic of 134,359, indicating only a modest
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attenuation in predictive power over time.

Consistent with Table D.7, results using top- and bottom-quartile of predicted SI utilization
quartiles as independent variables show drastically different patterns of anesthesia and operating
room utilization across the two groups (see panel B of Figure D.2). Relative to the omitted middle
50% of the predicted likelihood distribution, hospital visits in the top quartile are 50 percentage
points more likely to involve anesthesia or operating room use, while those in the bottom quartile
are approximately 10 percentage points less likely. These differences are both large in magnitude
and persist across calendar years in the regression sample, indicating that the prediction algo-

rithm effectively isolates hospital visits with high versus low likelihood of SI opioid utilization.
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Figure D.2. First Stage of SI Opioid Prediction on Actual Anesthesia or Operating Room Utilization

Notes: Figure D.2 plots the results of several first-stage regressions assessing the performance of the
cross-validated linear LASSO model that uses patient demographics and primary diagnosis to predict
whether a hospital visit included anesthesia or operating room use. Blue markers in panel A report

reports estimated 3 coeflicients from regressions of the form AnesthesiaOR; = a + BAne@aORi +
u;. A separate [ is calculated for the pre-period and for each calendar year of regression sample index
hospital visits to assess variation in predictiveness over time. In panel B, blue and red markers report
the estimated (1 (blue) and S, (red) coefficients from regressions of the form AnesthesiaOR; = a +
B1TopQuartile, + S>BottomQuartile; + w;, which are also run separately for the pre-period and each
calendar year of regression sample index hospital visits. For consistency with the patient-level analysis,
inference is conducted with standard errors clustered at the patient ZIP code level.

Transition from ICD-10 to ICD-9 Primary Diagnosis Codes A nuance of applying the pre-
diction to the full set of regression sample index hospital visits is that the prediction sample from
January 2006 to June 2007 uses a mapping of patients’ primary diagnosis from the Ninth Revision
of International Classification of Diseases (ICD-9), and the healthcare industry transitioned the
Tenth Revision of International Classification of Diseases (ICD-10) codes in October 2015. AHRQ
created a revised set of Clinical Classifications Software Refined (CCSR) codes for ICD-10, but no
crosswalk exists between CCS and CCSR. I therefore construct a hybrid mapping procedure to

apply the LASSO model’s predictions to index visits in October 2015 and later.
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The primary mapping step uses the General Equivalence Mappings (GEMs) crosswalk be-
tween ICD-9 and ICD-10 diagnosis codes maintained by CMS. For each of the 141,752 distinct
ICD-10 codes, GEMs identifies linked ICD-9s and I then identify their corresponding CCS code.
A unique CCS code is associated with each of 15,073 ICD-9 codes and I confirm that the data I use
for this procedure covers full set of ICD-9s in the pre-period training sample (except for one that
is added to the “no known CCS” category C'C'S = 0). When the non-one-to-one nature of GEMs
results in multiple CCS categories associated with a single ICD-10 code, I calculate predicted SI
opioid utilization as the maximum predicted probability across all linked CCS codes. Specifically,
94.5% of ICD-10s are mapped to exactly one CCS, 5.1% are mapped to 2 CCSs, 0.2% are mapped
to 3 CCSs, and the rest map to 4 or 5. *

After applying the GEMs mapping, approximately 93,000 (0.6%) hospital visits in the regres-
sion sample are missing a CCS code. These occur exclusively in the ICD-10 era and account for
as much as 3% of hospital visits near the end of the study period including prominent diagnoses
(e.g., hypertension, pancreatic disease, etc.). Manual review reveals that this missingness arises
from a lack of GEMs mappings due to conflicts between ICD-10 to ICD-9 at a granular level
of detail, such as because new ICD-10s introduce new concepts or levels of specificity missing
from ICD-9s. Since these conflicts do not exist when zooming out to the broader CCS and CCSR
codes level, I complement the CMS GEMS-based mapping with fuzzy matching between CCS
and CCSR codes among the smaller set of ICD-10 with no GEMS-based CCS. After this step, only
about 6,000 (0.05%) of hospital visits are missing a CCS, and the maximum share of hospital visits

with a missing prediction in a given month is 0.42%. This is deemed acceptably low.

D.2 Construction of Patient ZIP Code Hospital Visit Probabilities

To reserve the hospital that patients actually received care from as an outcome of the supply
disruption caused by FDA regulatory enforcement, I construct patient-level treatment variables
using the pre-period (January 2006 to June 2007) empirical hospital visit distribution as a predic-
tion of hospital visited in normal times. For robustness, I also construct pre-period hospital visit
distributions specific to the top and bottom quartiles of predicted SI opioid utilization, which may
rely on systematically different hospitals according to differences in medical needs. For example,
table D.7 shows that patients in the top quartile are more likely to visit a teaching hospital and
less likely to visit a rural hospital.

Since quartile-specific hospital visit distributions may rely on small samples in some ZIP

%2Mapping ICD-10s to ICD-9s using GEMS yields a sample of 13,433 ICD-9s, which is close to the the full set of
15,073 ICD-9s with a valid CCS mapping. There are 45,671 ICD-10s for which the ICD-9 it maps back to has
no CCS mapping entirely, but none of these ICD-9s occur in the Medicare claims data as the primary diagnosis,
consistent with lower medical importance. Overall, there are 284 CCS codes in the ICD-9 era diagnosis data and
283 CCS codes in the ICD-10 diagnosis era.
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codes, I employ an Empirical Bayes (EB) approach that shrinks ZIP code quartile-specific hos-
pital shares toward the distribution of patients in the same risk quartile and residing in the same
Hospital Service Area (HSA). The Dartmouth Atlas designed HSAs to group ZIP codes into local
healthcare markets where residents receive most of their hospitalizations from the same sets of
hospitals. As such, an EB approach using HSA-based priors preserves the spirit of quartile-specific
hospital visit patterns while stabilizing estimates in sparse ZIP codes with data from patients in
the same local healthcare market.”

The EB calculation uses a Dirichlet-multinomial prior smoothing approach. Letting n, rep-
resent the number of pre-period hospital visits by patients residing in ZIP code 2z and z, j, repre-
sent indicator variables for whether a hospital visit occurred at hospital h, I calculate the sample
mean visit rate to hospital h at the ZIP code level (S;er;; = niz an x, ;) and at the HSA level
(sﬁih = ﬁ Znhsa Tpsa;). The EB-adjusted mean is then calculated as a convex combina-
tion of the ZIP code and HSA-level means, where the influence of the prior depends on the ZIP
code sample size and the HSA-level Kish effective sample size. The Kish effective sample size
Chsa = %ZZEE’;—S:::; quantifies the extent to which information in the HSA-level mean is evenly

distributed across the ZIP codes contained within it. If information is concentrated in only a

single ZIP code, the HSA-level mean is treated as less reliable:**

pre
Spre,EB o Chsa X Shsa,h + an Lzh
z,h -

Chsa T Mz
For each ZIP code, the vector of sf'z’f,f BB hospital visit shares is normalized such that they sum to
1. The influence of the prior w, = - is approximately 0.5 on average in the regression sample,

and the correlation between the quartile-specific EB hospital and the hospital shares using the
full set of hospital visits is 0.87.

The EB mean sff,f’EB is missing in a small number of instances in which the HSA-wide risk
quartile hospital visit rate is missing. This occurs both when the patient ZIP code is not mapped
to an HSA (ZIP codes appearing only in the Medicare data and not in the Dartmouth Atlas ZIP
code to HRR crosswalk) and for HSAs with zero risk quartile hospital visits throughout the entire

pre-period across. In such cases, setting the measure as missing is most reasonable as HSA-level

®Dartmouth Atlas defines 3,436 HSAs, most of which contain only one hospital. The broader hospital referral
region (HRR) concept represents regional health care markets for tertiary medical care, where each HRR contains
at least one hospital that performs major cardiovascular procedures and neurosurgery. According to Dartmouth
Atlas, HRRs are collections of HSAs based on the region where the greatest proportion of major cardiovascular
procedures were performed, with minor modifications to achieve geographic contiguity, a minimum population
size of 120,000, and a high localization index. There are 306 hospital referral regions.

8¢y, sq is greatest when all ZIP codes have the same sample size and shrinks toward 1 if a single ZIP code dominates
almost all visits.
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data does not provide any information with which to form a prediction.®

Prediction Quality Since pre-period hospital shares are calculated from data spanning Jan-
uary 2006 to June 2007 and then applied to a regression sample spanning July 2007 to May 2019,
one might worry about degradation in predictiveness as hospital market shares fluctuate due
to new hospitals opening, existing hospitals closing, and other natural sources of variation.®
As such, the predicted hospital exposure measure E [HospitalExposure]z(i),T = > us ?Sh X
HospitalExposure;,  may serve as a poor measure of a patient’s local hospital environment to

a given FDA enforcement shock, especially near the end of the study period.
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Figure D.3. First Stage of Predicted Hospital Exposure on Actual Hospital Exposure

Notes: Figure D.3 plots the results of several first-stage regressions assessing the performance of the
patient ZIP code-level predicted hospital exposure, which captures the exposure of drug supply in a pa-
tient’s local hospital environment to FDA enforcement, in predicting the exposure of the hospital that
patients actually visited. Regressions use the stacked sample of top predicted SI opioid utilization quartile
index hospital visits used in the patient-level analysis. In panel A, blue and red markers report the esti-
mated 3; (blue) and 3, (red) coefficients from distinct regressions of the form HospitalExposure h(

a+ 5E [HospitalExposure]z(i),T + [BoEnforcedMarketShare, + wu;, which are run for the full sample
and separately for each year of the regression sample to assess the degree to which the predictive re-
lationship persists over time. Comparing 3; and 35 allows the assessment of the predictive power of
E [HospitalExposure] beyond the overall national exposure of hospital drug volume to the enforcement
event. Standard errors are clustered at the patient ZIP code level.

7),T

However, first-stage regressions demonstrate that predicted hospital exposure remains highly
predictive of the exposure of the hospital actually visited by the patient throughout (see Figure
D.3). Regressions use the stacked regression sample of top predicted SI opioid utilization quartile

index hospital visits used in the analysis of patient health, quality of care, and healthcare costs.

Tn practice, missingness due to a lack of risk quartile visits does not take place at all for the top quartile and
minimally for the bottom quartile. Instead, the vast majority of missingness is driven by a lack of an HSA map
corresponding to a patient ZIP code.

%Closings are not a major concern because I re-calculate hospital visit shares based on the set of hospitals that have
a valid treatment variable for a particular FDA enforcement event.
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The outcome is the exposure the hospital actually visited, and predicted hospital exposure and the
national market share of the enforced facility are used as independent variables. Including both
predicted exposure and national market share creates a “horse-race” between the two measures,
allowing me to assess the performance of predicted hospital exposure beyond the overall exposure

t.%” The regression is run separately for each year

of hospital drug volume to the enforcement even
of the regression sample to assess persistence in the predictive relationship over time.

The results show that the predicted exposure measure is a vastly stronger predictor of actual
exposure when using both pre-period hospital visit shares calculated using all hospital visits
(panel A) and using the quartile-specific EB-adjusted shares (panel B). Every percentage point of
predicted exposure is associated with a highly statistically significant 0.87pp increase in actual
exposure. By comparison, a 1pp increase in the national market share of the implicated facility

is associated with only a 0.13pp increase in actual exposure.

D.3 Determining ZIP Code Locations and Distances to Hospitals

Hospital travel outcomes are determined by assigning each beneficiary ZIP code, which re-
flects their mailing addresses in each calendar year, to a latitude-longitude using ZIP code cen-
troids from NBER’s ZIP Code Distance database (link). ZIP codes missing from that database are
augmented using population-weighted ZIP code centroids from the Department of Housing and
Urban Development (HUD, link).®® This procedure provides a match for 33,193 out of 40,866 (81%)
of the ZIP codes in the Dartmouth Atlas Hospital Referral Regions file.

Using the USDA’s 2010 Rural-Urban Commuting Area Codes ZIP code file (link) reveals that
96% of the ZIP codes with missing latitude and longitude are “Post Office or large volume cus-
tomers” while 92% of non-missing ZIP codes are “Zip Code Areas,” suggesting that ZIP codes with
missing latitude and longitude are primarily single points rather than a larger geographical area
with a well-defined population from which a centroid can be calculated. Thus, remaining missing
ZIP code latitude and longitudes are imputed as the average across all ZIP codes with the same
first 3 digits, which captures all ZIP codes sharing the same sectional center facility that processes
the region’s mail.*” Since 3-digit ZIP codes are sufficiently geographically proximate to share the

same regional processing facility, taking the average of the locations with the same 3-digit ZIP

7The regression does not include a constant term because there are some years with no variation in the national
market share of the implicated facility, leading the variable to be omitted when a constant term is used. Using
the full regression sample, I find that the constant term is approximately zero in any case, which is equivalent to
omitting the constant from the regression.

8The median distance between the centroids from the two files when both are available is 1 mile, and the mean is
1.88 miles.

%The Post Office glossary defines a sectional center facility as “a postal facility that serves as the processing and
distribution center (P&DC) for Post Offices in a designated geographic area as defined by the first three digits of
the ZIP Codes of those offices. Some SCFs serve more than one 3-digit ZIP Code range.”
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https://www.nber.org/research/data/zip-code-distance-database
https://hudgis-hud.opendata.arcgis.com/datasets/HUD::zip-code-population-weighted-centroids-1/explore
https://www.ers.usda.gov/data-products/rural-urban-commuting-area-codes

codes provides a reasonable approximation of latitude and longitude. This approach results in
missing patient latitude and longitudes for only 0.05% of index visits per month on average with
a single-month high of 0.1%. This is deemed acceptably low.

Patient-to-hospital distances are calculated as the geodesic distance between the patient ZIP
code latitude-longitude centroid and the exact latitude-longitude of the hospital visited, obtained
from the Google Maps API.
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