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Abstract

In this dissertation, I use tools from economics to study policies that affect patient access in

biopharmaceutical markets. In Chapter 1, I analyze how hospitals and health systems re-

spond to the 340B Drug Pricing Program, a US federal policy that requires biopharmaceuti-

cal companies to give discounts on prescription drugs to certain hospitals. I show that only

hospitals in integrated health systems increase billing for cancer drugs in response to 340B

participation and provide additional evidence that this is related to restructuring of relation-

ships among system providers. In Chapter 2, my coauthors and I explore how patients re-

spond to FDA approval of new uses for previously approved drugs, which we term follow-on

indications. We show that patients respond to approval by increasing utilization even though

physicians were already free to prescribe medications for the newly approved uses. Patients

respond more strongly to indication approvals that are novel, including approvals of indica-

tions for new diseases or disease areas. These results point to follow-on indication approvals

substantially reducing uncertainty about the value of medications and effectively increasing

patient access. Lastly, in Chapter 3, I consider the impacts of the Orphan Drug Credit, a tax

incentive for R&D spending on clinical rare disease drug development. I find that reducing

the credit resulted in a modest decline in employment of US sites for rare disease clinical trials

but no significant reduction in clinical trials for rare diseases.
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Introduction

In the last century, the development of new biopharmaceuticals and discovery of medically

appropriate uses of existing drugs have revolutionized the treatment of human disease, lead-

ing to substantial reductions in mortality and morbidity. For example, the development of

bacterial vaccines and antibiotics have — in concert with modern public health campaigns

— drastically reduced the worldwide death toll from bacterial infections like bubonic plague

and smallpox, which devastated premodern societies (Stern & Markel 2005, Zaffiri et al. 2012,

Cutler et al. 2006). New viral vaccines prevented millions of illnesses and deaths from COVID-

19 (Watson et al. 2022, Gupta et al. 2021), and antiretroviral treatments have transformed

treatment of HIV such that many patients now live long and fulfilling lives (Volberding &

Deeks 2010). Beyond infectious disease, biopharmaceuticals have led to significant improve-

ments in the health of patients with cancer (Cutler 2008), cardiovascular disease (Shibata et al.

2001, Flather et al. 2000, Adhyaru & Jacobson 2018), diabetes (White 2014), respiratory illness

(Crompton 2006), and other chronic and life-threatening conditions.

Given the magnitude of the benefits that patients and their societies can reap from medi-

cal advances, it is unfortunate that access to effective biopharmaceuticals remains an issue

around the world. Access issues are often complex and multifactorial; however, a simple and

useful classification highlights two fundamental types of barriers: patients may not have ac-

cess to effective treatment either because they lack the resources to acquire effective therapies,

or because effective therapies are simply not available.
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The former barrier is exemplified by patients who are unable to afford prohibitively expen-

sive therapies. In the United States, where drug prices are the highest in the world (Mulcahy

et al. 2021), health insurance coverage is a key mediator of this barrier (Duggan & Morton

2010, Ghosh et al. 2019), although many prescription drug plan beneficiaries incur high out-of-

pocket spending despite their coverage (Chua et al. 2020), and while Americans tend to have

more choice of pharmaceutical plan benefits than residents of other developed nations, this

does not seem to make drugs more affordable (Cohen et al. 2007).1 In the developing world,

a general lack of financial resources renders pharmaceutical unaffordability a systemic issue.

Many residents of developing nations cannot access treatments that are broadly used in de-

veloped nations. For example, in 2003, nearly a decade after scientists found combination

antiretroviral therapies to be highly effective in the treatment of HIV infection, these therapies

remained “prohibitively expensive” in sub-Saharan Africa at a cost of over $10,000 for a year

of treatment. These medicines only became widely accessible in the developing world after

competition from generic drug manufacturers depressed drug prices and global initiatives

brought in foreign funding (Taylor 2018).

Unavailability of effective treatments also presents a significant obstacle to health care ac-

cess. This issue manifests in several ways, with drug shortages being a particularly salient

form of unavailability. Recent shortages of cancer medications have delayed treatment, forced

the use of less effective alternatives, and disrupted clinical trials as sponsors struggle to ac-

quire comparator drugs (Center for Drug Evaluation and Research 2020, Shukar et al. 2021,

Newton 2022). Beyond shortages, other barriers are subtler yet equally detrimental. Some

patients have diseases that can only be treated with drugs that have yet to sufficiently demon-
1In fact, plan choice may tend to lead to higher costs due to patients selecting plans based on their antici-
pated response to coverage generosity (Einav et al. 2013).
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strate their efficacy to regulators. Even if effective drugs are approved for the treatment of

other conditions and thus are nominally available, patients may not ultimately benefit from

them due to their physicians’ unfamiliarity with their “off-label” uses, their physicians’ re-

luctance to prescribe drugs for such uses, or their health plans’ restrictions of those uses. In

the extreme, effective drugs may not even exist to effectively treat some illnesses. These are

common concerns for patients with rare diseases because the potential profits manufacturers

can earn by researching and developing new or repurposed drugs for treatment of those dis-

eases do not sufficiently incentivize them to invest in doing so, resulting in few proven and

available treatments for rare diseases.

These access barriers have historically been intentionally or inadvertently impacted by gov-

ernment policies. In the three chapters of this thesis, I consider some of these policies and

their impacts on pharmaceutical utilization. In the first chapter, I study the 340B Drug Pric-

ing Program — a federal program intended to aid providers, particularly hospitals, that treat

low-income patients by requiring drug makers to sell drugs to participants at steep discounts.

I show how health systems, which are composed of numerous hospitals and clinics, facili-

tate passing 340B discounts on to drugs administered outside hospital walls by restructur-

ing relationships among the constituent providers. Using a staggered adoption design, I find

that 340B increased hospitals’ Medicare spending on cancer drugs by an average of $200,000

per year. Remarkably, this increase was entirely driven by health system-affiliated hospitals,

which increased infusions by 72 percent. Nevertheless, 340B participation did not increase

the rate of cancer treatment in surrounding communities, nor did it lead system hospitals to

increase cancer screening or provision of complementary treatment. Instead, my analysis sug-

gests that health systems have advantages in gaming programs like 340B due to their ability

3



to manipulate which facilities constitute a hospital.

In the second chapter, my coauthors and I consider how patients respond to Food and

Drug Administration (FDA) approval of uses that are approved after primary marketing ap-

proval, which itself allows physicians to prescribe drugs for essentially any use. We find that

approvals of these follow-on indications lead to substantial increases in utilization despite the

fact that physicians were free to prescribe for those uses prior to approval. Moreover, the im-

pact of follow-on indication approvals increase with the novelty of the indication: approval

of an indication that is for a different disease than previously approved uses of the same drug

(e.g. approval of an indication for Crohn’s disease for a drug that was previously only ap-

proved for treatment of rheumatoid arthritis) is associated with a larger effect than an indi-

cation that expands use in an existing disease (e.g. first-line treatment of lung cancer rather

than only second-line treatment). The most novel approvals — indications that describe use

for diseases that are substantially different from previously approved diseases — lead to even

larger effects. We also find that drugs that are commonly subject to utilization management

increase in use similarly to drugs that are not as commonly subject to those requirements after

being approved for a new indication. The totality of our results point to follow-on indication

approvals substantially reducing uncertainty about the value of medications and effectively

increasing patient access.

In the final chapter, I explore the impacts of a reduction of the Orphan Drug Credit, a US

federal tax incentive for R&D spending in the clinical stage of rare disease drug development.

I show that this credit disproportionately increased the after-tax cost of R&D for firms with

taxable income in the US and that this has negative consequences for employment of US rare

disease R&D. I find that the reduced credit resulted in a modest decline in the utilization of

4



US sites in rare disease clinical trials. Nonetheless, there is no evidence to suggest that the re-

duction in the credit adversely affected the overall number of clinical trials for rare diseases.

These findings highlight practical weaknesses to the use of R&D credits to stimulate innova-

tion in the biopharmaceutical industry, including regulation of market entry and the global

scope of clinical research activity. However, I conclude that tax credits for rare disease drug

development may nonetheless improve domestic access to experimental treatments by on-

shoring clinical research.
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1
How Do Health Systems Capitalize on Public Programs?

Side Effects of the 340B Drug Pricing Program

Many government programs are designed to transfer resources to individuals in need and

organizations that provide valuable public services. However, these programs often create

incentives for agents to “game” them to benefit in ways that were not intended by policy mak-

ers. Economic distortions ensue from gaming of programs across many domains: taxpayers

manipulate earnings to maximize tax credits (Chetty et al. 2013), health care providers bill

public health insurance plans for inappropriate or fraudulent claims (Shi 2023), private health

plans inflate patient health risk to increase reimbursement (Geruso & Layton 2020), firms rela-
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bel general expenses as research and development to avail themselves of generous tax credits

(Chen et al. 2021), firms strategically develop products to meet the minimum criteria for gov-

ernment environmental certification (Houde 2022), and drug makers use FDA safety require-

ments to delay the entry of generic competition (Vokinger et al. 2017). Examples of gaming

like these have been studied extensively, yet scholars have placed less emphasis on identify-

ing characteristics that enable individuals and firms to game policies.

An underemphasis on agents’ comparative advantage in gaming is concerning for two rea-

sons. First, it obscures the incidence of policies, potentially casting blame where it is unwar-

ranted and misguiding policy makers who are eager to craft reforms to eliminate gaming. Sec-

ond, a focus only on aggregate responses minimizes the importance of economic mediators

in the production of gaming. While policies may create the incentive to game, differences in

gaming behavior are partially a product of different economic circumstances, not just a reflec-

tion of psychological differences in willingness-to-game. Furthermore, research on how eco-

nomic factors lead to heterogeneity in gaming may be particularly valuable to policy makers,

who have access to a wealth of economic data and policy tools to affect economic incentives

but little ability to impact attitudes towards gaming.

In this paper, I study the role of health systems in the heterogeneous gaming of the 340B

Drug Pricing Program, a U.S. federal program intended to help hospitals that provide care to

low-income and uninsured patients. The 340B program requires drug makers to offer partic-

ipating hospitals steep discounts on drugs, which hospitals can then administer on-site or at

off-site outpatient departments.1 The program was intended to allow a handful of safety net

hospitals to stretch their resources; however, the program has since expanded significantly:
1They may also dispense retail pharmaceuticals at a hospital-owned or contract pharmacy. Infused
drugs, by their nature, are not retail pharmaceuticals and are instead administered in an outpatient
setting, either on the hospital’s campus or at an off-site outpatient facility.
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throughout the 1990s, only 90 hospitals participated (about 2 percent), but as of 2019, over

2,400 hospitals (53 percent) participated. Moreover, hospitals that registered for 340B in recent

years serve communities that tend to be wealthier and better insured than those served by

earlier participants (Conti & Bach 2014). At the same time, increased ownership of oncology

practices by hospitals has driven concern that the program is being misused to obtain dis-

counts on expensive drugs primarily administered to patients with generous health coverage.

Discounts on drugs through the 340B Program make administering drugs especially prof-

itable for participating hospitals. This incentivizes these hospitals to administer more dis-

counted drugs, but to do so they must identify more patients to treat. Hospitals might rea-

sonably attract more cancer patients by increasing cancer screening or improving the quality

of oncology care by offering more complementary services or investing in new cancer care

technologies, passing on some of the benefits of the program to patients. However, because

discounted drugs may be administered at off-campus outpatient departments, 340B hospi-

tals might alternatively seek to integrate with outpatient facilities to pass their discounts on

to drugs administered at those sites, increasing profit. To date, the latter mechanism has been

explored in several papers with results that — at face value — are somewhat contradictory.2

I advance a related but distinct hypothesis: existing integration of hospitals and outpatient

clinics within health systems — organizations that own and manage multiple sites of care —

facilitates gaming by allowing outpatient clinics to be relabeled as hospital outpatient depart-

ments (HOPDs) of 340B hospitals and thereby pass discounts on to more sites of care.

To administer discounted drugs at off-campus HOPDs, 340B hospitals must register those
2Alpert et al. (2017) found no effect of 340B on hospital or health system ownership of oncology prac-
tices. In contrast, both Desai & McWilliams (2018) and Jung et al. (2018) found that 340B increased
HOPD Medicare spending on cancer drugs and Desai and McWilliams found that 340B hospitals em-
ployed more oncologists. While these results may seem contradictory at face value, health system
integration may lead to substantial increases in HOPD-based care among a fixed set of providers.
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facilities with the Health Resources and Services Administration (HRSA) and demonstrate

that those facilities are “integral part[s] of the ‘hospital.’” Specifically, hospitals must report

those facilities as reimbursable on the hospital’s Medicare Cost Report, a process that involves

substantial financial integration between the hospital and facility (Notice Regarding Section 602

of the Veterans Health Care Act of 1992 Outpatient Hospital Facilities 1994). However, because

health systems often coordinate business functions across multiple facilities, they may be able

to swiftly respond to a single affiliated hospital joining 340B by changing how off-site outpa-

tient facilities bill Medicare to qualify them as financially integrated with that hospital. Doing

so would effectively allow systems to game the 340B program by relabeling sites of care as

departments of 340B hospitals without further acquisitions. Thus, the integration of business

functions within health systems may facilitate gaming of the 340B program.

To provide evidence on heterogeneous gaming of 340B, I evaluate how participation in

the program differentially impacted how hospitals bill Medicare for infused cancer therapies.

Medicare Part B, the health insurance benefit that covers professionally administered drugs

and outpatient services for elderly Americans, bases reimbursement of these drugs on non-

340B acquisition prices plus a small markup. Coupled with generous Part B reimbursement,

administering 340B-discounted cancer drugs is reliably profitable: one study estimated that

profits on 340B-discounted cancer drugs reimbursed by Medicare Part B in 2016 totaled nearly

$1 billion, over half of the profits on all drugs reimbursed by Part B in that year (Conti et al.

2019).3,4
3However, in 2018, Medicare implemented payment cuts for 340B hospitals, decreasing reimbursement
for 340B-discounted drugs to 77.5% of average sales price and thereby eliminating much of the savings
hospitals could earn from the discounts. This was deemed unlawful by the Supreme Court in 2022, and
CMS has since proposed a remedy of a single $9 billion lump sum payment to 340B hospitals (Remedy
for the 340B-Acquired Drug Payment Policy for Calendar Years 2018-2022 2023).
4Moreover, a focus on drugs covered by Medicare is convenient for mapping empirics to theory: be-
cause off-campus HOPDs must be listed as reimbursable on a hospital’s Medicare Cost Report to qual-
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I assess how 340B affected hospitals’ billing of cancer drugs using a staggered adoption

design that compares the trend in oncology care billed by newly-340B hospitals to the trend

among later participants. I find that 340B participation increased the average number of Part

B cancer drug infusions in HOPDs by 62 (35 percent) and spending by $213,000 (42 percent).

These increases were entirely driven by hospitals that are members of health systems, which

increased cancer drug spending by $355,000 on average (69 percent). In contrast, independent

hospitals only increased spending by 4 percent, a statistically insignificant change. I show

that the differential effects of 340B by health system membership are not explained by corre-

lation between health system membership and other (observed) explanatory variables, sug-

gesting that aspects of system-ness are responsible for the difference of effects. Participation

led system hospitals to only modestly increase the number of medical oncologists attending

any care billed by the hospital and yet substantially increased the number of HOPD infusions

attended by medical oncologists. Moreover, infusions attended by historically high-volume

medical oncologists increased disproportionately: the share of HOPD infusions attended by

the top 25 percent of medical oncologists (by historical patient volume) more than doubled

from 8 to 18 percent. These results indicate that system hospitals by-and-large did not create

new relationships with physicians and instead maximized profitable care provided by exist-

ing affiliates.

I also find little evidence that system hospitals attempted to expand their market size by

screening for more patients or increasing quality to compete for patient referrals. Participa-

tion in 340B did not increase HOPD screenings for breast and colon cancer nor did hospitals

increase adoption of full-field digital mammography in place of screen-film mammography.
ify for 340B, care performed at off-campus HOPDs will generally be billed to Medicare using that
hospital’s provider number and thus their claims will appear in the Outpatient file the same as any
claim performed on the hospital’s campus.
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Figure 1.1: Trends in HOPD Cancer Drug Infusions by Billing Hospital

Participation in 340B also did not increase system hospitals’ employment of radiation oncol-

ogists or surgical oncologists, who provide highly complementary services. Likewise, the

program did not lead hospitals to increase the number of breast or colorectal cancer surgeries

nor adopt novel laparoscopic or robotic methods for colon cancer surgery. I do find that 340B

hospitals increased use of intensity-modulated radiation therapy more than control hospitals,

but otherwise they did not increase use of novel radiation therapy techniques. On net, I find

little evidence that system hospitals engaged in efforts to expand their market size through

increased screening or improving quality of cancer care.

Finally, I show that acquisitions of 340B and non-340B hospitals respectively increase and

decrease those hospitals’ billing for cancer drugs when they are acquired by a system with

other 340B and non-340B hospitals in the same geographic market, suggesting that acquisi-

tions lead to profitable restructuring. In total, my results demonstrate that system hospitals

11



were the primary driver of the expansion of hospital-based infusions and further suggest

that characteristics of health systems facilitated gaming of the program by relabeling care as

hospital-based. This paper is most related to a growing literature on the incidence and effects

of the 340B program. In particular, my results help reconcile the findings of Alpert et al. (2017)

and Desai & McWilliams (2018), who respectively find that 340B had no effect on hospital and

health system acquisition of oncology practices and significant effects on HOPD-based cancer

drug use. My results suggest that, instead of 340B increasing hospital or health system owner-

ship of oncology practices, existing integration (in the form of health systems) allows systems

to bill for care in such a way to increase profits without expanding system membership or

changing medical practice. This is consistent with the massive rise in cancer drug infusions

billed to Medicare by system-affiliated 340B hospitals, as shown in Figure 1.1, and similar

acquisition trends among 340B and non-340B hospitals. Thus, while participation in health

systems may be inelastic, intra-system coordination can enable strategic responses that allow

for a profitable expansion of HOPD-based care among a fixed set of providers.

This paper is also related to the literature on the effects of consolidation in health care mar-

kets. Despite numerous proposed pathways for cost savings, evidence that consolidation in

hospital markets reduces costs has been scarce (Burns & Pauly 2002, Dranove & Lindrooth

2003, Gaynor & Town 2011, Dafny & Lee 2015). However, a recent paper by Andreyeva et al.

(2023) finds that acquisitions of independent hospitals by systems results in substantial reduc-

tions in total costs, driven by decreased costs of support function employment, capital, and

financing. In this paper, I also find that integration can lead to cost reductions, albeit reduc-

tions rooted in systems’ abilities to game policies that preferentially treat a subset of sites of

care. Large initial investments in the coordination of business functions across many sites of
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care may pay off for health systems if it makes them more capable of responding strategically

to policy changes moving forward.

Lastly, this paper is most generally related to the broad literature on gaming of public pro-

grams. I highlight how initial characteristics of certain firms — specifically, health system

membership — may lead to drastically different gaming responses. These responses are not

due to some hospital managers being especially cunning or because some hospitals happen to

operate in information-rich environments, but because characteristics of certain hospitals fa-

cilitate gaming. Because health systems coordinate numerous facets of their operation across

many facilities, policy that privileges particular units may generally have effects that extend

beyond that unit. Among the many pitfalls that policy makers must avoid, extra care must be

taken in designing policy targeted towards individual units of multi-unit enterprises due to

high potential for gaming.

Section 1.1 describes the history and key features of the 340B program, focusing on its rele-

vance to HOPD cancer drug spending, and presents a case study of cancer drug spending in

a single geographic region. Section 1.2 describes the data employed for estimating the effects

of 340B on care, and Section 1.3 details the methodology and assumptions behind causal iden-

tification. Section 1.4 presents these estimates, and Section 1.5 concludes with a discussion of

their implications.
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1.1 Background

1.1.1 The 340B Drug Pricing Program

The 340B Drug Pricing Program was created in 1992 as a provision of the Veteran’s Health

Care Act and was intended to ensure access to outpatient drugs at safety net hospitals. The

program, which is administered by the Health Resources and Services Administration (HRSA),

requires drug manufacturers that participate in the Medicaid or Medicare Part B programs

to sell drugs to participating health providers (known as covered entities) at significant dis-

counts.5 Covered entities can then dispense discounted drugs to any of their patients (regard-

less of their health plan), receive full reimbursement from payers, and pocket the difference.6

Today, after a series of expansions, over half of hospitals in the United States are 340B covered

entities. Yet the origins of 340B are humble: it was conceived as a narrow policy response to

issues created by the Medicaid Drug Rebate Program, which unintentionally disincentivized

pharmaceutical firms from offering discounts to safety net hospitals by requiring them to give

the same discounts to Medicaid (Thomas & Schulman 2020). By creating a separate discount

program for safety net hospitals, drug makers could pass on savings to safety net hospitals

without being required to offer lower prices to state Medicaid programs.

Hospitals generally qualify for 340B via their disproportionate share hospital (DSH) adjust-
5Given these programs enroll tens of millions of elderly Americans, drug manufacturers do not com-
monly opt out of these programs, especially cancer drug makers.
6A notable exception is fee-for-service Medicaid. Medicaid has a statutory right to prescription drug
discounts and drugs may not receive multiple discounts. Covered entities elect to either “carve-in”
by dispensing 340B drugs to Medicaid patients or “carve-out” by maintaining separate inventories
of non-340B drugs for Medicaid patients. Carving-in precludes the necessity of maintaining separate
inventories, but covered entities must ensure that drugs do not receive duplicate discounts. Moreover,
under the 2016 Medicaid Covered Outpatient Drug Rule, states must reimburse covered entities at the
discounted 340B price (plus a small mark-up) for fee-for-service beneficiaries. States are not required
to reimburse at this rate for Medicaid managed care, but nevertheless, states are increasingly either
forcing providers to carve-out Medicaid MCO patients or reimbursing at the 340B price.
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ment, which is intended to measure the share of patients with low income.7,8 Any non-profit

or government hospital with DSH adjustment above 11.75 percent qualifies for 340B, although

hospitals must opt into the program by registering themselves and any offsite clinics with

HRSA.9,10

Drug prices are regulated by 340B through a price cap known as the 340B ceiling price. The

ceiling price is equal to the average price offered to wholesalers and retail pharmacies (AMP)

less a discount. For most brand name drugs, that discount is the greater of 23.1 percent of

AMP and the best price offered by the manufacturer. For example, if AMP were $100 and the

manufacturer’s best price were $80, then the discount would total $23.10 and the 340B ceiling

price $76.90; if the manufacturer dropped their best price to $70, then the discount would in-

crease to $30 and the ceiling price would drop to $70. 340B discounts are confidential but are

reported to typically range between 20 to 50 percent, representing significant discounts from

AMP.11 Nevertheless, discounts are only valuable to covered entities to the extent that reim-

bursement stays high: if payers reduce reimbursement of 340B participants because they face

lower acquisition costs, the profit margin on cancer drugs will fall, muting the financial bene-

fit of 340B. However, rather than negotiating prices like many commercial insurers, Medicare
7For-profit hospitals are not eligible to participate in 340B.
8The DSH adjustment is a piecewise function of the Disproportionate Patient Percentage (DPP), which
in turn is the sum of the hospital’s Medicare SSI percentage (the share of total Medicare inpatient days
attributable to patients also entitled to Supplemental Security Income) and the Medicaid percentage
(the share of total inpatient days attributable to patients eligible for Medicaid but not Medicare Part A).
9The Affordable Care Act expanded eligibility in 2010 to include all critical access hospitals, sole commu-
nity hospitals and rural referral centers with DSH adjustment above 8 percent, and children’s hospitals
and freestanding cancer hospitals that qualify via a metric that differs from DSH. Note that as of 2019
there were only two cancer hospitals that qualified for 340B via this alternate criterion.
10The registration process is fairly simple. Hospitals are required to provide their most recent Medi-
care cost report and documentation of outpatient facilities and contract pharmacies (if any) during a
quarterly enrollment period. If they meet the requirements, hospitals can begin participating at the
beginning of the following quarter.

11This suggests that the 23.1 percent lower bound on discounts tends to not be binding. Rather, the best
prices that manufacturers offer distributors dictate the 340B ceiling price.
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Part B reimburses providers administratively, typically paying 106 percent of average sales

price.12 This price gives 340B covered entities a significant profit margin on drugs themselves

(but covered entities also incur some costs from the act of drug administration).13 The Amer-

ican Hospital Association (AHA) claims that 340B savings on drug acquisition costs allow

hospitals to expand health services to their communities. The 340B Drug Pricing Program is

indeed intended to support uncompensated care at safety net hospitals, yet it includes no pro-

visions to dictate how savings be appropriated. The lack of restrictions on 340B profits cou-

pled with soaring purchases of 340B-discounted drugs have raised concerns that the program

is not expanding health care to vulnerable populations. Research has largely supported these

concerns: studies have found that 340B expanded fastest in high-income areas and partici-

pating hospitals did not increase provision of uncompensated care (Conti & Bach 2014, Desai

& McWilliams 2021). In any case, 340B discounts yield significant savings for hospitals, and

hospitals appreciate the value of the program to their finances.14

12Average sales price (ASP) is equal to total sales of a drug net of all price concessions divided by the
total number of units sold in a quarter. It measures a conceptually similar concept as AMP and tends
to be within a few percent of AMP. Congress recognizes this similarity in its policy: CMS is authorized
to substitute the lower of the two prices for reimbursement if there is more than a 5 percent difference.
Because the two are so close, basing the 340B discount on a percent of AMP is very similar to basing
the discount on a percent of ASP. Thus, even though the discount is based on AMP and Part B reim-
bursement on ASP, in practice, the profit margin on 340B drugs acquired at the highest possible ceiling
price of 76.9 percent can be approximated as (1.06-0.769)×ASP=0.291 ×ASP.

13There are also many 340B covered entities that are not hospitals. These are predominately Federally
Qualified Health Clinics and lookalikes, which provide primary care to medically underserved popu-
lations, and varieties of specialized clinics like Black Lung clinics, Ryan White HIV/AIDS clinics, and
family planning clinics. None of these clinics are common sites for medical oncology care.

14One manifestation of hospitals’ vested interest is AHA’s lawsuit against CMS for differentially decreas-
ing Part B reimbursement of 340B drugs in 2018. The AHA brought the suit before the Supreme Court
in 2022, alleging that payment cuts were illegal because CMS did not first survey providers’ acquisi-
tion costs. The Court found in favor of AHA and determined that drug makers owed 340B providers
$9 billion.
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1.1.2 Health Systems

While there are several definitions of what constitutes a health system, the key distinguish-

ing factor is a notion of ownership of multiple health care facilities by a single central orga-

nization (Furukawa et al. 2020). For instance, AHA defines a health system as a central orga-

nization that owns, leases, sponsors, or contract-manages two or more hospitals or a single

hospital and three or more other health care organizations. As of 2023, there were 407 health

systems in the United States that owned 67 percent of all U.S. hospitals (American Hospital

Association 2021). Among these systems, there are several notable for-profit chains including

HCA, Community Health Systems, and Tenet Healthcare. However, these for-profit chains

own only 14 percent of hospitals, while non-profit systems own 46 percent of hospitals (Fu-

rukawa et al. 2020). On the other hand, large non-profit systems earn tens of billions in annual

revenues and are some of the most dominant players in their local markets.

What purpose do systems serve and what makes them so successful? Devers et al. (1994)

emphasizes that systems are organizations that facilitate the coordination of business func-

tions, clinical services, and physician incentives across many different facilities. This integra-

tion across many facilities has wide ranging implications for firm behavior. On one hand, sys-

tems may increase profits by integrating with their competition and raising prices across the

board (Gaynor & Town 2011). On the other hand, integration may allow systems to reduce

costs through economies of scale and scope. For example, a recent paper by Andreyeva et al.

(2023) found that acquisitions of independent hospitals reduced costs of support function em-

ployment, capital, and financing. However, integration also gives systems more options in

how they bill the Medicare program for care. Therefore strategic systems may be able to ad-

just billing practices to increase profits.
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Figure 1.2: Health System Relationships
This diagram depicts a simplified health system. Facilities eligible to administer
340B-discounted drugs are outlined in red. Medicare patients seek care from a
system-based provider or provider outside the system. Hospitals bill Medicare for
care delivered on site or at “provider-based” outpatient practices. Practice A bills
Medicare as a freestanding facility, not using a hospital’s provider number. Practice B
bills Medicare as a HOPD of a non-340B hospital, entitling the hospital to receive
facility fees for that care. Practice C bills Medicare as a HOPD of a 340B hospital;
entitling the hospital to receive facility fees for that care andmaking Practice C
eligible to register for 340B.
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In Figure 1.2, I depict a model of Medicare billing for outpatient services. Patients with

Medicare coverage seek care at a facility — either a hospital or an outpatient clinic — that

may be owned by a health system. In turn, the facility bills Medicare either as a freestand-

ing clinic or as a department of a hospital. Billing as a hospital department is advantageous

because it entitles hospitals to bill Medicare based on a different fee schedule that regularly

yields higher payments (Medicare Payment Advisory Comission 2022). Additionally, because

outpatient clinics that bill Medicare as departments of 340B hospitals (so-called provider-

based facilities) report their costs to CMS on their Medicare cost report, they are considered

“financially integrated” by HRSA and are therefore eligible to register with the 340B program.

Thus, health systems have incentive to bill Medicare as HOPDs due to higher payments and

even greater incentive to bill as HOPDs of 340B hospitals to obtain higher payments and dis-

count eligibility.

This model makes several predictions. First, a single system hospital becoming eligible

for 340B incentivizes health systems to switch billing of care at outpatient practices to the

newly-340B hospital. This change should be reflected in increased billing of drugs and ser-

vices by 340B hospitals. Simultaneously, affiliated outpatient practices and non-340B hospi-

tals in the same system and market should decrease Medicare billing. Second, independent

hospitals by their nature are not integrated with off-site facilities and therefore cannot modify

billing practices to increase discounted drug administration. Third, the total number of drug

infusions among people living near the hospital should not change if hospitals are merely

modifying billing practices. Finally, the effects of hospital acquisition should depend both on

whether the acquired hospital participates in 340B and the status of other hospitals in the sys-

tem. Importantly, unlike previous research, this conceptual model highlights that systems can
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increase discounted drug administration without further acquisitions or market expansion. In

the following case study, I provide an illustration of this relabeling phenomenon.

1.1.3 Case Study

To understand the role health systems play in billing for cancer care, it is useful to consider

the evolution of the site of cancer drug spending among Medicare beneficiaries living in a sin-

gle hospita l referral region in the Northeast United States. This market is home to a health

system, which I refer to as the system. The system is a large regional player comprising many

hospitals and doctors’ offices. Among many others, member hospitals include Hospital A, a

top-ranked regional hospital and the system’s flagship tertiary care hospital and Hospital B,

a hospital that specializes in women’s health care. Hospitals A and B are both teaching hospi-

tals, are located in the same city, and have several hundred beds each. In contrast, Hospital B

participated in 340B since the early 2000s, while Hospital A did not participate in 340B during

my sample window.

Figure 1.3 depicts fee-for-service Medicare spending on infused cancer drugs among bene-

ficiaries living in the hospital referral region encompassing the city in which the two hospitals

are located. Spending is further decomposed by the type of entity billing Medicare for drugs:

either a physician (or group of physicians) or a hospital. I separately total payments to Hospi-

tal A, Hospital B, and other hospitals. Throughout the 2000s, physicians billed Medicare for

the vast majority of locals’ infused cancer drug use, but as the decade wore on, physicians

decreased billing of infused drugs and hospitals increased their share. By the early 2010s,

hospitals billed for over half of cancer drug spending and Hospital A alone billed for one

third of spending in 2013. Yet, two years later in 2015, Hospital A billed for $0 of cancer drug
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Figure 1.3: Case Study, Cancer Drug Spending among Locals by Entity Billing Medi-
care
This figure depicts total annual cancer drug spending among fee-for-service Medicare
beneficiaries living in the case study region. Spending in cells that comprise 10 or
fewer beneficiaries are censored by setting them equal to $0.

spending, its share of local spending fully replaced by new spending at Hospital B, which

had no history of billing Medicare for more than a trivial fraction of cancer drug spending. In

the year 2014, in which the two hospitals billed approximately the same amount, Hospital A

billed for over 97% of the hospitals’ combined spending in the first 4 months of the year and

less than 1% in the last 7 months.15.

How did Medicare billing for patients living in this market change so rapidly? The dis-

continuous nature of the change suggests that competition among hospitals was not an im-
15Figure 4.3 depicts the monthly fraction of infusions billed by Hospital B out of all infusions billed by
either hospital in 2014. Hospital A’s share of infusions discontinuously increases from 0 percent in
May 2014 to 100 percent in June 2014. Note that the share has been censored to set cells that represent
care for 10 or fewer patients to zero.
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portant factor because the process of competition would take time to reach equilibrium. The

increase in billing at Hospital B could be consistent with collaboration between the hospitals

to treat patients at a hospital that can provide cancer drugs at lower cost due to its eligibil-

ity for 340B discounts. However, this too seems unlikely because, while Hospital B provides

some services to men, it is a women’s speciality hospital, and over half of the newly billed

patients are men. A plausible explanation is that facilities that formerly billed care as outpa-

tient departments of Hospital A started billing care as outpatient departments of Hospital B.

This is consistent with a large fraction of drugs being administered to men, despite the fact

that Hospital B did not offer those services on site. While it is not possible to observe site of

care over 2013–2015, by 2019 68 percent of Hospital B’s cancer drug spending was for drugs

administered in a different zip code than the hospital itself, indicating that off-campus drug

infusions comprised the majority of its infusions within 5 years of the shift in billing. Impor-

tantly, billing care as a department of Hospital B would allow off-campus facilities to be listed

as reimbursable on that hospital’s Medicare Cost Report, making them eligible to administer

340B-discounted drugs to their patients after registering with HRSA.16 However, this raises

the question of whether 340B played an important motivation for the system to change its

cancer drug billing practices, especially considering Hospital B had been a 340B hospital for

approximately a decade at the time of the shift in billing. One piece of evidence is that Hospi-

tal B first registered off-site comprehensive cancer centers as 340B child sites after the change

in billing. If that increase was related to restructuring of cancer centers as departments of Hos-

pital B, their costs and charges would appear on the hospital’s next Medicare Cost Report and
16Guidelines for becoming an eligible outpatient facility were established in 1994. Off-site outpatient
facilities must be “listed as reimbursable on the hospital’s most recently filed Medicare cost report
and have associated outpatient expenses and charges in order to be eligible to register for the 340B
Program as a child site” (Notice Regarding Section 602 of the Veterans Health Care Act of 1992 Outpatient
Hospital Facilities 1994, 340B Prime Vendor Program 2023).
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could then register with HRSA as child sites to qualify for 340B discounts.

What can we learn from this case study? First, physicians have drastically decreased the

amount they bill Medicare for cancer drugs while hospitals increased their spending in excess

of that decline. This pattern is emblematic of a broad trend: while hospitals billed Medicare

for only 8 percent of Part B cancer drug spending in 2000, they billed for 53 percent as of 2019.

Moreover, HOPD-based cancer drug administration has increased disproportionately in mar-

kets with 340B hospitals (Jung et al. 2018). This demonstrates that hospitals, particularly 340B

members, now play a substantial role in cancer drug administration across the country. Sec-

ond, because the physical location of the billing hospital is not necessarily the site of care, in-

creases in care billed by hospitals may not reflect a change in the site of care, and rather may

reflect only a change in the affiliations between clinics and hospitals. Nonetheless, the iden-

tity of the billing provider has important implications for 340B discount eligibility. Lastly, the

discontinuous change in billing reflects the importance of relationships between providers for

cancer drug administration. Specifically, the existing integration of hospitals and other facili-

ties within the system suggests that it may have coordinated the change in billing practice to

qualify drugs administered at more facilities for discounts. More generally, it invites the ques-

tion: how fundamental are health systems to gaming of the 340B program? In the following

sections, I will attempt to shed light on this question.
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1.2 Data

1.2.1 Cancer Drug Utilization

For each year in the period 1999-2019, I use 20 percent Medicare beneficiary summary files to

identify a cohort of beneficiaries who were continuously enrolled in fee-for-service Medicare

throughout that year. I then restrict the sample to years in which beneficiaries were age 66 or

older, were entitled to Medicare due to Old-Age and Survivors Insurance, and were living in

one of the 306 Hospital Referral Regions (HRRs) created by Dartmouth Atlas. The resulting

sample follows 12,680,565 Medicare beneficiaries over 102,785,628 beneficiary-years. I then

use diagnosis codes from Medicare claims to determine whether and when each beneficiary

was first diagnosed with any of six cancers: breast cancer, brain cancer, colorectal cancer, lung

cancer, prostate cancer, or non-Hodgkin’s lymphoma (NHL). Diagnoses were determined

to be valid if they were reported on an inpatient claim or if the same diagnosis was reported

on another claim within a year of the initial diagnosis. Among all beneficiaries, 19.5 percent

have a cancer diagnosis between 1999-2019. The final sample consists of 2,387,056 beneficia-

ries observed over 14,142,741 post-diagnosis beneficiary-years.17 Table 1.1 reports summary

statistics for the full sample of beneficiaries and the subset of beneficiaries with cancer diag-

noses. Beneficiaries with previously diagnosed cancer are observed an average of 2.2 fewer

years than the average beneficiary and are 15 percentage points more likely to die over the

course of the sample window. Prostate, breast, and lung cancers are the three most prevalent

cancers in the sample, while colorectal, NHL, and brain cancers are the three least.

I use 20 percent Medicare claims files to identify procedures. Cancer drugs are commonly
17A small number of beneficiaries are not included in the cancer sample because the years in which they
are continuously enrolled in fee-for-service Medicare all precede the year of their diagnosis.
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Table 1.1: Cohort Summary Statistics

(1) (2)
All beneficiaries Beneficiaries with

prior cancer
diagnosis

Characteristics
Age 76.0 77.6
Female 0.582 0.470
Male 0.418 0.530
White 0.875 0.885
Black 0.0734 0.0773
Hispanic 0.0150 0.0105
Asian 0.0156 0.0107
Native American 0.00394 0.00290
Other race 0.0122 0.00978
Years observed 8.11 5.92
Share who die in sample 0.499 0.649

Cancer diagnosis rate
Any cancer 0.195 1.00
Brain 0.00589 0.0302
Breast 0.0487 0.254
Colorectal 0.0361 0.183
Lung 0.0464 0.232
NHL 0.0179 0.0918
Prostate 0.0631 0.328

Observations
# of beneficiaries 12680565. 2387056.
# of beneficiary-years 102785628. 14142741.

This table reports average characteristics of beneficiaries among all beneficiaries that meet Medicare
enrollment criteria within a 20 percent sample of Medicare beneficiaries (Column 1) and the subset of
beneficiaries that were diagnosed with brain cancer, breast cancer, colorectal cancer, lung cancer,
non-Hodgkin’s lymphoma, or prostate cancer between the years 1999-2019 (Column 2). Beneficiaries are
included in the Column 1 sample in any year that they met the enrollment criteria, and in the Column 2
sample in any year that they also met the diagnosis criteria. Age, sex, and race are reported as a share of
all beneficiary-years. Years observed, share of beneficiaries who die in the sample, and diagnosis rates
are reported as a share of all beneficiaries.
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infused in HOPDs and physician practices and thus are reported primarily in the Outpatient

and Carrier files, which include outpatient claims submitted by hospitals and physicians, re-

spectively. I search these files for claims that report HCPCS codes beginning with “J9”. These

drugs encompass chemotherapies such as doxorubicin (J9000), immunotherapies such as

Keytruda (pembrolizumab, J9271), and targeted therapies such as Avastin (bevacizumab,

J9035). While distinctions between these drug classes are clinically relevant, they are all re-

imbursed by Medicare according to the same rules, and hospitals are eligible for 340B dis-

counts on each; therefore, I do not distinguish between them in the following analyses and

refer to them as cancer drugs or chemotherapy interchangeably. The notion of a cancer drug

infusion that I use is the beneficiary-date pair: regardless of the volume of cancer drug proce-

dure codes reported on a single day for a single beneficiary, any beneficiary-date with one or

more codes constitutes a single infusion. I quantify cancer drug spending using the allowed

amount: the sum of payments made by Medicare, the beneficiary, and other payers to the

provider. For my primary analyses, I total annual procedures and spending for each hospital

using the provider identifier reported in the Outpatient file. Procedures with non-positive al-

lowed amount are excluded from all aggregations. I multiply hospital totals by 5 to account

for the use of a 20 percent random sample.

1.2.2 Physicians

I determine hospitals’ employment of oncologists using the Outpatient and Medicare Data on

Provider Practice and Specialty (MD-PPAS) files. First, I use MD-PPAS to assign a single spe-

cialty to each National Provider Identifier (NPI) by determining the most frequently reported

26



specialty code over the period 2008–2017.18 I classify medical oncologists as those physicians

with specialty codes “83 – Hematology/oncology”, “90 – Medical oncology”, or “98 – Gyne-

cological/oncology”, and separately identify radiation oncologists and surgical oncologists

using codes 92 and 91, respectively. I then link oncologist NPIs to outpatient claims either

by directly linking to the attending physician’s NPI or via a UPIN crosswalk file and count

the number of claims reported for each physician-hospital pair in each year.19 I classify on-

cologists as employed by a hospital in a particular year if they were reported as attending

on one or more claims in that year. I then link medical oncologists to HOPD infusions using

the attending physician reported on Outpatient claims for infusions. I additionally quantify

oncologists’ patient volume using evaluation and management (E/M) codes reported in the

Outpatient and Carrier files over the five year period of 2000–2004.20 For each oncologist and

beneficiary, I determine the first year in which a claim was reported for E/M. Then I count

the number of first claims for each oncologist over the period and divide by the number of

years in which the oncologist had any claims to calculate average volume. Among oncologists

with any claims in this period, I calculate the 75th percentile of average volume (160 patients

per year) and determine which oncologists fell in the top 25 percent and which fell in the bot-

tom 75 percent or submitted no claims for E/M in this period.

1.2.3 Hospitals

I use the 340B Covered Entity Database maintained by the Health Resources and Services Ad-

ministration to determine annual participation in 340B. The database includes participation
18In the case of a tie, I assign the most recently reported of the tied specialties.
19The crosswalk file was kindly furnished by SEER-Medicare. See Parsons et al. (2017) for details.
20I use this period to determine oncologist volume because it predates 340B participation among the
hospitals in the analytic sample and thus is unlikely to be impacted by 340B participation.
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and termination dates and classifications (disproportionate share hospital/critical access hos-

pital/etc.) of 340B covered entities. I define participating years as those in which hospitals

participate in 340B for one or more days. I determine hospitals’ health system membership

using the American Hospital Association (AHA) Annual Survey, which reports unique iden-

tifiers for each health system. The AHA survey counts hospitals as being members of systems

if they are a multi-hospital system or a diversified freestanding hospital.21 In this paper, I will

limit the definition of a health system to include only multi-hospital systems, which are those

that have “two or more hospitals owned, leased, sponsored, or contract managed by a central

organization.” (American Hospital Association 2023) I integrate hospital-level data on hospi-

tal capacity, accreditations (e.g. cancer hospital or teaching hospital status), disproportionate

share hospital adjustment, and more from the AHA Survey, CMS Provider of Service files,

and hospital cost reports.

1.3 Methodology

The key challenge of estimating the impact of 340B on care is that 340B hospitals differ from

non-340B hospitals in ways that meaningfully affect how they provide care. For instance,

most 340B hospitals qualify for the program on the basis of a high disproportionate share

(DSH) adjustment, a metric which is intended to reflect the extent to which hospitals serve

low-income patients. Even conditional on DSH adjustment, hospitals that register to partici-

pate in 340B likely do so on the basis of unobservable characteristics that are correlated with

outpatient cancer drug use. Moreover, controlling for observables is unlikely to be a satisfy-
21A single diversified hospital system includes one hospital and three or more pre- or post-acute care
organizations that are owned, leased, sponsored, or contract managed by a central organization (Amer-
ican Hospital Association 2023).
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ing solution because hospitals that participate in 340B must register to do so, and therefore

are likely the hospitals that believe they have the most to gain from participation.

To address selection into 340B, I estimate the effect of 340B on outpatient hospital health

care utilization, using a staggered adoption design. Specifically, I use a stacked difference-

in-differences model that compares the post-340B change in outcomes among hospitals that

begin participating between 2005 and 2013 to control hospitals that begin participating 7 or

more years later. With this design, causal identification rests on a parallel trends assumption:

hospitals that began participating in 340B would have followed the same trend in outcomes

as control hospitals had they not begun participating.

There are two major threats to the parallel trends assumption: first, most 340B hospitals

qualify on the basis of a high disproportionate share adjustment (DSH), which may be corre-

lated with factors that have time varying effects on outpatient cancer drug infusions. Indeed,

hospitals that begin participating between 2005 and 2013 tend to have higher DSH in the year

prior to their participation than later participants. If, for instance, the increasing price of can-

cer drugs disproportionately decreased their use at high-DSH hospitals because those hospi-

tals are undercompensated for drug administrations, this would tend to negatively bias the

effect of 340B. Second, the fact that hospitals must opt into 340B by registering with the Office

of Pharmacy Affairs raises concerns that participating hospitals join the program only once

they decide to administer more outpatient drugs and moreover that those hospitals would

have increased use even without 340B.

I implement the stacked difference-in-differences model according to the method outlined

in Cengiz et al. (2019) and Wing (2021). I first identify all hospitals that begin participating in

340B as a DSH hospital between 2005 and 2013 (the event years). For each event year, I cre-

29



ate a panel sub-dataset that includes the subset of hospitals that begin participating in 340B

in that year and control hospitals that begin participating as a DSH hospital at least 7 years

after the event year and no later than 2020. Within each sub-dataset, I include a 12-year win-

dow of hospital-year observations beginning five years prior to the event year and ending

six years after the event year, using only hospitals are observed throughout the duration of

the window. The control hospitals serve as ”clean controls” in the sense that none are treated

within the event study window. For instance, the 2005 event comprises hospital-year obser-

vations spanning the period 2000–2011 for hospitals that begin participating in 340B in 2005

and control hospitals that begin participating between 2012 and 2020. I then combine each

sub-dataset into one stacked dataset.

A key benefit of stacked difference-in-differences is transparent estimation of an average

causal effect as a weighted sum of event-specific estimates. These events are depicted in Fig-

ure 1.4, which illustrates the composition of treated and control groups for each event, includ-

ing the number of hospitals included in each group by first participation year and the win-

dow of years used to construct the event’s sub-dataset.22 Stacked difference-in-differences

also allows for simple and transparent stratification of the sub-datasets according to charac-

teristics observed in the year prior to the event year (or any other year relative to the event).

For each sub-dataset, I can simply split the data using values of a variable (e.g. system mem-

bership) as they are observed in the year prior to the event. This crucially allows for sample

stratification by system membership in the year prior to treatment, allowing me to test for

effect heterogeneity related to health system membership.
22In Figure 4.4, I depict trends in the main outcome measure separately for each of the nine event-years.
Visual inspection of pre-trends conditional on event evidences violation only for the 2013 event, which
uses the fewest control hospitals and therefore is prone to relatively extreme variation in trends. Omit-
ting this event does not substantially impact the main estimates.
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Figure 1.4: Event Study Comparisons
This figure depicts the construction of the stacked hospital panel by event year and
hospitals’ first 340B participation year. Orange squares depict treatment hospitals and
green squares depict control hospitals. The size of each square is proportional to the
number of hospitals included in the dataset. For instance, for the 2005 event, all
treated hospitals begin participating in 2005, and all control hospitals begin
participating in 2012 or later. The black segment indicates that the window of years
used in the 2005 event dataset includes 2000–2011. The number of control hospitals
with a given first 340B year varies slightly across events because I require that control
hospitals be operating for the duration of the window, which varies by event.
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Table 1.2 reports hospital characteristic means in the year preceding event years (e.g. 2004

for the 2005 event). The stacked panel includes 435 treated DSH hospitals and 310 DSH hospi-

tals that serve as controls for at least one event year.23 While control hospitals are similar on

numerous dimensions to treated hospitals prior to 340B participation, treated hospitals, which

qualify for the program based on a high DSH adjustment tend to have higher DSH (15.3 v. 9.7,

p < 0.001). These hospitals are also more likely to be major teaching hospitals (0.14 v. 0.09, p

< 0.05) and are less likely to have an accredited cancer program (0.52 v. 0.60, p < 0.05). Never-

theless, prior to treatment, control hospitals bill Medicare for a similar number of cancer drug

infusions and employ a similar number of oncologists as new 340B hospitals.

Yhtd = αhd + λtd +X ′
htdΓ + βDD(Treathd × Posttd) + β0(Treathd × TYtd) + uhtd (1.1)

To estimate the effect of 340B on HOPD cancer drug use, I estimate Equation 1.1 by ordi-

nary least squares. Yhtd represents the utilization outcome for hospital h in year t for event

d. Treathd indicates whether hospital h is used as a treated hospital in event d and Posttd =

1{t > d} indicates whether year t is after the event year. The model also includes hospital-

by-event fixed effects αhd, year-by-event fixed effects λtd, and time-varying covariates Xhtd

including the DSH adjustment, a dummy variable indicating DSH is above the 340B cutoff,

and market-level average age, cancer diagnosis rate, female share, and Black share.

The coefficient of interest βDD can be interpreted as an average over events of the addi-

tional difference in cancer drug use between new 340B participants and later participants in

the 6 years after the new participants join 340B relative to the difference in the 5 years before
23Note that hospitals treated in 2012 and 2013 also serve as clean controls for the 2005 and 2006 events;
therefore, these groups are not mutually exclusive.

32



Table 1.2: Hospital Balance Table

(1) (2) (3)
Treated
Mean

Control
Mean

T-statistic

Hospital Characteristics
Disproportionate share adjustment 15.281 9.719 7.334***
Beds (CMS) 313.9 289.6 1.418
Beds (AHA) 291.5 261.3 1.774†
Rural 0.288 0.215 1.876†
Major teaching hospital 0.139 0.090 2.381*
Minor teaching hospital 0.278 0.319 -1.209
Accredited by Joint Commission 0.905 0.931 -1.206
Accredited by Commission on Cancer 0.515 0.601 -2.127*
Affiliated with med school 0.176 0.148 1.098
In health system 0.566 0.598 -0.751
In large system (10+ hospitals) 0.292 0.294 -0.047
Hospitals in system 11.6 11.7 -0.055
Other 340B hospitals in system 1.72 1.36 1.365

Cancer treatment
Chemotherapy infusions 118.1 110.3 0.384
NK-1 receptor antagonists 2.5 1.7 0.902

Oncologists
Medical 8.5 9.3 -1.303
Radiation 2.1 2.2 -0.410
Surgical 0.4 0.4 -1.129

Screening procedures
Screening mammograms 973 929 0.609
Colonoscopies 227 200 1.573
PSA screens 393 444 -0.998

Annual incidence in hospital’s zip
Any cancer 0.0180 0.0189 -1.633

First 340B year 2005-2013 2012-2020
# Hospitals 431 309
# Hospital-events 431 1416
# Hospital-event-years 5172 16992
†p < 0.10, *p < 0.05, **p < 0.01, ***p < 0.001
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joining. Because hospitals are only partially treated in the first year of 340B participation, I

separately estimate a coefficient β0 which captures the additional difference in utilization

between treatment and control in the year treated hospitals begin participating in 340B (indi-

cated by TYtd = 1{t = d}) relative to the pre-period difference. Under the parallel trends

assumption that early participants would have followed the same trend in cancer drug use as

later participants if not for joining 340B, these terms represent average causal effects.24

To contextualize the size of these effects, I estimate the counterfactual implied by the difference-

in-differences model: the expected value of the outcome after treatment conditional on being

a new 340B participant had those hospitals not been treated. In other words, this is average

HOPD cancer drug use of new 340B participants after they are treated less the treatment ef-

fect βDD.25 In all models, I two-way cluster standard errors by hospital referral region and

hospital system.26

24To evaluate the plausibility of the parallel trends assumption, I estimate the following fully dynamic
version of Equation 1.1: Yhtd = αhd + λtd +X ′

htdΓ+
∑

k ̸=−1 βk(Treathd × 1{k = t− d}) + uhtd In this
specification, the effect of 340B is allowed to vary according to the number of years relative to joining
the program. Coefficients corresponding to years prior to participation that are significantly different
from zero would provide evidence of pre-existing differences in trends between the two groups and
would suggest parallel trends may not hold.

25In practice I estimate the counterfactual using regression estimates. The difference-in-differences
model implies expected counterfactual outpatient drug use is E[Yhtd(0)|Treathd × Posttd = 1] =
αhd + λtd +X ′

htdΓ. I estimate this using the sample analogue of each term.
26Note that for proper statistical inference with a stacked design, the unexplained utilization of the cross-
sectional units (here, hospitals) must be allowed to co-vary across events and time. Thus, Wing (2021)
suggests clustering at the cross-sectional level. By two-way clustering at the HRR and system levels, I
nest hospital clustering as a special case and further allow errors to be informative about utilization of
other hospitals in the same HRR and market.
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1.4 Results

In this section, I first present estimates of the total effect of 340B on HOPD billing of cancer

drugs using both system and independent hospitals. After discussing the robustness of the

total effect, I present estimates separately for system and independent hospitals. I show that

effect heterogeneity cannot be explained by other variables correlated with system-ness, and

then evaluate mechanisms underlying the increase in use.

1.4.1 Effect on HOPD Cancer Drug Billing

Table 1.3 reports estimates of Equation 1.1. In the six years following the start of 340B partic-

ipation, newly-participating hospitals significantly increased outpatient cancer drug claims

compared to later participants, as measured by the annual number of infusions, cancer pa-

tients with HOPD infusion claims, and outpatient cancer drug spending. 340B increased

annual infusions by 62 on average, a 35 percent increase over the number of infusions that

treated hospitals would have billed had they instead followed the same trend as control hos-

pitals.

Similarly, new 340B hospitals increased the number of cancer patients billed for HOPD in-

fusions by an average of 10 more than later participants and increased annual HOPD can-

cer drug spending by $213,000 more than later participants, 34 and 42 percent increases, re-

spectively (relative to the counterfactual). Figure 1.5 presents estimates of a dynamic event

study specification that allows the average effect of 340B to vary by the number of years since

treated hospitals began 340B participation. After beginning participation, the difference be-

tween 340B and control hospitals grows year over year, indicating that HOPD cancer drug
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Figure 1.5: 340B Event Studies
This figure reports ordinary least squares estimates of event study coefficients. For
each event beginning at time d, the treated group includes all DSH hospitals that
begin 340B in d and the control group includes all hospitals that begin 340B as a DSH
hospital in year d+ 7 or later. The coefficients reflect the difference in trends between
treated and control hospitals, controlling for time-varying covariates, hospital-event
fixed effects, and year-event fixed effects.
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use does not uniformly increase post-participation. Moreover, the coefficients are all near zero

in the pre-period indicating that there was no pre-existing difference in cancer drug trends

between new 340B hospitals and later participants.

Robustness

The causal interpretation of these estimates rests on the validity of a parallel trends assump-

tion — that treated hospitals would have followed the same path of cancer drug use as con-

trol hospitals had they not started participating in 340B. The fact that Figure 1.5 shows par-

allel trends prior to treatment is suggestive that these parallel trends would have continued

if not for 340B; however, I cannot definitively rule out that trends would have diverged af-

ter the event year because counterfactual trends are fundamentally unobservable. Never-

theless, early 340B participants are unlikely to have selected into the program on the basis

of expected increases in cancer drug use because much of the increase in participation in the

mid-2000s is due to policy changes in which hospitals are considered disproportionate share

hospitals and how DSH is calculated. These results are also largely invariant to the use of al-

ternate event study specifications: in Table 1.3 I present additional estimates that demonstrate

this robustness to inclusion of time-varying controls and different choices of control groups.

First, Column 3 reports estimates of Equation 1.1 that weight the control group according to

a propensity-score to balance characteristics across treatment arms.27 Column 4 estimates

the model using only the subset of control hospitals that are treated 7 to 9 years after each

event, removing controls that are treated at times furthest from each event, making as-good-
27For each event, I estimate a LASSO-penalized logistic regression that predicts 340B participation in the
event year using numerous hospital characteristics. Then, I use the LASSO-logit predicted probabili-
ties to reweight control observations. See Section 4.1.1 for details on implementation.
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Figure 1.6: 340B Event Studies, by System Affiliation
This table reports ordinary least squares estimates of event study coefficients
disaggregated into samples of independent and system hospitals. For each event
beginning at time d, the treated group includes all DSH hospitals that begin 340B in d
and the control group includes all hospitals that begin 340B as a DSH hospital in year
d+ 7 or later. The system hospital sample only includes hospital-events in which the
hospital was a member of a multi-hospital system in year d− 1. The independent
hospital sample includes all other hospital-events. The coefficients reflect the
difference in trends between new 340B DSH hospitals and later participants for each
event, controlling for hospital-event and year-event fixed effects.
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as-random timing of participation more plausible. Nevertheless, using control hospitals that

begin participating in 340B seven or more years after the treated hospitals may concern the

reader that treated hospitals would have increased cancer drug utilization more than controls

regardless of 340B participation. Thus, in additional analyses, I reconstruct the stacked panel

to include controls that begin participating sooner after treated hospitals and use the Call-

away and Sant’anna difference-in-differences estimator to estimate a model that uses hospi-

tals as controls in any year prior to their participation.28 None of these estimates substantively

differ from the baseline specification reported in Column 2. In total, these estimates indicate a

statistically and economically significant effect of 340B on hospital-based cancer care.

1.4.2 Heterogeneity by System Affiliation

To assess heterogeneity in the effect of 340B related to health system affiliation, I estimate

Equation 1.1 separately for hospitals that are system members or independent in the year

prior to each event and present the estimates in Table 1.4. System hospitals increased aver-

age infusions by 72 percent (+115 infusions, p < 0.01), while independent hospitals did not

significantly increase infusions (-7.3 infusions, p = 0.77). A test of the difference of coefficients

rejects equal effects (p < 0.05).29 Figure 1.6 shows that parallel pre-trends hold conditional on

health system membership, suggesting that 340B hospitals both in and not in systems plausi-

bly would have followed the same trend in cancer drug administration as the control hospi-

tals.

28See Figure 4.5 and Figure 4.6.
29I estimate the difference of effects by interacting all terms in Equation 1.1 with an indicator for system
membership in the year prior to treatment. I then perform a t-test on the coefficient multiplying the
term Treathd × Posttd × Systemhd to test the significance of the difference of effects.
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(a) Cancer Drug Rate

(b) Cancer Diagnosis Rate

Figure 1.7: 340B Event Studies, Beneficiaries Living within 5 Miles of Hospitals
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While system hospitals significantly increase billing for cancer drugs, Panel (a) of Figure

1.7 shows that 340B does not make patients with previous cancer diagnoses who live within

5 miles of the hospital any more likely to be treated with cancer drugs. Moreover, Panel (b)

shows that previously undiagnosed beneficiaries living near a hospital are no more likely to

be diagnosed with cancer after that hospital becomes 340B. Thus, I find no evidence that 340B

leads to an increase in demand among nearby patients.

Yhtd =exp
(
αhd + λtd + ρtdSystemhd +X ′

htΓ

+ βDD(Treathd × Posttd) + βDD0(Treathd × TYtd)+

+ βDDD(Treathd × Posttd × Systemhd) + βDDD0(Treathd × TYtd × Systemhd)

+ βDDDW (Treathd × Posttd ×Whd) + βDDDW0(Treathd × TYtd ×Whd)
)
+ uhtd.

(1.2)

Robustness

These results demonstrate that the overall effect of 340B on outpatient cancer drug use is

driven in large part by system hospitals. However, this does not imply that health system

membership causes hospitals to respond more strongly to 340B. If factors correlated with sys-

tem membership drive larger effects of 340B, then those effects would overstate the contribu-

tion of systems to the effect of 340B. I test whether system-level heterogeneity in the effect of

340B can be explained by heterogeneous responses in other variables by estimating the triple

difference model represented by Equation 1.2. This specification allows for the difference in

trends to between new 340B participants and later participants to vary based on whether hos-

43



pitals are system members by including an interaction term βDDDTreathd×Posttd×Systemhd.

Moreover, it allows for the difference in trends to vary based on the level of other observed

variablesWhd, a difference captured by the coefficient βDDDW . If effect heterogeneity by sys-

tem membership is merely a reflection of correlation with observed variables that actually

cause effect heterogeneity, then including these interaction terms will tend to attenuate βDDD

towards zero. In all specifications, I estimate Poisson regression models so that coefficients

approximately represent percent differences in expected cancer drug use.

In Table 1.5, I report estimates of Equation 1.2. I find no evidence that heterogeneity in the

effects of of 340B by hospital rurality, teaching status, cancer program accreditation, govern-

ment affiliation, DSH adjustment, number of beds, or the number of other 340B or non-340B

providers in a hospital’s market explain the observed difference of effects by health system

membership, suggesting that health system membership may itself cause a greater policy re-

sponse to 340B participation.
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1.4.3 System Hospitals, Oncologist Employment

Figure 1.8 shows that 340B also differentially impacted medical oncologist employment. New

340B system hospitals modestly increased employment of medical oncologists by 1 additional

oncologist on average relative to control hospitals (an 8 percent increase). 30 In contrast, 340B

did not increase hospital employment of medical oncologists at independent 340B hospitals.

System hospitals increased employment of both the top 25 percent and bottom 75 percent of

physicians by volume by a statistically insignificant 8 percent. Moreover, Table 1.6 shows that

340B did not cause system hospitals to increase employment of other types of oncologists (ra-

diation or surgical) despite the fact that these specialists are often members of the same physi-

cian groups as medical oncologists. Nevertheless, 340B substantially increased the number

of HOPD infusions attended by both historically high- and low-volume medical oncologists:

HOPD infusions attended by historically low-volume oncologists increased by 81 — a 75 per-

cent increase — and those attended by historically high-volume oncologists increased by an

average of 33 — an over 250 percent increase. This implies that 340B increased the share of

HOPD infusions attended by high-volume medical oncologists from 8 to 18 percent, more

than doubling the share of HOPD infusions they attended.31 This indicates that contracting

with more oncologists was not nearly as important to driving increases in hospital-based infu-

sions as increasing the amount of hospital-based care performed by a fixed number of oncolo-
30The coefficient on Treat×Post in the model of total medical oncologist employment is only significant
at p < 0.1. However, this masks significant long-run effects of 340B on medical oncologist employment,
which are depicted in Figure 1.8.

31The difference-in-differences model implies that high-volume oncologists would have attended 13
HOPD infusions for the average system hospital had those hospitals not participated in 340B, but
due to 340B, they attended 48. Similarly, I estimate that the total number of system hospital infusions
(including those with no attending medical oncologist) would have been 160, but because of 340B, it
increased to 275. Therefore the composition would have been 13 / 160 = 8 percent high volume oncolo-
gists without 340B and due to 340B it increased to 48 / 275 = 18 percent high-volume.
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Figure 1.8: 340B Event Studies, Medical Oncologist Employment

gists.

1.4.4 System Hospitals, Screening and Quality Competition

Lastly, I test whether increased cancer drug spending at system hospitals is related to patient

acquisition efforts by assessing whether 340B led these hospitals to increase screening for can-

cer patients or quality competition, including expansion of complementary cancer services

or adoption of new technologies. Table 1.7 shows that 340B did not increase system hospital-

based screening of breast cancer (as measured by mammograms, ultrasound, and core biopsy)

or colorectal cancer (as measured by colonoscopy). There is also no clear evidence that 340B

led system hospitals to adopt full-field digital mammography as a replacement for screen-

film mammography. Additionally, Table 4.2 of the appendix shows that 340B did not cause

system hospitals to increase breast or colorectal cancer surgery, nor did it cause hospitals to

47



increase use of lumpectomy, a less invasive alternative to mastectomy, or minimally-invasive

colectomy procedures (laparoscopic or robotic colectomy). I do find that 340B system hos-

pitals increased use of intensity-modulated radiation therapy (IMRT, a novel radiation tech-

nique) more than control hospitals; however, event study coefficients exhibit a pattern of pos-

itive pre-trends in this outcome, suggesting this may not reflect an effect of the program itself.

In total, this set of results indicates that 340B did not cause hospitals to change their role in

cancer care delivery beyond billing for more cancer drugs, and furthermore it is consistent

with gaming of 340B by strategically changing billing practices to receive 340B discounts.
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1.4.5 Acquisitions

Lastly, I estimate an empirical model of hospital acquisitions. I do this by creating another

stacked dataset wherein the events correspond to the first year treated hospitals are acquired.32

I limit the sample to only include acquisition events between 2010 and 2016 to coincide with

the rapid increase in HOPD cancer drug billing depicted in Figure 1.1. I also limit the sample

to only hospitals that are independent prior to acquisition to ensure that control hospitals are

not in the systems acquiring treated hospitals, as this could bias the impact of acquisition. I

then split the sample by the 340B status of the acquired hospital and the status of other hos-

pitals in the same market and system: for instance, 340B hospitals acquired by a system with

one or more other 340B hospitals and one or more other non-340B hospitals. I then estimate

Poisson fixed effects models akin to Equation 1.1.

Figure 1.9 depicts event study estimates for hospitals acquired by a system with both other

340B and non-340B hospitals. Acquisition by this type of system increases cancer drugs billed

by 340B hospitals and decreases drugs billed by non-340B hospitals. The increase in 340B

billing is consistent with systems relabeling outpatient facilities as 340B HOPDs, although

if those facilities were within 35 miles of another 340B hospital, the systems could already os-

tensibly relabel in such a manner. On the other hand, the acquisition of non-340B hospitals

leads those hospitals to significantly decrease cancer drug billing, which is consistent with

relabeling of the acquired hospital’s off-site facilities as 340B HOPDs.33

32Acquisitions are defined as hospital-years in which a hospital’s AHA system identifier differs from
both of the previous two years and is the same as the following two years.

33In the appendix, I present triple difference estimates that identify the additional effect of acquisition
for 340B hospitals for several types of systems. In aggregate, I do not detect a significant effect of ac-
quisition for either type of hospital, and I am not powered to detect effects for acquisitions by systems
with only other 340B hospitals or only other non-340B hospitals. Acquisition of non-340B hospitals
by systems with both decrease infusions billed by 40 percent (-0.51 log points), whereas acquisition of
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Figure 1.9: Acquisition Event Study, by Type of Acquired Hospital
This table reports Poisson pseudo-maximum likelihood estimates of event study
coefficients using samples of independent hospitals that are acquired by systems with
1 or more other 340B hospitals and 1 or more other non-340B hospitals in the same
system and market between 2010 and 2016 (as well as control hospitals that are not
acquired). For each acquisition event beginning at time d, the treated group includes
all DSH hospitals that are first acquired in d and the control group includes all
hospitals that are first acquired in year d+ 4 or later (or are never acquired). The
coefficients reflect the difference in (log-scaled) trends between newly-acquired DSH
hospitals and controls.
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1.5 Discussion

In this paper, I provide evidence that hospitals game the 340B Drug Pricing Program to ex-

pand discounts to more sites of care and that health systems facilitate this gaming, including

by relabeling facilities as HOPDs. I estimated difference-in-differences models that character-

ize the heterogeneous effects of 340B, and in doing so, I provide suggestive evidence on the

importance of health systems to gaming the program. However, I must acknowledge some

key limitations. First, causal identification depends on a restrictive parallel trends assumption

that, after beginning 340B participation, hospitals would have followed the same trends in

cancer drug use as hospitals that begin participating seven or more years later. I perform an

array of robustness exercises, using alternative control groups and introducing time-varying

controls, and find that none exhibit significant pre-trends or overturn the results of the base-

line specification. Nevertheless, the parallel trends assumption is fundamentally untestable.

If hospitals’ timing of participation is not as good as random— for example, if hospitals that

strategically increased their DSH adjustment to qualify for 340B would have increased care

regardless of whether they became eligible for 340B — then the parallel trends assumption

could be violated.

Second, although the effect of 340B participation on hospital-based infusions is entirely

driven by health system members, the difference of effects could reflect a different mediating

variable that is correlated with system membership. I test whether heterogeneous effects are

better explained by other observable variables and find that none explain away the substan-

tially larger effect of 340B on HOPD cancer drug use of system hospitals. Nonetheless, hetero-

geneous effects may emerge from unobserved variables correlated with system membership.
340B hospitals by these systems increase infusions billed by 43 percent (+0.36 log points).
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Third, while I can observe system ownership of hospitals, I cannot observe their ownership

of oncology practices or the actual site of care. An increase in HOPD cancer drug infusions

only among system-affiliated hospitals is consistent with comparative advantage in gam-

ing, and I attempt to rule out alternative explanations, including increased patient acquisi-

tion efforts and improved care quality at HOPDs. Moreover, I provide case study evidence

that shows relabeling of sites of care is a way in which systems may substantially increase

discounted cancer drug infusions. As the case study suggests, systems may rapidly move

billing of care across organizational boundaries without corresponding changes in the site of

care and may be motivated to do so by 340B discounts. Nevertheless, while system hospitals

seem particularly adept at increasing discounted care, there is some uncertainty in the way in

which they do so at scale that could be supplemented by more information on system owner-

ship and site of care.

The 340B program was intended to allow hospitals to stretch scarce resources to better

serve their communities by requiring drug makers to provide discounts to participants. Due

to the program’s incentives, a massive expansion of participation, and increased health sys-

tem ownership of oncology practices, concern over the program’s unintended consequences

has ballooned. The 340B program may not have driven health system ownership of oncol-

ogy practices, but my results demonstrate that health systems have been by far the most

successful at increasing discounted cancer drug administration, a response that may reflect

comparative advantage in gaming of the program due to coordination of finance, legal ser-

vices, and drug procurement within systems. The incentive to relabel oncology clinics as off-

campus HOPDs to administer discounted drugs at those facilities may be effectively elim-

inated by legislation that requires discounted drugs to be administered within a hospital’s
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walls, perhaps with carve-outs for certain types of community health clinics. However, pro-

fessional drug administration may be less constrained by specialist employment in other ar-

eas of medicine, and hospitals also dispense 340B-discounted retail pharmaceuticals through

in-house pharmacies and contract pharmacy arrangements (Kakani 2023). In those settings a

broader set of hospitals may be able to effectively respond to 340B incentives. Thus, the role

of health systems in facilitating the gaming of 340B in different areas of medicine and, more

broadly, gaming of policies that create incentives for subsets of health care facilities may be a

promising topic for future research.
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2
Regulatory Approval and Expanded Market Size

with Amitabh Chandra and Craig Garthwaite

The regulatory review of new medicines by agencies such as the United States Food and Drug

Administration (FDA) is conventionally characterized as a tradeoff between an increase in

product quality and a decrease in the number of new drugs (Peltzman 1973).1 The reduced

number of drugs is believed to result from lower expected profits, both because of higher

direct regulatory costs and delayed market entry (Peltzman 1973, Budish et al. 2015, Stern
1Historical concerns about the quality of pharmaceuticals have led to several regulations in the United
States. Perhaps most important are the 1938 Food, Drug, and Cosmetic Act and its 1962 amendments.
Together, these regulations grant the Food and Drug Administration (FDA) the power to regulate the
safety and efficacy of new pharmaceutical products. In addition, the FDA has authority to regulate phar-
maceutical advertising to consumers and physicians.
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2017).2 Concerns about this negative impact of regulatory burden have driven many reforms

centered on decreasing the cost and length of FDA reviews — particularly for medicines be-

lieved to be provide new and unique value to the market.3

The view of regulatory review as purely a hindrance to innovation represents a partial equi-

librium analysis. A more complete accounting of the impact of regulatory quality certification

must also consider its potential market expanding effects and the subsequent impact on this

expansion of R&D investments.4 Medicines are largely experience goods about which, absent

some type of credible quality disclosure or certification, market participants have little initial

information about efficacy or safety. These market participants include not only patients but

also physicians, who have medical expertise but little inherent knowledge about a new prod-

uct’s quality. This lack of information likely impacts their initial willingness to prescribe such

products.5 In contrast, manufacturers of these medicines possess far more information about

the quality of their products, both from undisclosed internal testing and private information

about the validity of those tests.6 These manufacturers, however, may face difficulty in credi-
2The regulations also prevent entry of drugs that do not clear a minimum threshold for safety and effec-
tiveness.
3Congress has passed numerous reforms aimed at decreasing the cost and length of the approval pro-
cess. For instance, the Prescription Drug User Fee Act of 1992 (PDUFA) instituted fees on drug manu-
facturers to fund the process of drug approval. Laws have also attempted to accelerate development
by giving special treatment to particular drugs. For instance, the Orphan Drug Act of 1983 gave drug
manufacturers tax credits and exclusivity rights for developing drugs to treat rare diseases. It was later
amended to also waive PDUFA user fees for these drugs. Moreover, FDA has numerous other drug
designations including Priority Review, Accelerated Approval, Fast Track, and Breakthrough Therapy
which are each aimed at reducing the time before drugs can be marketed.
4It is notable that given the long development times of new pharmaceutical products, an increase in
products coming from a change in expected market size may take some time to occur. For this rea-
son, the relatively short 10 year window after the increase in regulatory standards that is considered
in Peltzman (1973) may not have been enough time for new products to be developed and come to
market.
5This theorized reduction of demand due to undervaluing of products without regulatory certification
is related to the McGuire et al. (1975) critique of Peltzman (1973) which, among other arguments, dis-
cusses how rather than believing the unverified claims of manufacturers consumers and physicians
may underestimate drug quality in the absence of some external quality certification.
6Even at the extreme of truly “sham” products, firms possess private information that there is no possi-
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bly communicating information about a product’s value to the market (Dranove & Jin 2010).

This fundamental information asymmetry means that, absent some mechanism for certify-

ing quality, new products might initially earn little revenue (Katz 2007). This is particularly

concerning for manufacturers if market learning is slow, as pharmaceutical firms face a time-

limited period of market exclusivity and therefore delays in take-up are not simply a question

of shifting potential revenues across time periods but instead represent a potentially mean-

ingfully reduction in expected profits from investments in innovation. Given that firms make

investments based on expected profitability, a smaller expected market size would result in

fewer medicines being developed (Acemoglu & Linn 2004, Finkelstein 2004, Blume-Kohout

& Sood 2013, Dubois et al. 2015, Dranove et al. 2020). These market conditions represent a

channel through which a regulatory process that increased certainty in product quality could

increase the expected market size and provide the necessary incentives for firms to invest in

new product development. Any decrease in products from regulatory costs must be weighed

against the potential market expanding benefits resulting from reduced information asymme-

tries.7

The existence of this potential market expanding effect of regulatory review hinges on

whether the FDA certification increases the demand for pharmaceutical products. The recent

behavior of firms investigating a vaccine against the SARS-COV-2 virus provides anecdotal

evidence supporting this potential effect. In the summer of 2020, there were meaningful con-

cerns that the FDA would bow to political pressure and approve such a vaccine without re-

quiring firms to generate the traditional amount of required evidence demonstrating safety

and efficacy (LaFraniere et al. 2020). Under the conventional view of FDA review as a pure
ble way for the product to work.
7A complete analysis would also weigh the welfare generated by the types of products that are lost and
gained by these two economic channels.
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Figure 2.1: Cumulative Follow-on Indications

burden, firms should have found this reduced evidence standard valuable because they could

get their products to market faster and at a lower cost. However, the leading firms pursuing

such a vaccine issued a public declaration asking for a “normal” (i.e. longer and more rigor-

ous) FDA review (Lupkin 2020). This action is consistent with firms being cognizant of the

difficulty that market participants have in determining the quality of pharmaceutical innova-

tions and the ensuing effect of this uncertainty on demand.

Ideally, we would empirically demonstrate the potential market expanding benefits of

FDA review by comparing the use of pharmaceuticals before and after their primary (orig-

inal) approval. Unfortunately, this is not possible as products cannot be sold prior to pri-
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mary FDA approval.8 We overcome this hurdle by exploiting FDA approvals for “follow-on

indications”— or new medical uses for existing products — after launch. These indications

are granted after “primary indications” which are granted when drugs are first approved by

the FDA. Successful applications for follow-on indications require rigorous clinical trial evi-

dence of efficacy that is similar to the standard for the primary indication. Figure 2.1 demon-

strates that these follow-on indications are an important and growing market feature.

We examine whether FDA approval of a follow-on indication increases the use of a drug

for that indication. We then estimate whether the estimated increase in use surpasses what

would reasonably have been expected to occur through natural market learning that occurs

because physicians are free to prescribe an approved product for any use they believe is med-

ically appropriate regardless of whether that use is approved by the FDA. Unapproved uses

are commonly described as “off-label” because they do not appear on the drug label, which

lists all approved indications.9 Off-label use is a prevalent market feature beginning early in

drugs’ marketable lives; in our data, primary indications (those uses approved at the time of

original approval) comprise only 46 percent of prescriptions only two quarters after primary

approval, while fewer than 2 percent of follow-on indications are approved in the first two

quarters, implying that off-label use constitutes much of the remaining 54 percent of prescrip-

tions.10 Moreover, we find that prior to approval, off-label use for a soon-to-be approved dis-
8This is true even if there is demand for unapproved products. Evidence of some level of demand prior
to FDA certification can be seen in continuing demand for the “compassionate use” of unapproved
products (Government Accountability Office 2019).
9FDA approval constrains the marketing and advertising of manufacturers who are only allowed to
communicate information about approved indications. We discuss the role of these marketing restric-
tions later in the paper.
10There are few studies that estimate off-label use prevalence with samples as large as ours. Perhaps the
best comparison is Radley et al. (2006) who find that off-label uses comprise 21 percent of prescrip-
tions, which is meaningfully less than our upper bound of 43 percent. There are a number of reasons
for why our results differ. First, their data are based on survey evidence rather than administrative
claims. The surveys they used asked physicians to report all diagnoses and the drug therapy used
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ease is prevalent, with prescriptions in the quarter before approval totaling more than half of

prescriptions in the quarter after approval. Combined, the prevalence of off-label prescribing

and the costliness of seeking follow-on indications gives firms an important strategic decision

about whether to seek these indications or rely on off-label prescribing of unapproved uses.11

First, the coexistence of off-label prescribing and regulatory approval of follow-on indica-

tions allows us to contrast the effect of regulatory quality certification relative to market learn-

ing and determine the extent to which novel information conveyed by quality certification im-

pacts patient/physician decisions regarding treatment. We note that the additional informa-

tion provided by a follow-on indication primarily involves questions of efficacy rather than

safety.12 While this means we cannot separately identify the effect of safety certification, our

results inform whether efficacy certification alone is important.13 This is not a minor question.

It was not until 1962 that the role of the FDA was expanded to include efficacy certification,

and the appropriate role of the FDA with respect to efficacy remains a source of debate.

Second, we are able to examine heterogeneity in the effect of additional quality certifica-

tion based on the novelty of the information provided by the follow-on indication, namely
to treat those diagnoses for all patient encounters over two days. In contrast, we determined diag-
noses using those billed to patients represented in the OptumLabs® Data Warehouse, which may not
include all diagnoses made by patients’ physicians. Second, we report off-label use at the very be-
ginning of drugs’ marketable life when drugs have the fewest approved indications and thus more
possible off-label uses. Radley et al. report a cross-section of drugs prescribed during a given year and
thus observe both drugs that were recently approved and those that had been approved for decades
(their sample includes generic drugs). Finally, our sample differs dramatically in the types of drugs in-
cluded. For instance, over 20 percent of the drugs in our sample are chemotherapies while the Radley
et al. sample includes none. To the extent that chemotherapies are often be used for unapproved uses,
that would increase the gap in off-label share in our sample.

11While our paper focuses on the effects of indications, not the decision to seek them, analyzing firm
strategy with respect to follow-on indications is a promising avenue for future research.

12New indications primarily provide information about efficacy. To the extent that the new indication re-
quires a meaningfully different dose, there is also new safety information from this additional review
process.

13In this way, our work also relates to Grennan & Town (2020) which examines the effect of the efficacy
review of medical devices.
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whether it approves a course of treatment for a new disease or expands use for a previously

approved disease. This is a vital distinction because indications describe approved medical

uses at a level that is often narrower than a disease, including detailed information on the

proper circumstances for medical use within a disease. Follow-on indications often expand

the indicated course of treatment for approved diseases rather than approving courses of

treatment for additional diseases. Therefore, the effect of receiving a follow-on approval be-

ing larger when it is in a new disease than when it is in the same disease is consistent with

potential market learning being slower when different physicians are responsible for the new

disease relative to the previously approved one.

To illustrate this approach, consider the example of Humira (adalimumab). This drug re-

ceived initial marketing approval for treating signs and symptoms and inhibiting the progres-

sion of structural damage in patients with rheumatoid arthritis in December 2002. In October

2005, it received approval of a follow-on indication for reducing signs and symptoms of ac-

tive arthritis in patients with psoriatic arthritis. In November 2006, it received approval for

another additional follow-on indication for inhibiting the progression of structural damage

and improving physical function in patients with psoriatic arthritis. Although both follow-on

indications are both for the disease psoriatic arthritis, the former indication was for a new dis-

ease, while the latter expanded use of a previously approved disease. If indications for new

diseases provide more novel information to the market relative to new indications for existing

diseases, we would expect a larger change in use after the first follow-on indication than after

the second one.

To operationalize this analysis, we rely on two samples of follow-on indications. The first

sample includes all follow-on indications with ample data to evaluate changes in utilization
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in a window around indication approval. This sample comprises the majority of approved

follow-on indications and includes both those that approve use for treatment of new diseases

and those that expand use for treatment of previously approved diseases. Because this sam-

ple includes both types of indications, it allows us to exploit the sharp timing of indication

approval and test the difference in adoption patterns emerging in a window around approval.

The second sample includes a subset of indications that approve use in new diseases. We use

this sample to implement a stacked difference-in-differences model that estimates the effect of

new disease indications by constructing, for each indication, a control group of diseases that

are later approved for the same drug.

Using this framework, we find that first fills of prescriptions increase by 91 percent in the

quarter of new disease approval and a further 223 percent in the following quarter. It is, of

course, possible that physicians would have ultimately reached this level of off-label use

through market learning without the indication. If the market would have quickly learned

the same amount of information, this would limit the welfare benefits of quality certification.

We find that given the rate of pre-approval diffusion, it would take 26 years for off-label use

to attain the level of use achieved within one quarter of indication approval. Since new phar-

maceutical products have an effective patent life of only 11.7 years, this rapid increase in use

is economically meaningful (Grabowski & Vernon 2000). We also find that there is negligible

market learning within two quarters of approval, which points to the approval being com-

plete in terms of information revelation. In contrast to new disease indications, we find that

the percent increase in fills for indications that expand use in previously approved diseases is

only 52 percent in the quarter after approval and recedes subsequently.

Using the controlled sample, we find that new disease indications on average increase first
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fills by 63 percent in the year after approval. This is substantially smaller than the increase

demonstrated in the broader sample of indications, and thus may be a result of the intended

elimination of omitted variable bias or differences in sample composition. We also find that

the largest increases are demonstrated among follow-on indications that approve use for dis-

eases in different areas than previous indications. For example, Humira’s approval of an in-

dication for Crohn’s disease was the first time the drug was approved to treat a disease of the

digestive system. This provides evidence that regulatory certification of more novel uses has a

greater impact on the activities of market participants.

These results suggest that information about drug safety and efficacy conveyed by FDA

approvals itself expands pharmaceutical markets. However, another potential mechanism

relates to features of the health insurance contract. Insurers often place restrictions on pay-

ment for the off-label use of expensive drugs, and it is possible that the increase in use is

largely a consequence of these restrictions being relaxed. However we find that fills of self-

administered pharmaceuticals increase markedly after approval regardless of how commonly

they are subject to utilization management restrictions including prior authorization and step

therapy. This suggests that the increase in use is driven by increased demand from a reduc-

tion in physician uncertainty about drugs’ therapeutic value rather than a reduction in the

cost of prescribing.

We next describe the data used for our analysis. In Section 2.2 we describe our methods

and present our main results. In Section 2.3 we discuss key mechanisms that drive our main

results. We conclude in Section 2.4 by discussing the economic and policy implications of our

findings.
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2.1 Data

For our primary analysis, we combine data from two assets that allow us to identify the tim-

ing of indications and utilization of drugs for those indications, which are necessary for an

event study design. The first asset is a dataset encompassing all indications for new molec-

ular entities and biologic drugs approved by FDA from 1995 to 2019 and listed on FDA’s

Drugs@FDA website. Assembling this dataset required examining several thousand drug

labels and letters from FDA to manufacturers (all available publicly on the Drugs@FDA web-

site) to assess the clinical content of the new indications and determine the dates they were

approved.14 Because the syntax of indication descriptions varies slightly across different for-

mulations of drugs in ways that do not substantively impact their intended use, we harmo-

nized indication descriptions across different formulations of each active ingredient, the drug

unit that we use throughout our analysis. Through this process, we identify 1,552 distinct la-

belled indications across 784 drugs.

Next, for each labelled indication, we assigned one or more diseases to that indication.

For example, treatment of patients with Chronic Lymphocytic Leukemia (CLL) who have

received at least one prior therapy is mapped to the disease CLL/SLL. Most indications, as

labelled, correspond to a single disease; however, a minority of indications (31) outline ap-

proved use for multiple diseases. For example, a single indication for Repatha (evolucumab)

approves treatment both for patients with primary hyperlipidemia and patients with atheroscle-

rosis. Henceforth, we treat each indication-disease pair as its own indication such that Repatha
14Although Drugs@FDA reliably includes recent documentation about drugs originally approved after
1995, documentation is often missing in the years before 1995, making it difficult to ascertain the entire
approval history of these drugs. Because our empirical analysis depends on accurate identification of
approval histories, we therefore limited our data collection to indications for drugs approved since
1995.
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for primary hyperlipidemia and Repatha for atherosclerosis are different indications despite

being labelled together. We then removed indications with descriptions that were not discern-

able, indications that could not be mapped to a particular disease, and indications that did not

describe a therapeutic use of the product.15

For each disease, we in turn assigned ICD-9-CM and ICD-10-CM codes to those diseases.16

These codes serve two key purposes: determining disease-specific pharmaceutical utilization

using commercial claims and assessing the novelty of indication approvals. We then mea-

sure the extent to which a new disease for a drug is different from diseases previously ap-

proved for that drug by exploiting the hierarchical nature of ICD-10 codes. The World Health

Organization groups ICD-10 codes into sub-chapters (corresponding to a diverse group of

diseases), and chapters (corresponding to an even more diverse group of diseases). For exam-

ple, ICD-10 code C91.1 “Chronic lymphocytic leukemia of B-Cell type” falls in sub-chapter

“Malignant Neoplasms Of Lymphoid, Hematopoietic And Related Tissue,” and chapter “Neo-

plasms.” We remove indications that approve diseases that could not be mapped to a hierar-

chical grouping, and then, among the remaining diseases, determine whether each indication

approval permits use for a disease that was the first approved in its hierarchical group.

15This primarily excludes indications that approve diagnostic uses and indications for primary preven-
tion. Indications for reducing the risk of acute exacerbations of underlying illness (e.g. reducing risk of
myocardial infarction in cardiovascular disease) are not excluded by this criterion.

16See the appendix for a description of how we assigned diagnosis codes to diseases.
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Figure 2.2: Distribution of Follow-on Indications

Table 2.1 reports summary statistics for the remaining 1,434 indications. Among these, 844

are primary indications and 590 are follow-on indications. Column 2 breaks down the types

of follow-on indications that are approved: 326 (55 percent) are for new diseases, but only 223

(38 percent) are for diseases in a new ICD-10 sub-chapter, and only 109 (18 percent) fall in an

entirely new chapter.17 Figure 2.2 shows that while follow-on indications are fairly prevalent,

they are also concentrated in relatively few drugs. Only 39 percent of drugs have at least one

follow-on indication, and many follow-on indications are for one of only a handful of block-

buster treatments, with Keytruda (pembrolizumab) alone receiving 21 follow-on indications

by 2019, only 5 years after its primary approval.
17Indications in a new chapter necessarily fall in a new sub-chapter, so these are included in this figure.
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Our second asset is de-identified administrative claims data from the OptumLabs® Data

Warehouse (henceforth OLDW) which allows us to measure the use of drugs among groups

of patients with different diseases. This database includes medical and pharmacy claims, lab-

oratory results, and enrollment records for commercial and Medicare Advantage (MA) en-

rollees between 1993 and 2019. The database contains longitudinal health information on

enrollees and patients, representing a diverse mixture of ages, ethnicities and geographical

regions across the United States.18 To measure drug utilization, we use this data to determine

the number of patients receiving first fills of prescriptions (prescriptions for individuals who

have no previous claims for the relevant drug) rather than all fills. Our reasoning for focus-

ing on first fills is that our goal is to track how prescribing behavior evolves before and after

indication approval, not to analyze the persistence of utilization. To calculate the number of

first fills, we first identify every pharmacy and medical claim for each drug in our dataset of

indications.19 Then, for each drug-beneficiary pair, we determine the date the beneficiary first

filed a claim for the drug. We drop drug-beneficiary pairs if the beneficiary was not continu-

ously enrolled for 6 months prior to their first claim for the drug.20 Second, because our phar-

macy claims data do not report diagnoses and therefore are not themselves indicative of the

disease for which a drug was prescribed, we use diagnoses reported in medical claims data to

infer the prescribing diagnosis. Specifically, we consider all diagnoses in the 180-day window

prior to each drug-beneficiary’s first fill and assign the prescription to each disease matching
18We restrict the data to only include beneficiaries of commercial plans — which means excluding ben-
eficiaries of Part D prescription drug plans — and only claims filed by beneficiaries enrolled in both
medical and pharmacy coverage through the plan.

19We link the drugs in our indication data to claims data using the RxNorm database to create cross-
walks between drugs and the NDC and HCPCS codes reported in claims and used for reimbursement.

20This restriction increases the likelihood that the first claim for the drug was truly the beneficiary’s first
use of the drug; if we used a shorter continuous enrollment window— say 30 days — then the pre-
scriptions of beneficiaries who switched from another insurer’s plan only 31 days prior would often
erroneously appear to be beneficiaries’ first fills due to the lack of claims from the previous insurer.
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any of those diagnoses. Finally, our data-use-agreement requires us to censor all cells with be-

tween 1 and 10 individuals. Our primary specification assumes utilization in censored cells is

equal to 4, the average value of censored cells.

2.2 Methodology and Main Results

In this section, we present two methods to estimate the effect of indications on pharmaceu-

tical utilization. Both methods exploit the timing of indications to estimate the average per-

cent change in prescriptions filled due to indication approval, but the general applicability of

the methods and assumptions required for identification of a causal effect vary. Our first ap-

proach is an interrupted time series design that leverages the sharp timing of indications to es-

timate the effects of approval using a relatively large sample of 345 follow-on indications that

either approve a drug to treat new diseases or expand the use of a drug in the treatment of

previously approved diseases. The sample includes only those indications that are approved

more than 8 quarters after primary approval and more than 4 quarters before approval of

the next follow-on indication for the same disease. Additionally, for the feasibility of our ap-

proach, we omit indications that approve use for a disease with zero first fills in the quarter

prior to approval. We include all quarters of panel data within this 13 quarter window.

The second approach is a difference-in-differences design that uses a subset of new disease

indications from the last sample and compares their change after obtaining an indication to

the change among diseases later approved for the same drugs. This approach entails elimi-

nating drugs from the sample that are approved for 2 or fewer diseases, limiting the external

validity of the approach and substantially reducing the sample size. Nevertheless, it allows

for testing the effect of new disease indications under an alternate data-driven identification
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assumption. Details on average characteristics of indications in these samples are listed in

Columns 3–5 of Table 2.1.

2.2.1 Interrupted Time Series

In Equation (1), we model Yidkt, the percent increase in first fills of drug i approved to treat

disease d by indication k in year-quarter t relative to first fills of that drug among patients

with that disease in the quarter prior to approval of k. Let k be approved in quarter Ek. Then

Qkt = t − Ek is the number of quarters relative to approval of k. Furthermore, let AQkt =

1{Qkt = 0} and Postkt = 1{Qkt > 0} be dummy variables that indicate whether year-quarter

t is equal to the quarter of k’s approval or is after the quarter of k’s approval, respectively. If

Fillsidt is the number of first fills of i for disease d in t, then we can express the dependent

variable as fills rescaled to the pre-approval baseline level of fills: Yidkt = Fillsidt
FillsidEk−1

. Thus,

the dependent variable always equals 0 in the period prior to approval, and a value of 0.5

corresponds to a 50 percent increase over the pre-approval number of fills.

Yidkt = λt + β1AQkt + β2Postkt + β3Qkt + β4(AQkt + Postkt)×Qkt + uidkt (2.1)

Note that when Qkt < 0 (i.e. prior to approval), Yidkt = λt + β3Qkt + uidkt. Thus, β3

gives the average rate of market learning prior to approval. When Qkt ≥ 0, then Yidkt =

λt + β1AQkt + β2Postkt + (β3 + β4)Qkt + uidkt. Thus β1 represents the additional fills in the

quarter of approval relative to the pre-existing trend, and β4 represents the change in the rate

of market learning after approval.21

21The expected increase relative to the pre-existing trend in the 4 quarters after approval is given by β2 +
β4/4

∑4
s=1 Qk(Ek+s) = β2 + 2.5β4.
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Figure 2.3: Percent Change in First Fills around Indication Approval

Figure 2.3 depicts the average change in first fills relative to the quarter prior to indication

approval. For diseases that receive their first indication, first fills increase by 91 percent in

the quarter of approval and another 223 percent in the following quarter for a total average

increase of 314 percent. After this, the rate of increase slows, with fills increasing up to a cu-

mulative 380 percent 4 quarters after approval. Column 1 of Table 2.2 highlights the economic

and statistical significance of these results. Fills of drugs by patients with newly approved dis-

eases increase by 103 percent more in the quarter of their approval and 367 percent more in

the following 4 quarters than they would have if the pre-existing rate of market learning had

persisted. In fact, if market learning had continued to increase fills by only 3 percent of the

pre-approval mean per quarter, it would have taken over 31 years to reach the level of first
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fills achieved within 1.22 To place this length of time into context, Grabowski & Vernon (2000)

estimate that new pharmaceutical products have an average effective patent life of only 11.7

years, and each new indication receives only 5 years of post-approval market exclusivity from

the FDA.23,24 Therefore, the increase in use from the new indication is economically signifi-

cant to manufacturers.

22This assumes linear growth increasing a fixed 3 percent of baseline fills per year. However, even if
growth is exponential, it would take 11 years to achieve the growth associated with a new disease
indication.

23Grabowski and Vernon’s estimates are based on a sample of New Chemical Entities that were ap-
proved in the years 1990–1995 which predates most of the drugs in our sample.

24While follow-on indications grant a five-year period of exclusivity to drugs, this exclusivity is specific
to the approved use. Therefore, when the drug’s patent exclusivity ends, another manufacturer may
market the drug as a generic with a so-called “skinny label,” that omits some number of follow-on
indications. Doctors may still prescribe the generic version off-label for uses that are only approved for
the brand name formulation. Thus, the effectiveness of this follow-on exclusivity may be limited.
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On the other hand, the average percent increase in fills was smaller among patients with

diseases that receive indications expanding their use. Fills among those patients increase by

15 percent in the quarter of approval and peak at 52 percent over the pre-approval level in

the following quarter, before falling to 36 percent 4 quarters after approval of the indication

expanding approved use within the disease. Column 2 of Table 2.2 shows that this expan-

sion too was greater than what would have been expected given pre-existing trends, with

fills increasing an average of 36 percent more than expected in the 4 quarters following ap-

proval. Moreover, market learning is near 0 prior to approval for these types of indications

(the point estimate is negative), suggesting that physicians are by and large not predictably

changing their prescribing of drugs for off-label uses among patients with approved diseases.

These percent increases in fills following approval of within-disease use expansions are no-

tably smaller than the increases following indications that approve uses for new diseases,

suggesting that novel information conveyed by indication approval impacts physician eval-

uation of drug safety and/or efficacy most substantially among new disease approvals. How-

ever, we also note that the absolute increase in first fills is quite similar among the two types

of approvals, increasing by an average of 121 and 95 fills for new disease and within-disease

expanding indications, respectively. This reflects the fact that indications for new diseases

typically start with a much lower baseline number of fills because fills among patients with

those diseases are necessarily off-label.

2.2.2 Difference-in-Differences

Rather than assuming a counterfactual linear trend in fills, as in the ITS analysis, we can as-

sume that the trend in fills would have remained the same as a control group of diseases that
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(a) Ankylosing Spondylitis (Green) and Controls (Black)

(b) Crohn’s Disease (Green) and Controls (Black)

Figure 2.4: Control Disease Selection for Humira (Adalimumab)
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are not impacted by the indication. However, to do so, we must identify a plausible control

group of diseases. A natural control for a newly approved drug-disease pair is another dis-

ease targeted by that drug. However, due to the timing of indication approvals, careful se-

lection of control diseases is essential to prevent contamination of the control group with dis-

eases that have already received an indication. Figure 2.4 illustrates this by considering the

timing of two new disease approvals for Humira; panels (a.) and (b.) depict the drug’s com-

plete indication approval history by approved disease. Humira was first approved to treat

ankylosing spondylitis (AS), an arthritis of the spine, in Q3 2006. If we wish to analyze the

indication approval’s impact in a window ending 4 quarters after approval (shown as the

green region in Panel (a.)) by comparing the change in fills among AS patients to patients

taking Humira for other conditions, we must remove from consideration as controls all dis-

eases that have an indication approved in Q3 2006 or earlier. The gray bars in Panel (a.) show

that this removes rheumatoid arthritis, psoriatic arthritis, and Crohn’s diseases from consid-

eration as controls, but permits plaque psoriasis, juvenile idiopathic arthritis, ulcerative col-

itis, hidradenitis suppurativa, and uveitis. Panel (b.) shows how we construct a similar win-

dow and identify controls for Crohn’s disease. Because the Crohn’s disease window is shifted

further in time, plaque psoriasis and juvenile idiopathic arthritis are dropped as controls for

Crohn’s disease. Moreover, the last two approved diseases have no possible diseases to use as

controls, and because our modeling approach relies on treatment-control differences, we omit

these diseases from the “treated” group in our sample, as the effects of their indications do

not impact our estimates. Furthermore, because the disease of the primary indication will al-

ways contaminate the control group, only drugs with indications approved for 3 or more dis-

eases are included in this sample. Figure 2.5 shows the percent change in first fills by patients
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Figure 2.5: Humira First Fill Trends

with AS and Crohn’s Disease relative to the average change among patients with control dis-

eases. The AS indication shows little evidence of causing a substantial increase in fills, while

Crohn’s use increased substantially more than control diseases after indication approval.

To estimate the impact of FDA approval, we employ stacked event study and difference-in-

differences models. In this model we still seek to explain Yidtk which represents the cumula-

tive percent change in first fills of drug i among patients with disease d in year-and-quarter t

relative to use in the quarter prior to approval of indication k. However, now we model this

change not just for the indication of the approved disease but also for each control disease.
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Yidkt = αidk + λikt +
∑
ℓ ̸=−1

βℓTreatidk × 1{Qkt = ℓ}+ uidkt (2.2)

Equation 2 represents the fully dynamic event study formulation. On the right-hand side,

αidk is a drug-by-year-by-quarter-by-indication fixed effect, λikt is a drug-by-indication-by-

year fixed effect, and Treatidk is a dummy variable that equals 1 if d is the disease approved

by indication k and 0 if it is a control disease. Thus, within each indication studied, the regres-

sion controls for both the level of disease-specific utilization and drug-level trends that impact

both treated and control diseases. βℓ are the dynamic event study coefficients that measure

the additional percent change in utilization between quarters ℓ and -1 among newly approved

diseases relative to control diseases (β−1 is normalized to 0). These coefficients span from 8

quarters prior to approval to 4 quarters after approval, one for each quarter in the sample win-

dow. We also estimate a “static” specification that pools the 4 quarters after approval into a

single bin. In all models, we cluster standard errors at the drug level, accounting for arbitrary

correlation of residuals within-drug.
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We present our key results in Table 2.3. On average, first fills increased by 63 percent in

the year following approval of a new disease indication. Expanding the sample window to

allow an extra year of follow-up reduces the power of the test but demonstrates that there is

no clear additional increase or decrease in first fills after the first year of approval. Columns

3 and 4 show that the total number of fills increase as well, however these estimates are only

marginally significant. Interestingly, the count data models estimated in columns 5 and 6

demonstrate only small and insignificant increases in expected fills. This is likely due to indi-

cations having larger percent impact on drugs with the least baseline utilization. These count

data models parameterize the log of expected fills, and thus their coefficients approximate the

percent change in expected fills. In contrast, by rescaling fills according to baseline use, we es-

timate the expected percent change in fills, which generally may be different from the former

estimand. Of particular note, if indications disproportionately increase demand among pa-

tients with diseases with low off-label use (in percent terms), this may only slightly increase

average fills, even if the average percent change in fills is quite high.25

Figure 2.6 presents coefficient estimates for the full event study specification. Fills increase

rapidly after approval but appear to decrease slightly by 4 quarters after approval. Fills also

exhibit some evidence of an increasing trend relative to control diseases prior to approval.

This is consistent, for example, with studies that find that publication of clinical trials prior to

approval impacts pharmaceutical adoption (McKibbin 2023). However, the size of the relative

increase in fills following indication approval far outstrips the pre-trend making it unlikely

that this is a substantial source of bias.
25For a simple example, suppose that a drug has 10 off-label fills among patients with disease A and
1000 off-label fills among patients with disease B. Both diseases receive an indication and it increases
fills to 110 and 1100, respectively. The average percent increase is 505 percent but the average number
of fills increases by only 19.8 percent.
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(a) First Fills

(b) First Fills, Rescaled by Fills in Quarter -1

Figure 2.6: Event Study Estimates
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These estimates are notably smaller than the corresponding estimates using the ITS design.

This may reflect several differences between the two designs. First, the ITS design assumes

that without the indication approval, the pre-approval trend would have continued. If this

assumption is not satisfied, then making the alternate assumption that trends would have

followed the same path as control diseases may reduce bias as intended, shrinking the esti-

mated effect. Second, the ITS design uses a broad group of drugs and indications to estimate

the effect, while the difference-in-differences design is limited to drugs that are approved for

3 or more diseases. Fills in the quarter prior to approval are comparatively higher among the

difference-in-differences sample, which may reflect greater cumulative market learning for

these drugs and less actionable information to be derived from indication approvals.

2.3 Mechanisms

Disease Novelty

Our main results demonstrated that indications that approve use in new diseases were fol-

lowed by a percent increase in use that were an order of magnitude greater than the same in-

crease after approvals that expand use within a previously approved disease. If this is driven

by physicians and patients responding to the novelty of information conveyed by the indica-

tion, then we may also expect a similar pattern based on whether the indication is in a new

disease area rather than expansion within a group of similar diseases. Figure 2.7 shows that

when the follow-on indication is for a disease in new disease area, specifically, a new ICD-10

chapter, the indication increases fills for that disease by substantially more than indications

that expand use to a new disease within a previously approved ICD-10 chapter. Indications

increase fills for diseases in new chapters by 108 percent in the quarter after approval and an-
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other 68 percent in the following quarter before falling substantially, perhaps indicating an

initial wave of experimentation for the new and novel use. In contrast, indications increase

fills after a follow-on indication approval for a new disease within a previously approved dis-

ease group by (a statistically insignificant) 23 percent in the quarter after approval and then

a further 16 percent in the following quarter. A test of the difference of coefficients cannot re-

ject the null hypothesis of equal effects in quarter 1 (p=0.059), however the difference in the

following quarter is significant (p=0.017). On net, these results point towards “more novel”

indications (i.e. those for diseases that are medically dissimilar to previously approved ones)

increasing utilization for those diseases more than “less novel” indications for diseases closely

related to previously approved diseases.

Cancer

A notable feature of follow-on indications is their prominent role in the oncology market,

with 43 percent of our follow-on indications being for cancer. In order to determine whether

our results are primarily driven by these oncology products, we next analyze how the con-

sumer response to follow-on approvals varies across cancer and non-cancer indications. In

addition to demonstrating whether our main results are driven by oncology, these estimates

also provide evidence regarding the role of disease severity in the use of products for follow-

on indications. Figure 2.8 shows that cancer drugs and other drugs increase utilization by

similar amounts after new disease approvals. However, cancer drugs appear to significantly

increase in use between 3 and 2 quarters prior to approval. This may reflect the supranor-

mal role of academic publications (which typically precede approval) in cancer treatment.

This increase is consistent with McKibbin (2023), which finds that off-label cancer drug use

increases when randomized control trial findings are first presented. This provides clear ev-
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(a) First Fills

(b) First Fills, Rescaled by Fills in Quarter -1

Figure 2.7: Event Study Estimates, by Disease Novelty
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idence demonstrating our main results are not driven solely by oncology. This is especially

surprising for cancer indications as cancer is a major source of mortality in the United States

and other OECD countries, meaning effective treatment may literally be the difference be-

tween life and death. Moreover, cancer drugs are quite expensive, and thus insurers have

strong incentives to curtail cancer drug utilization that they view as ineffective, even if they

view some use for the same cancer as effective. If the insurer only covered prescriptions for in-

dividuals undergoing treatment in exact accordance with the FDA-approved indications, we

should expect an increase in fills when drugs receive a new indication, even when the disease

is already approved under a different indication. The fact that we do not observe such a sig-

nificant increase in fills suggests that, even if the insurer perceives new indications as signals

of efficacy, they may have limited ability to restrict utilization within-disease.

Utilization Management

Our primary results show that there is a strong short-term demand response to new disease

approvals. While these results point to an important mediating role of information in this

change, it is also possible that increases in demand result from insurers relaxing constraints

on utilization after indication approval. To assess the role of utilization management, we com-

pare utilization dynamics of drugs that commonly impose prior authorization or step ther-

apy requirements to drugs that do not. Prior authorization is a requirement mandated by the

health plan than requires doctors obtain approval from the plan before it will cover the costs

of medicine. Step therapy is a requirement that patients try and fail therapy on one or more

other drugs before their plan will cover the drug with the step therapy requirement. Both re-

strictions are intended to lower insurer costs by deterring inappropriate use but increase costs

to patients by creating administrative barriers to accessing particular drugs. Insurers, how-
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Figure 2.8: Percent Change in First Fills, Cancer and Other

ever, have less latitude to refuse coverage for indications that are approved by the FDA.26

Comparing follow-on indication responses for drugs with different prior authorization re-

quirements amounts to a useful test of mechanisms because if utilization changes are similar

among drugs with different utilization restrictions then any increase in utilization is likely to

be driven entirely by the indication shifting demand.

To examine this question, we use prescription drug plan formulary data from Managed

Markets Insight & Technology (MMIT) to determine how restrictions imposed by the insurer

on prospective users of different medications interact with follow-on indications to impact uti-
26This assumption is supported by the fact that prior authorization forms from various health plans
often cite FDA approval of an indication as a sufficient criterion for its coverage; however, they of-
ten also cover off-label uses listed in medical compendia, meaning that FDA approval is not always
necessary for coverage.
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lization. This data contains information on drug coverage, restrictions (including prior autho-

rization and step therapy), and enrollment in prescription drug plans for a subset of drugs in

our sample for which the FDA approved at least one follow-on indication in the years 2012–

2019. For each drug, we determine the number of individuals enrolled in prescription drug

plans that cover that drug, and then further determine how many of those individuals are on

plans that require prior authorization or step therapy. Then for each drug and each year, we

compute the share of covered individuals who are subject to either type of utilization manage-

ment. We classify drugs as having “high utilization management” if their average share over

2012–2019 is above 50 percent.

We test for the role of insurer constraints by assessing the differential indication effects of

drugs with different levels of utilization management. To do so, we limit our sample to self-

administered drugs, which are typically covered by pharmacy benefits. We also limit to new

disease approvals in years since 2013. We then estimate Equation 1 separately for drugs with

low or high levels of utilization management. We graphically demonstrate these results in

Figure 2.9. While fills increase more among drugs with high levels of utilization management,

both types of drugs exhibit increases of over 150 percent in the quarters following approval

of a new disease indication. These results suggest that the indication response is mediated

by utilization management requirements becoming less binding after indication approval.

This finding only applies to self-administered drugs, not for drugs that are professionally

administered in health care facilities. Nevertheless, the increase in (usually professionally

administered) cancer drug use after approval of new indications despite the prevalence of off-

label use of these drugs suggests that approval itself conveys information that meaningfully

changes prescribing behavior for professionally administered drugs as well.

88



Figure 2.9: Percent Change in First Fills of Self-administered Drugs, by Prevalence of
Utilization Management

2.4 Discussion

FDA regulations are often thought of as purely a means of consumer protection, where so-

ciety sacrifices the number of drugs in order to enjoy increased product quality and safety.

Certainly, the clinical trial process is costly and, holding all else constant, would result in a re-

duced number of products coming to market. Our results demonstrate that all else is not held

constant., because FDA approval grows the market size for pharmaceutical products beyond

what otherwise would have existed. FDA approvals have two effects. First, they provide in-

formation to the market in the form of both FDA certification and the result from new clinical
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trials demonstrating efficacy. Second, they allow firms to market their product for the new

indication. These efforts could increase demand independent of any information conveyed by

the FDA. Indeed, Shapiro (2018) finds that direct advertising to physicians in the month of an

informational shock increased prescriptions and tilted use towards on-label uses. Our results

reflect a combination of the effects of these two forces, and we believe that the totality of our

results suggests that the increase in sales is not solely driven by increased marketing efforts

and instead reflects an independent effect from product certification by the FDA.

We first note that our main specification finds a 63 percent increase in fills. This is a far

larger increase than is suggested by the literature on both direct-to-consumer (DTC) adver-

tising and physician detailing (Iizuka & Jin 2007, Shapiro 2018). Second, the increase in fills

that we observe is immediate, and after two quarters we observe negligible differential mar-

ket learning for newly approved diseases (compared to control diseases). If the sales effect

were driven by DTC advertising and/or detailing there would need to be an immediate and

complete effect from these efforts within 6 months of approval. Finally, our results are largest

when the indication appears to provide the most novel information to the market, i.e. when

the indication is for a new disease. This demonstrates that there is something important about

the novelty of the information provided by the FDA action. It also suggests that detailing ef-

forts in response to the new approval are not solely about a pharmaceutical representative dis-

cussing new indications with the same physicians. Instead, these efforts would likely involve

setting up new relationships with physicians.

Taken together, these factors make it likely that a meaningful portion of the change in sales

we observe is driven by the actual act of FDA approval providing information to the mar-

ket about quality. This would be consistent with the statements and actions of vaccine man-
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ufacturers during the COVID-19 pandemic who joined together to ask for the normal and

rigorous yet costly review. This suggests market participants have a belief that the market ex-

panding effects that we estimate are related to the FDA certification. Importantly, future work

could seek to improve our understanding of how firms strategically decide to expand use by

seeking new indications.

An important limit to our approach is that we only analyze the average effect of indications

that were actually granted by the FDA, not indications that FDA refused to grant or indica-

tions that drug manufacturers never applied for. Therefore, our estimates are averages over

the inframarginal indications approved for inframarginal drugs. However, a change in RD

due to a change in the regulatory system is reflected in the response of marginal uses and

marginal drugs. For example, loosening regulation might encourage development of new

pharmaceuticals or new uses for existing pharmaceuticals if the mechanisms proposed by

Peltzman are more consequential than the weakening of the signal from FDA’s stamp of ap-

proval, but our analysis only attempts to characterize the importance of the latter mechanism

for approved uses. While consumers may put similar stock in FDA approval for marginal and

inframarginal uses, the ability of our results to predict how changes in drug regulation might

affect pharmaceutical R&D depends on an extrapolation to these marginal uses. Nevertheless,

within the current regulatory framework, FDA approval increases adoption drugs in propor-

tion to the novelty of the newly approved indication. These results contribute to a broader

economics literature about the economics of quality disclosure and verification. Questions of

the optimal amount of quality certification and disclosure date back to at least Spence (1975).

As discussed in Dranove & Jin (2010), quality certification can take many forms ranging from

voluntary disclosure by sellers to the mandated FDA process at the center of our study.
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We interpret the totality of our results as providing evidence of a value creating role for the

information required as part of the FDA process. These provide a channel for the for the FDA

process increasing welfare even in a setting where the process imposes meaningful delays

on market entry. For example, to the extent that lost sales from this earlier period are out-

weighed by the higher revenue from a more robust market, the review process could be val-

ued by firms rather than being perceived as a pure burden.27 This could also increase welfare

to the extent that it shifts research and development investments towards higher quality prod-

ucts. This opens the question of whether the increase in use is welfare-enhancing. To the de-

gree that our estimates reflect a change in demand resulting from a reduction of information

asymmetries, that would suggest an increase in welfare. Of course, greater use of medicines

could also reflect overuse, in the sense of the marginal benefits from these medicines being

less than the cost of providing them, which would limit the welfare benefits (Chandra & Skin-

ner 2012). We note that we find no increase in attempts by insurers to limit the wasteful use of

medications after indication approval which we might expect if insurers viewed the increased

use as potentially wasteful. Measuring the welfare effects of expanded market size more com-

pletely remains a fruitful area for future research.

27Peltzman (1973) does examine the possibility that new drugs are of higher quality. However, this
study uses a relatively short period after the policy change to examine this effect. The pace of scien-
tific and drug development suggests a much longer time period for firms to develop new and higher
quality products.
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3
The Effects of Tax Credits for Rare Disease R&D:

Evidence from the Tax Cuts and Jobs Act

Rare diseases adversely impact the health of affected patients, reducing life expectancy, caus-

ing severe pain, impairing cognitive function and motor skills, and worsening mental health.

Evidence is also emerging that these diseases have large aggregate economic impact. A re-

cent study found that 379 rare diseases, affecting a total of 15.5 million Americans, cost almost

$1 trillion in 2019 (Yang et al. 2022), more than a quarter of the cost of all chronic diseases.1

Thus, while rare diseases may individually make up only a tiny fraction of the cost of disease,
1Chronic diseases are estimated to cost Americans $3.7 trillion per year (Waters & Graf 2018).
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together they account for over one quarter of the cost.

Patients have looked towards development of novel therapies to more effectively treat rare

diseases. However, the rare nature of these diseases presents a fundamental economic chal-

lenge for incentivizing private research and development. Like treatments for more common

diseases, regulators require evidence of the safety and efficacy of rare disease therapies gen-

erated in clinical trials with human subjects. These trials have high rates of failure, and firms

considering starting trials can expect to spend over $100m (DiMasi et al. 2016).2 Incurring

these costs can be profitable for firms because positive trial findings provide scientific ratio-

nale for regulators to approve drugs for sale. Moreover, patents and other forms of legal ex-

clusivity grant monopoly rights to firms developing branded drugs, meaning that firms can

expect to earn super-normal profits upon market entry. However, small populations of rare

disease patients have historically reduced the profits that firms expect to reap from develop-

ing therapies for these diseases. Lackluster profits weaken incentives to develop rare disease

therapies and contribute to the lack of options for effective medical care for rare diseases.3

Governments have implemented various policies to encourage development of rare dis-

ease therapies, commonly referred to as “orphan drugs.” The first such law was the Orphan

Drug Act (ODA), passed by the US Congress in 1983. Under ODA, drugs designated orphan

by the US Food and Drug Administration (FDA) are eligible for tax credits for clinical R&D,

seven years of market exclusivity, clinical trial grants, and user fee waivers. These policies

are intended to incentivize private R&D both by “pushing” drug development through reduc-

ing the cost of R&D and “pulling” drugs to market by increasing the benefits of market en-
2Firms and other research-funding institutions including universities and government incur additional
costs from basic science, preclinical animal studies, and post-market monitoring.
3Studies have consistently found that market expansions increase development of biopharmaceuticals
and conversely that contractions depress development (Acemoglu & Linn 2004, Blume-Kohout & Sood
2013, Dubois et al. 2015).
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try (Gamba et al. 2021). Passage of ODA in 1983 was followed by adoption of similar orphan

drug laws in Japan in 1993 and the European Union in 2000 (Bagley et al. 2019).

The provisions of ODA cost the US government billions of dollars annually,4 and yet the

evidence that these policies have coaxed firms into developing rare disease therapies is lim-

ited.5 There is even less evidence on which (if any) of these policies have worked.6 Thus, in

this paper, I focus on evaluating the impact of the Orphan Drug Credit (ODC), one of the key

provisions of ODA. ODC allows firms conducting clinical research on rare disease drugs in

the United States to reduce their US federal tax bill, effectively reducing the after-tax cost of

US R&D. I first develop a simple model of international biopharmaceutical development in

which the costs of R&D spending are impacted by the local tax regime, including the corpo-

rate tax rate and available R&D credits. I show that ODC substantially reduces the cost of US

R&D for established biopharmaceutical firms, which have approved products and flows of

US taxable income. In contrast, tax credits have little inherent value to startups, which face

significant risk of never having a tax bill to offset.

To test the incidence and effects of ODC, I combine publicly-accessible data sources to as-

semble a dataset of clinical trials for rare and non-rare diseases and determine whether their
4The US Treasury estimates that orphan drug tax credits reduced government revenue by $2.7 billion in
2023 (U.S. Department of the Treasury 2023). Orphan drug exclusivity reduces generic competition for
rare disease therapies, increasing the costs faced by public payers including Medicare and Medicaid.
Waivers for user fees, which are a critical component of FDA funding, cost the agency on the order of
$3 million per New Drug Application (Center for Drug Evaluation and Research 2023).
5Yin (2008) finds that after passage of the Orphan Drug Act, the growth rate of clinical trials for rare
diseases was higher than the growth rate of non-rare diseases. Yin’s difference-in-differences model
implies that ODA increased orphan drug clinical trial starts by 69 percent. However, this finding rests
upon a parallel trends assumption that may be untenable: that rare disease trials would have grown
at the same rate as non-rare disease trials in the absence of ODA. If other factors such as the expansion
of health plans’ pharmacy benefits or changes in basic science would have led to higher growth of rare
disease trials in the absence of ODA, then this methodology would tend to overestimate the impact of
ODA.
6Because Yin (2008) uses the passage of ODA for identification, his difference-in-differences design can-
not separately estimate the effects of its various provisions (i.e. tax credits, exclusivity, research grants,
and PDUFA waivers).
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lead sponsors are established US drugmakers in the sense of having one or more approved

drugs at the time of trial submission to a major US-based clinical trial registry. I show that 45

percent of rare disease trials are sponsored by established firms (compared to 57 percent of

non-rare disease trials), indicating a high level of heterogeneity in firms’ exposure to ODC. I

then leverage a reduction of the ODC rate resulting from the Tax Cuts and Jobs Act of 2017

(TCJA) to estimate a triple differences model, which acts as an empirical analogue of the the-

oretical model. I show that the ODC reduction led established firms to modestly reduce their

use of US sites in rare disease clinical trials. Nevertheless, I find no evidence that the ODC re-

duction decreased the overall number of rare disease trials in the six years following passage

of TCJA. These results suggest that while ODC incentivizes firms to increase demand for US

R&D inputs, the credit primarily leads to cross-country substitution of R&D inputs for use in

inframarginal projects.

These results cast doubt on the effectiveness of ODC for bringing rare disease drugs to mar-

ket. As the cost of ODC to taxpayers is expected to grow at a rate of 20 percent per annum,

considering alternative approaches to incentivizing rare disease drug development would

benefit both rare disease patients and taxpayers. The lack of a response to the ODC reduction

also begs the question: what has driven the general increase in rare disease drug development

since passage of ODA in 1983? Other provisions of ODA, particularly orphan drug exclusiv-

ity, have been cited by advocates as key incentives driving continued development of new

and innovative therapies (National Organization for Rare Disorders 2022). This additional

period of market exclusivity has been shown to on average add 0.8 years of additional exclu-

sivity to drugs’ effective market life (Seoane-Vazquez et al. 2008). This is a non-trivial incen-

tive, but is unlikely to explain nearly 600 percent growth in rare disease trials in the decade
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following passage of ODA alone. Early explosive growth and more recent waves of rare dis-

ease drug development must be viewed in the context of evolving knowledge of the origins

of disease, advances in clinical trial design and diagnostic technology, and the formation of

patient advocacy groups and rare disease consortia.

These findings also highlight broader limitations to the use of R&D tax credits, which are

considered by leading scholars to be among the most effective tools for incentivizing R&D

spending and innovation (Bloom et al. 2019). When market entry is costly and/or highly regu-

lated, non-refundable credits disproportionately benefit incumbents and may only weakly in-

centivize R&D spending by prospective entrants. Moreover, in industries with global markets

for R&D inputs, the ability of a single country’s research-subsidizing policies to lead to de-

velopment and commercialization of new innovative products is limited by the substitutabil-

ity of foreign inputs. In an age of renewed interest in industrial policy, it is critical for policy

makers to evaluate the conditions under which R&D credits are most likely to truly generate

product market innovation.

In Section 3.1, I provide background on the biopharmaceutical research and development

pipeline as well as the particular challenges faced in development of rare disease therapies

and the ways in which the Orphan Drug Act has attempted to help firms overcome them. In

Section 3.2, I introduce the model of drug development and highlight how TCJA differentially

impacted incentives for established firms and startups. In Section 3.3, I discuss the data used

to assemble my sample of clinical trials, and then in Section 3.4 I introduce my methodology

for using that data to test the model’s predictions and present the results. I conclude in Sec-

tion 3.5 with a discussion of the limitations of this study and directions for future research.
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3.1 Background

Biopharmaceutical research and development is broadly split into a preclinical stage, in which

firms test the viability of new medicines in animal models, and a clinical stage, in which firms

conduct human clinical trials to evaluate the safety and efficacy of compounds that show

promise in preclinical studies. Because decisions regarding preclinical R&D depend on the

cost of downstream clinical R&D (i.e. firms do not do preclinical R&D if they expect a ther-

apy will not be profitable conditional on reaching the clinical stage) and because rare disease

policy has historically emphasized incentivizing clinical R&D, I focus on the latter stage of

development.

In the clinical stage of biopharmaceutical R&D, firms test the safety and efficacy of candi-

date drugs that have made it past pre-clinical studies. The clinical stage begins with one or

more studies establishing drugs’ safety profiles. Safety studies, also known as Phase I trials,

typically do not involve control groups and enroll relatively few patients. If Phase I trials evi-

dence a positive safety profile, firms may proceed to Phase II trials, which are the first trials in-

tended to establish efficacy (whether drugs actually improve health). These trials may or may

not randomly assign some patients to a control group that receives placebo or the standard of

care. These trials usually provide the first signals of efficacy in humans before transitioning to

large, placebo-controlled, and very costly Phase III trials, which confirm clinical value.

Evidence of safety and efficacy generated in human clinical trials is a requirement for mar-

keting authorization in many countries, including the United States, but the R&D expenditure

required to complete clinical trials combined with their low success rate make clinical studies

significant obstacles for biopharmaceutical commercialization. DiMasi et al. (2016) surveyed
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firms and found that expected clinical costs capitalized to the time of approval were $172.7m

($261.2m in 2023 dollars), while the rate of successful commercialization was only 12%. Firms

considering initiating clinical trials must expect to at least recoup these costs in expectation,

implying that the average drug must generate over $2 billion in lifetime profits upon success-

ful approval.

Meeting a threshold of profitability is comparatively challenging for drugs intended to

treat rare diseases because market size is a critical component of lifetime profits. Suppose life-

time after-tax profits discounted to the time of marketing approval (Tm) are given by nm
∑Tg−1

t=Tm
exp((g−

r)(t − Tm)) where nm is market size, which is the product of n, the global number of patients

with the targeted disease in the period of approval, andm, the average after-tax income per

patient. g is a fixed population growth rate, r is the firm’s cost of capital, and Tg is the year

of first generic entry. Small market sizes, owing either to few patients (small n) or little abil-

ity or willingness for patients to pay (smallm) shrink lifetime profits. If market size is small

enough, expected lifetime profits fall below the expected cost of clinical studies and firms

forgo development. All else equal, the rarity of a disease like Duchenne Muscular Dystro-

phy (DMD) with a global prevalence of 2.8 cases per 100,000 persons (n ≈ 224,000), generates

weaker incentive to develop therapies than diabetes, with 8,400 cases per 100,000 persons

(n ≈ 451,000,000).7,8
7Estimating the global population of DMD patients assumes a global population of 8 billion. Estimates
of DMD and diabetes prevalence from Crisafulli et al. (2020) and Cho et al. (2018).
8On the other hand, per patient profits are often higher for rare disease drugs. Because rare diseases
tend to have few treatments, an innovator firm bringing a new rare disease drug to market can expect
to face few competitors and inelastic consumer demand and thus can profitably charge high prices per
patient. For example, in 2023, FDA approved Elevidys, the first gene therapy for DMD; its manufac-
turer Sarepta Therapeutics launched the drug at a price of $3.2 million per patient. Unlike traditional
pharmaceuticals, gene therapies are characterized by high production costs; however, even if the per
patient manufacturing cost were generously estimated at $1 million, and Sarepta allowed for discounts
and paid rebates of 20% of the purchase price, this still leaves Sarepta with over $1.5 million in gross
profit per patient (Fidler 2023, Harris 2019).
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Recognizing that small n hinders drug development, a key project of rare disease policy

has been augmenting profits and reducing development costs to incentivize more develop-

ment of rare disease therapies. The Orphan Drug Act’s provisions do this primarily by affect-

ing the timing of generic entry, as in the case of Orphan Drug Exclusivity,9 and subsidizing

development costs, as in the case of ODC. In order to benefit from any of the perks of ODA,

firms must first seek an orphan drug designation from FDA, which they may do at any time,

even prior to obtaining permission to conduct clinical studies. Doing so requires submitting

an application to FDA including information on the disease targeted for treatment, diagnosis,

or prevention, scientific rationale that the drug demonstrates promise, and evidence that the

US population of the disease is sufficiently small for the disease to be considered rare. ODA’s

definition of a rare disease includes diseases that afflict 200,000 or fewer persons in the US or

diseases with “no reasonable expectation of recovering the cost of [development] (Internal

Revenue Service 2018).”

From passage of ODA in 1983 through 2017, ODC allowed firms to claim a credit for 50

percent of qualified clinical testing expenses (QCTEs) for designated orphan drugs. QCTEs

include 100 percent of both in-house and contract research expenses for clinical testing of rare

diseases occurring between the dates of orphan designation and FDA approval. The credit

also only applies to expenses for testing in the United States unless the US population is insuf-

ficiently large to produce scientific data (Internal Revenue Service 2018). The ODC rate must

first be reduced by the top corporate tax rate before claiming it to account for deductions, and

while clinical expenses for any drug may be used to claim the Credit for Increasing Research

Activities, commonly known as the R&D Tax Credit, firms cannot claim both credits using
9Orphan Drug Exclusivity entitles manufacturers of designated orphan drugs to 7 years without generic
entry; however, because exclusivity is use-specific and overlaps with patent protection, the impact of
orphan exclusivity on generic entry is ultimately an empirical question.
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Figure 3.1: Annual Orphan Drug Credit Tax Expenditure Estimates (U.S. Department
of the Treasury 2023)

the same expenses. Lastly, because firms may not have sufficient taxable income to use the

entirety of their credits in the year they claim them, they may roll those credits back 1 year or

forward up to 20 years.

ODC persisted with the same set of provisions until the Tax Cuts and Jobs Act was signed

into law on December 22, 2017, launched a sweeping overhaul of the US tax system. Among

its many provisions, TCJA instituted a single corporate tax rate of 21 percent and reduced

the ODC rate from 50 percent of QCTEs to 25 percent. Figure 3.1 shows that this had a notice-

able impact on tax expenditures, the loss of tax revenue attributable to ODC. After TCJA, the

US Treasury revised its estimates of tax expenditures from the Orphan Drug Credit down-
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wards an average of 53.8 percent. These calculations, however, do not elucidate the incidence

of ODC nor do they factor in firms’ behavioral responses. In the next section, I consider both

by developing a model that structures how TCJA heterogeneously impacted the cost of bio-

pharmaceutical R&D in the US and outlines the factors that contribute to firms’ responses to

the new tax regime.

3.2 Model of Biopharmaceutical R&D

Consider a firm deciding whether and how to invest in developing a therapy. The firm owns

a candidate drug and may test the drug in clinical studies by employing clinical R&D in-

puts in the United States (zU with price pU ) or internationally (zI with price normalized to

pI = 1) to generate research output R. The net present value of testing the drug depends on

the present value of expected after-tax profits from developing the drug in the United States

(ΠU ) and internationally (ΠI ), the use of R&D inputs, and the treatment of R&D spending

by the US and international tax systems TU (.) and TI(.), respectively. If Tj(C) < C, then

R&D spending in geography j is treated preferentially so that the effective cost of R&D is

less than its nominal cost. This could reflect tax deductibility of business expenses or cred-

its for R&D spending. The firm tests the drug if the net present value of doing so is positive:

NPV = ΠU + ΠI − TU (pUzU ) − TI(zI) ≥ 0. In other words, the after-tax value of expected

lifetime profits must meet or exceed the after-tax cost of R&D.

Suppose that to enter the US market, the firm must produce a threshold level of research

R ≥ R. If the firm does so, the drug is approved in the United States with probability q. Fur-

ther suppose that R&D inputs produce research output according to a constant elasticity of

substitution production function with elasticity σ: R = A(αz
σ−1
σ

U + (1 − α)z
σ−1
σ

I )
σ

σ−1 . Because
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research is costly, the firm produces exactly the amount of research needed for approval, and

so the problem of the firm is to choose zU and zI to minimize after-tax development costs sub-

ject to R = R. Then the firm chooses whether to develop given this optimal choice of R&D

inputs.

log
(zU
zI

)
= σ log

( α

1− α

1

pU

)
+ σ log(T ′

I(zI))− σ log(T ′
U (pUzU )) (3.1)

Equation 3.1 shows that relative demand for US R&D depends on the relative after-tax

marginal cost of R&D. Policies that reduce the marginal cost of R&D spending in the US will

tend to encourage more R&D stateside. On the other hand, preferential policies abroad re-

duce the relative demand for US-based R&D. Moreover, σ represents the elasticity of US R&D

intensity with respect to the marginal cost of R&D, such that an X percent increase in the

marginal cost of US R&D causes a σX percent decrease in the intensity of US R&D spending.

I model the cost of R&D spending in the US as depending on the tax system in two primary

ways. First, R&D spending is tax-deductible and thus reduces the portion of operating in-

come that is taxable. Second, R&D may be used to claim tax credits, which directly offset tax

liability. I now show that the impact of both provisions on the effective price of US R&D de-

pends crucially on whether firms are established US drugmakers in the sense of having cur-

rent taxable income.

T ′
U (C) =


(1− τ)(1− s(C)) if established firm

1− q exp(−rTm)(τ + (1− τ)s) otherwise.
(3.2)

Equation 3.2 expresses the marginal cost of a dollar of US R&D spending for established firms

and startups where τ is the firm’s marginal tax rate and s = s(C) is the firm’s marginal credit
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rate. First consider the case of an established firm. If this type of firm spends an additional

$1 on US R&D, it can reduce its US taxable income by the same amount, decreasing its tax

bill by $τ . The firm can also claim a credit on the dollar of R&D and use it to immediately

offset tax liability, but it must reduce the credit by the tax rate so that the value of the credit

is (1 − τ)s. Thus, the marginal cost of US R&D spending for an established firm is T ′
U (C) =

1− τ − (1− τ)s = (1− τ)(1− s).

On the other hand, startups with little or no taxable income in the US face a drastically dif-

ferent outlook. Because these firms do not have current taxable income, they cannot use de-

ductions or credits to reduce their current tax bill, and while they can roll deductions and

credits forward to years in which they do have taxable income, because market entry is de-

pendent on FDA approval, the probability of ever earning taxable income in the US is limited

by q. Given a fixed cost of capital r, for any q < 1 and Tm > 0 years until marketing approval,

an established firm’s marginal cost of US R&D is less than a startup’s. From Equation 3.1, this

implies that, all else equal, established firms will tend to spend a greater fraction on US R&D

inputs than startups.10

TCJA had two key provisions that impacted τ and s. First, it instituted a flat corporate tax

rate of 21 percent. Prior to this, the top corporate rate was 35 percent and applied to all in-

come above $10 million. Because R&D expenses are tax-deductible, this increased both after-

tax expected income and the after-tax cost of US R&D. Second, the reduction of ODC from 50

percent to 25 percent of QCTEs increased the after-tax cost of R&D for rare disease drugs. In

Table 3.1, I show how these provisions led to heterogeneity in the after-tax marginal cost of
10In practice, I show that firms with FDA-approved drugs sponsor trials with fewer US sites than other
firms. This may reflect greater substitutability of foreign R&D inputs or lower relative price of using
those inputs among established firms. The empirical design employed in Section 3.4 addresses this
concern in part by controlling for time-invariant productivity differences across firms with firm fixed
effects.
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Table 3.1: Marginal Cost of US Biopharmaceutical R&D at Start of Phase I

Established firm Rare disease drug Post-TCJA τ s T ′
U ∆log(T ′

U )

No No No 0.35 0.10 0.971
No No Yes 0.21 0.10 0.980 0.00896
No Yes No 0.35 0.50 0.953
No Yes Yes 0.21 0.25 0.972 0.0193
Yes No No 0.35 0.10 0.585
Yes No Yes 0.21 0.10 0.711 0.195
Yes Yes No 0.35 0.50 0.325
Yes Yes Yes 0.21 0.25 0.592 0.601

All estimates assume an 80 month lag between clinical study initiation and approval, an
8% cost of capital, and an approval success rate of 11.83%. Prior to TCJA, which set a sin-
gle corporate rate of 21%, I assume firms faced the top corporate rate of 35%. Moreover,
I assume that firms developing non-rare disease drugs face a marginal credit rate of 10%
from the R&D tax credit.

US R&D across firms, drugs, and policy environments at the beginning of the clinical stage.

Established firms consistently have the lowest US R&D costs because they are able to imme-

diately and with certainty use R&D spending to reduce their US tax bill. Prior to being re-

duced by TCJA, established firms saved $0.26 per dollar due to ODC, a 44 percent reduction

in marginal cost. In contrast, ODC decreased startups’ marginal cost by less than $0.02 per

dollar of US rare disease R&D (2 percent).

Now consider investment over two time periods: t = 0 prior to TCJA and t = 1 after TCJA.

Define λt = σ log
( αt

1− αt

1

pUt

)
+ σ log(T ′

It(zIt)). Then log
(zUt

zIt

)
= λt − σ log(T ′

Ut(pUtzUt)).

Taking the first difference of both sides, I obtain ∆log
(zUt

zIt

)
= ∆λ − σ∆log(T ′

U ).11 There-

fore, the percent effect of TCJA on US research intensity is proportional to ∆log(T ′
U ). In the

last column of Table 3.1, I show that this term varied significantly across types of firms and
11∆log(T ′

U ) = log(T ′
U1(pU1zU1))− log(T ′

U0(pU0zU0)).

105



drugs. TCJA increased log(T ′
U ) for firms beginning clinical development of non-rare and

rare disease drugs by 0.00896 and 0.0193 log points, respectively; accordingly these increases

correspond to 0.9 and 1.9 percent increases in the after-tax marginal cost. In contrast, TCJA

increased log(T ′
U ) by 0.195 log points for non-rare disease drugs and 0.601 for rare disease

drugs, corresponding to 22 and 82 percent increases in marginal cost, respectively. Thus,

this model predicts that TCJA decreased US research intensity among all firms but also that

the magnitude of the decline was substantially greater among established firms and particu-

larly among those firms’ rare disease R&D activities. Note that if ODC remained a 50 percent

credit, then TCJA would have increased the marginal cost of US rare disease R&D spending

by established firms by 22 percent, the same as the cost increase for non-rare disease drugs.

This counterfactual calculation motivates the empirical specification outlined in Section 3.4

which relies on an assumption of parallel trends in a proxy for R&D intensity.

3.3 Data

I combined several public resources to construct a dataset of clinical trials for rare and non-

rare disease drugs. I started by identifying a group of candidate trials using the public trial

registry ClinicalTrials.gov. I then classified trials as rare or non-rare by determining whether

trial descriptors listed in the registry corresponded to diseases listed on Orphanet, a European

database which “aims to provide high-quality information on rare diseases.”

Clinical Trials

To identify candidate trials, I first obtained an extract of all 483,239 studies registered on

ClinicalTrials.gov as of February 20, 2024, from the Aggregate Analysis of ClinicalTrials.gov

(AACT) database. The AACT database compiles information on studies’ submission dates,
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Figure 3.2: Sample Construction
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clinical phases, eligibilities, enrollments, site locations, interventions, and many more char-

acteristics. In Figure 3.2, I depict how I used this extract to create my sample of rare and non-

rare disease trials. First, because clinical trials were severely underreported before new regula-

tions were passed by Congress in 2007 (Phillips et al. 2017, Swanson et al. 2021), I removed

studies submitted prior to 2008 or after 2023. Next, I further eliminated studies that were

observational (i.e. studies that did not assign specific interventions to participants), studies

that did not report clinical phase, sites, or enrollment, and studies that reported zero enroll-

ment. I then removed studies with primary sponsors outside of industry, and finally removed

postmarket studies (Phase IV trials), studies that did not test any drugs, and studies that en-

rolled healthy patients. This process yielded a sample of 37,256 premarket drug trials. Trial

characteristics were primarily sourced from the AACT database. To determine whether trial

sponsors had approved drugs in the United States, I joined data on US-approved drugs from

Drugs@FDA using natural language processing to attain high merge performance.12

Diseases

I then aimed to separately identify trials that tested interventions in patients with rare and

non-rare diseases. I did so by using Medical Subject Heading (MeSH) terms, which are ele-

ments of a controlled medical vocabulary that are reported on ClinicalTrials.gov for the pri-

mary conditions studied in trials. By determining MeSH terms that correspond to diseases

reported on Orphanet, I am able to link the two databases and identify rare disease trials.

Because Orphanet determines whether diseases are rare according to the European Union

definition, which differs from that of the United States, I first determined whether Orphanet

diseases would be classified as rare in the United States. Among 4,184 diseases listed in Or-
12I used natural language processing (NLP) techniques to perform two complementary tasks: consolidat-
ing trial sponsors with similar names and determining which sponsors have FDA-approved drugs. R
code to replicate the following process is available on Github.
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phanet, 4,075 (97%) are considered rare diseases in the European Union. For these diseases, I

assume they are also considered rare in the United States unless Orphanet reports estimated

US prevalence greater than 1 in 1,000.13 This criterion classifies all but one of the European

rare diseases as rare in the United States. The remaining 109 diseases on Orphanet are uncom-

mon but not considered non-rare in Europe. These include diseases such as Crohn’s disease,

Hashimoto’s disease, and Tourette’s syndrome. I manually verified whether each of these

diseases were considered rare in the United States by first surveying the epidemiological lit-

erature to determine whether US prevalence is consistent with orphan designation eligibility

and then further determining whether any drug had ever received an orphan designation

for the disease. I classified 10 diseases with any evidence of orphan designation eligibility as

rare in the United States, classified another 88 diseases as non-rare, and failed to classify the

remaining 10 diseases.

For each Orphanet disease, I obtained MeSH terms using disease names and identifiers

reported by Orphanet.14 In total, 16,616 terms linked to 2,384 Orphanet diseases (57% of all

diseases in the database). I then linked diseases to trials with an exact merge on MeSH terms

and classified trials as rare disease trials if they matched any rare disease. Of the 37,256 pre-

market drug trials, I matched 11,850 to Orphanet diseases, including 6,089 to one or more rare
13US prevalence of 1 in 1,000 corresponds to roughly 330,000 Americans as of 2023, significantly above
the threshold of 200,000 persons for a disease to be considered rare. However, treating diseases within
the prevalence range of 6-9 Americans per 10,000 as non-rare reclassifies only 2 diseases (sarcoidosis
and American trypanosomiasis) both of which have prevalence on the cusp of 200,000 and both of
which have received orphan drug designations in the past 5 years.

14To obtain MeSH descriptors for Orphanet diseases, I queried the UMLS Metathesaurus for UMLS con-
cept codes for each disease. Then using those concept codes and any UMLS concept codes ascribed to
diseases by Orphanet, I queried the Metathesaurus for related concepts that are narrower in definition.
For example, the concept code C0029434 for Gynandroblastoma is related to the narrower concept
code C0346178 for Ovarian gynandroblastoma. Lastly, I queried each concept for MeSH terms. For
example, the Orphanet disease oxoglutaric aciduria maps to 5 terms including: “Oxoglutaricaciduria,”
“Oxoglutaric Aciduria,” and “2-Ketoglutarate Dehydrogenase Deficiency.”

109



Table 3.2: Trial Characteristics

Characteristic Rare disease
trial

N = 6089

Non-rare
disease trial
N = 5762

Other trial
N = 25406

Phase
1 2,253 (37%) 1,707 (30%) 7,964 (31%)
2 2,271 (37%) 2,106 (37%) 9,186 (36%)
3 1,565 (26%) 1,949 (34%) 8,256 (32%)

Controlled 2,217 (36%) 3,178 (55%) 13,557 (53%)
Randomized control 2,167 (36%) 3,130 (54%) 13,344 (53%)
Active control 793 (13%) 1,307 (23%) 6,196 (24%)
Open label 4,113 (68%) 2,691 (47%) 12,671 (50%)
Trial sites 26.2 (40.8) 43.2 (74.2) 29.3 (65.7)
Share of sites in US 0.43 (0.41) 0.38 (0.40) 0.42 (0.44)
Enrollment 119.3 (187.2) 271.3 (740.1) 254.0 (748.6)
Enrolls children 1,522 (25%) 316 (5.5%) 2,941 (12%)
Terminated 902 (15%) 799 (14%) 2,751 (11%)
Established sponsor 2,738 (45%) 3,309 (57%) 12,369 (49%)
1 n (%); Mean (SD)

diseases and 5,761 to only non-rare diseases.15 In the following analyses, I consider two sam-

ples of trials: a restricted sample that includes only the 11,850 that matched one or more (rare

or non-rare) Orphanet diseases, and an unrestricted sample that includes all 37,256 premarket

drug trials, including 25,406 that matched no Orphanet disease.

Table 3.2 presents summary characteristics by group for the unrestricted sample. Rare dis-

ease trials are notable in several respects: only 36% of rare disease trials are designed to enroll

a control group, substantially fewer than the 55% of non-rare disease trials that do so. Simi-
15See Section 4.3.1 for examples of trials by group.
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larly, only 13% of rare disease trials test a treatment against an active comparator (a treatment

used in clinical practice), compared to 23% of non-rare trials. Rare disease trials are also more

likely to be open label (68% vs. 47%),16 more likely to enroll children, (25% vs. 5.5%), and less

likely to be sponsored by a firm with FDA-approved drugs (45% vs. 57%).17 Rare disease tri-

als also include fewer sites and enroll fewer patients at those sites than trials for non-rare dis-

eases.

3.4 Empirical Model and Results

The model in Section 3.2 highlights how TCJA had heterogeneous impacts on the marginal

cost of US R&D. The model thus predicts that TCJA reduced demand for US pharmaceuti-

cal R&D inputs and that the largest (percent) declines in US R&D should occur among es-

tablished drugmakers, particularly in their development of rare disease drugs. The model

also predicts that TCJA should lead established firms to increase development of rare disease

drugs less than they increase development of other drugs. In this section, I outline the empiri-

cal counterparts of these predictions and present regression estimates.

3.4.1 US Research Intensity

Because determining the amount of R&D spending on clinical trials by geography for both

publicly- and privately-held corporations requires data that is very challenging to obtain, I

proxy US clinical R&D intensity using the share of clinical trial sites located in the United
16In open label studies, health providers and patients are both aware of treatment assignment. In con-
trast, “masked” or “blinded” studies withhold information from investigators, participants, and/or
other involved parties. Open label studies are often more practical, but may introduce bias via differ-
ential assessment of outcomes and differential attrition (Schulz & Grimes 2002).

17In Table 4.5, I show that these differences are not explained by differences across groups in the distri-
bution of clinical phase, as the same patterns emerge within phase.
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States. The primary downside of this proxy is that it assumes that R&D inputs are used pro-

portionately across sites. For example, it assumes that the same number of patients are re-

cruited across sites and that the same amount of the R&D input per patient is used at each

site. The latter assumption is characteristic of a well-conducted clinical trial that creates com-

parable conditions for patients regardless of site. The prior assumption is less tenable and

thus best viewed as an approximation.

To estimate the effect of the reduced ODC, I use a triple difference model that leverages

variation in the timing of trials, the diseases they study, and the types of firms sponsoring

those trials. This is motivated in large part by the heterogeneous impacts of TCJA on the

marginal cost of US R&D along these dimensions, as demonstrated in Table 3.1. While a stan-

dard difference-in-differences model that uses only variation across trials in timing and dis-

eases of study could be used, incorporating variation across sponsors serves two useful pur-

poses. First, it leverages additional variation in the effect of TCJA to improve the precision of

my estimates. Second, it facilitates controlling for heterogeneous time trends across types of

trials. This latter point is particularly important because the benefits from recent innovations

in trial design and the use of precision medicine biomarkers may disproportionately reduce

the costs of rare disease trials and lead to differing trends in drug development for reasons

unrelated to the tax system.

Consider trial i that is sponsored by firm f and is submitted to ClinicalTrials.gov in year

t. The trial either studies a rare disease, r = 1, or does not, r = 0. The trial enrolls patients

across one or more sites. Let US site shareiftr represent the fraction of sites that are located in

112



the United States.

US sitesiftr = β1TCJAt + β2TCJAt × RD trialr

+ β3Establishedft × TCJAt + β4Establishedft × RD trialr × TCJAt

+ γ1Establishedft + γ2Establishedft × RD trialr

+X ′
iΠ+ αfr + uiftr.

(3.3)

Equation 19 models US site share as a function of Establishedft, a dummy variable indicating

whether sponsor f had an approved drug prior to year t, RD triali, a dummy variable indi-

cating whether the trial studied any rare diseases, and TCJAt, a dummy variable indicating

whether the trial was submitted in 2018 or later. The model also includes trial-level covariates

Xi, sponsor-by-rare-disease fixed effects, and year-by-rare-disease fixed effects.18

Identification of the causal effect rests on a counterfactual assumption, the additional post-

TCJA change in the US site share of rare disease trials relative to non-rare trials among estab-

lished firms would have been the same as the additional change among startups if not for the

ODC reduction. Figure 3.3 depicts this graphically. For both groups of firms, I calculate the

additional change in share for rare disease trials. I attribute the difference in the additional

change (-5.6% - 1.3% = -6.9%) entirely to the reduced ODC, which substantially increased the

cost of US rare disease R&D for established firms but not the cost of rare disease R&D for star-

tups nor non-rare disease R&D for any firm.

Column 1 of Table 3.3 reports difference-in-differences estimates using only the subset of

established firms. Established firms reduced US site share of rare disease trials by 7.1 percent
18Covariates include dummies for Phase 2, Phase 3, combination phase trial, Phase 2 and combination
phase (i.e. a Phase 2/3 trial), open label design, use of a control/comparator group, and enrollment of
children. I also control for the natural logarithm of the number of trial sites and the natural logarithm
of enrollment.
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(a) US Site Share

(b) Any US Sites

Figure 3.3: US Research Intensity, by Firm Type
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Table 3.3: Trial-level Linear Regressions

Dependent Variables: Share of sites in US Any US sites
Estimate: DD,

Established DDD DD,
Established DDD

Model: (1) (2) (3) (4)
Variables
TCJA 0.014 -0.008 0.098∗∗∗ -0.011

(0.017) (0.023) (0.020) (0.024)
RD trial × TCJA -0.071∗∗∗ -0.008 -0.079∗∗∗ 0.033

(0.019) (0.030) (0.022) (0.029)
Established × TCJA 0.028 0.119∗∗∗

(0.029) (0.032)
Established × RD trial × TCJA -0.062† -0.115∗∗

(0.035) (0.036)
Controls Yes Yes Yes Yes
Fixed-effects
Sponsor-RD trial Yes Yes Yes Yes
Fit statistics
Observations 6,047 11,851 6,047 11,851
Dependent variable mean 0.355 0.408 0.694 0.656
R2 0.288 0.566 0.364 0.567
Clustered (Sponsor) standard-errors in parentheses
Signif. Codes: ***: 0.001, **: 0.01, *: 0.05, †: 0.1
All models include terms for Establishedft and Establishedft × RD trialr.

relative to the a slight increase in site share of non-rare disease trials. Under a typical paral-

lel trends assumption that US site share of rare disease trials sponsored by established firms

would have followed the same trend as non-rare disease trials sponsored by those firms if

the ODC rate remained at 50 percent, this captures the effect of the ODC reduction on US

site share. However, because other time-varying factors may impact the relative productiv-

ity of US research inputs for rare disease research, I estimate a triple differences model that
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accounts for certain sources of this bias.

Column 2 reports estimates of the full model outlined in Equation 19. Startups did not sig-

nificantly change their use of US trial sites after TCJA. On average, these firms decreased the

share of non-rare disease trial sites located in the US by a statistically insignificant 0.8 percent-

age points (95% CI: [-5.3 p.p., 3.7 p.p]). Similarly, they decreased the share of rare disease trial

sites in the US by only 1.7 percentage points (95% CI: [-5.5 p.p., 2.2 p.p]). Established firms

also did not significantly change their use of US sites in non-rare trials (+1.9 p.p, 95% CI: [-1.4

p.p, 5.3 p.p]); however, these firms decreased their use of these sites in rare disease trials by

a statistically significant 5.1 percentage points (p < 0.001, 95% CI: [-8.0 p.p., -2.2 p.p.]). The

triple difference coefficient of -0.062 reflects that the additional reduction in US site share of

rare disease trials sponsored by established firms relative to the change in site share of non-

rare disease trials sponsored by the same firms was 6.2 percentage points greater than the

relative change among startups. This coefficient is only marginally significant (p<0.1), but

its magnitude is only slightly less than the precise 7.1 percentage point reduction implied by

the difference-in-differences estimates reported in Column 1, suggesting that there is minimal

bias in that initial coefficient. The average rare disease trial sponsored by an established firm

post-TCJA has 33 percent of its trials located in the US. Therefore, the triple difference model

implies that without the ODC reduction, 39.2 percent of these trials’ sites would have been lo-

cated in the US. The 6.2 point reduction corresponds to an economically significant 16 percent

reduction in US sites among these trials.

Figure 3.4 reports coefficient estimates from a triple differences event study model that
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Figure 3.4: Triple Differences Event Studies, US Research Intensity

allows the effect of TCJA to be fully dynamic.19 Coefficients that are substantially different

from zero prior to enactment of TCJA would indicate a difference in relative (rare vs. non-

rare) trends in US site share between established firms and start-ups. If those relative trends

differed prior to TCJA, then assuming established firms would have followed the same rela-

tive trends as startups after TCJA would be difficult to justify. However, the coefficients are

indicative of no such pattern, suggesting that this assumption is reasonable.

Relative declines in rare disease trial US site share among established firms are consis-
19Specifically, the figure reports ordinary least squares estimates of βs from the following specification:

US sitesiftr = + γ1Establishedft + γ2Establishedft × RD trialr +X ′
iΠ+ αfr + λtr

+
∑

s ̸=2017

γsEstablishedft × 1{s = t}+ βsEstablishedft × RD trialr × 1{s = t}+ uiftr.
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tent with a large intensive margin response to TCJA’s reduction of the Orphan Drug Credit.

Columns 3 and 4 additionally demonstrate an extensive margin response to the reduction.

Reporting difference-in-differences estimates, Column 4 indicates that established firms in-

creased the proportion of non-rare disease trials with any US sites by 9.8 percentage points

while they increased rare disease trials by 7.9 percentage points less. Furthermore, Column 5

shows that this relative decline was unique to established firms. Startups decreased the pro-

portion of non-rare disease trials with any US sites by 1.1 percentage points and increased

the proportion of rare disease trials with any US sites by 2.2 percent. In contrast, established

firms increased the proportion of non-rare disease trials with any US sites by 10.7 percent-

age points and rare disease trials by only 2.5 percentage points. While trials overall tended

towards greater inclusion of US sites, the small increase in the proportion of US sites among

rare disease trials sponsored by established firms relative to the same increase among non-

rare trials by established firms suggests that the reduced ODC substantially decreased rare

disease R&D in the US. The triple differences model implies a reduction in the proportion of

rare disease trials sponsored by established firms with any US site by 11.5 percent, a 14 per-

cent reduction from the counterfactual proportion implied by the triple differences model.20

3.4.2 Clinical Trials

The previous section demonstrated a significant effect of TCJA’s reduction of the ODC rate

on the use of US R&D inputs. Yet ultimately the goal of rare disease policy is to encourage
20The 12 percent increase assumes that established firms would have counterfactually increased the
share of rare disease trials with any US site by the same amount as they increased the same share for
non-rare disease trials. After TCJA, 72.4 percent of established-firm-sponsored rare disease trials had
any US site. Therefore, under the aforementioned assumption, 82.3 percent of these trials would have
at least one US trial site. A 9.9 p.p. reduction off a base of 82.3 percent is a 100% × 9.9/82.3 = 12%
reduction.
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Figure 3.5: Trial Submission Growth

firms to test new treatments to bring to market, regardless of where they are tested. Although

reducing ODC may cause firms to substitute US R&D inputs for foreign inputs, this need not

lead to substantial reductions in the expected profit of initiating clinical studies.

Figure 3.5 shows that trends in submissions of rare and non-rare disease trials have di-

verged since 2008. By 2017, established firms had slightly increased the number of rare dis-

ease trials they sponsored from 155 to 166 (a 0.8 percent annual growth rate), while the num-

ber of non-rare disease trials they submitted fell from 307 to 173 (a 6.2 percent annual decline).

Startups increased trials for both rare and non-rare diseases, but growth was most dramatic

among rare diseases, which increased from 135 to 218 in 2008, (5.5 percent growth) compared

to an increase from 145 to only 156 non-rare trials (0.8 percent growth). Among both groups
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of firms, the growth rate of rare disease trials was significantly higher than non-rare disease

trials, suggesting that an identification based on the assumption of parallel trends between

the two types of trials is suspect at best.

Trial submissionsftr = exp
(
β1TCJAt + β2TCJAt × RD trialr

+ β3Establishedft × TCJAt + β4Establishedft × RD trialr × TCJAt

+ γ1Establishedft + γ2Establishedft × RD trialr

+ αfr

)
+ uftr.

(3.4)

Therefore, to test how firms differentially changed their clinical research output, I estimate

the fixed effects Poisson regression in Equation 3.4. Trial Submissionsftr is equal to the total

number of trials of type r sponsored by f in year t. I estimate this model using an unbalanced

panel of firms. Firms are included in the panel in any year in which they are “active,” which I

define as having started a trial in that year or in any of the previous three years.

Like Equation 19, this is a triple differences model; however, because of the Poisson specifi-

cation, the interpretations of coefficients reflect percent-scale differences in trial submissions.

Like in the other equation, estimating this model identifies a causal effect under an assump-

tion regarding relative changes in the outcome for established firms and startups. Specifically,

it assumes that the additional percent change in rare disease trials relative to non-rare disease

trials sponsored by established firms would have equaled the additional percent change for

rare disease trials sponsored by startups if it were not for the increased ODC. While this as-

sumption is unverifiable, the pre-TCJA growth rate of rare disease trial submissions net of

growth in non-rare trials is similar across both established and startup firms. This suggests
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Table 3.4: Firm-level Poisson Regressions

Dependent Variables: All trials Phase I Phase II Phase III
Model: (1) (2) (3) (4)
Variables
TCJA -0.386∗∗∗ -0.483∗∗∗ -0.441∗∗∗ -0.178∗∗

(0.040) (0.059) (0.048) (0.063)
RD trial × TCJA 0.275∗∗∗ 0.241∗ 0.320∗∗∗ 0.314∗

(0.063) (0.095) (0.087) (0.140)
Established × TCJA -0.118 0.081 -0.155† -0.319∗∗

(0.087) (0.107) (0.089) (0.113)
Established × RD trial × TCJA 0.217∗ 0.074 0.123 0.398∗

(0.107) (0.147) (0.145) (0.183)
Fixed-effects
Sponsor-RD trial Yes Yes Yes Yes
Fit statistics
Sample size 75,534 75,534 75,534 75,534
Sponsors 4,685 4,685 4,685 4,685
Effective sample size 49,858 29,792 33,395 21,431
Clustered (Sponsor) standard-errors in parentheses
Signif. Codes: ***: 0.001, **: 0.01, *: 0.05, †: 0.1
All models include terms for Establishedft and Establishedft × RD trialr.

that similar relative growth trajectories were likely to continue even if TCJA had not been en-

acted.

Table 3.4 shows that the reduced ODC rate did little to slow down rare disease trial submis-

sions. The relative increase in rare disease trial submissions after TCJA was 0.217 log points

or 24.2 percent greater for established firms than startups (p > 0.1, 95% CI: [-0.05, 0.35]). This

is despite the fact that TCJA significantly increased the cost of rare disease R&D in the US for

established firms. Columns (2) through (4) show that this relative increase is driven almost en-

tirely by Phase III trials. The relative change in Phase I and II rare disease trials sponsored by
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established firms was slightly larger in percent terms than and not statistically different from

the same relative change in startup-sponsored trials.

3.5 Discussion

In this paper, I evaluated the incidence and impacts of the Orphan Drug Credit. I show that

the credit’s benefits accrue primarily to established firms rather than startups because the

latter firms cannot reliably reduce tax liability with the credits they earn from researching rare

disease drugs. The 2017 reduction of ODC reduced established firms’ use of clinical trial sites

for rare diseases in the United States, but had no measurable effect on the number of trials

that these firms sponsored.

There are a number of limitations to this study. First, because I do not observe firms’ US

taxable income, I proxy their exposure to ODC by classifying them as established firms or

startups on the basis of having FDA-approved drugs. This measure is imperfect because

some firms may not earn substantial taxable income from their approved drugs and others

may have taxable income in spite of a lack of previous approvals. Researchers have noted

that some large pharmaceutical firms have US taxes far below what would be expected given

their US revenues, and have linked this discrepancy to tax avoidance (Setser 2023). If estab-

lished firms regularly face negative US federal tax liability (for example, because of overseas

profit shifting), this would tend to reduce firms’ exposure to the ODC reduction and attenu-

ate my estimates. A related concern is that, while the model of pharmaceutical development

highlights key TCJA reforms, it simplifies a drastic overhaul of the tax system, which (among

other changes) changed the US from a primarily worldwide system of taxation to a primar-

ily territorial system and removed the corporate alternative minimum tax. If these changes
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changed the relative cost of US rare disease R&D for established firms differently than the rel-

ative cost for startups, the interpretation of the estimates in Section 3.4 cannot be interpreted

as the effect of the ODC reduction in isolation. Further analysis with financial or tax data may

be able to shed new insights on the incidence and impacts of ODC.

This study also did not consider societal preferences over the location of clinical trial sites.

Many rare disease patients likely prefer clinical trials to be located domestically because par-

ticipating in trials facilitates access to experimental therapies that can be otherwise difficult or

impossible to obtain. Traveling abroad may be impractical from a health standpoint for many

patients even if travel costs are reimbursed by trial sponsors. To my knowledge, no study has

previously considered this motivation for rare disease tax credits Politicians and health care

professionals may also benefit from onshoring high-paying health care jobs. Thus, while R&D

credits may have minimal effect on the overall level of drug development, policy makers and

their constituents have good reason to fight for domestic pharmaceutical R&D.
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4
Appendix

4.1 Supplement to Chapter 1

4.1.1 Propensity Score Estimation

In Table 1.3, I report difference-in-differences estimates using reweighted control groups. I

do this by estimating a family of binary treatment assignment modelsmd(.) that each predict

treatment for a particular event-year sub-dataset. I then calculate predicted probabilities and

reweight control observations appropriately.

I assumemd(.) is a logistic regression model and model the log-odds as a linear function

of the following features: an intercept, a quadratic in the uncapped DSH score and its inter-
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action with a dummy for DSH falling above the 11.75% cutoff for 340B, the number of hos-

pital beds and the natural log of beds, dummies for the provider of services hospital region

code, the number of other 340B hospitals in the hospital’s HRR, the number of other non-340B

hospitals in the hospital’s HRR, and all two-way interactions of dummies for being a gov-

ernment hospital, being a rural hospital, being a member of a multi-hospital system, being a

major teaching hospital, being Joint Commission accredited, and having an accredited cancer

program. All variables are measured in the year of the event (e.g system status for the 2005

dataset corresponds to being a multi-hospital system in 2005).

Because I allow many variables to enter the models, which may lead to overfitting and

unstable sample weights, I introduce a LASSO penalty to the log-likelihood, which selects a

subset of features to predict 340B participation within each dataset. The resulting objective

function formd(.) is given in Equation 4.1

−
∑
h∈Hd

Treathd log(phd) + (1− Treathd) log(1− phd) + λd

K∑
k=0

|βk| (4.1)

In this formulation,Hd are the hospitals used a treated or control units in event d, λd is the

event-specific penalty parameter, which I choose by cross-validation, and βk, k = 0 . . .K are

the linear parameters for theK+1 linear terms. The algorithm to implement this method is as

follows:

1. Loop over each sub-dataset Dd, d = 2005, . . . , 2013 to estimate a model of treatment
assignment on each sub-dataset.

(a) Using the function cv.glmnet from the R package glmnet, estimate a penalized
logistic regression model T̂ reathd = md(.) using the dataset Dd with the penalty
chosen by 10-fold cross-validation to be that penalty that minimizes the mean
cross-validated error.

(b) Obtain predicted probabilities p̂hd = T̂ reathd for each hospital in Dd.
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2. Calculate sample weights whdt =

1 if Treathd = 1,

p̂hd/(1− p̂hd) if Treathd = 0
.

3. Estimate Equation 1.1 by weighted least squares using the full stacked dataset.
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4.1.2 Figures

Figure 4.1: Part B Cancer Drug Infusions by Billing Organization
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Figure 4.2: Annual Participation in 340B, All Acute Care Hospitals
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Figure 4.3: Infusions by Billing Hospital among Case Study Region Locals in 2014
This figure depicts cancer drug spending among fee-for-service Medicare
beneficiaries living in the case study hospital referral region and billed by Hospital A
or Hospital B in 2014. Infusions in hospital-months that comprise 10 or fewer
beneficiaries are censored by setting them equal to 0. In June, the share of procedures
billed by Hospital A (non-340B) discontinuously falls to 0 percent, while the share
billed by Hospital B (340B) rises to 100 percent.
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Figure 4.4: Unstacked Event-specific Trends in Cancer Drug Use
This figure depicts raw trends in cancer drug use for each of the 9 events that
comprise the stacked panel of hospitals over the window of years used for estimation.
A visual inspection of pre-trends shows that 8 of 9 have broadly parallel trends
between treated and control hospitals. The single outlier is the 2013 event, which
shows that control hospitals that became 340B DSH hospitals in 2020 grew relatively
faster than hospitals that became 340B DSH hospitals in 2013 in the years prior to the
latter group’s participation in the program. The 2013 event comprises a small fraction
of hospitals, and results are not sensitive to removing it from the sample.
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Figure 4.5: Short Window Event Study Estimates
This figure reports ordinary least squares estimates of event study coefficients. For
each event beginning at time d, the treated group includes all DSH hospitals that
begin 340B in d and the control group includes all hospitals that begin 340B as a DSH
hospital in year d+ 6 or later. The coefficients reflect the difference in trends between
new 340B DSH hospitals and later participants for each event, controlling for
time-varying covariates, hospital-event fixed effects, and year-event fixed effects.
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Figure 4.6: Callaway and Sant’anna Event Study Estimates, Cancer Drug Infusions
This figure reports Callaway & Sant’Anna (2021) estimates of event study coefficients
using hospitals that begin participating in 340B between 2005 and 2014. In each year,
hospitals that are not-yet-treated serve as controls for participating hospitals.
Therefore, the subset of hospitals that begin participating between 2005 and 2013,
which are employed in the paper’s main specification, also identify these event study
coefficients (hospitals that begin participating in 2014 are only used as controls).
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Table 4.3: Acquisition Effects 2010–2016

Chemotherapy infusions
All Acquisitions Only other 340B Only other Non-340B Both

Model: (1) (2) (3) (4)
Variables
Treat × Post 0.2998 0.2414 0.1860 -0.5080∗

(0.1976) (0.6985) (0.3545) (0.2501)
340B × Treat × Post -0.2461 -0.2492 -0.0964 0.8638∗

(0.2109) (0.7109) (0.3766) (0.3550)
Fixed-effects
Hospital-Event Yes Yes Yes Yes
Year-Event-340B Yes Yes Yes Yes
Treated hospitals 144 31 35 37
Control hospitals 339 339 339 339
Observations 13,440 12,649 12,677 12,691
Clustered (Health system & Hospital referral region) standard-errors in parentheses
Signif. Codes: ***: 0.001, **: 0.01, *: 0.05, †: 0.1
This table reports Poisson pseudo-maximum likelihood estimates of a triple difference
model between 2010 and 2016 (as well as control hospitals that are not acquired). For each
acquisition event beginning at time d, the treated group includes all DSH hospitals that
are first acquired in d and the control group includes all hospitals that are first acquired in
year d + 4 or later (or are never acquired). The coefficient on Treat × Post represents the
average log-point effect of acquisition of non-340B hospitals. The coefficient on 340B ×
Treat × Post represents the additional log-point effect of acquisition on 340B hospitals.
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4.2 Supplement to Chapter 2

4.2.1 Indications

After identifying drugs using tabular data available on Drugs@FDA, we used the same data

to access all original and supplemental approval documents for each drug, including new in-

dication approvals as well as approvals of numerous other drug labelling changes. While new

indication approval documents are sometimes labelled as such, some supplemental approval

documents either are not classified (especially for biologic drugs) or are misclassified. Due to

these oversights, we read the content of each letter issued by the FDA to (1) identify if a new

indication was granted, (2) determine the wording of that indication, and (3) determine the

date it was approved. This data was then manually entered in a spreadsheet program. We

harmonized indication descriptions within-drug (i.e. within-active ingredient) to account

for small differences in wording across formulations but maintained all relevant information

about the drug’s intended uses including the targeted diseases, patient populations, geno-

types, therapy goals (treatment vs. prevention), and more.

4.2.2 Diseases

We assigned diseases to each indication to characterize the underlying health issues that ne-

cessitate treatment. After assigning one or more diseases to each indication, we manually

assigned diagnosis codes to each disease using descriptions of ICD-9 and ICD-10 codes as

defined by the World Health Organization. Instead of assigning diagnosis codes at a fixed

level of hierarchy (e.g. 3-digit ICD-10 codes), we assigned diagnosis codes to diseases at the

most specific level possible so that utilization is measured with as little error as possible. For
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instance, if a disease most closely corresponds to a 5-digit ICD-10 code, we would use that

code, and not the more aggregate 3-digit code, to determine claims for that disease. Because

a disease may match a range of codes, we assign both a “primary” code, which we use to de-

termine the novelty of the illness, and “secondary” codes that we use to identify patients with

the illness. For indications for preventive uses, a very small sample of our data, we ascribed

codes to characterize the diagnosis that justifies use of the drug. For example, an indication

for “reduction in risk of invasive breast cancer in postmenopausal women with osteoporosis”

will be linked to osteoporosis, not breast cancer because diagnoses for prevented diseases do

not appear in claims data, making it impossible to identify individuals based on that criterion.

We did not code diagnoses for drugs with diagnostic uses (such as radiocontrast agents) and

those primarily used in perioperative settings (such as anaesthetics) due to the difficulty of

identifying and grouping individuals based on diagnoses in these settings.

ICD-10-CM Hierarchy

The ICD-10-CM hierarchy groups codes into 3-digit groups (roughly corresponding to a dis-

ease), sub-chapters (corresponding to a diverse group of diseases), and chapters (correspond-

ing to an even more diverse group of diseases). For example, ICD-10 code C91.1 “Chronic

lymphocytic leukemia of B-Cell type” falls in 3-digit group C91 “Lymphoid leukemia”, sub-

chapter “Malignant Neoplasms Of Lymphoid, Hematopoietic And Related Tissue,” and chap-

ter “Neoplasms.” By using these three highest levels of the ICD-10-CM hierarchy, we de-

termine whether each approved indication links to a diagnosis code that was the first ap-

proved in its hierarchical group. For more information on the ICD-10-CM hierarchy, visit

https://icd.who.int/browse10/Help/Get/hierarchy/en.
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4.3 Supplement to Chapter 3

4.3.1 Tables

Table 4.4: Random Sample of Trials

Title Trial

group

Phase Disease(s) Lead sponsor Established

sponsor

BCMA-CD19 cCAR

in Multiple

Myeloma and

Plasmacytoid

Lymphoma

Rare Phase 1 Multiple

myeloma

iCell Gene

Therapeutics

No

A Study Evaluating

Temferon in

Patients With

Glioblastoma &

Unmethylated

MGMT

Rare Phase

1/Phase 2

Glioblastoma Genenta

Science

No

(Continued)
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Table 4.4: Random Sample of Trials (continued)

Title Trial

group

Phase Disease(s) Lead sponsor Established

sponsor

Open Label

Extension Study

Evaluating Safety

and Biological

Activity of

C2L-OCT-01 PR in

Acromegalic

Patients

Rare Phase 3 Acromegaly Ambrilia

Biopharma,

Inc.

No

A First-in-Human,

Phase 1 Study of

JAB-3312 in Adult

Patients With

Advanced Solid

Tumors

Rare Phase 1 Squamous cell

carcinoma of

the esophagus

Jacobio Phar-

maceuticals

Co., Ltd.

No

(Continued)
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Table 4.4: Random Sample of Trials (continued)

Title Trial

group

Phase Disease(s) Lead sponsor Established

sponsor

Open Label Clinical

Trial of Anascorp®

in Pediatric Patients

With Scorpion Sting

Envenomation

Rare Phase 3 Scorpion

envenomation

Instituto

Bioclon S.A. de

C.V.

No

Suprachoroidal

Injection of CLS-TA

in Patients With

Non-infectious

Uveitis

Rare Phase 3 Intermediate

uveitis

Clearside

Biomedical,

Inc.

No

131I-TLX-101 for

Treatment of Newly

Diagnosed

Glioblastoma

(IPAX-2)

Rare Phase 1 Glioblastoma Telix

International

Pty Ltd

Yes

(Continued)
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Table 4.4: Random Sample of Trials (continued)

Title Trial

group

Phase Disease(s) Lead sponsor Established

sponsor

A Safety and

Efficacy Study of

Bevacizumab,

Paclitaxel,

Carboplatin

Compared to

Avastin® in

Non-Small Cell

Lung Cancer

Non-rare Phase 3 Non-small cell

lung cancer

Mabscale, LLC No

CMP-001 in

Combination With

Nivolumab in

Subjects With

Advanced

Melanoma

Non-rare Phase 2 Melanoma Regeneron

Pharmaceuti-

cals

Yes

(Continued)
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Table 4.4: Random Sample of Trials (continued)

Title Trial

group

Phase Disease(s) Lead sponsor Established

sponsor

Long-Term Safety

and Efficacy Study

of Peginterferon

Beta-1a

Non-rare Phase 3 Multiple

sclerosis

Biogen Yes
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