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ABSTRACT

IN DEFENSE OF THE MIDDLEMAN:

QUALITY FAILURES IN THE GENERIC PHARMACEUTICAL MARKET

Catherine Ishitani

Alex Olssen

This dissertation studies how intermediary buyers, such as wholesalers and retailers, discipline qual-

ity in the market for generic prescription drugs. Consumers are uniquely uninformed about quality

in this market, since generic drugs are conventionally assumed to be interchangeable. As in many

settings where consumers lack product information, they implicitly rely on intermediaries to ob-

serve quality disclosures and select high-quality goods for them. While intermediaries can alleviate

adverse selection problems, they may also face incentives to choose inefficiently low-quality goods.

Using novel data—the universe of FDA manufacturing quality disclosures from 2000-2022—I first

provide evidence that quality failures are pervasive, even in the U.S. market. Over half of manu-

facturers fail inspections during my study period, and 12% of drugs are recalled, due to their risks

to patient health. Next, I show that the disclosure of these failures through recall announcements

reduces intermediary purchases of recalled drugs by 60%, with effects persisting for up to a decade—

long after recalls are typically resolved. In contrast, the disclosure of inspection failures has little

impact on drug purchases, suggesting that intermediaries penalize manufacturers more stringently

for signals of supply disruptions than for low quality alone. To isolate the role of intermediaries,

I develop a scoring auction model of generic procurement and an estimation technique that takes

into account the fact that only winning prices are observed. I find that intermediaries are willing

to pay a 2% premium for each 10% reduction in the probability of future recalls, which encourages

manufacturers to compete on reliability, rather than just price. Intermediaries enhance the benefits

of recall disclosures and ultimately increase the share of high-quality (not recalled) drugs by 27%.

Finally, I show that counterfactual pay-for-performance policies, which subsidize high-quality drugs,

can improve static welfare but are likely to reduce manufacturer competition in the long-run.
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CHAPTER 1

INTRODUCTION

Quality disclosure is supposed to improve choice and welfare (Akerlof, 1970) but is limited by fric-

tions in consumers' ability to respond to it. Expansive evidence shows that consumers often fail to

use disclosed quality information.1 Instead, in many markets they rely on intermediary buyers to

select high-quality goods for them. These �rms are pervasive in settings with high degrees of infor-

mation asymmetry, from healthcare to household goods. For example, the typical consumer trusts

that her grocery selects safety-certi�ed produce, that her pharmacy chooses authorized COVID tests,

and that her big-box retailer stocks industry-accredited appliances. Despite rich empirical evidence

on quality disclosure (Dranove and Jin, 2010) and intermediary distortions (Gavazza and Lizzeri,

2021) separately, little is known about their combined impact. This paper studies how informed

intermediaries2 discipline quality in the market for generic prescription drugs.

The theoretical bene�ts of informed intermediaries are straightforward. Compared to consumers,

intermediaries are often favorably positioned to observe and react to quality disclosures, due to

their scale and experience. Downstream, intermediaries can alleviate adverse selection problems and

improve the quality of goods available to consumers. Upstream, they can increase supplier incentives

to produce reliable goods. Intermediaries, however, may not fully internalize these social bene�ts�

particularly when quality is di�cult to observe and they lack �duciary responsibility to consumers

(Biglaiser, 1993).3 This creates the conditions for a con�ict of interest, in which intermediaries select

goods that bene�t themselves rather than consumers. In this context, intermediaries can distortor

enhance the bene�ts of quality disclosure, with ambiguous implications for equilibrium quality and

1Evidence from corporate �nance, household lending, legal contracts and representation, insurance, automobile
fuel economy and healthcare services shows that disclosure routinely fails to protect consumers or improve their
decisions (Ben-Shahar and Schneider, 2017).

2The literature on intermediary goods markets refers to these entities as downstream �rms or dealers (Lee et al.,
2021), focusing on their positions in vertical supply chains. A complementary literature on asymmetric information
(Gavazza and Lizzeri, 2021) refers to them as expert intermediaries, emphasizing their role in reducing information
frictions. For simplicity, I refer to them as intermediaries .

3When consumers cannot observe quality, they cannot reward intermediaries with good reputations. In contrast
to advisors, the intermediaries in my empirical setting face no legal requirement to act in consumers' best interests,
which heightens the degree of their incentive misalignment.
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welfare.

Generic pharmaceuticals4 are distinguished by an unusually high degree of asymmetric information

and intermediation, making them an ideal setting to study informed intermediaries. In contrast

to branded drugs, generics are conventionally described as almost perfectly substitutable "com-

modities" (FTC, 2011). Patients and physicians are unlikely to be able to di�erentiate between

generic drugs made by alternative manufacturers, much less between di�erences in their quality.

They implicitly trust intermediaries�group purchasing organizations formed by wholesalers and

pharmacies�to select reliable drugs on their behalf. These organizations make purchasing deci-

sions that determine the quality and wholesale prices for nearly all generic drugs in the U.S. market

(Fein, 2023). For their part, intermediaries promise to deliver high-quality drugs, with slogans like,

"It's not just a package, it's a patient" (McKesson, 2024).

Most patients perceive that generics are subject to stringent quality regulation, commensurate

with their high stakes for health. While generics must meet a minimum bioequivalence standard5

before entering the market, their manufacturing quality ("quality") can deteriorate in the years

and decades after. This type of quality assesses whether a drug is pure and performs its approved

therapeutic purpose, and is primarily maintained through non-binding disclosures.6 Speci�cally,

the Food and Drug Administration (FDA) relies on inspection reports and recall announcements

to communicate when a drug's quality is potentially injurious or deadly to patient health (FDA,

2024b).7 FDA recall announcements also signal information about a drug's supply reliability, since

recalled batches interrupt the �ow of goods and are highly predictive of future disruptions.

To study how intermediaries discipline generic quality, this paper does three things. First, it provides

evidence of pervasive generic quality failures, even in the U.S. market. Next, it shows that the

4A generic drug is a copy of a branded drug whose primary patents have expired. Following the literature, a drug
or product is a molecule-formulation made by a speci�c manufacturer (e.g., atorvastatin calcium-tablet-Teva).

5Bioequivalence is typically demonstrated using manufacturer-submitted data and absorption tests in � 60 patients
(Davit et al., 2009). It certi�es that a drug has the same active ingredient amounts and dose form as the original.

6Low manufacturing quality can harm patient health and is responsible, through supply disruptions, "for virtually
all" drug shortages (Woodcock and Wosinska, 2013).

7The FDA may escalate its quality enforcement through other actions such as import alerts (bans) and injunctions,
but these are very rare in practice. Note that unlike a permanent drug withdrawal, recalls only temporarily disrupt
supply by removing speci�c batches of defective products.
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disclosure of these failures decreases the share of low-quality drugs, even when patients are unlikely

to observe quality. Finally, to isolate the role of intermediaries, it develops a structural model of

generic procurement, as well as a new estimation method that requires only winning prices. Using

this model, it shows that intermediaries enhance the bene�ts of quality disclosure and substantially

improve the quality of drugs consumed by patients.

I begin by constructing a novel dataset that provides the most comprehensive information on drug

manufacturing quality to date. My data include the universe of FDA disclosure actions over 2000-

2022, which I obtained through Freedom of Information Act (FOIA) requests. I use drug labels,

import manifests and administrative records to identify drug manufacturing locations�historically

considered a trade secret (Conti et al., 2020)�and to link drugs to their quality disclosures. Using

these data, I show that quality failures are widespread and persistent over 2000-2022. Approximately

57% of manufacturing facilities fail8 inspections, and 12% of drugs are recalled during this period,

demonstrating that quality problems are not isolated to speci�c �rms or market segments. Drugs

that experience a quality failure remain twice as likely to experience another for up to a decade,

relative to the average drug, implying that quality failures are not random, unavoidable shocks.

Taken together, this evidence contradicts the conventional wisdom about generics: these drugs are

not perfect substitutes.

Next, I investigate whether the disclosure of quality failures improves equilibrium market outcomes.

This is not obvious a priori : since patients face unusually strong barriers to quality information,

and intermediaries have no �duciary responsibility to respond to disclosures, the FDA's disclosure

policies might be expected to have limited impact. I quantify causal e�ects using commercial claims

data and a quasi-experimental, generalized di�erence-in-di�erences design, which exploits variation

in the timing of FDA disclosures within and across markets. I �nd that recall announcements

8 I focus on quality "failures" disclosed by the FDA that indicate a drug has the potential to cause patient harm.
These include class I and II recalls, which signal a "reasonable probability" of causing medically reversible injury
(II) and irreversible injury or death (I). I also include inspections graded "voluntary" or "o�cial action indicated,"
which assert that a facility is in "objectionable" (VAI) or "unacceptable" (OAI) violation of U.S. law, and that its
drugs are being prepared in a way that may make them adulterated or "injurious to health." Since the threshold
for patient harm for inspection grades is fuzzy, I replicate all inspection analyses using combined (OAI/VAI) and
OAI-only grades. A full 57% and 28% of facilities are awarded OAI/VAI and OAI inspection grades over my sample
period, respectively. I discuss these disclosure mechanisms in more detail in Chapter 2.
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reduce intermediary purchases of recalled drugs by 60%, substantially improving the quality of

drugs available to patients. The e�ect persists for up to ten years�long after recalls are typically

resolved�suggesting it is driven by long-run changes in intermediary preferences or manufacturer

costs, rather than short-run supply disruptions. In contrast, the disclosure of even the most serious

inspection failures has little e�ect on intermediary purchases. In other words, manufacturers are

penalized more stringently for signals of poor supply reliability than for low quality per se.

To study disclosure's e�ects on other dimensions of patient welfare, I consider drug prices, accessibil-

ity and adherence. While disclosure has limited e�ects on prices, recalls meaningfully reduce patient

access to drugs through shortages. In small markets (with few manufacturers), recalls increase the

probability of a national drug shortage by 41%, as substitution to competing manufacturers fails

to o�set reduced purchases of recalled drugs. Across all markets, recalls reduce standard measures

of patient medication adherence by 5%. In sum, even as recalls improve drug quality, they also

reduce patient welfare through temporary supply disruptions. As far as I am aware, these results

represent the �rst economic evidence on manufacturing quality, its relationship to drug shortages

and its implications for patient welfare.

My quasi-experimental results clarify how disclosure a�ects available drug quality, but they cannot

isolate the equilibrium e�ects of intermediaries, or the relative importance of supply- and demand-

side mechanisms. For example, on the supply-side, disclosure might alter costs and prices, as

manufacturers reoptimize their capacity and e�ort. On the demand-side, it might a�ect interme-

diary choices, as they update their expectations about drug supply reliability. To examine these

mechanisms, I develop a structural model of generic procurement through scoring auctions. The ba-

sic structure of my model is based on evidence from intermediary reference manuals, which describe

how they score manufacturers on their historical recalls and supply reliability (CardinalHealth,

2022; AmerisourceBergen, 2019). I capture intermediaries' stated decision-making processes using

a scoring auction, which is multi-dimensional in the sense that buyers consider both price and re-

liability. Using new data from approximately 68,000 auctions, I estimate the model's primitives:

intermediary preferences for reliability and manufacturers' cost and productivity distributions.

4



My estimation approach extends a recent method from La�ont et al. (2020), where I contribute a

new technique that non-parametrically identi�es the model primitives when only winning prices are

observed. While scoring auctions are widely used in real life (Hortaçsu and Perrigne, 2021), current

estimation methods require complete data on prices, which is infeasible in many empirical applica-

tions. Identi�cation with incomplete prices is non-standard because the auction model incorporates

two sources of asymmetry: bidder characteristics and unobserved buyer preferences. My approach

draws on the empirical auction literature (Guerre et al., 2000, "GPV") to identify manufacturer

costs, and then applies standard restrictions on bidders' cost distributions to identify intermediary

preferences (Athey and Haile, 2002).9 Using Monte Carlo simulations, I show that my algorithm

recovers unbiased estimates of the model primitives. Finally, I generalize my approach to multiple

scoring auction formats, including linear, optimal and quality-to-price ratio scores.

My structural model shows that intermediaries substantially improve the quality of drugs available

to patients, driven by their preferences for reliable suppliers. Intermediaries treat the bids of recalled

drugs as if their prices were 13% higher, e�ectively paying a 2% premium for every 10% reduction

in the probability of future recalls. By simulating my model without these preferences, I show

that intermediaries increase the share of high-quality (i.e., not recalled) drugs by 27%. In contrast,

intermediaries have limited e�ects on prices and total producer surplus (which each increase by

less than 3%). Taken together, my results show that intermediaries improve static quality and

welfare, and thus partially overcome the market failures from patient asymmetric information.

By encouraging competition on reliability, and not just price, intermediaries may also increase

manufacturer incentives to invest in reliability in the long-run.

Next, I explore the welfare implications of counterfactual policies that seek to optimally align inter-

mediary and social incentives. The previous administration has proposed two such policies, re�ect-

ing its decision�in a period of historic pandemics and drug shortages�to make the pharmaceutical

9First, I non-parametrically recover the distributions of unobserved prices in symmetric and asymmetric auctions
(with identical and non-identical bidder types, respectively), up to a guess of the intermediary's preferences. I then
apply GPV to recover manufacturers' cost distributions from their �rst order conditions. Finally, using the standard
assumption that costs are identically distributed across auctions, I infer intermediary preferences by matching the
cost distributions in asymmetric auctions to those in symmetric ones, where preferences are immaterial.

5



supply chain a "national security" priority (The White House, 2021). The respective policies would

(1) increase manufacturing quality transparency and (2) provide "pay-for-performance" subsidies

for reliable drugs (Department of Health and Human Services, 2024).10 My quasi-experimental re-

sults suggest that transparency initiatives may have limited impact, since intermediaries already

closely track information about drug reliability. On the other hand, my structural model shows

that pay-for-performance subsidies may improve welfare by strengthening intermediary incentives

to select high-quality drugs. In counterfactual simulations, I show that one version of the policy

would increase the share of high-quality drugs by 24% and raise prices by 29%, with moderate

e�ects on producer surplus. The policy's costs, however, are concentrated among low-reliability

manufacturers, whose losses indicate that they would likely exit the market. Overall, my analysis

suggests that pay-for-performance mechanisms could improve short-run welfare but have ambiguous

implications for the market's long-run viability.

Finally, I study the FDA's current quality disclosure policies and decompose their supply- and

demand-side mechanisms. Consistent with my quasi-experimental results, I �nd that recall disclo-

sures increase the share of high-quality drugs with little e�ect on prices, changes that are likely

to bene�t patients. 11 Producers, in contrast, experience a 14% reduction in surplus, driven by

intensi�ed price competition and recall reimbursement costs. This reduction helps explain why�in

de�ance of theory (Grossman, 1981; Milgrom, 1981)�manufacturers fail to voluntarily disclose their

quality type. 12 Next, I decompose the three mechanisms through which disclosure a�ects equilib-

rium outcomes in my model: intermediary preferences, manufacturer costs and strategic pricing

responses. I �nd that intermediary responses explain more than 100% of the policies' bene�ts: sim-

ply updating intermediary preferences while holding the other mechanisms �xed leads to an 18%

increase in the share of high-quality drugs after recalls. Supply-side responses�reductions in man-

ufacturer costs and prices�partially o�set these bene�ts and reduce the high-quality drug share by

10 The two policies�the Manufacturer Resiliency Assessment Program (MRAP) and Hospital Resilient Supply
Program (HRSP)�were proposed by the Department of Health and Human Services (HHS) in April 2024 and build
on similar proposals by the FDA and Congress.

11 These bene�ts may be partially o�set by temporary supply disruptions.
12 Consumers of generic drugs are also di�cult to inform, and may therefore fail to reward high-quality, disclosing

manufacturers, further prohibiting the canonical "unraveling" result.

6



11%. These decomposition results help rationalize my quasi-experimental �ndings, and speci�cally,

how disclosure improves quality without informing patient demand. This is possible because inter-

mediary responses amplify the e�ects of disclosure interventions, resulting in meaningful gains for

patients.

My paper contributes to two empirical literatures on the economics of quality disclosure and in-

formed intermediaries. The �rst literature studies the equilibrium e�ects of quality information re-

vealed through a variety of disclosure mechanisms (Jin and Leslie, 2003; Dranove and Sfekas, 2008;

DellaVigna and Pollet, 2009; Higgins et al., 2021; Vatter, 2022; Barahona et al., 2023). A key �nd-

ing from this work is that disclosure can improve consumer choice, but its e�ectiveness is limited

by consumers' abilities to attend to and respond to information. Motivated by this result, I study

intermediary responses to disclosure, which I �nd to be an e�ective but imperfect substitute for

consumer ones. The second literature argues that expert intermediaries can help resolve adverse

selection problems between buyers and sellers (Biglaiser, 1993; Lizzeri, 1999). These papers em-

phasize that intermediaries often face incentives to steer consumers to suboptimal goods, which

neither reputational nor competitive mechanisms can fully correct (Benabou and Laroque, 1992;

Du�o et al., 2013). Much of the empirical evidence focuses on expert �duciaries, such as �nan-

cial advisers (Gavazza and Lizzeri, 2021), realtors (Robles-Garcia) and physicians (Grennan et al.,

2024). The intermediaries in this paper are conceptually distinct, in that they make choices for

consumers without any legal responsibility to act in their best interests, intensifying their incentive

misalignment. My paper connects these two literatures by providing evidence on how intermediary

responses can magnify the equilibrium e�ects of quality disclosure.

Another strand of the disclosure literature focuses on recalls, which are the primary quality regu-

lation tool in many consumer goods markets. Empirical evidence�largely from automobiles, toys,

food and appliances�shows that consumer purchases fall after recalls (Jarrell and Peltzman, 1985;

Salin and Hooker, 2001; Seo and Jang, 2021), with mixed evidence regarding spillovers on compet-

ing goods13 (Toledo and Villas-Boas, 2019; Freedman et al., 2012; Basker and Kamal, 2021). My

13 A related paper by Cawley and Rizzo (2008) studies permanent drug withdrawals, a type of minimum quality
standard. The authors �nd negative spillovers from drug withdrawals onto products in related therapeutic classes.
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innovation is to model intermediary responses to recalls, and to use a structural framework to

quantify the e�ects of recalls on short-run quality and welfare.

While several papers from the literature on the industrial organization of pharmaceutical mar-

kets study drug quality�focusing on approval standards (Peltzman, 1973; Atal et al., 2022; Kao,

2024; Chandra et al., 2024)�I am not aware of any that evaluate quality after approval.14 My

paper contributes to this literature by providing the �rst empirical economic evidence on drug

manufacturing quality and its implications for welfare. It also relates to recent papers that study

generic drugs, which address shortages (Stomberg, 2016; Yurukoglu et al., 2017; Dubois et al., 2023;

Galdin, 2024), prices (Morton, 2000; Ganapati and McKibbin, 2023) and collusion (Cuddy, 2020;

Starc and Wollmann, Forthcoming).15 These papers, however, lack data on manufacturing quality,

which is the proximate cause of most shortages and has potentially �rst order implications for prices

and competition.

Finally, from a methodological perspective, my paper adds to a growing empirical literature on

scoring auctions. While scoring auctions are the rule, not the exception, in many settings (e.g., public

procurement, private requests-for-proposals), surprisingly little evidence exists regarding their real-

world performance. Recent empirical work extends the canonical estimation approach of Guerre,

Perrigne and Vuong (2000) to non-parametrically recover bidder costs with exogenous quality, as I

do in this paper (Hanazono et al., 2013; Andreyanov et al., 2024b,a). However, the methods used

in these papers require the scoring rule to be known and the researcher to have complete data on

prices, limiting their practical applications. 16 Krasnokutskaya et al. (2020) is most similar to my

paper, in that the authors recover an unknown scoring rule with incomplete data on quality�but

complete prices�in Internet auctions. My paper contributes a new estimation methodology, which

14 A substantial medical literature compares the e�cacy of generic and branded drugs�largely �nding them to be
similar�but does not consider variation in quality across generic drugs (e.g., Kesselheim et al. (2008)).

15 In particular, I rely on the institutional facts established by Cuddy (2020) and Starc and Wollmann (Forthcom-
ing). Both of these papers estimate price-only auctions in the generics market, using parametric approximations to
accommodate their data, which are aggregated at the drug-market-level. Fortunately, my data are granular enough
to accommodate a non-parametric scoring approach.

16 Allen et al. (2024) recover an unknown scoring rule with complete data on bid components. Auctions with en-
dogenous quality, where the scoring rule or bid preference is typically known, are studied in papers by Hanazono et al.
(2016), Nakabayashi and Hirose (2016), Sant'Anna (2017) and Takahashi (2018).
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builds on the scoring auction model of La�ont et al. (2020) but only requires winning prices. Using

this method, I show that scoring auctions increase buyer surplus in generic markets, relative to

price-only formats, consistent with theoretical predictions (Asker and Cantillon, 2008).

The remainder of the dissertation proceeds as follows. Chapter 2 describes quality failures in the

U.S. generics market and the empirical setting. Chapter 3 introduces the data, and Chapter 4

develops quasi-experimental evidence on the e�ects of quality disclosure. Chapter 5 presents the

structural model, and Chapter 6 the counterfactual analyses. Chapter 7 concludes.
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CHAPTER 2

EMPIRICAL SETTING

2.1. Generic Quality and Reliability

"Before I embarked on this project, I had always assumed that a drug is a drug. . .

[that] there isn't necessarily any variation between di�erent generic versions. I was

wrong" (Katherine Eban, Bottle of Lies).

Generic drugs are widely assumed to be interchangeable, since they are certi�ed as bioequivalent at

approval. This principle underlies the basic organization of the U.S. pharmaceutical industry, which

relies on generic substitution to make drugs vastly more a�ordable.17 However, growing evidence�

including the bestsellingBottle of Lies exposé�suggests that this assumption is broadly incorrect.

In this chapter, I present evidence of substantial quality variation in the U.S. generics market.

Generic drugs are ubiquitously prescribed and generate tremendous savings for the American

patient�bene�ts that are increasingly threatened by manufacturing quality failures. Two-thirds

of American adults are prescribed generics each year, including approximately 90% of the elderly

(Cohen and Mykyta, 2024). These drugs comprise 91% of prescription volumes and are priced 80-

85% lower than branded drugs, collectively saving U.S. patients $450bn per year (Association for

Accessible Medicines, 2024).18 At the same time, generic quality failures are responsible for approxi-

mately 1,000 recalled or banned drugs each year, re�ecting their signi�cant risks to patient health.19

Quality failures are also the "foremost" cause of drug shortages, which limit patient access to critical

medications and have attracted widespread media and policy attention (Woodcock and Wosinska,

17 Generics are automatically substituted for each other (without notice to the patient) in all states, and are
mandatorily substituted for branded versions in 18 states (Rome et al., 2022). This substitutability is widely credited
with fostering intense competition that drives down prices. In fact, American patients pay less for generic drugs than
their counterparts in other OECD countries (Mulcahy et al., 2021).

18 This �gure accounts for direct savings from substitution between branded and generics, but does not consider
indirect savings from avoided hospitalizations and other healthcare spending. In general, generics o�er extremely
high health returns relative to other healthcare spending (Lichtenberg, 2007; Stuart et al., 2015).

19 All drug statistics refer to the U.S. market. As examples, four Americans died from using contaminated eye drops
in 2023 (later recalled); more than 150 Americans died after being treated with adulterated heparin in 2008 (later
banned) (Ables and Cimons, 2023; Rosania, 2010).
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2013; Jewett, 2023).

For example, in 2023 the FDA banned drugs from two manufacturing facilities owned by Intas

Pharmaceuticals. Together, these facilities supplied major shares of speci�c chemotherapies, anti-

epileptics and opioid use disorder treatments in the U.S. (FDA, 2023a). FDA inspectors had dis-

covered serious manufacturing problems at Intas, describing a "cascade of failure" in quality control

and the deliberate destruction20 of testing records (FDA, 2023b). The closure of these plants con-

tributed to ongoing shortages in each of these drug markets (American Society of Health-System

Pharmacists, 2024). Most prominently, they triggered nationwide rationing of chemotherapy drugs,

which delayed the care of up to 8% of cancer patients in 2023-2024 (American Cancer Society Cancer

Action Network, 2023).

To contextualize this example�and provide comprehensive evidence on quality in the U.S. market�

I plot the distributions of manufacturer quality failures in Figure 7.1. The �gure shows rates of recalls

and inspection failures per drug-year, obtained from internal FDA data, for each manufacturer

over 2000-2022. Approximately 40% of manufacturers experience recalls or inspection failures with

the same frequency as Intas or greater, suggesting it was not an obvious outlier. The average

manufacturer (in red) has an economically meaningful chance of being recalled in any given drug-

year (2.1%, panel (a)) and fails the majority of its inspections (69%, panel (b)).21 In panels (c) and

(d), I plot the same data aggregated to the market and country of origin levels, respectively. The

aggregated distributions tell a similar story: the average market recalls 1.7% of its products each

year, and the average country fails 68% of its inspections (on par with the U.S. average of 70%).

The similarity in these patterns and the overall broadness of the distributions suggests that quality

failures are not isolated to few bad actors�instead, they a�ect the majority of manufacturers,

markets and countries.
20 The FDA Warning Letter describes Intas employees pouring acid on quality records. The facilities supplied

capecitabine, cisplatin, clonazepam and naltrexone, which all later experienced shortages.
21 The estimated inspection failure rate remains stable (at 70% per drug-year) after conditioning on manufacturers

with 10 or more inspections. As noted in the Introduction, my primary de�nition of a quality failure includes all class
I/II recalls and inspections that result in OAI or VAI grades. In Figure A.3, I present the corresponding distributions
for OAI-only inspection grades. The average manufacturing facility in my data receives an OAI inspection grade one
�fth of the time, conditional on being inspected.
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Next, I show that quality failures are persistent within drugs over time. In Figure A.4, I plot

the average drug's probability of experiencing a quality failure in each year after a reference point

(year t = 0 ), conditional on whether it failed (solid line) or did not fail (dashed line) in t = 0 .

The �gure shows that failing drugs are much more likely to repeat their failures than the average

drug, with elevated probabilities that persist for up to a decade. In each year, recalled drugs

are 3.3 times (panel (a))�and inspection failers 1.8 times (b)�more likely to experience quality

issues.22 This suggests that individual drug quality is relatively stable over the duration of my data,

consistent with the FDA's narrative that manufacturing processes degrade slowly over decades

(Woodcock and Wosinska, 2013). Further, pervasive generic quality failures cannot be explained

by merely random quality shocks�instead, certain drugs appear to have persistent, lower-quality

types. When combined with patients' inability to observe generic quality, these facts provide a

strong rationale for targeted policies to improve quality and welfare.

Finally, I present the trends in my data in Figure 7.1, panel (e), which shows how quality failures have

accelerated over time. The drug-level recall rate (in dashed purple) increased from 0.9% to 3.0% over

2000-2022, while the inspection failure rate (solid blue) followed a similar pattern (increasing from

51% to 70%). These trends are temporally correlated with increases in the probability of national

drug shortages (Figure A.3, panel (c), dashed green), which grew from 2.2% to 3.9% over the same

period.23 The raw trends present a uni�ed picture of deteriorating generic quality and reliability�a

vulnerability the federal government has termed a "national security threat" (Edney and Gri�n,

2023). A recent �urry of policy proposals�from the White House, Congress and Department of

Health and Human Services (HHS)�underscores the depth of regulator concern (The White House,

2024; Senate Legislative Counsel, 2024; Department of Health and Human Services, 2024). Despite

this, little research has considered the determinants and welfare implications of generic quality, key

inputs to analyzing these policies.

22 If only OAI inspection failures are considered, the relative rate is 2.6 times.
23 Rates of OAI inspection grades increased from 8% to 13% over 2000-2022 (Figure A.3, panel (c)). Counts of drug

shortages grew from 100 to 250 over the same period and reached an all-time high of 323 in 2024.
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2.2. Institutional Framework

To provide context for my empirical approach and structural model, I now describe the salient

features of the U.S. generics market. The basic structure and key actors are depicted in Figure

A.2. Drug manufacturers make investments in quality, which is monitored and disclosed by the

regulator, the FDA. Intermediaries observe the disclosed quality signals and purchase drugs from

manufacturers to sell to patients. Importantly, intermediary choices determine the quality of drugs

available to patients, who do not observe quality signals. This suggests that intermediaries can

improve equilibrium quality and welfare, if their incentives are su�ciently well aligned with the

regulator's. I describe each of these actors and their information in more detail below.

As previously noted, generic manufacturers must demonstrate bioequivalence to the originator drug

before entering the market. Notably, bioequivalence does not require identical manufacturing prac-

tices, and a drug's quality can deteriorate as the manufacturer scales up production and its physical

capital depreciates. According to a review by the FDA, some generic manufacturing lines have been

"running 24 hours a day, 7 days per week... since the 1960s," with "only limited upgrades," leading to

increased rates of quality failures (Woodcock and Wosinska, 2013). Substandard manufacturing pro-

cesses can result in bacteria-contaminated drugs or super-potent active ingredients�representative

defects in my data24�with potentially serious adverse e�ects on patient health.

The FDA is responsible for regulating drug quality in the United States. After a drug's approval,

the FDA primarily relies on two non-binding disclosure mechanisms�inspection reports and recall

announcements�to maintain a high-quality and reliable supply of drugs. 25 Since these mechanisms

generate the key variation in my data, I describe them here brie�y. The FDA conducts systematic

manufacturing facility inspectionsfor general surveillance purposes and to investigate speci�c quality

concerns. FDA o�cials grade each inspected facility based on its risk to patients, and on the extent

24 For other examples, see Table A.1.
25 The FDA also uses other enforcement actions to discipline drug quality, such as import alerts (bans), injunctions,

seizures and administrative detention orders. I observe the universe of these actions in my data, where they are
relatively rare. The FDA also issues Warning Letters, Untitled Letters, Forms 483 and Regulatory Meetings after
inspections, which I observe to be highly correlated with inspection classi�cations. For additional details about
inspections and recalls, please refer to Appendix C.
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to which its manufacturing practices violate the Food, Drug, and Cosmetic (FD&C) Act. In my

analysis, I focus on the two most serious grades, which assert that a facility is in "objectionable"

(VAI) or "unacceptable" (OAI) violation of U.S. law, and that its drugs may therefore be injurious

to patient health. Recallsmay be initiated by the FDA or manufacturers, and are required whenever

a batch of drugs is found to violate the quality standards of the FD&C Act. The FDA classi�es

each recall based the defective drug's potential to cause patient harm; I study class I and II recalls,

which have a "reasonable probability" of causing medically reversible injury (II) and irreversible

injury or death (I) (FDA, 2024b).

The FDA publicly reports inspection and recall outcomes on its website, and in this way discloses

information about low drug quality. 26 Recall announcements may also a�ect market outcomes

through a information second channel, by signaling that a drug's supply is unreliable. Recalls often

cause temporary stockouts, as manufacturers must physically remove defective batches from the

market and may need to pause and correct production. While the initial disruption may be resolved

in weeks or months,27 it provides a strong signal of future disruption risks. Recalled drugs are 3.3

times more likely to be recalled over the following decade (as noted in the prior section), and they

are 1.5 times more likely to exit the market, relative to the average drug.

The e�ectiveness of the FDA's disclosure policy depends on the extent to which it increases demand

for quality. However, patient awareness of generic quality is low for multiple, intractable reasons.

Patients face formidable institutional barriers in responding to FDA disclosures: public inspection

reports, for example, lack drug names and therefore provide patients with no actionable information.

Several sources�internal FDA audits, patient lawsuits and pharmacy recall protocols28�indicate

26 From the FDA website, they are often picked up by the industry press. The FDA also announces recalls on X
(formerly Twitter) and to healthcare professionals through MedWatch Safety Alerts.

27 The average medical device recall takes 8 months to complete (to remove all defective products) and another 6
months to be terminated (for the FDA to con�rm that quality issues have been resolved). While completion time
statistics are not available for drugs, the average reported termination time (2.1 years) suggests that drug recalls
operate on a similar timeline, with an implied average completion time of 13 months. Note that drug manufacturers
may be able to resupply much faster than they can remove products; the typical lead time for �nished dosage form
drugs is between several days to a few weeks (The White House, 2021; CardinalHealth, 2022).

28 Government investigations suggest that manufacturers struggle to contact end users during recalls in medi-
cal device and food markets (United States Government Accountability O�ce, 2011a). Understa�ed pharmacies
may lack the resources to inform patients about recalls and are not legally obligated to do so (Fink, 2012;
National Community Pharmacists Association, 2022). The only exception is New York state, which began requiring
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that individual recall announcements often fail to reach prescribed patients. Most importantly, U.S.

generics are very poorly di�erentiated: they are typically unbranded and sold without disclosing

the product identity (i.e., the manufacturer name).29 This implies that, even if a patient should

observe an FDA disclosure, she would have almost no way to connect this information to her drug

purchase.

In contrast, intermediaries (wholesalers and pharmacies) have ample opportunity and incentive

to learn about generic quality. These large, sophisticated �rms interact with manufacturers over

decades and across thousands of drug markets. The largest intermediaries, pictured in Figure

A.2, captured 95% of U.S. generic volumes and represented over $20bn in market capitalization

in 2020 (Fein, 2023). Intermediaries' scale begets monopsony power over manufacturers, to whom

they award supply contracts through secretive, competitive auctions.30 Through these auctions,

intermediaries determine the quality and wholesale prices of nearly all drugs in the U.S. market,

with important implications for equilibrium welfare.

When choosing suppliers, intermediaries consider both priceand quality�as the latter can impose

signi�cant spillover costs onto them. For example, recalls reduce intermediary revenues through

stockouts and require tracking of defective inventory (though supply contracts typically stipu-

late that direct drug costs are reimbursed). Accordingly, intermediaries emphasize that supplier

reliability is "critical" to their choices�that "lapses in supply ruin relationship[s]" (FTC, 2011;

United States Government Accountability O�ce, 2011b). 31 Intermediary reference manuals, such

as the one presented in Figure A.1, describe how they "score" potential suppliers using reliability

criteria, such as historical recalls, product availability and lead times (AmerisourceBergen, 2019;

this in 2019.
29 Pharmacies do not typically disclose the generic manufacturer before purchase. After purchase, the manufacturer

name may or may not be visible, depending on the pharmacy's packaging. Patients may also struggle to track generic
quality for more general reasons: they may fail to attribute new symptoms to defective drugs, and their inattention
may induce purchasing inertia, as has been observed with other routine healthcare purchases (Ho et al., 2017).

30 These institutional details were �rst established by Cuddy (2020) and are described in unsealed court records
(State of Connecticut, 2019). Intermediaries typically award a single contract per pharmacy-market and do not
release information about losing bids. In the case of supply disruptions, their contracts may include provisions for
secondary suppliers, which I exclude from my data.

31 One industry trade group estimates that the average pharmacy spends $230,000 in labor costs related to recalls
per year (Tracelink, 2023).
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CardinalHealth, 2022). In contrast, inertia is not a �rst order concern, since auction winners change

rapidly�in some cases, with every batch�as intermediaries continuously seek better terms.

Theoretically, informed intermediaries can increase demand for high-quality drugs, which may en-

courage manufacturer quality investment and thereby mitigate market failures from asymmetric

information. Intermediaries, however, are unlikely to fully internalize these social bene�ts. This

con�ict of interest is typical of markets with informed intermediaries (Gavazza and Lizzeri, 2021)

but is particularly acute in the generics market, for two reasons. First, generic consumers have

uniquely limited information and capacity to make their own purchasing choices. They cannot eas-

ily reward intermediaries for being faithful agents (e.g., with good reputations) and are especially

vulnerable to intermediary decisions. Second, the intermediaries in my paper�unlike advisors or

physicians�face no legal responsibility to act in patients' best interests. Together, these factors

imply that intermediaries may choose socially suboptimal levels of quality, maximizing pro�ts rather

than patient welfare.

To summarize, the U.S. generics market is characterized by pervasive quality failures and an unusual

degree of asymmetric information, which provide a strong rationale for quality regulation. The

FDA relies on disclosure policies�inspection reports and recall announcements�to regulate generic

quality and reliability. Since patients cannot respond to quality disclosures, the direct impact of

these policies is likely to be limited, implying that �rst-best, full-information welfare is unattainable.

In this context, informed intermediaries have substantial scope to improve equilibrium quality�

whether they choose to do so, and how far welfare is from �rst-best, are empirical questions.
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CHAPTER 3

DATA

3.1. Data Sources

3.1.1. FDA Quality Disclosures

My analysis relies on three main data sources, from which I construct a panel of drug quality sig-

nals, prices and purchases. First, I collect data on drug manufacturing quality that is measured

and disclosed by the FDA. These data include the universe of FDA quality disclosures and enforce-

ment actions over 2000-2022. I obtained inspection and enforcement data through FOIA requests,

and I used the Internet Archive to extract recall announcements from Enforcement Reports on

the FDA website. To the best of my knowledge, these sources represent the most comprehensive

manufacturing quality data studied so far.

Until recently, two factors presented a serious barrier to research on manufacturing quality. First,

the majority of FDA quality data is reported at the facility, rather than the drug, level. Second, the

FDA considers drugs' manufacturing locations to be trade secrets not subject to FOIA (Conti et al.,

2020). Recently, researchers have begun painstakingly tracing drug manufacturing locations using

data extracted from drug labels, trade manifests and OECD administrative records. For example,

in 2018 the Center for Infectious Disease Research and Policy (CIDRAP) traced the locations of 156

drugs (CIDRAP, 2018). Using machine learning tools, I scale up CIDRAP's methodology to cover

all generics in a commercial claims dataset, thereby linking each drug to its quality information.32

Recall announcements are reported at the event level, where a recall typically involves one or more

drugs produced by a single manufacturer over a short period (up to a few months). The recall

data contain the announcement date, product names and National Drug Code (NDC) identi�ers,

which allow me to follow speci�c drugs over time. I also observe the recall class, approximate

volume of defective drugs and manufacturer-reported recall reasons. Since successive recalls of the

32 Additional details are provided in Appendix C.
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same drug are typically extensions of a single event, I count multiple recalls per drug-year as one

announcement.

I complement the recall data with FDA inspection outcomes. While recalls can be �rm-initiated�

implying they could su�er from inconsistent reporting�inspections are FDA-initiated and graded

by independent experts. The inspection data are also useful because they reveal relatively little

information about a drug's supply reliability compared to recalls, a factor that I exploit in my quasi-

experimental strategy. For each inspection, I observe the quality grade, all citations and whether

the inspection was for general surveillance purposes or for cause. For the purposes of quantifying

disclosure e�ects, the FDA data have an additional limitation: they only reveal quality contingent

on regulator or manufacturer actions, which are not random. In the next section, I describe how I

use information about the FDA's facility selection model, as well as plausibly exogenous variation

in disclosure timing, to mitigate concerns about this type of selection.

3.1.2. Prices

My second main data source contains novel information about drug prices, which I collected from

state Medicaid surveys through Open Records Requests. These data report retail pharmacies'

average acquisition costs (AACs) for outpatient drugs in eleven states33 over 2010-2022, which

I supplement with national survey data after 2013 (the National Average Drug Acquisition Cost

survey, NADAC). The prices capture the winning bids of manufacturers in intermediary procurement

auctions, averaged at the molecule-formulation-strength-state level.34 They are calculated by a

public accounting �rm using monthly pharmacy invoice data, and are updated weekly to re�ect

pharmacy-submitted pricing changes. The state-level data are useful because they allow me to

exploit variation in pharmacy chain presence across states to recover intermediary-speci�c winning

33 Eleven states collected AAC data for at least two years between 2010-2022: LA (2010-2018), OR (2010+), AL
(2011+), IA (2013+), TN (2017+), MD (2017+), UT (2021+), CO (2016+), OH (2021+), MT (2019+) and ID
(2017+). Under federal rules, state Medicaid programs have �exibility in choosing which cost estimates they use for
reimbursement. The data suggest that these states may have chosen AAC-based reimbursement because they acquire
drugs at lower prices than the national average.

34 The prices exclude certain volume discounts, as well as wholesaler margins, which average 3.5% (Sood et al.,
2017). They also exclude manufacturer rebates, which were trivial in the generics market during this time period
(Lieberman and Ginsburg, 2018).
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bids.35 As a result, I am able to estimate my structural model using non-parametric methods and

with good statistical power. To calculate winning bids, I use average prices from the duration of

the contract, after dropping the �rst three "transition" months (Cuddy, 2020).

3.1.3. Patient Claims

My last main data source is administrative claims over 2000-2022 from UnitedHealth (Optum), the

largest private U.S. health insurer. The data contain approximately 33 million covered individuals

with pharmacy bene�ts each year. The sample includes both employer-sponsored (80%) and Medi-

care Advantage members (20%) and has signi�cant share in all states. I use the claims data for

three purposes: (1) to identify intermediary auctions, (2) to estimate the drug volumes associated

with each intermediary contract36 and (3) to measure patient medication adherence.

I identify intermediary auctions using the methodology developed by (Cuddy, 2020), which I outline

below. Intermediaries o�er a single supply contract per market, allowing me to easily identify their

choices (i.e., auction winners) from the drugs stocked by each pharmacy chain. Since new rounds

of auctions are usually triggered by the entry and exit of manufacturers, I rely on changes in

these patterns (observed in the claims and FDA Orange Book data, described below) and in the

composition of winning drugs across pharmacy chains to identify auction timing. Manufacturers

typically participate in each auction within a quasi-simultaneous round, allowing me to identify

the number of bidders from the manufacturers observed in each market. Finally, I am careful

to exclude collusive auctions during my study period, which I observe in unsealed court records

(State of Connecticut, 2019).

I estimate annual contract volumes using the total number of prescriptions per pharmacy chain in

the claims data. Patient adherence is the 90-day Medication Possession Ratio (MPR), de�ned as

the proportion of days supplied over a speci�ed number of prescribed days. I calculate the MPR

35 I estimate intermediary-speci�c winning prices for the largest 5 intermediaries in my data. Since I have up
to twelve price observations from each auction, this implies that I solve an (often overidenti�ed) system of linear
equations in state-level prices and pharmacy shares to estimate each intermediary's winning price.

36 The Optum claims data are similar to other standard administrative claims datasets: they contain pharmacy
IDs, NDC drug codes and purchased volumes for pharmacy encounters, as well as patient demographics such as age
and gender.
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at the patient-molecule-form level, allowing any drug within a molecule-form to count towards a

patient's adherence level. Following the literature, I use cut-o� points�80% and the drug-speci�c

median�to identify non-adherent patients (Andrade et al., 2006).

In addition to these main data sources, I use several supplemental datasets that contain drug

and pharmacy characteristics. Two standard datasets from the FDA�the NDC Directory and

Orange Book�provide drug ingredients, formulations, strengths, labeling �rms and approval dates.

I capture drug shortages using the University of Utah Drug Information Service's (UUDIS) data,

which are considered the gold standard in the shortage literature (Alpert and Jacobson, 2019).

Pharmacy characteristics, including location and chain relationships, are from the National Council

for Prescription Drug Programs (NCPDP).

3.2. Descriptive Statistics

The analysis sample includes generic prescription drugs purchased from retail pharmacies by Unit-

edHealth bene�ciaries over 2000-2022. I focus on unbranded, oligopoly drugs, which are procured

through competitive auctions and represent 84% of the total generic sample by volume. Overall, I

study the quality characteristics of 10,199 drugs in 1,204 molecule-form markets, and the purchasing

responses of approximately 64,000 pharmacies and 63 million patients.

My quasi-experimental approach exploits variation in the timing of quality disclosure through recall

announcements and inspection reports, which represent the majority of the FDA's quality regulation

actions. To ensure that I observe each drug for at least one year before and after disclosure, I study

�rst recalls and inspections initiated between 2001 and 2021 (observing 1,159 such recalls and 1,483

inspections).

Table 7.1 describes the key characteristics of the generics in my sample, providing a snapshot of

the old, inexpensive products that account for the majority of U.S. drug consumption. Column (1)

presents the mean values for all drugs, while columns (2) and (3) summarize the values for drugs

that were recalled and never-recalled during the study period, respectively. Each value represents

the average over all years in the sample (cols. (1) and (3)) or prior to the �rst recall (2). The
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typical drug in my sample was �rst approved over 19 years37 ago and is purchased for only $4.55

per unit (e.g., pill or vial), or $0.70 at the median. A cursory comparison of columns (2) and (3)

indicates that recalled drugs di�er signi�cantly from never-recalled ones on a number of observable

dimensions. Notably, they are nearly twice as likely to be injected (13% vs. 7%) and have 4 times

greater volumes (56,651 vs. 14,765 prescriptions). They compete in larger markets (with 12.4

vs. 10.7 participants) and are sold at appreciably lower prices ($0.41 vs. $0.76 at the median).

These patterns help justify my use of not-yet-recalled drugs�as a more plausible control group

than never-recalled ones�for estimating the e�ects of recall disclosure.

In Table A.2, I present the corresponding descriptive statistics for inspected drugs. Column (1)

presents averages for all inspected drugs, which are then split into failing (OAI or VAI, col. (2))

and passing ones (3). The inspection sample is limited to drugs that are matched to manufacturing

locations and FDA inspections. While this sample is smaller (capturing 54% of total drug volume),

it has similar observable characteristics to those observed in Table 7.1. The largest di�erence is

in annual prescription volumes, which are somewhat larger in the inspection sample (28,668 versus

17,211 in the full sample).

37 This assumes 12 years of branded exclusivity (Kesselheim et al., 2017) plus the average drug's age as of 2011
(7.26), the sample midpoint.

21



CHAPTER 4

EFFECTS OF QUALITY DISCLOSURE

The theoretical e�ects of quality disclosure described in Section 2.2 relied on key assumptions

about intermediary information and incentives. Speci�cally, intermediaries must learn about drug

quality through FDA disclosures, and they must respond to dynamic incentives to select high-

quality drugs. Without these assumptions, persistent patient information asymmetry is likely to

negate any bene�ts of quality disclosure. In this chapter, I provide quasi-experimental evidence on

the equilibrium e�ects of quality disclosure that is consistent with these assumptions. My results

motivate the structural analysis in Chapter 5, which isolates supply- and demand-side mechanisms

to quantify the role of intermediaries.

4.1. Empirical Strategy

To estimate the e�ects of quality disclosure, I use a di�erence-in-di�erences framework ("DD,"

operationalized using two-way �xed e�ects) to compare outcomes for drugs that experienced quality

disclosure to those that did not until later in the study period. To improve exposition, I refer to

these drugs as "recalled" and "not-yet-recalled," respectively, though I also apply the framework to

study inspection disclosures. My primary event study speci�cation is:

Ydt = � d + � t +
X

s6= � 1

� s Dd;t+ s + "dt ; (4.1)

whereYdt denotes the outcome of interest for drugd in year t.38 I model the outcome as a function

of drug � d and year �xed e�ects � t and unobserved time-varying factors"dt . Dd;t+ s is an indicator

equal to ones years after the drug's quality is �rst disclosed. The coe�cient of interest � s varies

�exibly by year and is normalized to zero in the year before treatment (� � 1 = 0). This coe�cient

can be interpreted as the di�erence in outcomes for recalled drugs relative to not-yet-recalled ones

in the sth year after disclosure. I estimate the model using drug-year-level data and cluster standard

errors at the drug-level (the level at which treatment occurs). I also report the average e�ects on

38 As previously noted, a drug is a molecule-formulation made by a speci�c manufacturer.
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treated drugs by estimating the DD speci�cation below:

Ydt = � d + � t + � D dt + "dt ; (4.2)

where the key variableDdt equals one after disclosure.

My DD design relies on the identifying assumption that the outcomes of recalled and not-yet-

recalled drugs would have evolved in parallel in the absence of disclosure. It exploits variation in

disclosure timing among drugs that eventually experience disclosure to identify causal e�ects. While

the identifying assumption cannot be tested, the absence of di�erential trends prior to treatment

provides evidence consistent with it. I plot the dynamic coe�cients � s and �nd no evidence of

pre-existing trends that are correlated with treatment timing. In formal tests of joint signi�cance,

I am able to reject the null hypothesis of non-zero pre-trends for all key outcomes.

Since quality disclosure is not random, not-yet-recalled drugs o�er a more credible counterfactual

than never-recalled ones, which di�er in important observable and potentially unobservable ways

(described in Section 3.2). One source of this selection is the FDA's facility risk model, which is

used to prioritize locations for inspections. The risk model is based on publicly-announced, drug-

speci�c criteria�such as a drug's "inherent risk," its inspection history and patient exposure�and

thus generates non-random variation in inspection and recall probabilities.39 To control for this

variation, I used drug �xed e�ects to remove inherent risk and unobserved, persistent di�erences

across drugs. In robustness checks, I include inspection grade covariates to control for time-varying

di�erences in drug inspection histories. Finally, I explore heterogeneity in my estimated e�ects by

market and drug size, as proxies for "exposure."40 While these approaches control for the majority of

the risk model's criteria, disclosure timing could still potentially be correlated with the outcomes of

interest through other channels. Intermediaries, for instance, may be able to observe other quality

39 The FDA has used its Site Selection Model since 2005. The components of the model are publicly announced,
the majority of which are captured in my data and used as control variables in robustness speci�cations. To the best
of my knowledge, the remaining components�such as foreign government inspection histories�are not releasable
under FOIA.

40 Market size is measured using the number of manufacturers per market before disclosure, and drug size using
pre-disclosure prescription volumes.
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signals (e.g., consumer complaints) that allow them to anticipate disclosure, a possibility that I

examine using more granular month-level data. Alternatively, the FDA and manufacturers may

coordinate disclosure timing to minimize supply disruptions.41 In these examples, the estimated

coe�cients are likely to understate the true e�ects of disclosure, but other non-randomness might

have opposite signed e�ects.

To strengthen my ability to make causal interpretations, I extend the DD approach in two ways.

First, I examine spillover and net market e�ects of disclosure, using data aggregated at the market-

level. I estimate spillover e�ects for generic bioequivalent competitors of the recalled drug (whose

own qualities were not disclosed). This exercise allows me to investigate intermediary substitution

patterns within markets and competing manufacturers' responses. In my robustness checks, I explore

whether these patterns are sensitive to alternative market de�nitions, including both smaller and

larger markets.42 I also estimate net market e�ects, which allow me to assess whether disclosure

decreases the overall volume of drugs consumed by patients. This evidence would be consistent with

an increase in drug shortages, which I formally test using national shortage data from UUDIS.

Second, I compare the e�ects of two types of disclosure mechanisms, recall announcements and failed

inspection reports. While my primary analysis focuses on recalls, failed inspections provide com-

plementary quality signals that allow me to test speci�c hypotheses about intermediary incentives.

Both recall announcements and inspection reports reveal that drug quality is below a threshold

that may be injurious to patient health. Recall announcements, however, also signal high risks of

future supply disruptions (as discussed in the Chapter 2). Comparing the e�ects of recalls and

inspections therefore informs whether intermediary purchases respond to signals of drugreliability

versusquality alone.

To study the e�ects of inspection disclosures, I estimate a triple di�erence ("DDD") model that com-

41 When issuing Import Alerts (bans), for example, the FDA often carves out drugs that are at risk of shortage
(Brennan, 2016).

42 Speci�cally, I use molecule-formulation-strength and Anatomical Therapeutic Chemical Level 4 (ATC4) markets.
While my baseline market�the molecule-formulation�is commonly used in the generics literature, generic contracts
are typically auctioned o� at the smaller molecule-formulation-strength level. ATC-4 groupings are larger and include
multiple molecules (therapeutic substitutes), which would usually require new prescriptions to purchase.
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pares outcomes for failing and passing drugs, before and after inspections. The DDD speci�cation is

identical to Equation (4.2) but includes an additional term ( 
 D dt � 1f faileddg): This design allows

me to di�erence out potential bias from selection in inspections, as well as any inspection e�ects

that are not caused by negative quality information. It relies on the identifying assumption that

passing and failing (OAI or VAI) drugs would have evolved similarly in the absence of inspection

(Olden and Møen, 2022). Throughout, I focus on surveillance inspections�which are conducted

quasi-randomly conditional on risk scores, and not in response to speci�c quality concerns�in

order to avoid contamination by other disclosure actions.

In my other robustness checks, I report coe�cients from the estimator proposed by Callaway and

Sant'Anna (2021), which is robust to concerns regarding the consistency of DD estimates in stag-

gered treatment designs. I also test the stability and signi�cance of my estimates to using di�erent

outcome measures, control groups, covariates, samples, weighting and clustering.

4.2. Quasi-Experimental Evidence

I begin my analysis by describing the causal e�ects of quality disclosure on intermediary purchases

and drug shortages. I consider potential mechanisms for these e�ects�including signals of drug

quality and reliability�by comparing the di�erential responses to inspections and recalls. Finally,

I explore how disclosure a�ects manufacturer participation and patient welfare, quantifying the

policy's unintended e�ects on prices and medication adherence.

4.2.1. E�ects of Recall Announcements on Intermediary Purchases.

I �rst show that recalls have large, negative e�ects on intermediary purchases. In Figure 7.2, I

present the event study coe�cients from Equation (4.1) with measures of drug market share and

volume as the dependent variables. Drug market share captures intermediaries' purchasing decisions:

it is de�ned as the fraction of retail pharmacies that select a drug in each market (molecule-form).43

43 As previously noted, a market is a molecule-form combination and includes all bioequivalent drugs made by
di�erent generic manufacturers. My measure of market share captures intermediaries' "extensive margin" choices of
suppliers. It does not capture their "intensive margin" choices of volumes, which cannot be separately identi�ed from
consumer purchases. The market share measure is robust to the fact that the claims data capture incomplete U.S.
drug volumes, since they do capture an approximately complete census of U.S. pharmacies. I explore other de�nitions
of market share in my robustness checks, which produce qualitatively similar results.
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Panel (a) shows the event study for the recalled drug's market share. Prior to the recall, the

estimated coe�cients are close to zero and statistically insigni�cant, suggesting no di�erential pre-

trends. (The p-value from an F -test of joint signi�cance is 0.93). However, the trend for recalled

drugs begins to diverge in the disclosure year, with a steady decline in market share over the

following �ve years. Figure A.5 provides additional detail on these dynamics using di�erent cuts of

the data. Panel (a) zooms in on the period surrounding the recall, plottingmonthly e�ects in the

three years before and after disclosure. It shows that recalled and control drugs follow a similar

trend up until the last month before disclosure, suggesting anticipatory e�ects are minimal. Panel

(b) zooms out to consider thelong-run e�ects of recalls, using data from ten years before and after

disclosure. The �gure shows that the recalled drug share continues to erode even a decade later, with

an estimated coe�cient of -13 percentage points (pp) in the tenth year after (-68% of the pre-recall

mean of 19%). Finally, Figure 7.2, panel (b) shows that the recalled drug's prescriptionvolume also

declines, following a very similar pattern to its market share. Relative to its pre-disclosure average,

the recalled drug experiences an 89% reduction in prescription volume by the �fth post-disclosure

year.44

Together, the event studies suggest that recalls strongly penalize low-quality drugs, with e�ects

that last for far longer than the duration of the recall itself. The persistence of these e�ects cannot

be easily explained by short-run supply disruptions or one-time reimbursement costs (discussed in

Chapter 2). They are also unlikely to be caused by intermediary inertia, given the rapid supplier

turnover observed in my data. (The average supply contract lasts for less than 1.5 years, and the

average supplier is chosen for less than two years in a row.) The persistent e�ects could, however,

be explained by intermediary preferences or long-run changes in manufacturer costs, explanations

that I explore using the structural model in Chapter 5.

Table 7.2 presents the average e�ects of recalls, estimated using Equation (4.2). Consistent with the

44 Since prescription volumes are highly skewed, I estimate the e�ects using logged values. To facilitate comparison,
the �gure plots the volume e�ects in levels: speci�cally, I convert log e�ects to percentage changes (exp (� ) � 1),
which I then multiply by the pre-recall median. Because I capture changes in drug volumes using Optum claims data,
which are a subset of total U.S. drug volumes, my measures understate the e�ects of recalls on volume levels, while
overstating their percentage e�ects.

26



event study patterns, recalled drugs experience a signi�cant decline in market share of 43% (4.4pp,

panel A, col. (1)) and in prescription volumes of 60% (col. (2)), relative to not-yet-recalled drugs.

While the estimated coe�cients are large, they may actually understate the true recall e�ects, if

drugs with larger e�ects are more likely to exit and are not observed in the sample.45 In another

sense, the magnitude of the e�ects is not surprising. Generic drugs are uniquely undi�erentiated�

absent quality signals�and are purchased by large, sophisticated intermediaries. Furthermore, their

recalls signal quality defects with potentially severe health consequences. Both factors contribute

to more aggressive own-substitution patterns than is typically observed for consumer products.46

Next, I examine whether quality disclosure increases intermediary substitution to competitor drugs.

Figure 7.2, panels (c) and (d) present the event studies for competitor market shares and volumes,

respectively. To facilitate comparison, the competitor e�ects (in green circles) are overlaid on top

of the recalled drug e�ects (reproduced from panels (a) and (b) in blue diamonds). The �gures

show that the competitor coe�cients are small and insigni�cant before disclosure (p = 0.25-0.62),

consistent with the absence of pre-trends. After disclosure, the e�ects on competitor and recalled

drugs break in strikingly similar but opposite-signed ways�suggesting that intermediaries gradually

substitute between the two groups.47 Table 7.2 quanti�es the average e�ects: competitor drugs

experience an average increase in market share of 6.8pp (9%, col. (3)) and in volumes of 12% (col.

(4)). These substitution patterns imply that recall disclosures are highly e�ective: they increase

patients' probability of consuming high-quality (i.e., not recalled) drugs by 9% for up to 10 years.

These e�ects are all the more striking given patients' near-total inability to observe the disclosed

information.

I test my main results using a variety of robustness checks�including di�erent outcome measures,

control groups, samples and speci�cations, presenting the estimated coe�cients in Table A.3. I

45 Consistent with this, I estimate signi�cantly smaller e�ects when excluding recalled drugs that eventually exit
the sample (-2.5pp, Table A.3, row 11).

46 Note that, in contrast to drug withdrawals or bans, we should not expect 100% volume reductions following
recalls. This is because recalls are temporary and target speci�c batches of drugs.

47 The increasing pattern in competitor volumes over time is in line with the gradual expansion in capacity that I
observe when studying manufacturer entry patterns (in the next subsection). It is not driven by e�ects of subsequent
recalls, which are not signi�cant.
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also repeat my analyses using larger and smaller market de�nitions in Table A.4. The estimated

coe�cients remain similar across these tests and are typically within two standard errors of the

baseline estimates.48 Finally, Figure A.6, panel A explores whether my results extend across multiple

types of drug dosage forms. This test is motivated by the fact that the drug shortage literature

has focused on injectables (Yurukoglu et al., 2017; Dubois et al., 2023; Galdin, 2024), which are

more likely to experience quality issues. I �nd that these drugs represent a small share of overall

recalls (13%) and actually experience more modest disclosure e�ects, relative to oral and topical

formulations.

4.2.2. E�ects of Recalls on Drug Shortages.

I now investigate whether recalls changemarket-level volumes, which has implications for both

producer pro�ts and patient access to drugs. The average e�ect of disclosure on market volumes

is small and insigni�cant (-4%, Table 7.2, col. (5)).49 This average, however, masks signi�cant

heterogeneity across small and large markets. Conceptually, recalls should be expected to have

stronger volume e�ects in small markets. Here, changes in intermediary purchase decisions require

proportionally greater capacity adjustments. The �xed costs of these adjustments, as well as of

facility remediation, also a�ect small �rms more�limiting competitor volume gains while magnifying

recalled drug losses. In Figure 7.2, panel (e), I plot the dynamic e�ects of disclosure on drug volumes

in small and large markets (where small markets are de�ned as having 10 or fewer participants).

Before disclosure, the trends in both markets are close to zero. Small markets (in gray circles),

however, experience a signi�cant decline in volume starting in the �rst year after disclosure. In

contrast, large markets (black dots) experience no signi�cant changes. The average e�ects are

signi�cantly di�erent (-7% in small markets versus 15% in large ones, Table 7.2, panel B, col. (5)).

This di�erence can be attributed to lesser e�ects on competitors (5% in small markets versus 17%

in large ones, col. (4)) and to greater e�ects on recalled drugs in small markets (-69% versus -45%,

48 There are two exceptions: the estimated coe�cients for recalled drugs are signi�cantly smaller when drugs that
eventually exit the sample are excluded (discussed in footnote 45) and when a never-treated control group is used. The
latter estimates should be interpreted with caution, since the control group is observably di�erent and has signi�cant
pre-trends.

49 The sum of recalled and spillover e�ects in Table 7.2 is close to the estimated net market e�ect: -2,711 + 1,927 �
-1,065 in cols. (2), (4) and (5), respectively. The e�ects do not precisely match due to estimation error and changes
in sample composition caused by the exit of recalled �rms.
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col. (2)), consistent with the hypothesized patterns.

The heterogeneity analysis suggests that disclosure e�ects vary by market size, with small markets

at greater risk of experiencing shortages. To formalize this result, I repeat the analysis using

data on national drug shortages from UUDIS. In Figure 7.2, panel (f), I plot the dynamic e�ects

of recalls on shortage probabilities in small and large markets.50 Shortages are relatively rare

events�I observe fewer than 1,200 over the two decades in my data�which causes the e�ects to be

somewhat imprecisely estimated. Nevertheless, the event studies show a clear increasing pattern in

the probability of shortage over the �ve years after disclosure, with e�ects wholly concentrated in

small markets. This is equivalent to an increase in the average market's shortage probability of 33%

(2.1pp, signi�cant at p < 0.05), and in a small market's probability of 41% (2.5pp; Table 7.2, col.

(6), also signi�cant at p < 0.05).51 These results provide evidence that recalls increase short-run

supply disruptions and shortages, and consequently reduce patient access to drugs.

4.2.3. E�ects of Inspection Reports.

Next, I consider potential mechanisms behind the estimated disclosure e�ects. Speci�cally, I explore

intermediary incentives to respond to disclosure, by comparing their responses to signals of drug

quality versus supply reliability. As previously noted, inspection reports o�er a useful counterpoint

to recall announcements because they provide information about quality without disrupting sup-

ply. To isolate the e�ects of inspection reports�and speci�cally of negative quality information�I

compare changes for passing and failing drugs using a DDD design. I begin by plotting separate

DD event studies for passing and failing drugs (Figure 7.3, panels (a) and (c)). The DD �gures

show that passing (purple diamonds) and failing (red dots) drugs follow remarkably similar patterns

before disclosure. This remains true even when only OAI grades are counted as "failing," as in panel

(c). The closeness of these patterns motivates my use of the DDD design, which estimates the e�ect

of negative quality information while di�erencing out potential selection bias.

After disclosure, passing and failing drugs continue to track each other closely, implying no sig-

50 The corresponding plot for shortages in all markets is Figure A.5, panel (c).
51 These disruptions are typically short-run, as the median shortage in my data is resolved within 1.6 years according

to UUDIS data. The average e�ect in large markets is economically and statistically insigni�cant, at 0.6pp.
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ni�cant di�erences in their e�ects. The corresponding DD coe�cients are presented in Table 7.3,

columns (1)�(4). For each outcome and de�nition of failure, the passing and failing coe�cients are

remarkably close: for example, drug market share increases by 2.1pp after a passed inspection, and

by 2.0pp after a failing one (cols. (1)�(2), panel A).52 The DDD design formally quanti�es the

di�erences between these passing and failing coe�cients. Consistent with the closeness in the DD

estimates, the DDD event studies (Figure 7.3, panels (b) and (d)) and average e�ects (Table 7.3,

cols. (5)�(6)) are uniformly insigni�cant and close to zero.53

In sum, the disclosure of even the most severe inspection failures has no measurable e�ect on inter-

mediary purchases or available drug quality. These e�ects are starkly di�erent from those of recall

disclosures, which substantially reduce the share of low-quality drugs. I interpret the di�erence in

these results as suggestive evidence of intermediary preferences for supply reliability (as signaled by

recall announcements) as opposed to quality per se. Alternative explanations�such as intermedi-

aries being uninformed about inspection results, or inspection failures signaling less severe quality

problems�are less plausible, for two reasons. First, sophisticated intermediaries state that they are

aware of inspection failures, which are often well-publicized54 and can jeopardize government con-

tracts (FDA, 2024a). Second, while recall announcements may signal slightly di�erent (e.g., more

urgent) quality information than the average inspection failure, both reveal potentially "injurious"

violations, implying that quality-seeking buyers should respond to them. OAI inspection failures,

in particular, should provoke large responses�they signify the FDA's most severe quality concerns

and its intention to pursue enforcement action.55

Instead, intermediaries may not respond to inspection disclosures simply because they are not costly

52 This estimate uses the broader de�nition of failure (i.e., VAI or OAI), reported in panel A. Estimates using the
stricter de�nition (OAI only) are also close together and are presented in panel B.

53 The average e�ects range in size from -3% to 14% of the baseline values, and are precise enough to rule out
changes greater than 60% of the reductions observed after recall disclosures.

54 See, for example, the dedicated section on Fierce Pharma at https://www.�ercepharma.com/warning-letters.
55 In Figure A.6, panel B, I present complementary evidence from heterogeneity in recall e�ects by recall reasons.

Among the top eight reported reasons, recalls due to supply-related factors (e.g., violations of good manufacturing
practices and facility sterility) provoke the largest intermediary responses. Recalls with strong associations with
patient health (e.g., adverse events and drug contaminations), in contrast, have small, insigni�cant e�ects. These
patterns are also in line with the idea that intermediaries may prioritize supply reliability over patient-relevant
dimensions of quality.
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for them. Recalls, but not inspections, cause expensive supply disruptions, as discussed in Chapter

2. Consistent with this, intermediary reference manuals describe how they penalize manufactur-

ers for recalls�but do not otherwise mention quality (CardinalHealth, 2022; AmerisourceBergen,

2019). My results suggest that intermediaries may have limited incentives to act in patients' best

interests when selecting quality. They also inform policy-makers' design choices, suggesting that

the disclosure of drug reliability information�rather than of quality alone�may be most e�ective

in improving patient outcomes.

4.2.4. E�ects of Recalls on Market Structure and Patients.

Finally, I study how recall disclosures a�ect manufacturer participation and patient welfare, focusing

on net entry, prices and medication adherence. I �rst estimate how the number of manufacturers per

market evolves after disclosure. Figure 7.4, panel (a) plots the dynamic e�ects on the recalled drug's

exit probability, 56 showing a pronounced increase in exit in the three years after disclosure. The plot

is reproduced (and rescaled) in panel (b), which overlays the e�ects on competitor participation (in

green dots). The �gure shows that new drug entry more than o�sets recalled drug exit, resulting in

a small net gain in market size. The average e�ects are quanti�ed in Table 7.4, which shows that

recalled drugs become 6.7pp more likely to exit (155% of the average drug's probability, col. (1)),

in line with their estimated market share losses.

Column (3) shows that recall markets gain 0.6 (9%) net participants on average after disclosure. In

my robustness checks, I show that this increase is too small to explain the large estimated declines in

recalled drug purchases. Speci�cally, I re-estimate the DD speci�cation using a sample of markets

that experience no net participation growth. The estimated e�ects are smaller but signi�cantly

indistinguishable from the baseline ones (-0.029 versus -0.044, Table A.3, row 12 versus Table 7.2,

col. (1)), suggesting that manufacturer participation does not have �rst order e�ects on available

quality.

Turning to patient-relevant outcomes, I estimate a modest decline of 11% in the average drug price

56 The dependent variable is an indicator equal to one in the last year before a drug disappears from the Optum
data (for at least two consecutive years).
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after recalls (signi�cant only at p < 0:10; Table 5, col. 6). This coe�cient implies a change in

weighted average unit prices of less than $0.01.57 It is consistent with prior research, which �nds

only limited price changes after generic supply disruptions (Dave et al., 2018). The negative sign

of the coe�cient could be explained in several ways: for example, the disclosure of poor reliability

information could increase competition among low-reliability drugs, causing them to lower their

prices. Ultimately, since I observe only winning prices, I require a structural model to fully unpack

this result.

In my last analysis, I examine how quality disclosure a�ects patient behavior, focusing on patient

adherence to prescribed medications. Patient non-adherence is prevalent among prescription drug

users, particularly those with chronic conditions, and is associated with morbidity and mortality

costs of approximately $500bn annually (Watanabe et al., 2018). I present the event study in

Figure 7.4, panel (c), which shows that non-adherence increases rapidly after disclosure, with the

largest e�ects found in the �rst post-recall year. On average, recalls increase non-adherence by 2.1-

3.3pp (4%-5%), depending on the measure used (Table 7.4, cols. (5)�(6)). This result aligns with

previous research that emphasizes how hassle costs�like a stockout at the nearest pharmacy�can

nudge patients into non-adherence (McHorney and Spain, 2011). In my context, non-adherence may

be driven by reduced drug availability, or (theoretically) by negative quality signals, among other

factors. While I am agnostic regarding its proximal cause, I note that the estimated non-adherence

e�ects may have large costs in terms of patient health, even relative to bene�ts of improved drug

quality.

4.2.5. Summary of Quasi-Experimental Evidence

Disclosure signi�cantly improves the quality of generic drugs available to patients, even when they

have limited ability to observe quality themselves. These improvements last for up to ten years�far

longer than the duration of a typical recall�suggesting that they are driven by long-run changes

in intermediary preferences or manufacturer costs. Comparing the e�ects of di�erent disclosure

mechanisms implies that manufacturers are more forcefully penalized for signals of low reliability,

57 I present price results weighted by pre-recall drug volumes to facilitate comparison with the structural results.
The results using unweighted prices are similar in magnitude (-14%) but have signi�cant pre-trends.
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rather than of quality alone.

Taken together, my results are consistent with a story where intermediaries observe quality dis-

closures and respond by punishing unreliable manufacturers. An alternative explanation is that

manufacturers change their costs and prices after recalls, as they reoptimize their capacity and ef-

fort. Since the DD framework estimates changes in equilibrium outcomes, combining both supply-

and demand-side channels, I cannot use it to isolate the role of intermediaries, or to predict how

available quality would evolve without them. Doing this requires understanding how manufacturer

prices would change if intermediaries did not care for drug reliability; this, in turn, presupposes

information about intermediary preferences and the distribution of manufacturer costs. Ultimately,

I require a structural model to recover these parameters and to estimate the welfare e�ects of in-

termediaries and quality disclosure. In the next chapters, I develop a model of generic procurement

and reliability information that allows me to address these questions.
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CHAPTER 5

AN EMPIRICAL MODEL OF GENERIC PROCUREMENT

In this section, I develop and estimate a scoring auction model of generic procurement. This model

allows me to recover intermediary preferences for reliability, and to quantify the role of intermediaries

in disciplining available drug quality. In Chapter 6, I use this model to study the welfare e�ects of

counterfactual quality policies.

5.1. Model

I �rst present the scoring auction model, which describes how intermediary preferences for reliability

a�ect equilibrium prices and quality. I reference the auction framework and notation developed by

La�ont et al. (2020), which I adapt to a setting with incomplete price data in the next subsection.

Suppose an intermediary58 wishes to procure a quantity of a generic drug. I assume it auctions

o� a single supply contract to N � 2 manufacturers in a �rst price, sealed bid auction with no

reservation score. Manufacturer bids are di�erentiated by two characteristics: the pricebi and the

manufacturer's historical reliability qi , which the intermediary weighs using a scoring rule. The

intermediary forms expectations about manufacturer reliability�and manufacturers about inter-

mediary scoring�through repeated interactions over years and across thousands of markets. By

the start of the auction, drug reliability and the scoring rule are thus assumed to be predetermined

and common knowledge. The econometrician, however, does not observe the scoring rule and must

estimate it.59

Manufacturers are characterized by their reliability type qi and a random productivity shock � i ,

which jointly determine their cost C(� i ; qi ) of producing a drug. While manufacturer reliabilities

may be freely correlated�for example, across drugs and over time�their productivity shocks are

58 To improve clarity, I describe the case of a single buyer, but the model may be trivially extended to describe
several monopolist buyers.

59 These features of the structural model re�ect the institutional characteristics of intermediary procurement de-
scribed in Chapter 2. The inclusion of price and reliability in the scoring rule re�ects intermediaries' stated decision-
making processes, as described in their reference manuals. It is also consistent with the quasi-experimental results,
which show large responses to reliability disclosures.
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assumed to be independent of their competitors'. That is,� i is independently distributed conditional

on reliability as F (�jqi ); furthermore, this distribution (but not its realization) is commonly known.

Together, these assumptions situate the model within the conditional independent private values

framework (Milgrom and Weber, 1982).

The intermediary receives a payo� of U(qi ; bi ) = S(qi ) � bi from awarding a drug contract with

reliability qi and price bi : Given manufacturers' production technologies, La�ont et al. (2020) derive

the intermediary's optimal scoring mechanism.60 For each bid, the intermediary assigns the score

RO(� i ; qi ) = S(qi ) �
F (� i jqi )
f (� i jqi )

C� (� i ; qi ); (5.1)

and selects the manufacturer with the highestRO . In contrast to a linear-in-price score,RL (� i ; qi ) =

S(qi ) � bi , the optimal score exploits the buyer's monopoly power to induce lower prices from low-cost

manufacturers.61

Equilibrium : Under the optimal score, La�ont et al. (2020) show that each manufacturer's proba-

bility of winning is determined by

P(� i ; qi ; q� i ) =
Y

j 6= i

h
1 � F

�
� � 1(S(qj ) � S(qi ) + �( � i ; qi ); qj )jqj

�i
; (5.2)

where�( � i ; qi ) = C(� i ; qi )+
F (� i jqi )
f (� i jqi )

C� (� i ; qi ): Manufacturers choose prices to maximize their expected

pro�ts [bi (� i ; q)� C(� i ; qi )]P(� i ; qi ; q� i ). The �rst order condition yields the following type-symmetric

Bayesian Nash equilibrium bidding strategy:62

bi = � (� i ; qi ; q� i ) = C(� i ; qi ) +

R�
� i

C� (u; qi )P(u; qi ; q� i )du

P(� i ; qi ; q� i )
: (5.3)

60 This direct mechanism satis�es the manufacturers' incentive and rationality constraints within the �rst-score
auction space.

61 The empirical scoring auction literature (e.g., Krasnokutskaya et al. (2020)) has focused on linear scoring rules,
which are simpler to implement and common in real world applications where the scoring rule is known. As I describe
in the next subsection, since I do not observe the scoring rule, I test the robustness of my results to estimating the
model with both optimal and linear scores.

62 The equilibrium relies on the following additional technical assumptions: manufacturers are risk neutral and
know the number of bidders; costs are monotonically increasing in � ; and high- and low-reliability �rms do not lose
with certainty.
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This equilibrium expression is very similar to the corresponding one from the price-only auction

literature (e.g., Proposition 2 in Riley and Samuelson (1981)). It di�ers in two ways, which cause

manufacturers of di�erent reliability types to bid di�erent strategies, even in the same auctions.

First, each manufacturer type has a potentially distinct cost technologyC(� i ; qi ) and productivity

distribution F (�jqi ). Since the optimal bid is strictly increasing in both costs and productivity,

di�erences in these values generate asymmetric bidding behavior.63 (This monotonicity of the

bidding equation will also be useful for estimation). Second, manufacturers face distinct choice

probabilities P(� i ; qi ; q� i ), depending on their type. For example, intermediary preferences for

reliability increase the probability that high-reliability types win, which enhances their e�ective

di�erentiation and tends to increase their optimal price. For low-reliability types, preferences work

in the opposite direction and tend to lower prices.

5.2. Equilibrium with Reliability Disclosure

Together, the buyer scoring rule (Equation (5.1)) and manufacturer bidding strategy (Equation

(5.3)) determine the equilibrium prices and qualities of drugs available to patients. The basic struc-

ture of the model changes in three ways when new information about reliability is disclosed through

recalls. First, disclosure may a�ect bidder variable costs. For example, recalled manufacturers

may respond to disclosure by increasing their e�ort or reducing their capacity in order to improve

reliability, and thereby increasing costs. The �rst term of the optimal bidding function (Equation

(5.3)) implies that increases in manufacturer costs are partly passed on to the intermediary�and

ultimately to patients�through higher prices. Second, manufacturers' optimal bidding strategies

may change: for example, low-reliability types may strategically reduce their prices (which enter

the second term in Equation (5.3)) in order to improve their chances of winning.

Third, recalls may allow buyers to update their expectations about bidder reliability. As previously

noted, if intermediaries prefer more reliable manufacturers, disclosure decreases the e�ective compe-

tition among high-reliability types and raises their optimal prices. If reliability is costly, disclosure

may also reduce productive e�ciency by shifting intermediary purchases to higher-cost bidders.

63 I follow the notation used in La�ont et al. (2020), which implies that costs are increasing in the "ine�ciency" � .
For exposition, I refer to � as productivity.

36



Theoretically, whether disclosure is socially optimal depends on whether the bene�ts of improved

reliability outweigh the potential costs of reduced competition and productive e�ciency.

Finally, I note that this analysis is only partial, since I do not model patients' demand responses,

or long-run e�ects on manufacturer participation and quality investment. The quasi-experimental

results, however, suggest that these omitted forces are unlikely to have �rst order consequences

in the short- to medium-run. For example, the average market experiences no measurable change

in total patient consumption after disclosure. Similarly, small estimated changes in manufacturer

participation have no signi�cant e�ects on intermediary purchases or available drug quality. I leave

the study of these long-run forces to future work.

5.3. Estimation

The key primitives of the scoring auction model are buyer preferences for qualityS(q), the cost

function C(� i ; qi ) and the distributions of manufacturer productivities F (� i jqi ). By adapting the

arguments of Guerre et al. (2000), these objects can be non-parametrically identi�ed with complete

data on prices, qualities and the number of bidders (La�ont et al., 2020). My innovation is to

demonstrate how the model can be identi�ed and estimated using incomplete pricing data, as is

common in empirical applications.

Identi�cation with incomplete prices is non-standard because the model incorporates two forms

of bidder asymmetry: variation in ex ante bidder characteristics (costs and productivities) and in

buyer preferences for bids. Models with only the �rst form of asymmetry are identi�ed from data

on the winning bid and the winner's identity (Athey and Haile, 2002). In this subsection, I show

that a model with both forms of asymmetry is also identi�ed from these data (and complete data on

reliabilities), for both optimal and linear scores. My approach is general and can be easily adapted

to other scoring formats, such as polynomial scores (e.g.,S(qi ) � b2
i ) and quality-to-price ratios.

5.3.1. Unobserved Losing Prices.

First, I describe the information that can be recovered about the unobserved price distributions

from winning price data. The scoring rule (Equation (5.1)) implies that prices are only observed
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when the bidder has the highest score, which in turn depends on all bidder types. This suggests

that the information that can be recovered will depend on the scoring rule and the composition of

bidder types per auction.

In symmetric auctions�where bidders of only one type participate�the unobserved price distri-

butions can be fully recovered from the winning prices. Here, the winning price is necessarily the

minimum from each auction, and prices are independently and identically distributed (since bidder

types are also identical). This allows me to recover the price distribution using the properties of the

�rst order statistic (Athey and Haile, 2002). However, the order statistics method cannot be used

to identify the price distribution in asymmetric auctions, where prices are neither independently

nor identically distributed. To see this, note that the optimal bidding strategy in Equation (5.3)

depends onqi , and thus implies di�erent and potentially correlated price distributions for each

manufacturer type. Furthermore, if buyers prefer reliability, winning prices need not be minimum

prices, unless they were submitted by the least reliable bidders.

For most scoring rules, identifying buyer preferences requires the price distributions from at least

one type of auction with variation in winner type (i.e., an asymmetric one).64 I now show that the

price distributions from asymmetric auctions can be non-parametrically recovered, up to a guess

of the buyer preferences. For exposition, I focus on the simple case of thelinear score with two

bidder reliability types, t 2 f H; L g. In Appendix B, I show that the identi�cation argument can be

extended to other scoring rules and an arbitrary, �nite number of types. LetN t refer to the number

of type t bidders in an auction, and let prices be distributed asbt � Gt (�jqi = t; q� i ): I �rst rewrite

the observed winning price distributions using Bayes' Rule:

P r (bt;i ji wins) =
P r (i winsjbt;i )P r (bt;i )

P r (i wins);

where I suppress conditioning onqi = t; q� i throughout. After substituting in the linear scoring

64 In the special case of the optimal score, the price distributions from symmetric auctions (of each manufacturer
type) are su�cient to identify buyer preferences, as I describe later in this subsection.
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rule and rearranging terms, the following holds for high-reliability types:

P r (bH;i ji wins)P r (i wins) =
�
1 � GL (bH;i � � S)

� NL
�
1 � GH (bH;i )

� NH � 1gH (bH;i ): (5.4)

Note that the buyer preferences for reliability have been normalized relative to the lowest reliability

type, as � S = S(qH ) � S(qL ): The preferences are thus identi�ed up to a location, as in discrete

choice models. Similarly, for low-reliability types, I can write:

P r (bL;i ji wins)P r (i wins) =
�
1 � GH (bL;i + � S)

� NH
�
1 � GL (bL;i )

� NL � 1gL (bL;i ): (5.5)

In these equations, the left-hand side is the ratio of two probabilities�the likelihood that the winning

price bt is observed, and that the focal bidderi wins. Both of these objects can be estimated from

the observed data using standard kernel methods, which implies that Equations (5.4) and (5.5)

de�ne a system of two nonlinear functional equations in the two unknowns that I wish to recover,

gL (bL ) and gH (bH ). Since the equations include the cumulative distribution functions, the solution

at each price in the support depends on the sum of all prior solutions. Intuitively, this identi�cation

strategy exploits two pieces of information from each auction. First, knowing the type of the winning

bidder tells me about the relative order of the lowestbL and bH , up to the guess of the preference

� S. Second, the observed winning price provides a lower bound for the losing one, which allows

me to carve out the marginal probability of each price.

To estimate gL (bL ) and gH (bH ), I �rst recover the left-hand side objects using standard non-

parametric kernel density estimators. Throughout, I use triweight kernels and rule-of-thumb band-

widths, following Li et al. (2000). I then discretize the prices and solve forgL (bL ) and gH (bL + � S)

at each point in the price grid, starting with the lowest price b: A solution to this system exists

at each price, up to a de�ned cuto�, as long as the grid is su�ciently �ne. 65 Above this cuto�,

one bidder type wins with certainty, implying that the losers' bids are not de�ned by the model

65 The cuto� is b� � S for bL and b+ � S for bH . For derivations of (5.4) and (5.5), as well as proofs and additional
conditions regarding uniqueness, please refer to Appendix B. I also provide additional details regarding the estimation
algorithm there.
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(Hubbard and Paarsch, 2014). Monte Carlo simulations presented in Appendix B.2 indicate that

this procedure recovers the true bids and preferences without bias.66

5.3.2. Costs and Productivities.

With complete information about prices, La�ont et al. (2020) show that manufacturer costs and

productivities can be identi�ed by extending the methods of GPV. As noted in the previous sub-

section, the equilibrium bidding function (5.3) is strictly monotonic in � i . The one-to-one mapping

between � i and bi implies that a �rm's probability of winning given � i is equivalent to its proba-

bility given bi (� i ); in equations, that is P(� i ; qi ; q� i ) = H (bi (� i ); qi ; q� i ): The bidding strategy can

therefore be rewritten, after di�erentiating with respect to � i , as:

b(� i ; qi ; q� i ) = C(� i ; qi ) �
H (bi ; qi ; q� i )
Hb(bi ; qi ; q� i )

: (5.6)

To apply Equation (5.6) with partial price data, I �rst rewrite H using Bayes' Rule:

H (bi ; qi ; q� i ) =
P r (bi ji wins; qi ; q� i )P r (i winsjqi ; q� i )

P r (bi jqi ; q� i )
; (5.7)

where each object on the right-hand side was already recovered when estimating the price distri-

butions. Using Ĥ (bi ; qi ; q� i ) and prices simulated fromĜ(bjqi ; q� i ), I then apply Equation (5.6) to

recover the distribution of costs for each bidder type.

To recover productivities, I follow La�ont et al. (2020) in assuming that the cost function is multi-

plicatively separable in � i and qi . Productivities are then estimated as the residual from projecting

logged costs on bidder reliability:

logĈ(� i ; qi ) = log C0(qi ) + log � i :
66 After following the multi-stage estimation algorithm described in this subsection (with incomplete price data),

the standard deviation of the estimated parameter � S is approximately 50% larger than when using the methodology
of La�ont et al. (2020) (with complete data).
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5.3.3. Intermediary preferences.

In principle, having recovered the cost functions and productivity distributions, buyer preferences

could be estimated by simulating winning prices for each guess of� S, and then selecting the

value that minimizes the distance between the observed and simulated prices. This would set up

a nested �xed point algorithm similar to that used in single-agent dynamic games (Rust, 1987).

However, �nding the equilibrium prices in asymmetric auctions (the "inner loop") is computa-

tionally demanding and usually requires numerical methods that introduce approximation error

(Hubbard and Paarsch, 2014).67 Instead, it is computationally convenient to reformulate the esti-

mation problem from one in price spaceto another in productivity space, as I describe below. This

approach is valid because each guess of� S is associated with a unique equilibrium price solution

(Lebrun, 1999).

Conceptually, my approach has similarities to two-step methods for estimating dynamic games,

which approximate a challenging inner loop by mapping it to probability space and forward sim-

ulating it (Hotz et al., 1994; Aguirregabiria and Mira, 2007). In my inner loop, I map the prices

from asymmetric auctions to estimated productivities, which I then compare against the "true" pro-

ductivities from symmetric auctions in my outer loop. While my approach is tractable and avoids

approximation error, it introduces an additional source of estimation error.

For the optimal score, I follow La�ont et al. (2020) and repose the estimation problem as a discrete

choice one. I rewrite the optimal scoring rule in Equation (5.1) as follows: a buyer selects bidi if

67 For example, the equilibrium prices from a linear score solve the following non-linear system of ordinary di�erential
equations (ODEs):

v0
L (b � � S) =

1 � FL (vL (b � � S))
(b � vH (b)) f L (vL (b � � S))

v0
H (b+ � S) =

1 � FH (vH (b+ � S))
(b � vL (b)) f H (vH (b+ � S))

;

where NL ; NH = 1 and v = b� 1 : This has the following boundary conditions: b(� ) = b, bH (� ) = b+� S and bL (� ) = b,
where b is not known. Solving this system is challenging because the Lipschitz condition does not hold near �;
implying that standard numerical methods for ODEs do not apply. Hubbard and Paarsch (2014) compare various
numerical strategies for solving this type of problem, including shooting, projection and �xed point methods. These
methods introduce approximation error and are generally not guaranteed to be stable given estimation error in f̂ (� ).
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and only if

S(qi ) � �̂ i � S(qj ) � �̂ j 8j 2 f 1; :::; N g; j 6= i; (5.8)

where the distribution of the "random term" �̂ i = �( �̂ i ; qi ) is a known function of the productivities

� i and has thus already been recovered. In this case, Matzkin (1991) shows that the buyer preferences

� S are non-parametrically identi�ed and can be estimated by maximizing the following likelihood

equation:68

�̂ S = argmax L (� S) =
AX

a=1

NX

i =1

1(i wins a) log P̂ (i winsjqi ; q� i ; � S);

where A is the number of auctions, and the indicator1(i wins a) is observed in the data. The �nal

term, the ex ante choice probability P(i winsjqi ; q� i ; � S), is equal to
R�

� P̂ (� i ; qi ; q� i )f̂ (� i jqi )d� i ;

where P(� i ; qi ; q� i ) is de�ned in Equation (5.2).

This identi�cation strategy relies on two key assumptions. First, it assumes that bidder productiv-

ities are identically distributed across symmetric and asymmetric auctions (conditional on bidder

type and auction-level characteristics).69 This assumption is standard in the empirical auction

literature, where it is applied to allow researchers to pool data across auctions during estimation

(GPV). I describe potential threats to it and supporting empirical evidence in the following subsec-

tion. Second, this strategy assumes that the buyer's scoring rule only depends on the characteristics

of the focal bidder (Equation (5.1)). This assumption is speci�c to the optimal score; in general,

most scores depend on all bidder characteristics through the price. Together, these two assump-

tions imply that the distribution of optimal scores in symmetric auctions fully identi�es those in

asymmetric ones, allowing the researcher to apply Equation (5.8) for estimation.

Next, I propose a more general method that identi�es the buyer's preferences under other scoring

68 In contrast to typical applications of maximum likelihood estimation, Matzkin's procedure does not involve
parametric assumptions on the error term, since their distribution is already recovered. In this sense, the estimation
of � S is fully non-parametric.

69 I discuss how I control for auction-level observables and �xed e�ects later in this subsection.
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formats, including the linear score. My approach is computationally tractable and accounts for the

fact that the score may depend on all bidder characteristics.70 To pin down the preferences, it relies

on matching the distributions of �̂ i from asymmetric auctions�which are conditional on the guess

of � S�to the �̂ i recovered from symmetric auctions�which are not. As before, the identifying

assumption is that the distribution of � i is identical across auctions, conditional on bidder type and

auction-level characteristics. I then estimate� S using maximum likelihood:

�̂ S = argmax L (� S) =
AX

a=1

NX

i =1

log f̂ asym(�̂ sym;i jqi ; � S):

5.3.4. Sample and Heterogeneity.

To estimate the structural model, I use bid-level data on drug reliability, auction characteristics

and winning prices. Descriptive statistics for these data are presented in Table A.5. I measure

historical reliability using an indicator for drugs that were recalled within the last �ve years (which

are considered "low-reliability"). 71 This de�nition is consistent with the reduced form evidence,

which shows persistent e�ects on the recalled drug share for up to a decade. It also formalizes

the idea that low quality and low reliability are closely related. From the patient's perspective,

recently-recalled drugs are low-quality; from the intermediary's, they are also unreliable, because

recalls signal a high risk of future supply disruptions.72 The table shows that, under this de�nition,

low reliability is relatively rare: 27% auctions have at least one low reliability bidder, and 5% have

two or more. To take my model to the data, I further assume that intermediaries evaluate reliability

using one collective, optimal score, and then explore the robustness of my estimates to other scoring

assumptions.

The auctioned supply contracts in my data are observably heterogeneous�di�ering, for instance, in

their realized volumes and drug characteristics. I therefore use the standard method of Haile et al.

70 This implies that scores are non-identically distributed in symmetric and asymmetric auctions, and thus the
distribution of �̂ i in Equation (5.8) is not known.

71 I experiment with other de�nitions of reliability in my robustness checks, discussed in Section 5.4. These generate
similar estimates of buyer preferences.

72 However, this de�nition does not capture other observable and unobservable characteristics of low quality, such
as those disclosed by failing inspection reports.
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(2003)73 to semi-parametrically control for auction-level characteristics. The results from the �rst

stage homogenization are presented in Table A.6. My regression includes the realized contract vol-

ume and volume squared, the intermediary's identity, the number of bidders and drug characteristics

that may a�ect manufacturing costs, such as the therapeutic area (ATC-1) and extended delivery

mechanisms. Since generic prices exhibit strong de�ationary trends during my sample period, I also

include year �xed e�ects. The estimated coe�cients are consistent with signi�cant and decreasing

economies of scale, modest price variation across intermediaries and higher prices for extended-

release drugs. I also observe signi�cant price variation across therapeutic areas: for example, drugs

that treat neurological conditions (e.g., anti-seizure medications) are priced 12% to 42% higher than

cardiovascular and respiratory drugs (e.g., statins and cough suppressants). Overall, the estimated

patterns are very similar to those found by Cuddy (2020) in this market.

I plot the distributions of the winning homogenized prices in Figure 7.5. The �gure shows that high-

reliability prices (solid blue) are systematically greater than (i.e., nearly stochastically dominate)

those of low-reliability types (dashed green). This pattern could be potentially consistent with both

sources of bidder asymmetry: �rst, low-reliability manufacturers might enjoy a lower cost structure,

passed through in the form of lower prices. Second, intermediaries might prefer high reliability,

causing low-reliability types to only win at lower prices. A key objective of the structural model is

to separately estimate these sources of asymmetry.

For the purposes of the structural model, I de�ne a market as a molecule-formulation-strength

combination. (This matches the level at which generic auctions take place (CMS, 2024), but is

slightly smaller than the standard de�nition from the literature.) Following Cuddy (2020), I limit

my sample to oral generics, which are manufactured using plausibly similar production technologies

and represent over 70% of my sample.74 Finally, I trim the top 5% of homogenized prices and

auctions by size (those with more than 8 bidders). My �nal sample includes 276,495 bids from

73 This adjustment assumes that observable heterogeneity enters the prices in a separable fashion. It is valid if the
observed characteristics shift the distribution of productivities in the same way for all bidders. In the case of optimal
and linear scores, this adjustment preserves equilibrium bidding.

74 Injected and topical drugs are typically more expensive to produce, in part because they require sterile manufac-
turing conditions and specialized equipment.

44



67,880 auctions over 2010-2022. From this, I set aside observations from 2022, which I later use as

a test sample to evaluate the �t of my model.

5.4. Results

Figure 7.6 presents the key objects recovered from the structural model: the distributions of manu-

facturer costs (panel (a)) and productivities (b), and intermediaries' choice probabilities (c). Each

object is presented in homogenized price terms and separately for high- (solid blue) and low-

reliability (dashed green) manufacturers. Panel (a) plots the �rst object, the cumulative densities

of manufacturer unit costs C(� i ; qi ). It shows that drug costs are vary widely, with dispersion

comparable to that of the winning prices. High-type costs stochastically dominate low-type ones,

suggesting that reliable drugs cost signi�cantly more to produce (31% on average).

My cost estimates are credible, in the sense that they imply price-cost margins close to those reported

by generic manufacturers. To calculate price-cost margins, I take the ratio of the estimated winning

prices and costs and weight them by the realized volume of each contract (Starc and Wollmann,

Forthcoming). I then compare the median estimated margin to the operating margins reported by

the largest manufacturers in my data. This comparison is only approximate, since the reported

margins include certain unrelated line items.75 Nevertheless, it is reassuring that my estimated

margin (25%) falls within the manufacturers' reported range of 18-29%.

The second objects�the estimated productivity distributions�are presented in Figure 7.6, panel

(b). After controlling for average di�erences in high- and low-type costs, I �nd that manufacturer

productivities are distributed relatively similarly. Above the 80th percentile, low-type manufacturers

have slightly larger estimates, or less e�cient production capabilities.

The �nal and most important objects are the buyer preferences for reliability, which govern the

extent to which intermediaries discipline quality in my model. Identifying the preferences requires

75 Reported margins typically include �xed general and administration costs, as well as ex-U.S. pro�ts and specialty
drug pro�ts (which may decrease or increase the reported margin). I use data from the following seven manufacturers
with public �nancial reports: Teva, Zydus, Lupin, Glenmark, Aurobindo, Mylan and Dr. Reddy's. I exclude data
from 2013-2015, when several manufacturers participated in a price-�xing cartel.
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the standard assumption76 that bidder productivities are identically distributed in symmetric and

asymmetric auctions (conditional on manufacturer type and auction-level characteristics). I now

brie�y discuss the empirical content of this assumption before providing evidence for it.

In an asymmetric auction context, at least three sources of non-random variation may threaten the

identifying assumption. For exposition, I refer to an asymmetric auctionA := f NH > 0; NL > 0g,

which I compare against a symmetric, high-reliability auction S := f NH = N; N L = 0g that di�ers

only in that it has not yet experienced a recall. First, if recalls are not randomly assigned�for

example, if they disproportionately a�ect drugs with small productivity shocks�then the high-

type shocks in auction A will be greater than those in S, on average. To test for this source

of "reclassi�cation bias," I estimate and compare the distributions of productivities in not-yet-

symmetric and not-yet-asymmetric auctions.77 Intuitively, this test exploits the same source of

plausibly exogenous variation in recall timing as the quasi-experimental strategy does. Figure A.7,

panel (a) presents the estimated distributions across symmetric, always high-reliability (solid blue);

symmetric, not-yet-low-reliability (solid green) and not-yet-asymmetric (dashed purple) auctions.

The closeness of these distributions�con�rmed using a Wald test�suggests that the identifying

assumption holds, at least in the periodbefore each auction's �rst recall. Since I cannot directly

compare symmetric and asymmetric productivitiesafter the �rst recall, 78 I use a complementary set

of tests to explore whether the auctions observably di�er during this period. I focus on manufacturer

size, which has �rst order implications for productivities through economies of scale. Figure A.7,

panels (c)�(h) present the distributions of sizes in the main estimation sample by auction type.

The plots show no systematic di�erences between symmetric and asymmetric auctions, and Wald

tests fail to reject the null hypothesis that the means are identical, suggesting that the productivities

may also be balanced.

Second, if manufacturers are more likely to enter or exit auctions with recent recalls, this may alter

76 This assumption can be justi�ed by a stationary competitive environment with random bidder entry
(Athey and Haile, 2002).

77 I compare the estimated productivities in symmetric, never-recalled auctions; symmetric, not-yet-recalled; and
asymmetric never-recalled and not-yet-recalled ones.

78 Recovering productivities in asymmetric auctions requires knowing the equilibrium asymmetric bidding strategy.
This depends on the buyer preferences, whose identi�cation requires the assumption we are evaluating.
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the productivity distributions in auctions A and S. To test for this kind of selective participation,

I estimate the structural model using a subpanel of auctions that do not experience changes in

bidder participation. These results are presented in Table A.7, row 5, and are qualitatively similar

to the baseline estimates (row 1). Finally, it is possible that high- and low-reliability manufacturers

may respond to recalls bystrategically adjusting costs, such that the high-type productivities in A

systematically di�er from those in S. I am not able to separately identify these changes for high-

and low-reliability types, and I maintain the assumption that the estimated cost changes before and

after recalls are attributed to the recently recalled drugs.

I �nd that intermediaries have substantial preferences for reliability: they are willing to pay up to

13% more to purchase a high-reliability drug (or 0.75, relative to the mean homogenized price of

5.88). Figure 7.6, panel (c) visualizes how buyer preferences a�ect their choices in my data, plotting

the choice probabilities as functions of price and bidder type. It shows that buyers aggressively

penalize low-reliability manufacturers (dashed), whose probability of winning declines faster and

farther in prices, relative to high-reliability types (solid). One way to interpret the preference

estimate is as intermediaries' expected value from avoiding future supply disruptions. Since recalled

drugs are 3.4 times more likely to be recalled again (within 5 years, relative to not recalled ones),

this implies that intermediaries are willing to pay a 2% premium for each 10% reduction in their

future recall probability. 79

The preference estimates are interesting because they show that intermediaries prioritize reliability,

breaking with standard characterizations of the generics market. The FDA, for example, has recently

described the market as fundamentally unable "to observe and reward quality" or to "penalize

manufacturers that fail to invest in... facilities to assure a reliable supply" (Force, 2019). On the

other hand, these estimates are perfectly consistent with intermediaries' own statements about their

decision-making processes, which describe reliability as a �rst order concern (Chapter 2). They are

also broadly in line with preferences for reliability reported from other scoring auction settings,

79 Speci�cally, previously recalled drugs are recalled 15.5% of the time, versus 4.5% for not recalled drugs. Given
buyers' 13% preference for high-reliability drugs, this implies an elasticity of :13=(( :045=:155) � 1) � :1 = 2%:
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which range from 19%-68%, suggesting my estimates may be on the conservative end.80

5.4.1. Model Fit and Robustness.

In addition to the cost and preference benchmarks discussed above, I assess the �t of my model in two

ways. First, I focus on the model's ability to predict post-recall outcomesin sample, for observations

used in estimation. I predict the equilibrium outcomes�recalled and competitor prices and market

shares�using pre-recall, ex antedata, and then compare the predictions against the observed data.

The results from this exercise are presented in Figure 7.7. Panel (a) presents the cumulative winning

price distributions, and panel (c) shows the shares of high-reliability drugs after recalls. The close

correspondence between the model's predictions (dashed) and the real values (solid) indicates the

good �t of the model in sample. Next, I repeat this exercise using post-recall data from the test

sample (the year 2022, which was not used in estimation). This sample includes 261 recalls, whose

outcomes I predict only once. The results are presented in panels (b) and (d), which show that

predicted out-of-sample �t is also excellent.81

Finally, I assess the robustness of my model to perturbations in the estimation sample and main-

tained assumptions. Table A.7 presents the estimates of buyer preferences (col. (1)) and average

di�erence between low- and high-type bidder costs (2) recovered with these changes. The �rst

row presents the baseline model estimates�assuming that buyers use an optimal score, and that

low-reliability drugs are captured by those recalled within the past �ve years. In the second row,

I apply an alternative de�nition of low-reliability, which includes drugs recalled in the last decade

but excludes those recalled in the last year. Intuitively, this de�nition tests the persistence of buyer

preferences while dropping the auctions most likely to be a�ected by inertia. In the third row, I

assess heterogeneity in the estimates by auction size, presenting the estimates from a sample of

80 These include 19% for public utilities in Italy (Spagnolo, 2012), 23%-68% for public electricity contracts in the
United States (Cameron, 2000), 33%-51% in online private auctions (Krasnokutskaya et al., 2020; Jin and Kato,
2006), < 50% for public contracting in Finland (Jääskeläinen and Tukiainen, 2019), and > 60% for public IT service
contracts in Italy (Albano et al., 2009). My estimates may be lower because intermediaries are typically reimbursed
for the direct costs of recalled drugs and are not legally liable for associated injuries.

81 I note that con�dence intervals are not typically reported in the empirical non-parametric auction literature,
since it is not clear whether the estimators converge in a distributional sense. Marmer and Shneyerov (2012) and
Ma et al. (2019) have recently proposed pointwise con�dence intervals for price-only auctions, but I am not aware of
any research that has applied these to scoring auctions.
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auctions with N = 2 bidders. In row four, to isolate changes in recalled drug costs before and after

disclosure, I present estimates from a sample of recalled and not-yet-recalled drugs (similar to that

used in the quasi-experimental results). In row �ve, to evaluate the importance of selection in man-

ufacturer participation, I estimate the model using a "balanced" panel of auctions without entry or

exit. The �nal row presents the estimates when buyers are assumed to use a linear score. In each

test, I estimate positive intermediary preferences for reliability and greater costs for high-reliability

drugs. The directional similarity in these estimates suggests that the key patterns from my model

are robust.
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CHAPTER 6

COUNTERFACTUAL ANALYSES

In this chapter, I use the estimated model to study the welfare consequences of informed interme-

diaries and to evaluate counterfactual quality policies. Throughout, my outcomes of interest are

available drug quality, equilibrium prices and manufacturer and intermediary surplus.

To assess the model's implications for patients, I focus on two patient welfare-relevant objects:

drug quality and prices. Drug quality a�ects patient well-being through multiple channels. As

previously noted, low-quality (i.e., recently recalled) drugs have manufacturing defects that may

cause serious injury or death. Low quality also causes supply disruptions that reduce patient

medication adherence (as shown in Section 4.2), which can in turn worsen health outcomes.82

The second object�wholesale prices�a�ects patient welfare indirectly, in the form of higher retail

("usual and customary") prices and increased insurance premiums. I do not calculate an explicit

measure of patient welfare, since this is challenging to do when patients pay little to no attention to

product characteristics. (In my setting, for example, patients are unable to observe quality and are

insulated from price changes through insurance.) I note, however, that drug quality has received

extensive media and policy attention, suggesting that it is highly socially valuable.

My analysis captures changes in manufacturer variable surplus, net of one-time recall costs.83 I

calculate this object using predicted winning prices and unit costs, weighted by realized contract

volumes. Since manufacturers are typically required to reimburse intermediaries for the costs of

recalled products, I subtract these one-time costs from manufacturer pro�ts.84 I calculate interme-

diary surplus using their payo� function U(qi ; bi ) = S(qi ) � bi , weighted by contract volumes. Since

I identify intermediary preferences S(qi ) up to a location normalization, I solve for the location
82 To the extent that patients can observe quality signals, low quality can also theoretically worsen their perceptions

of drug value. While generic aversion is important in many countries (Atal et al., 2022), it does not play a central
role in the U.S. market, where generics capture over 90% share. As discussed in Chapter 2, patients are unlikely to
observe speci�c drugs' quality signals, but may read general media coverage about quality failures.

83 Since I estimate unit costs, I also capture certain �xed costs incurred at the drug contract level (e.g., batch testing
costs).

84 I assume that 10% of the recalled revenues are returned, based on the approximate recalled volumes from the
recall data. My main results are not directionally sensitive to this assumption.
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S(qi = 0) that maximizes intermediary surplus given the other parameter estimates.85 I measure

intermediary surplus using drugs' ex post disclosed quality, relying on the assumption that qual-

ity is stable over the time horizons that I study (discussed in Chapter 2). I present all values in

non-homogenized, volume-weighted dollar terms.

Finally, I brie�y describe how I simulate the counterfactual environments and solve for equilibrium

outcomes. As previously discussed, I focus on changes in intermediary choices and manufacturer

costs and prices, holding contract volumes, manufacturer participation and quality �xed. I also

assume that buyers evaluate bids using the optimal score, which �ts my data well and is computa-

tionally convenient. In each counterfactual, I simulate 50 draws of productivities� from F (�jqi ) per

bidder. For each draw of� , I calculate bidder costs and buyer choice functions, and then integrate

over these objects to �nd bidders' equilibrium pricing strategies (Equation 5.3). Finally, I use the

optimal scoring rule (Equation 5.1) to identify the winners of each auction.

6.1. The Role of Informed Intermediaries

My �rst counterfactuals study the welfare implications of informed intermediaries by simulating how

available quality would change without them. Since patients lack information about drug quality,

intermediaries can theoretically improve welfare by selecting higher-quality, more reliable drugs.

Intermediaries also, however, increase the di�erentiation of high-reliability manufacturers, which

may reduce competition and raise prices. Finally, they may decrease allocative e�ciency by shifting

market share to higher-cost manufacturers.

To quantify these e�ects, I model a counterfactual environment in which intermediary preferences

for reliability (or equivalently, their information about it) are reduced to zero ( � S0 = 0 ). Ta-

ble 7.5, column (1) presents the counterfactual results, which I compare against the status quo in

column (2). As expected, informed intermediaries substantially increase the share of high-quality

drugs (by 14pp, 27%), relative to the zero-preference counterfactual. Their price e�ects are also

intuitive, though modest: high-reliability manufacturer prices increase by $0.01 (3%, or 0% at the

85 This value (7.40 in homogenized terms) is in the neighborhood of the one obtained through an alternative
approach, which calibrates S(qi = 0) so that intermediary surplus matches their reported pro�t margins (7.85).
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median), consistent with increased di�erentiation, while low-reliability prices are essentially un-

changed. Taken together, the changes in quality and price imply that patients are almost certainly

better o� under informed intermediaries. Consistent with these patterns, I �nd that intermediary

responses reward high-reliability manufacturers (whose pro�ts increase by 28%), while penalizing

low-reliability ones (whose pro�ts decrease by 37%, but fail to o�set the gains for high-types). Inter-

mediary surplus increases slightly, as they make better decisions with more complete information,

and total producer (i.e., manufacturer plus intermediary) surplus increases by 1%.

My results show that intermediaries improve short-run welfare, relative to a counterfactual where

they do not respond to quality disclosure. Intermediaries force manufacturers to compete on relia-

bility, which improves quality without meaningfully changing prices, and slightly increases producer

surplus. In the long-run, these actions are likely to encourage manufacturer investment in reliability

and may increase the entry of high-reliability drugs.

An alternative interpretation of this counterfactual is that it compares the performance of price-only

and scoring auctions. Viewed through this lens, it reproduces a key prediction from the theoretical

scoring auction literature: that buyers surplus should increase under scoring rules, as opposed to

price-only ones (Asker and Cantillon, 2008).86 Intuitively, this is because price-only auctions limit

the space over which buyers and bidders can maximize, consequently reducing their surplus.

6.2. Proposed Policies

In my second counterfactual, I explore whether alternative quality policies�which may improve

the alignment between intermediary and social incentives, but are costly to implement�are likely

to increase welfare. This exercise is motivated by two recent proposals from the Biden administra-

tion that seek to improve pharmaceutical reliability (Department of Health and Human Services,

2024).87 The �rst policy would increase intermediary information about drug reliability by devel-

86 Intermediary surplus is even lower in a closely related counterfactual, with price-only scores and a minimum
quality standard. Speci�cally, if bidders could costlessly "convert" to high-reliability types, buyer surplus would also
be lower than in the scoring auction counterfactual (46%). This is because manufacturer costs and prices increase by
more than intermediaries are willing to pay for reliability in the status quo scoring auction environment.

87 I refer to the proposed Manufacturer Resiliency Assessment Program (MRAP) and Hospital Resilient Supply
Program (HRSP). Related "pay-for-performance" policies have been proposed by the FDA (Wosi«ska and Frank,
2023) and in the Senate (Senate Legislative Counsel, 2024). I note that the HHS white paper focuses on drugs
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oping and disclosing new reliability measures. The second would subsidize high-reliability drugs,

or impose penalties for purchasing low-reliability ones, using a "pay-for-performance" structure

(P4P). Both policies aim to increase demand for reliable drugs, and thereby incentivize reliability

investments throughout the supply chain.

My quasi-experimental results suggest that the �rst policy�targeting transparency�may be re-

dundant in the oral generic market, given intermediaries' already high awareness of drug reliability.

Put another way, the "market information failures" that the policy targets are simply less severe

in settings where intermediaries are the key decision-makers. The second�targeting intermediary

incentives�could theoretically improve welfare if intermediaries undervalue reliability relative to

the social planner. To evaluate this possibility, I simulate a counterfactual environment in which

intermediary preferences for reliability are increased through a combination of subsidies and penal-

ties. I calculate the social costs of the policy assuming a public cost of funds of 20% and consider

two payment structures: 100% subsidies and a mix of 80% subsidies with 20% penalties.88

The counterfactual policy results are presented in Table 7.5, col. (3). The table reports outcomes

from one potential version of the P4P policy, which would double intermediary preferences for

reliability (from 13% to 26% of the average price). Relative to the status quo (col. (2)), the P4P

policy increases available drug quality by 16pp (24%)�a similar increase to that observed between

the no-preference and status quo environments in the �rst counterfactual (cols. (1)�(2)). Under the

P4P policy, however, equilibrium prices grow by a much larger relative amount (by 29% versus 3%).

This growth is primarily explained by the adverse e�ects of the policy on competition: as high-

reliability types become more di�erentiated, they increase their o�ered prices by an average of 37%.

Figure A.8 reproduces these outcomes for other versions of the P4P policy, which alter intermediary

preferences to greater or lesser degrees (from the status quo of 13% up to 50% of average prices).

administered in hospitals, in part because this would allow the policy to build on existing Centers for Medicare and
Medicaid Services programs without additional statutory authorities (Department of Health and Human Services,
2024). The white paper states that the policies may be extended to the broader generics market, where supply chain
issues are also common, which is where my analysis focuses.

88 The �rst pays intermediaries a 13% premium for each high-reliability drug purchase. The second assumes that
intermediaries bear 20% of the costs for the program, and are alternately taxed (or paid) 13% of the average price
for each low- (high-) reliability drug purchase.
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Panel (a) plots intermediaries' e�ective preferences on thex� axis against the share of high-quality

drugs (solid) and equilibrium prices (dashed) on they� axis. Panel (b) shows the implied elasticity

from these changes: the percentage price increase required for each 10% improvement in quality.

The �gures show that the policy's costs for patients increase gradually around the status quo (a 64%

high-quality share), and then sharply above an 80% high-quality share, rising from a 10% elasticity

to more than 25%. In other words, while the P4P policy substantially improves quality, it becomes

rapidly more expensive as quality increases, with uncertain patient welfare implications.89

On the producer side, Table 7.5, column (3) shows that the policy's costs are primarily concen-

trated among low-reliability manufacturers. For example, under a policy that doubles intermediary

preferences, low-reliability pro�ts decrease by 48%, while high-reliability pro�ts increase by 60%.

Total producer surplus (less the social cost of the program) increases by 14-15%, depending on the

mix of subsidies and penalties used. Overall, the supply-side e�ects suggest that the P4P policy

is likely to increase manufacturing costs and may drive low-reliability manufacturers from market,

which would reduce productive e�ciency and competition in the long-run.

6.3. Quality Disclosure Mechanisms

In my �nal counterfactuals, I study the FDA's current recall disclosure policies and decompose

their supply- and demand-side mechanisms, linking the structural analysis to the quasi-experimental

results of Chapter 4. To study the welfare e�ects of disclosure, I �rst simulate market outcomes

before and after recall announcements (updatingq and redrawing � to re�ect the disclosed quality

information). 90 Table 7.6 reports the results: columns (1) and (2) show the pre- and post-disclosure

outcomes, respectively, while column (3) presents the percentage changes. Consistent with my

quasi-experimental �ndings, I �nd that recall disclosure increases the share of high-quality drugs

(by 6%) with relatively small e�ects on prices (-11% on average, or 0% at the median). These results

suggest that the disclosure policy bene�ts patients in the short-run (though they do not consider

89 Prior research indicates that patient demand for generic drugs is highly inelastic�with estimates ranging from
-0.2 to -0.03�suggesting that the increases in quality could still potentially be patient welfare-improving, but this is
not obvious (Yeung et al., 2018).

90 For this exercise, I limit my sample to drugs in markets that experience recalls, but no change in manufacturer
participation.
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potential welfare losses from increased drug shortages.)

On the supply-side, I �nd that disclosure makes manufacturers unambiguously worse o� (reducing

their pro�ts by 28%, on average), by increasing price competition and introducing one-time recall

reimbursement costs. These changes help explain why manufacturers do not opt to self-disclose their

reliability type, as predicted by the theoretical "unraveling" result of Grossman (1981) and Milgrom

(1981). Intermediary surplus increases substantially after recall announcements (approximately

doubling), as they bene�t from lower prices and improved quality information. Total producer

surplus declines moderately (by 14%), suggesting that recall disclosures have ambiguous overall

e�ects on welfare.

Next, I decompose the mechanisms behind these disclosure e�ects. As discussed in Section 5.1,

disclosure may a�ect market outcomes through three broad channels: intermediary preferences and

manufacturer costs and prices. To isolate the role of each, I re-simulate my model while updating

one channel at a time. Speci�cally, for each outcomey, I estimate the following equation:

� y = y[RO(� i ; q0
i ); C(� i ; qi ); b(� i ; q)] � y[RO(� i ; qi ); C(� i ; qi ); b(� i ; q)]

| {z }
� due to intermediary preferences

+ (6.1)

y[RO(� i ; q0
i ); C(� 0

i ; q0
i ); b(� i ; q)] � y[RO(� i ; q0

i ); C(� i ; qi ); b(� i ; q)]
| {z }

� due to manufacturer costs

+

y[RO(� 0
i ; q0

i ); C(� 0
i ; q0

i ); b(� 0
i ; q0)] � y[RO(� i ; q0

i ); C(� 0
i ; q0

i ); b(� i ; q)]:
| {z }

� due to prices

First, I update intermediary preferenceswhile holding the other mechanisms �xed. This is captured

by the equation's �rst right-hand side term, which only updates qi in the scoring rule. These results

are reported in column (4), presented as percentages of the pre-recall values. I �nd that intermediary

responses explain more than 100% of disclosure's quality bene�ts and increase the share of high-

quality drugs by 18%. By selecting more expensive suppliers, intermediaries also raise costs (24%)

and prices (by 22%), implying a modest reduction in productive e�ciency.

Manufacturers' supply-side responses partially o�set these e�ects, reducing equilibrium quality,
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costs and prices. To estimate the role ofmanufacturer costs, I update the model's cost functions

while holding prices �xed (captured by the second RHS term in Equation (6.1)). The results (in col.

(5)) show that the average manufacturer's costs decrease by 6% after recalls, driven by changes for

recalled manufacturers.91 These results provide no evidence that manufacturers increase their e�ort

after recalls, but are consistent with a story where recalled manufacturers lower prices to regain

share.

Last, I update manufacturer prices (captured by the the third RHS term in Equation (6.1)). These

estimates, in column (6), show that low-reliability manufacturers reduce their prices by 14% after

disclosure, passing through their reduced costs and strategically compensating for their dispreferred

status. This, in turn, intensi�es price competition for high-reliability types, who reduce their prices

as well (by 19%). Intermediaries respond to manufacturer price changes by selecting more low-

reliability drugs, which decreases the share of high-quality drugs by 11%, and average prices by

32%. The reduction in prices transfers surplus from manufacturers (whose pro�ts fall by 42%) to

intermediaries (who gain by 95%), and lowers overall producer surplus by 26%.

In summary, the decomposition results show that quality disclosure bene�ts patients primarily

through intermediary preference channels, as opposed to changes in manufacturer costs or prices.

These results help rationalize my quasi-experimental �ndings: speci�cally, how disclosure improves

quality without changing patient demand. This is possible because intermediary responses magnify

the e�ects of disclosure interventions�which would otherwise be extremely limited�resulting in

meaningful bene�ts for patients.

91 I note that this result is driven by changes in low-reliability manufacturer costs pre- versus post-recall, and is not
imposed by my modeling assumptions. Speci�cally, I estimate a similar decrease in prices when I limit my sample
to recalled drugs before and after disclosure, as in Table A.7, row 4. My estimates capture changes in variable costs
and do not re�ect potential increases in �xed costs after recalls, such as manufacturing facility investments.
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CHAPTER 7

CONCLUSION

Quality disclosure can reduce market frictions from asymmetric information�but only when buyers

respond to it. In many markets where consumers face high barriers to information�where it is

costly to acquire or requires specialized knowledge to use�they instead rely on intermediaries to

make informed purchasing decisions for them. This dissertation studies the welfare implications of

quality disclosure and informed intermediaries in the U.S. generic pharmaceuticals market. Quality

is of key concern in this setting, given its high stakes for patient health and drug shortages, but

patients are uniquely uninformed about it. Together, these factors imply that intermediaries have

substantial scope to improve (or potentially distort) equilibrium outcomes.

In this dissertation, I show that intermediaries discipline quality and enhance the e�ects of disclosure

policies, resulting in substantial welfare gains for patients. I collect novel, comprehensive data on

drug manufacturing quality, which I use to document pervasive and persistent quality failures in

the U.S. market. I show that the disclosure of these failures signi�cantly improves the quality of

drugs consumed by patients, with bene�ts persisting for up to ten years. To isolate the role of

intermediaries, I develop a scoring auction model of generic procurement and a new estimation

technique that takes into account the fact that only winning prices are observed. I �nd that

intermediaries are willing to pay a signi�cant premium for more reliable drugs, which encourages

manufacturers to compete on reliability and ultimately increases the share of high-quality drugs by

27%.

My results call into question both the conventional wisdom about generics�as having perfectly

substitutable quality (FTC, 2011)�and typical characterizations of the generic market�as unable

"to observe and reward [drug] quality" (Force, 2019). Instead, they show that generic drugs exhibit

important and "potentially injurious" variation in quality, which is primarily disciplined by demand

from informed intermediaries. My analyses also have implications for the ongoing design of policies

to improve drug quality and reliability. For example, since intermediaries already closely track drug
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quality signals, additional disclosure interventions may not achieve signi�cant welfare gains in this

market. Proposals that increase demand for reliability through targeted subsidies, however, could

potentially reduce intermediary distortions and improve equilibrium welfare.

While my dissertation captures key aspects of how disclosure and intermediaries a�ect equilibrium

outcomes, it does not account for certain long-run economic forces. For example, I do not model

changes in manufacturer participation, capacity and quality investment over time, which could lead

to important, welfare-relevant changes in drug quality and availability. A natural extension to my

analysis would be to measure the long-run e�ects of disclosure and intermediation on drug quality

and patient outcomes.

(Association for Accessible Medicines, 2024)

(American Cancer Society Cancer Action Network, 2023) (American Society of Health-System Pharmacists,

2024)

Callaway and Sant'Anna (2021)

University of Minnesota Center for Infectious Disease Research & Policy (2018)
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FIGURES AND TABLES

Figure 7.1: Variation and trends in manufacturing quality

(a) Recalls by manufacturer (b) Inspection failures by facility

(c) Recalls by market (d) Inspection failures by country

(e) Trends in recalls and inspections

Notes: Panels (a)�(c) present distributions of recall and inspection failure rates in the FDA and Optum claims data
over 2000-2022. The rates are averaged over drug-years at the manufacturer (panel (a)), facility (b), market (c)
and country (d) levels. Panels (a) and (c) show average recall rates, and panels (b) and (d) show inspection failure
rates. Each distribution is winsorized at the 95th percentile, and the red dashed lines display mean rates. Panel (e)
presents drug-level recall rates and facility-level inspection failure rates per year in my data. Recalls are observed in
FDA Enforcement Reports, while inspections are from internal FDA data obtained through FOIA requests. Failed
inspections are those graded "o�cial" or "voluntary action indicated." Corresponding �gures using only "o�cial"
grades, as well as drug shortages, are presented in Figure A.3. Each dataset is described in Section 3.1.
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Figure 7.2: E�ects of recall announcements on intermediary purchases

(a) Recalled drug market share (b) Recalled drug volume

(c) Competitor market share (d) Competitor volume

(e) Market volume (f) Drug shortages

Notes: The �gure displays the estimated dynamic e�ects of recall disclosures on intermediary drug purchases. The
coe�cients were obtained by estimating Equation (4.1) on drug-year level data constructed from Optum claims.
The year prior to the �rst disclosure event is the omitted reference year. Panels (a) and (b) display the event study
results for recalled drugs with drug market share and prescription volumes as the dependent variables, respectively.
Drug market share is de�ned as the fraction of U.S. retail pharmacies supplied by a drug manufacturer, as observed
in the Optum data. Panels (c)�(d) present the corresponding results for bioequivalent competitors of the recalled
drug (whose qualities were not disclosed), estimated using market-level data. The competitor coe�cients are plotted
in green dots and overlaid on top of the recalled drug ones, which are in blue diamonds. Panels (e)�(f) plot the
total market-level e�ects of recalls on drug volumes by baseline market structure, where markets are classi�ed as
small (N � 10 drugs; black dots) or large (N>10; gray circles). The coe�cients in panel (e) are estimated using drug
volumes from the Optum data, while those in panel (f) use an indicator for new national drug shortages in the
UUDIS data. The �gures present 95% con�dence intervals with standard errors clustered by drug or market, and
p-values from F -tests of the joint signi�cance of pre-treatment coe�cients. Table 7.2 presents the corresponding
DD coe�cients and mean values.
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Figure 7.3: E�ects of inspection reports on intermediary purchases

All grades (NAI vs. VAI, OAI)

(a) Inspected drug market share (DD) (b) Failed drug market share (DDD)

Extreme grades (NAI vs. OAI)

(c) Inspected drug market share (DD) (d) Failed drug market share (DDD)

Notes: The �gure displays the estimated dynamic e�ects of inspection disclosures on intermediary drug purchases.
The coe�cients were obtained using drug-year level data constructed from Optum claims. The year prior to the
�rst disclosure event is the omitted reference year. Panels (a) and (c) present the e�ects of passing (red dots)
and failing (purple diamonds) inspection reports, estimated using Equation (4.1) with drug market share as the
dependent variable. Drug market share is de�ned as the fraction of U.S. retail pharmacies supplied by a drug
manufacturer, as observed in the Optum data. Panels (b) and (c) present the dynamic coe�cients from a DDD
speci�cation estimated using Equation (4.1) with an additional term, ( 
 D dt � 1f faileddg): Passing inspections are
de�ned as those graded "No Action Indicated" (NAI) by the FDA. In panels (a)�(b), failing inspections are those
graded "Voluntary" (VAI) or "O�cial Action Indicated" (OAI), while in panels (c)�(d), the de�nition is restricted
to OAI grades only. In each plot, the control group is not-yet-inspected drugs. The �gures present 95% con�dence
intervals with standard errors clustered by drug or market, and p-values from F -tests of the joint signi�cance of
pre-treatment coe�cients. Table 7.3 presents the corresponding DD coe�cients and mean values.
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Figure 7.4: E�ects of recalls on market structure and patient welfare

(a) Recalled drug exit (b) Number of drugs per market

(c) Drug prices (d) Patient non-adherence

Notes: The �gure displays the estimated dynamic e�ects of recalls on market structure, prices and patient drug
adherence. The coe�cients were obtained by estimating Equation (4.1) on drug or market-level data constructed
from Optum claims. The year prior to the �rst disclosure event is the omitted reference year. Panel (a) displays
the e�ects on the recalled drug's probability of exit. The dependent variable is an indicator equal to one in the
last year before a drug disappears from the Optum data (for at least two consecutive years). Panel (b) shows the
change in the total count of bioequivalent competitors of the recalled drug, estimated using market-level data. The
competitor coe�cients are plotted in green dots and overlay the recalled drug ones, which are in blue diamonds.
Panel (c) presents the event study results for log average wholesale prices, weighted by baseline volume. The
prices are market-level averages of pharmacy acquisition costs per unit from state and national surveys (described
in Section 3.1) and in�ated to 2022 dollar terms. Panel (d) shows the dynamic e�ects on patient non-adherence.
Non-adherence is measured using an indicator variable for patient medication possession ratios ("MPRs") below
80% (blue diamonds) or the drug-speci�c median (green dots). The �gures present 95% con�dence intervals with
standard errors clustered by drug or market, and p-values from F -tests of the joint signi�cance of pre-treatment
coe�cients. Table 7.4 presents the corresponding DD coe�cients and mean values.
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Figure 7.5: Cumulative densities of winning prices by auction type

(a) Symmetric auctions (b) Asymmetric auctions

Notes: The �gures plot the kernel densities of homogenized winning prices from procurement auctions of unbranded,
oral generic drugs in the Optum data with N = 2 bidders. Panel (a) plots the densities for symmetric auctions�
with either high- (solid lines) or low-reliability (dashed lines) bidders�while panel (b) plots the corresponding ones
for asymmetric auctions. Prices represent intermediary acquisition costs per unit and are homogenized using the
methodology described in Section 5.3. High-reliability drugs have are those that have not experienced a recall
within the previous �ve years, as observed in FDA Enforcement Reports.
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Figure 7.6: Scoring auction model estimates

(a) Cumulative density of unit cost (b) Cumulative density of productivity

(c) Choice probability

Notes: The �gures show the key estimated objects from the structural scoring auction model, assuming buyers use
an optimal scoring rule. Panel (a) presents the kernel density of the estimated cost per unit of production, while
panel (b) presents the density of estimated productivity shocks � i . Panel (c) plots the estimated choice probabilities
for each bidder type as a function of price. Each panel shows estimates for high- and low-reliability manufacturers
separately (in solid and dashed lines, respectively). The model and assumptions are described in Chapter 5.
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Figure 7.7: Scoring auction model �t: Predicted post-recall outcomes

(a) Prices (b) Prices (out of sample)

(c) Winners (d) Winners (out of sample)

Notes: The �gure presents the structural model's predictions of market outcomes after recalls, compared against the
observed data. The model predictions use onlyex ante, pre-recall data to predict post-recall outcomes. Throughout,
model predictions are plotted in green, while observed outcomes are in blue. Panel (a) shows the kernel density of
winning prices of recalled and competitor drugs after recalls. Panel (b) shows the high-reliability drug share across
auctions of di�erent sizes. Panels (c) and (d) present the same outcomes but use only out-of-sample data from 2022
(that was not used in estimating the model). Out-of-sample �t was evaluated once. Since the test sample is smaller,
panel (d) presents high-reliability and recalled shares pooled across all auction sizes. The model �t exercises are
described further in Section 5.4.
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Table 7.1: Descriptive statistics

(1) (2) (3)

All drugs Recalled
drugs

Never
recalled drugs

Drug characteristics
Years since �rst generic entry 18.26 18.16 18.90
Fraction unit type:

Tablet 0.49 0.49 0.50
Capsule 0.15 0.10 0.15
Oral liquid (ml) 0.07 0.11 0.07
Topical (gm) 0.21 0.17 0.21
Injection (ml) 0.07 0.13 0.07

Extended release 0.10 0.10 0.10

Volume
Mean annual prescriptions 17,211 56,651 14,765

(66,340) (168,526) (54,001)
Market share of pharmacies 0.101 0.118 0.098

(0.180) (0.154) (0.181)

Market structure & prices
Mean drugs per market 10.73 12.44 10.66

(6.77) (8.16) (6.69)
Mean price per unit 4.55 3.82 4.68
Median price per unit 0.70 0.41 0.76

(20.67) (15.72) (21.43)
N drugs 10,199 1,159 9,040

Notes: The table presents descriptive statistics for generic drugs in the commercial Optum claims
data. It presents all drugs in the sample in column (1), recalled drugs in column (2) and drugs
that were not recalled during 2000-2022 in column (3). Each value represents the drug-level
mean over all years (cols. (1) and (3)) or prior to the �rst recall (col. (2)). Corresponding
standard deviations are reported in parentheses for the key volume, market structure and price
outcome variables. Drug characteristics are from the NDC Directory and Orange Book, and
years since generic entry is calculated as of 2022. Annual volumes and counts of drugs per
market are observed in the claims data. Prices are pharmacy average acquisition costs obtained
from state and national surveys and in�ated to 2022 dollar values. The datasets are described
in Section 3.1. Corresponding descriptive statistics for inspected drugs are presented in Table
A.2.
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Table 7.2: E�ects of recall announcements on intermediary purchases

(1) (2) (3) (4) (5) (6)
Recalled drug Competitor spillovers Net market e�ect

Dependent var. Market
share Ln(scripts) Market

share Ln(scripts) Ln(scripts) Pr(shortage)

A - Average e�ects

Recalled * post -0.044*** -0.917*** 0.068*** 0.115 -0.037 0.021**
(0.007) (0.082) (0.014) (0.083) (0.060) (0.010)

Recalled * post (%) -43% -60% 9% 12% -4% 33%
Recalled * post (level) � -2,711 � 1,927 -1,065 �

B - Heterogeneity by market structure

Low participation: Recalled * post -0.068*** -1.174*** 0.087*** 0.050 -0.141** 0.025**
(0.014) (0.110) (0.018) (0.104) (0.071) (0.012)

High participation: Recalled * post -0.018*** -0.602*** 0.015 0.153 0.075 0.006
(0.005) (0.117) (0.014) (0.097) (0.069) (0.013)

Observations 12,388 12,388 6,419 6,419 6,530 6,530
Dependent var. median 0.103 4,516 0.738 15,810 29,333 0.063

Notes: The table reports the estimated average e�ects of recall disclosures on intermediary drug purchases. It presents the
coe�cients obtained by estimating Equation (4.2) on data constructed from Optum claims. The dependent variables are
drug market share (cols. (1) and (3)), logged prescriptions (cols. (2), (4) and (5)) and an indicator for a new national drug
shortage (col. (6)). Drug market share is de�ned as the fraction of U.S. retail pharmacies supplied by a drug manufacturer,
as observed in the Optum data. Cols. (1)�(2) present the e�ects for recalled drugs estimated using drug-year level data.
Cols. (3)�(4) present the total spillover e�ects for bioequivalent competitors of the recalled drug (whose qualities were not
disclosed), estimated using market-level data. Col. (5) reports the net e�ect for recalled and competitor drugs at the market-
level, while col. (6) reports market-level shortage probabilities. Panel A presents average e�ects for all drugs in the analysis
sample. To facilitate comparison, the e�ects are also presented as the percentage of the dependent variable median (�%�) and
the implied volume level (�level�). Panel B presents results by baseline market structure, where markets are classi�ed as low
(N � 10 drugs) or high (N > 10) participation. Standard errors are clustered at the drug- or market-level and reported in
parentheses. The dependent variable median is computed for treated drugs in the year prior to the recall; logged medians are
exponentiated for clarity. The corresponding event studies are presented in Figure 7.2. *** p<0.01, ** p<0.05, * p<0.1.
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Table 7.3: E�ects of inspection reports on intermediary purchases

(1) (2) (3) (4) (5) (6)
Di�erence-in-di�erence estimates Triple-di�erence estimates

Market share Ln(scripts) Market share Ln(scripts)
Dependent var. Passed Failed Passed Failed

A - VAI & OAI e�ects

Inspection * post 0.021** 0.020*** 0.256** 0.288*** 0.027** 0.502***
(0.010) (0.007) (0.119) (0.083) (0.011) (0.122)

Inspection * post * failed -0.005 -0.091
(0.012) (0.134)

Observations 8,051 11,131 8,051 11,131 13,425 13,425
Dependent var. mean 0.168 0.168 1,295 1,295 0.168 1,295

B - OAI e�ects

Inspection * post -0.001 0.005 0.279** -0.273* 0.003 0.307**
(0.011) (0.018) (0.126) (0.158) (0.012) (0.129)

Inspection * post * failed 0.024 0.001
(0.020) (0.187)

Observations 4,900 3,604 4,900 3,604 5,898 5,898
Dependent var. mean 0.177 0.177 7.186 7.186 0.177 7.186

Notes: The table reports the estimated average e�ects of inspection disclosures on intermediary drug purchases. Cols.
(1)�(4) present the DD coe�cients obtained by estimating Equation (4.2) on drug-year level data. Cols. (1) and (3)
present the estimates for passing inspections, while cols. (2) and (4) present those for failing ones. Cols. (5)�(6)
present the DDD coe�cients that quantify the di�erences between the passing and failing estimates, obtained by
estimating Equation (4.2) (with an additional term 
 D dt � 1f failedd g). The dependent variables are drug market
shares (cols. (1), (2) and (5)) and logged prescriptions (cols. (4), (5) and (6)). Drug market share is de�ned as the
fraction of U.S. retail pharmacies supplied by a drug manufacturer, as observed in the Optum data. Throughout,
passing inspections are de�ned as those graded "No Action Indicated" (NAI) by the FDA. In panel A, failed inspections
are those graded "Voluntary" (VAI) or "O�cial Action Indicated" (OAI), while in panel B, the de�nition is restricted
to OAI grades. The control group is not-yet-inspected drugs. Standard errors are clustered at the drug-level and
reported in parentheses. The dependent variable mean is computed for treated drugs in the year prior to inspection;
logged values are exponentiated for clarity. Corresponding event studies are presented in Figure 7.3, panel (f). ***
p<0.01, ** p<0.05, * p<0.1.
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Table 7.4: E�ects of recalls on market structure and patient welfare

(1) (2) (3) (4) (5) (6)
Market structure Patient welfare

Dependent var. Recalled drug
Pr(exit)

Competitors
ln(N drugs)

Net market
ln(N drugs) Ln(price) Pr(adherence

< 80%)
Pr(adherence
< drug med.)

Recalled * post 0.067*** 0.125*** 0.094*** -0.111* 0.021*** 0.033***
(0.005) (0.029) (0.025) (0.065) (0.006) (0.006)

Observations 11,673 6,419 6,530 7,984 20,005 20,005
Dependent var. mean 0.043 4.027 5.743 0.086 0.408 0.492
Recalled * post (%) 155% 13% 10% -11% 5% 7%

Notes: The table reports the estimated average e�ects of recalls on market structure, prices and patient drug adherence.
It presents the coe�cients obtained by estimating Equation (4.2) on drug (col. (1)) or market-level data (cols. (2)�(6)).
The �rst three columns show the estimated e�ects on market structure, where the dependent variables are an indicator
for recalled drug exit (col. (1)), and log counts of the number of bioequivalent competitors (col. (2)) and total market
participants (col. (3)). The last three columns present outcomes relevant to patient welfare, where the dependent variables
are log prices (col. (4)), weighted using baseline volumes), and the fraction of patients with medication adherence (MPR)
less than 80% (col. (5)) or the drug median (col. (6)). Exit and the number of �rms are observed in the Optum claims
data. Log prices are pharmacy average acquisition costs per unit from state and national surveys (described in Section
3.1) and are in�ated to 2022 dollar terms. Standard errors are clustered at the drug (cols. 1�2) or market (cols. 3�5) levels
and reported in parentheses. The dependent variable mean is computed for treated drugs in the year prior to the recall;
logged means are exponentiated for clarity. The corresponding event studies are presented in Figure 7.4. *** p<0.01, **
p<0.05, * p<0.1.

69



Table 7.5: Counterfactual policies: Price-only and pay-for-performance scoring

(1) (2) (3)
Manufacturer

type
Price-only

scoring
Baseline
scoring

P4P
scoring

Reliability premium 0% 13% 26%

Average o�ered price All 1.66 1.66 2.19
Low 1.12 1.12 1.25
High 1.85 1.85 2.53

Average winning price All 0.34 0.35 0.45
Low 0.35 0.35 0.42
High 0.34 0.35 0.46

Welfare-relevant e�ects

High-reliability share 0.51 0.64 0.80
Average winning price 0.34 0.34 0.45

Manufacturer pro�ts All 672 675 846
Low 227 143 75
High 315 402 642

20%
penalties

100%
incentives

Program cost 166 207
Intermediary surplus 125 126 239 274
Total producer surplus,
ind less program cost 797 802 920 913

Notes: The table presents results from counterfactual simulations using the estimated structural
model. Each simulation changes intermediary preferences for reliability, by varying the parameter
� S between 0% (col. (1) and 26% (col. (3)) of average baseline prices. A no-preferences ("price-
only") environment is reported in col. (1), the status quo ("baseline) environment in col. (2) and
a pay-for-performance ("P4P") policy environment in col. (3). Each counterfactual is described
in Section 7.5. Manufacturer type refers to reliability type. All monetary outcomes are weighted
by the realized contract volume and de�ated to 2022 dollar terms. Pro�ts and surplus represent
average annual values and are presented in millions of dollars.
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Table 7.6: Decomposition of recall e�ects

(1) (2) (3) (4) (5) (6)
Total equilibrium e�ects Decomposition: %� due to

Segment Pre-recall Post-recall %� Buyer
preferences

Bidder
costs

Price
responses

O�ered price All 2.01 1.68 -16% � � -16%
Recalled 1.17 1.01 -14% � � -14%
Competitors 2.31 1.87 -19% � � -19%

Unit costs 0.17 0.18 6% 24% -6% -12%

Welfare-relevant e�ects

High-quality share 0.57 0.60 6% 18% � -11%
Winning price 0.37 0.33 -11% 22% � -32%

Manufacturer pro�ts All 184 132 -28% 7% 6% -42%
Recalled* 23 20* -12%* -20% 47% 8%
Competitors 162 101 -37% 11% 0% -49%

Intermediary surplus 23 46 100% 5% 0% 95%
Total producer surplus 208 178 -14% 7% 5% -26%

Notes: The table presents results from counterfactual simulations of recall disclosures, using the estimated structural model.
Cols. (1) and (2) present simulated pre- and post-recall outcomes, while col. (3) reports the percentage changes between
them. Cols. (4)�(6) decompose the relative contributions of three mechanisms behind the post-recall changes: changes
in intermediary preferences (4), in manufacturer variable costs (5) and in manufacturers' strategic pricing responses (6).
Each contribution is presented as a percentage change from the pre-recall baseline, and is described further in Section 7.5.
All values (except the high-quality drug share) are in 2022 dollar terms and weighted by the realized contract volumes.
Pro�ts and surplus are expressed as average annual values in millions of dollars. *Post-recall manufacturer pro�ts deduct
a one-time recall reimbursement cost, assumed to be 10% of the pre-recall contract value, which is excluded from the last
three columns.
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APPENDIX A

ADDITIONAL FIGURES AND TABLES

Figure A.1: Intermediary scoring criteria

Notes: The �gure presents an example of an intermediary's supplier scoring criteria (Car-
dinal Health, 2020). For brevity, it is shortened at the ellipsis. Approximately 60% of the
possible points are related to the manufacturer's historical supply disruptions and recalls.
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Figure A.2: Structure of the U.S. generic pharmaceutical market

Notes: The �gure presents the basic structure of the U.S. generic pharmaceutical market
over 2010-2022. At the top, it shows competitive generic manufacturers, which sell
drugs to monopsonistic intermediaries (purchasing alliances between wholesalers and
retail pharmacy chains). Intermediaries, in turn, sell generics to prescribed patients.
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Figure A.3: Variation and trends in manufacturing quality: OAI inspections and shortages

(a) OAI inspection failures by facility (b) OAI inspection failures by country

(c) Trends in recalls, OAI inspections and shortages

Notes: Panels (a)�(b) present distributions of inspection failure rates in the FDA and Optum claims data over
2000-2022. The rates are averaged over drug-years at the facility (panel (a)) and country (b) levels. The red
dashed lines display the mean rates. Panel (c) presents drug-level recall rates, facility-level inspection failure rates
and market-level shortage rates per year in my data. Recalls are observed in FDA Enforcement Reports, while
inspections are from internal FDA data obtained through FOIA requests. Failed inspections are those graded
"o�cial" or "voluntary action indicated." Corresponding �gures using "voluntary" and "o�cial action indicated"
inspection grades as are presented in Figure 7.1. Shortages are from UUDIS data. Each dataset is described in
Section 3.1.
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Figure A.4: Persistence in drug manufacturing quality

(a) Recalls (b) Inspection failures

Notes: The �gure plots persistence in manufacturing quality failures within drugs over time, as observed in the FDA
and Optum claims data. It shows the probability of a failing signal in each year for drugs with a previously disclosed
failure in year 0 (solid lines), or without such a disclosure (dashed lines). Panel (a) presents the probabilities for recall
announcements, and panel (b) the probabilities for inspection failures. Recalls are observed in FDA Enforcement
Reports, and inspection grades are from internal FDA data obtained through FOIA requests. Failed inspections
are those graded "o�cial" or "voluntary action indicated." Each dataset is described in Section 3.1.
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Figure A.5: E�ects of recall announcements: Timing and shortages

(a) Monthly e�ects on intermediary purchases (b) Long-run e�ects on intermediary purchases

(c) E�ects on drug shortages (all markets)

Notes: The �gure displays the estimated dynamic e�ects of recall disclosures on intermediary drug purchases and
shortages. The coe�cients were obtained by estimating Equation (4.1) on drug-level data constructed from Optum
claims. The year or month prior to the �rst disclosure event is the omitted reference period. Panels (a)�(b) present
the dynamic e�ects from Figure 7.2, panel (a) in additional detail. Both present the e�ects for recalled drugs with
the market share of pharmacies as the dependent variable. Panel (a) zooms in on the three years surrounding the
recall using drug-month level data. Panel (b) presents the long-run e�ects of recalls, extending the event study
to include ten years before and after the recall. Finally, panel (c) shows the estimated e�ects of recalls on drug
shortages, measured using the UUDIS data. The �gures present 95% con�dence intervals with standard errors
clustered by drug or market, and p-values from F -tests of the joint signi�cance of pre-treatment coe�cients.
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Figure A.6: E�ects of recall announcements on intermediary purchases:
Heterogeneity by formulation and recall reason

Notes: The �gure displays the estimated average e�ects of recall disclosures on intermediary
drug purchases. It presents the coe�cients obtained by estimating Equation (4.2) using
drug-year level data with the drug market share as the dependent variable. Drug market
share is de�ned as the fraction of U.S. retail pharmacies supplied by a drug manufacturer,
as observed in the Optum data. Panel A presents the results by drug formulation, and
panel B by manufacturer-reported recall reason. In both panels, the "Baseline" values
represent the average e�ects for all drugs. To facilitate comparison, all values are presented
as percentages of the dependent variable mean for treated drugs in each sub-sample in the
year prior to the recall. The �gure presents 95% con�dence intervals with standard errors
clustered by drug.
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Figure A.7: Scoring auction model: Balance in productivity & �rm size across auction types

(a) Cumulative density of productivity (b) Cumul. density of �rm size ( N = 2 )

(c) Cumul. density of �rm size ( N = 3) (d) Cumul. density of �rm size ( N = 4 )

(e) N = 5 (f) N = 6

(g) N = 7 (h) N = 8

Notes: The �gure plots the kernel densities of the drug-level estimated productivity shocks � i and �rm size in
auctions with symmetric (uniform bidder types, solid lines) and asymmetric (mixed types, dashed lines) auctions.
Panel (a) presents the cumulative densities of productivities estimated from a subsample of auctions comprised of
never recalled (high-reliability) and not-yet-recalled (not-yet low-reliability) drugs, using the model and algorithm
described in Chapter 5. Reliability type is a binary indicator of whether the focal drug has been recalled in the
last �ve years. Panels (b)�(h) present densities of �rm size from the main estimation sample in increasing order of
auction size (N bidders). Firm size is measured using annual log volumes observed in Optum claims data.
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Figure A.8: Counterfactual policies: Quality and prices under alternative preferences

(a) Quality and prices (b) Price-quality elasticity

Notes: The �gures show equilibrium outcomes from counterfactual simulations using the estimated structural model.
Each simulation changes intermediary preferences for reliability, by varying the parameter � S (plotted on the
x� axis) between 0% and 50% of average baseline prices. Panel (a) plots average equilibrium prices (dashed line)
and the high-quality drug (solid line) share. Panel (b) plots the same outcomes as a relative elasticity, with the
high-quality drug share on the x-axis. In each plot, the gray dashed line denotes the status quo environment. All
values are weighted by realized contract volumes, and prices are de�ated to 2022 dollar terms.
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