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Abstract

In regulated markets, high entry barriers can create incentives for firms to circumvent
regulation or selectively avoid approval for certain products. We provide evidence consistent
with such regulatory arbitrage in U.S. pharmaceuticals: Firms conduct clinical trials in large
patient populations but initially seek approval in smaller, lower-risk markets to reduce regulatory
burden. Firms then rely on off-label drug use to expand demand beyond approved uses. While
this approach expedites market entry, it raises policy concerns about treatment adoption without
strong supporting evidence. Our findings highlight how regulatory design may induce strategic
entry by firms and alter the diffusion of new technologies.
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1 Introduction

In many industries, government regulation determines which products may enter the market and

under what conditions (Dranove et al., 2022; Joskow, 2005; Maini and Pammolli, 2023; Mulligan,

2022; Olson, 2002; Peltzman, 1973; Vives, 2019). While such entry regulation is intended to

ensure product safety and efficacy, it can also create incentives for firms to respond strategically to

circumvent regulatory requirements. For instance, ride-sharing apps such as Uber and Lyft have

been able to bypass city taxicab regulations by arguing that they are technology platforms and not

transportation providers (Posen, 2015). Similarly, financial technology (“fintech”) companies like

PayPal refrain from certain activities, including holding customer funds or making loans, to avoid

being regulated as banks (Douglas, 2016).

The decision to circumvent regulatory approval is particularly salient in health care, where entry

regulation by the U.S. Food and Drug Administration (FDA) creates a unique set of incentives

and disincentives for manufacturers to seek regulatory approval for new uses of approved products

(Friedman, 1996).1 Firms must obtain separate FDA approval to legally market a drug for each

distinct disease market. Although this structure incentivizes firms to pursue supplemental approvals

for a drug’s additional therapeutic uses, the high costs and risks of conducting rigorous clinical

trials necessary for approval may deter them. Further, an alternative, non-regulatory pathway exists

where approved drugs can be used by consumers for unapproved (“off-label”) uses (Eisenberg, 2005).

In this paper, we provide new empirical evidence consistent with the view that pharmaceutical firms

engage in regulatory arbitrage—the practice of exploiting gaps or differences in regulation across

jurisdictions or within a single regulatory framework—in their market entry strategies. Rather than

seek approval in the largest potential disease market (or indication), firms may initially pursue

approval in smaller, more favorable indications with lower regulatory risks. Once approved, firms

can rely on off-label use to access broader patient populations without incurring the full costs of

formal approval across all indications.
1Another health care setting where regulatory loopholes have been documented is hospital upcoding, where

hospitals reclassify patients into diagnosis codes that lead to greater reimbursement (Dafny and Dranove, 2009; Dafny,
2005).
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In choosing to engage in regulatory arbitrage, firms face a central trade-off between regulatory

risk and market reach: On the one hand, initial approvals in narrow indications can lower the

upfront risk of market entry. For instance, trials for smaller indications require fewer participants

(Sertkaya et al., 2016), and advances in genetic sequencing and biomarker testing allow firms to

selectively enroll patients with higher treatment responsiveness, thereby increasing the probability of

approval (Chandra et al., 2019; Michaeli et al., 2023). On the other hand, expanding demand later

through supplemental approvals or off-label use introduces other costs and uncertainties. Off-label

indications cannot be directly promoted, potentially limiting uptake, and their use may expose

firms to reputational or legal risks. As a result, the prevalence of off-label use—and thus regulatory

arbitrage—is likely to vary across contexts.

The potential for regulatory arbitrage to shift firms’ decisions, while conceptually clear, is difficult

to study empirically for two main reasons. First, variation in regulation requirements is rare,

with regulatory changes typically anticipated and similar across product markets. As a result,

traditional empirical methods—which typically rely on exogenous changes over time or across product

markets—are ill-suited to assess how regulatory design may shift firms’ approval decisions. Second,

to understand how regulation shapes these decisions, it is necessary to identify the benchmark set

of indications in which a firm has conducted clinical trials for a drug and might plausibly seek

regulatory approval. In most industries, the set of plausible markets a firm might have entered (but

chose not to) is unobserved, limiting researchers’ ability to characterize how firms alter their entry

strategies in response to regulation.

Our empirical focus on drug development allows us to make progress on both of these issues. To

address the first concern, identifying meaningful variation in regulation, we build on prior work that

leverages unique features of the health care sector to identify useful variation (see, e.g., Budish et al.,

2015; Chandra et al., 2016; Cohen et al., 2021; Stern, 2017). In particular, we exploit variation

across disease indications in both the likelihood of regulatory approval and the potential to expand

demand through off-label prescribing. These differences across indications create scope for regulatory

arbitrage. To address the second challenge, we construct a comprehensive dataset linking a drug’s
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regulatory approvals to its full set of clinical trials. These data allow us to distinguish between

disease indications in which a firm invests through clinical testing (the benchmark) and those in

which it ultimately seeks FDA approval.

To illustrate, Figure 1 explores market entry decisions across a drug’s lifecycle, plotting mean market

size by indication order—defined as the sequence of disease indications in which a given drug is

clinically tested or approved—for cancer drugs first approved from 1978 to 2016. Panel A indicates

that firms prioritize large indications for their clinical trial testing, consistent with incentives to

gather information about larger market sizes. However, Panel B indicates that firms prioritize

smaller indications for regulatory approval.2 While such patterns could be due to differences in

scientific opportunities (Kao, 2025), market conditions (Acemoglu and Linn, 2004), or intellectual

property (IP) protection (Budish et al., 2015), the indication order-market size relationships persist

even after controlling for these factors.

Motivated by this finding, we examine how approval sequencing varies with the total market size a

drug can access, including both approved and off-label indications. We conduct two complementary

empirical tests. In our first empirical test, we document evidence that expected off-label drug use is

incorporated into firms’ market entry decisions. Although off-label use is not directly observable ex

ante, we exploit two features of the cancer market—the largest pharmaceutical market in terms

of spending (IQVIA Institute, 2018)—for these analyses. First, multiple uses are common, and

estimates of off-label use range from 50 to 75 percent (Pfister, 2012).3 Second, the rise of cancer

genome sequencing enables us to use genetic data to identify biologically-likely off-label disease

indications. We use these data to construct a novel genomic similarity index between cancer sites,

allowing us to approximate each drug’s total potential market size, including both approved and

off-label uses. After accounting for off-label potential, we uncover a meaningful reversal in the

relationship between approval order and market size: Indications that receive earlier approval
2These patterns are not simply driven by variation in indication labeling (e.g., “cancer”) or trial phase: Our trial

data are specific to the cancer site (e.g., “ovarian cancer”), and analyses restricted to phase III trials yield similar
results (Appendix Figure A1).

3This is due to favorable off-label reimbursement policies in cancer treatment, as well as other factors (e.g., high
disease severity and fewer treatments for rare cancers) encouraging physicians to experiment beyond formally approved
uses.
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are often linked to larger total potential market sizes. This pattern is consistent with regulatory

arbitrage—firms seek initial approval in smaller indications that offer a lower-risk path to market,

while delaying approval in broader markets or relying on off-label diffusion to expand demand

without formal approval.

In our second empirical test, we exploit cross-disease heterogeneity in the propensity for actual

off-label drug use. Using therapeutic-level off-label prescribing rates from the medical literature,

we show that the negative relationship between indication order and market size differs across

two groups: The decline is substantially steeper for drugs in low off-label therapeutic areas than

for drugs in high off-label areas. These results are consistent with the hypothesis that regulatory

arbitrage is particularly prevalent among firms developing drugs with high off-label potential. These

firms can pursue initial approval in smaller markets, anticipating later expansion through off-label

prescribing. In contrast, firms whose drugs have low off-label potential face fewer opportunities for

informal diffusion of their pharmaceuticals and therefore have stronger incentives to prioritize larger

markets in initial approval decisions. We consider alternative explanations—such as differences

in trial duration, regulatory review times, and firm selection—and show that they are unlikely to

explain our results.

Finally, we examine the policy implications of our findings. Back-of-the-envelope calculations suggest

that seeking initial approval in a smaller indication shortens time to market by approximately 7.9

months, yielding an estimated $99.6 million in value to firms through earlier revenues and reduced

trial costs. Thus, regulatory arbitrage by pharmaceutical firms may speed market entry and expand

patient access to promising treatments. However, this acceleration comes with a potential cost:

Off-label uses are often not backed by randomized or high-quality evidence and are associated

with higher rates of adverse events (Eguale et al., 2016; Richardson, 2016; Wittich et al., 2012).

Our findings underscore the importance of understanding how firms respond to the structure of

regulatory incentives—and raise questions about whether existing approval pathways strike the

appropriate balance between speed and quality.
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This paper makes multiple contributions to the literature. First, a growing body of research has

examined the relationship between regulation and innovation incentives, particularly in the context

of medical technologies (Acemoglu and Linn, 2004; Berger et al., 2021; Blume-Kohout and Sood,

2013; Danzon and Keuffel, 2014; Dubois et al., 2015, 2025; Galasso and Luo, 2017; Grennan and

Town, 2020; Maini and Pammolli, 2023; Malani and Philipson, 2012; Stern, 2017). Our paper adds to

understanding of the consequences of entry regulation, both intended and unintended. We highlight

how regulation affects not only whether a drug is approved, but also how firms prioritize among

multiple potential markets. When firms can access broader markets through off-label prescribing,

regulation creates incentives to pursue approval in smaller indications, while avoiding or deferring

approval in larger ones. This dynamic has important implications for how policymakers allocate

oversight and set evidentiary standards across therapeutic areas.

Second, this paper contributes to a growing set of papers on the measurement (Radley et al., 2006;

Stafford, 2008), drivers (Dubois et al., 2025; Larkin et al., 2014; McKibbin, 2023; Shapiro, 2018),

and consequences of off-label drug use (Bradford et al., 2018; Tunçel, 2025). Most closely related to

our research, Dubois et al. (2025) show how policy changes on off-label promotion and prescribing

influence firms’ decisions to submit drug uses for formal approval. We build on this research by

introducing a novel, ex ante measure of off-label market potential—one that does not require access

to health care claims data but instead leverages biologically-based measures of similarity across

disease indications to identify functional similarities.

Third, prior research has documented regulatory arbitrage in various contexts, such as in the choice

of bankruptcy filing jurisdictions (Ellias, 2018), states of incorporation (Bebchuk and Cohen, 2003;

Cain and Davidoff, 2012), litigation courts (Cohen et al., 2019; Sytch and Kim, 2021), global

sourcing (Berry et al., 2021), and store locations (Holmes, 1998; Rao et al., 2011). However, despite

growing policy attention to its implications for consumer welfare and drug access (Congressional

Research Service, 2021), empirical evidence on regulatory arbitrage in the pharmaceutical sector

remains limited. The prior work generally focuses on how firms selectively choose among different

jurisdictions, with different regulations, for their activities (also called forum shopping). We add to
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the existing literature by demonstrating that, even when governed by a single regulatory framework,

pharmaceutical firms strategically circumvent this regulation by selectively choosing therapeutic

uses for formal approval.

The paper proceeds as follows. Section 2 describes the institutional background. Section 3 presents

a stylized model of indication choice. Section 4 outlines the data, including construction of our novel

disease similarity index, and provides summary statistics. Section 5 explains our research design

and gives the empirical results. Section 6 discusses the firm and policy implications of regulatory

arbitrage. Section 7 concludes.

2 Background

2.1 Pharmaceutical Development and Entry Regulation

The development and approval process for a novel drug is long, costly, and risky. Drug development

typically begins with preclinical testing in animals and human cells. If successful, the manufacturer

submits an Investigational New Drug (IND) application to the FDA and begins the most expensive

aspect of drug development: clinical trials. These trials advance through three primary phases,

with costs increasing at each subsequent phase. Phase I trials assess safety and dosage in healthy

volunteers; phase II trials examine safety and efficacy in 100 to 300 patients; and phase III trials test

the drug in larger populations of 300 to 3,000 patients (FDA, 2024). Upon successful completion

of phase III trials, the sponsor submits a New Drug Application (NDA) for FDA review. The full

process typically spans 8 to 12 years, with estimated costs ranging from $300 million to over $2.6

billion and a success rate of only 9 percent for drugs that enter clinical testing (Adams and Brantner,

2006; Aryal et al., 2024; CSDD, 2014; Danzon and Keuffel, 2014; DiMasi, 2001; DiMasi et al., 2003;

Wouters et al., 2020).

Importantly, FDA approval is indication-specific, meaning a drug receives regulatory approval to

treat a specific disease in a specific patient population. To gain approval for an additional use, the

manufacturer must submit a new IND, conduct supporting clinical trials, and file a supplemental

New Drug Application (sNDA). The cost and duration of this process depend on the similarity
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between the original and new indications (FDA, 1998a). For example, if the original and new uses are

closely related, manufacturers seeking approval for the new use may skip phase I trials and conduct

fewer phase II trials.4 While some drug uses are discovered after the drug is first approved, others are

known prior to approval. Indeed, industry reports highlight that “indication sequencing”—including

the choice of a drug’s “lead” indication—is an important decision for pharmaceutical firms (IQVIA,

2023). Beyond resource and time costs, there can be additional risks to the firm associated with

seeking supplemental approvals, for instance, if subsequent clinical trials threaten the evidence base

for approved indications or lead to the discovery of significant adverse events.

2.2 Off-Label Drug Use

The practice of using approved health care technologies for unapproved uses is legal and common,

particularly among treatments for cancer, cardiovascular diseases, and psychiatric diseases (Stafford,

2008). An estimated 90 percent of approved drugs have multiple therapeutic uses (Gelijns et al.,

1998). Off-label use occurs for a variety of reasons, including the lack of FDA-approved therapies

for specific populations, the practice of using the same treatment for different but similar conditions,

and insurance coverage (Wittich et al., 2012). For example, off-label use of psychiatric medicines is

common in children because children are rarely included in clinical trials for drug approval (Lee

et al., 2012). Many mental illnesses share the same or similar symptoms, motivating physicians to

use a drug approved for one condition to treat another.5

The FDA recognizes that off-label use can be clinically appropriate under some circumstances,

but it has expressed concern about its widespread adoption without rigorous supporting evidence

(FDA, 2014). Indeed, prior research has found that off-label use is associated with higher rates of

adverse events (Eguale et al., 2016). To mitigate potential public health risks, the FDA prohibits the

direct promotion of off-label uses to physicians and patients. Nevertheless, evidence suggests that
4Examples include a new stage of the same disease or the same disease in a new population.
5The prevalence of off-label use depends on a physician’s propensity to prescribe a drug with limited evidence of

safety and efficacy. In practice, physicians who engage in off-label use are rarely accused of medical malpractice, and
the process of informed consent does not require physicians to disclose that a drug is being used off-label. Further,
off-label use is not necessarily negligent if the off-label use is included in the current standard of care.
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manufacturers still generate clinical evidence to encourage off-label use.6,7 Additionally, the FDA’s

policies towards forbidding off-label advertising has gradually loosened and been challenged over time

(Avorn et al., 2015; FDA, 2014). For example, the Food and Drug Administration Modernization Act

(FDAMA) of 1997 first permitted manufacturers to distribute peer-reviewed articles about off-label

uses. In 2009, the FDA issued new guidance on reprint distribution that further eased restrictions.

The Second Circuit’s 2012 decision in United States v. Caronia held that the government could not

criminally prosecute truthful, non-misleading off-label promotion.8 Given this regulatory landscape,

firms may strategically rely on off-label use—rather than pursue the costly, risky, and time-intensive

process of formal approval for supplemental indications—to expand demand for their drugs.

2.3 Regulatory Arbitrage in the Pharmaceutical Industry

Regulatory arbitrage has been defined as “structuring activity to take advantage of gaps or differences

in regulations or laws” (Pollman, 2019, p. 567). Since FDA approval is specific to a given use, firms

developing drugs with multiple uses face variation in the likelihood of approval across indications.

At the same time, off-label prescribing provides a mechanism for market diffusion beyond formally

approved uses. This regulatory structure allows firms to respond strategically: They can pursue

initial approval in small, lower-risk indications to minimize regulatory burden and expedite market

entry, while relying on off-label drug use to access larger markets without formal approval.

The approach presents both advantages and disadvantages for pharmaceutical firms. On the one

hand, obtaining approval in smaller disease indications is often less costly than in larger markets

(Jayasundara et al., 2019). Trials for smaller indications typically require fewer participants, reducing

recruitment costs (Sertkaya et al., 2016). Moreover, advances in genetic sequencing and biomarker

testing allow firms to target patient subgroups with higher treatment responsiveness, further

increasing the likelihood of approval (Chandra et al., 2019; Michaeli et al., 2023). Consistent with
6The U.S. Department of Justice has charged and fined several major companies with illegal off-label promotion,

including Eli Lilly ($1.4 billion in 2009), Pfizer ($2.3 billion in 2009), GlaxoSmithKline ($3 billion in 2012), and
Abbott ($1.6 billion in 2012).

7Off-label drug use could still occur without supporting clinical evidence, driven instead by physician experience
and experimentation.

8Note that the staggered nature of these policy changes and the fact that they affected all disease areas simultane-
ously makes traditional difference-in-differences approaches difficult to implement in this setting.
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this view, Appendix Figure A2 shows that drugs tested in smaller indications are associated with

higher FDA approval rates and faster regulatory review times (i.e., the number of months between

application submission and approval). Additionally, because drug prices in the U.S. are typically not

indication-specific (Chandra and Garthwaite, 2017), firms can set higher prices based on inelastic

demand in the small indication and apply the same price for its broader (off-label) use.

On the other hand, smaller indications often have limited patient populations, which can slow

enrollment and restrict early revenues. Relying on off-label use for market expansion introduces

uncertainty, as insurers may decline coverage and physician adoption can be uneven or unpredictable

(Shapiro, 2018). Regulatory risk also remains as off-label promotion is restricted and enforcement

has varied over time. Further, these off-label uses will typically be supported by weaker scientific

evidence, and new adverse events may be discovered among patient populations not formally

approved for the drug, threatening existing approved uses.

Taken together, FDA regulation creates asymmetric incentives across therapeutic markets. Regula-

tory arbitrage by pharmaceutical firms reflects a deliberate trade-off between regulatory risk and

market reach. The extent to which firms pursue this strategy in practice is an empirical question

we examine in the remainder of the paper.

3 A Model of Indication Choice

In this section, we provide a stylized theoretical model of how a pharmaceutical firm chooses

among disease indications when seeking FDA regulatory approval. The model formalizes the central

trade-off in our setting: Firms balance the regulatory costs and risks of approval in each indication

against the potential to expand demand through off-label prescribing in related disease markets.

Our key insight is that when off-label potential is high, firms may seek initial approval in smaller,

lower-risk indications rather than in the largest available market. This response to the structure of

regulation is what we characterize as regulatory arbitrage.
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3.1 Preliminaries

We consider a drug manufacturer deciding whether to apply for FDA approval for a candidate

molecule. The manufacturer can choose to apply for approval for an indication i from a set I =

{1, . . . , N} ofN possible disease indications. Each indication is defined as a quintet (Mi,Ki, pi,Oi, Ti)

where Mi is the indication’s focal market size (or, more accurately, the expected financial returns

from that indication conditional on approval), Ki is the cost of applying for approval (e.g., running

clinical trials and going through FDA review processes), pi is the probability of receiving approval,

Oi is indication i’s potential set of off-label indications, and Ti is the indication’s total market size

(or the expected financial returns from that indication plus all its potential off-label uses).

Timing. The framework has two periods, after which the product goes generic and revenue goes to

zero. We assume that because of some (unmodeled) capacity constraint, manufacturers can only

apply for one indication in each period.

Indication choice set. We assume that the choice set of potential indications for approval is known

and fixed prior to the time of the drug’s initial approval; i.e., we abstract away from the situation

where learning about additional indications may occur after the drug’s initial approval. This is

consistent with the growth of large-scale screening methods to identify new indications early in

a drug candidate’s life, such as in silico screens (Cha et al., 2018). We consider the choice set to

correspond to indications in which the firm has already conducted early-stage clinical trials. If an

indication is chosen for initial approval, it is no longer available for supplemental approval. For

simplicity, we assume the firm’s choice set consists of two indications, I = {A,B}, where A denotes

a large-market indication and B a small-market one, i.e., MA > MB.

Cost of regulatory approval. Consistent with existing evidence on the costs of clinical trials, we

consider the costs of regulatory approval to be greater for indications of larger market size, i.e.,

KA > KB.9

9We set per-period variable costs to be zero.
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Probability of regulatory approval. We assume that the probability of approval is greater for smaller

indications, i.e., pA < pB . This is plausible due to selective patient enrollment for smaller indications.

Off-label markets. Each indication has a corresponding set of potential off-label indications, denoted

by Oi. If a drug receives regulatory approval for indication i, then Oi is the set of all indications j

for which doctors may choose to prescribe the drug off-label (i.e., indications in Oi exceed some

threshold of known relatedness to indication i). We assume that A is in OB and B is in OA. For

simplicity, we consider all other potential off-label indications for A to be captured by representative

indication A′ and similarly for B. That is, OA = {B,A′} and OB = {A,B′}.

Off-label diffusion rate. The rate of off-label diffusion is di,j ∈ [0, 1], which is known to the firm and

gives the proportion of the market for indication j that will actually use the drug off-label following

regulatory approval for indication i. For example, a diffusion rate of 0 would imply that, following

initial regulatory approval for i, the drug is not used at all off-label for indication j, and a diffusion

rate of 1 would imply that it is used by j’s entire expected market. Note that these diffusion rates

are symmetric such that di,j = dj,i.

Total market size. Total market size Ti for a given indication is the sum of its focal market size

plus its potential off-label markets, which are given by the market size of each off-label indication

weighted by its diffusion rate: i.e., Ti = Mi +
∑

j∈Oi
di,jMj . We consider Ti to be the total expected

financial returns a firm receives from indication i’s approval, including from all its off-label uses.

Given the assumptions above on MA > MB, whether TA is greater than TB or vice versa will depend

on off-label diffusion rates and market sizes. We hold market sizes as fixed over the two periods.

The profit-maximizing pharmaceutical firm will seek to enter the market with its drug in period

1 if and only if the expected return from the initial indication exceeds its fixed cost of regulatory

approval. Similarly, the firm will seek a supplemental regulatory approval if and only if the expected

return from the supplemental indication exceeds its fixed cost. We make the simplifying assumption

that entry in at least the first period is optimal. Conditional on entry, the firm chooses an order of
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indications for its drug that maximizes the expected stream of total profits over the two periods

(i.e., the drug’s on-patent life). The firm’s decision tree is given in Figure 2.

3.2 Firm Incentives to Seek Regulatory Approval

This framework produces four potential strategies for the firm: (1) enter with A in period 1, enter

with B in period 2; (2) enter with A, no entry; (3) enter with B, enter with A; and (4) enter with

B, no entry. We consider the expected value from each strategy in turn.

The expected value of seeking regulatory approval for indication A in period 1 and for indication B

in period 2 is:

EVA,B = 2pATA + pB[(1− dA,B)MB +
∑

k∈OB
k 6=A

dB,k(1− dA,k)Mk]−KA −KB (1)

Note that with regulatory approval for A in period 1, the firm penetrates a portion dA,B of the

market for B via off-label use. This leaves (1− dA,B) of the market for B that can be gained via

regulatory approval for B in period 2. Note also that while A ∈ OB initially, since the drug receives

regulatory approval for A in period 1, it is no longer included among B’s potential off-label markets

at period 2. For any indication k ∈ (OA ∩OB), the firm penetrates a portion dA,k of the market for

k via off-label use in period 1, leaving dB,k(1− dA,k) of the market for k to be gained via off-label

use in period 2.

The expected value of seeking regulatory approval for indication A in the first period and not

entering in the second is:

EVA,no entry = 2pATA −KA (2)

Similarly, the expected value of seeking regulatory approval first for B and second for A is:

EVB,A = 2pBTB + pA[(1− dA,B)MA +
∑

j∈OA
j 6=B

dA,j(1− dB,j)Mj ]−KB −KA (3)
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And the expected value of seeking regulatory approval for B in the first period and not entering in

the second is:

EVB,no entry = 2pBTB −KB (4)

The firm chooses the strategy (indication choice in the first period and whether to seek regulatory

approval in the second for the remaining indication) that maximizes its expected value.

3.3 Model Predictions

We aim to understand how market size relates to regulatory approval decisions in settings where

off-label use is more or less common. In the subsections that follow, we consider three separate

scenarios: (1) where off-label use is prohibited, (2) where complete off-label diffusion occurs following

a drug’s regulatory approval in a given indication, and (3) where off-label diffusion is intermediate,

varying across indication pairs.

3.3.1 Off-Label Use is Prohibited

First, we consider the scenario where off-label use is prohibited (dA,j = dB,k = 0 ∀j, k). In that case,

the expected value in equation (1) simplifies to 2pAMA + pBMB −KA−KB and the expected value

in equation (2) simplifies to 2pAMA −KA. Equations (3) and (4) simplify similarly. Conditional on

2pAMA−KA > 0 and pBMB−KB > 0, and given our initial assumptions on market size MA > MB

and the probabilities of approval pA < pB, the firm will select indication A for regulatory approval

in period 1 and indication B for approval in period 2 if and only if:

2pAMA + pBMB −KA −KB > 2pBMB + pAMA −KB −KA, or (5)

MA >
pB

pA
MB (6)

The condition in (6) shows that provided MA is large relative to MB, then the firm selects A for

regulatory approval in settings where off-label use is prohibited. This leads us to the following

proposition:
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Proposition 1. In the absence of off-label use, firms will prioritize the larger indication

for initial regulatory approval provided that indication’s market size is sufficiently large.

3.3.2 Complete off-label diffusion

Second, we consider the scenario where regulatory approval for an indication leads to complete

off-label diffusion, i.e., the total off-label population for that indication also uses the drug (dA,j =

dB,k = 1 ∀j, k).

Here, the expected value in equation (1) simplifies to 2pATA + pB
∑

k∈OB\OA
k 6=A

Mk − KA − KB and the

expected value in equation (2) simplifies to 2pATA −KA. Again, equations (3) and (4) simplify

similarly.

The firm’s optimal strategy will differ depending on the nature of OA and OB and the relative

market sizes of their associated indications. We consider the following two scenarios:

Scenario 1: A and B have the same potential off-label markets (A′ = B′). In this scenario, under

complete diffusion, the firm has no incentive to seek regulatory approval in the second period because

it is already reaching all potential markets, including off-label ones, with regulatory approval in the

first period. Conditional on 2pBTB −KB > 0 and given our initial assumptions on the probability

of regulatory approval pA < pB and fixed costs of approval KA > KB, the firm will select indication

B for regulatory approval in period 1 and seek no approval in period 2.

Proposition 2. Under complete diffusion and the same potential off-label markets,

firms will enter the smaller indication first and seek no entry in the second period.

Scenario 2: A and B have no potential off-label markets in common (OA ∩ OB = ∅). Conditional

on 2pBTB −KB > 0 and pAMA′ −KA > 0, the firm will select indication B for regulatory approval

in period 1 and indication A for approval in period 2 if and only if:

2pB[MB +MA] + 3pBMB′ >

2pA[MA +MB] + 3pAMA′

(7)
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See Appendix B for the proof. Given our initial assumption of pB > pA, a sufficient condition for

this inequality to hold is MB′ > MA′ , i.e., that B’s off-label markets are larger than A’s off-label

markets.

In the event that entry in the second period is not profitable, the firm will select indication B for

regulatory approval in period 1 and seek no approval in period 2 if and only if:

2pB[MB +MA +MB′ ]−KB >

2pA[MA +MB +MA′ ]−KA

(8)

As in the case of inequality (7), a sufficient condition for inequality (8) to hold is MB′ > MA′ . We

thus have the following proposition:

Proposition 3. Under complete diffusion and no off-label markets in common, firms

will enter the smaller indication first provided its off-label market sizes exceed those of

the larger indication.

3.3.3 Intermediate Off-Label Diffusion

Finally, we consider the scenario of intermediate off-label diffusion, where diffusion rates vary

across indication pairs and fall between 0 and 1. In particular, we demonstrate when a firm may

strategically choose to seek initial regulatory approval in a smaller market instead of a larger one.

Conditional on entry in both periods, the firm will select indication B for regulatory approval in

period 1 and indication A for approval in period 2 if:

pB[
∑

k∈OB

dB,kMk + dA,B(MA +MB) +
∑

k∈OB
k 6=A

dB,kdA,kMk] >

pA[
∑

j∈OA

dA,jMj + dA,B(MA +MB) +
∑

j∈OA
j 6=B

dA,jdB,jMj ]
(9)

See Appendix B for the proof. This inequality will be satisfied if pB is sufficiently large relative

to pA and/or if B’s off-label market reach is sufficiently large (which may occur with either high
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off-label diffusion rates or high focal market sizes for those potential off-label indications.) This

gives us the following proposition:

Proposition 4. Under intermediate off-label diffusion, firms will prioritize a smaller

indication for initial regulatory approval provided that indication’s probability of approval

or the off-label markets it penetrates through regulatory approval are sufficiently large.

While we do not aim to test each proposition, taken together, they suggest instances where a firm

would engage in regulatory arbitrage by choosing initial entry in a smaller indication rather than a

larger one. We now take this theoretical prediction to the data.

4 Data

To empirically investigate whether pharmaceutical firms engage in regulatory arbitrage when making

market entry decisions, we construct a novel dataset combining regulatory approvals, clinical trials,

market size, and genetic similarity across cancer indications. Our main analytic dataset consists

of 129 cancer drugs first approved by the FDA between 1978 and 2016. We consider two types of

market entry decisions: regulatory approvals and clinical trials. We obtain regulatory approval data

from the Clarivate Cortellis Competitive Intelligence Global database and the FDA’s Drugs@FDA

database, which together provide information on both original NDAs and sNDAs. We classify

approved indications at the cancer site-stage level (e.g., “breast–metastatic”).10 We link these

regulatory data to clinical trial records from the Clarivate Cortellis Clinical Trials Intelligence

database.11 Data limitations prevent us from categorizing clinical trial indications to the cancer

stage level; as a result, our clinical trial analyses are conducted at the drug-cancer site level.

To proxy for market size, we collect data on the number of new diagnoses associated with each

cancer’s site and stage (Budish et al., 2015). These data come from the Surveillance, Epidemiology,
10FDA-approved indications are typically more granular than our site-stage coding. For instance, letrozole was

initially approved for “advanced breast cancer in postmenopausal women with disease progression following anti-estrogen
therapy,” and later for “first-line treatment of postmenopausal women with hormone receptor-positive or hormone
receptor-unknown locally advanced or metastatic breast cancer.” Both approvals are classified as “breast–metastatic.”

11The clinical trials used in our main analyses consist of those linked to an approved drug. In robustness checks, we
confirm that our results are robust to including all clinical trials, regardless of whether they are linked to an approved
or unapproved drug.
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and End Results (SEER) database, available from the National Cancer Institute (NCI). We focus

on five-year lagged averages of market size, where we calculate these lags relative to either the year

of indication approval (for regulatory approval analyses) or trial start (for clinical trial analyses).

4.1 Cancer Genome Mapping Data

To capture the potential for regulatory arbitrage, we construct a novel proxy for each drug’s

off-label market size using data from large-scale cancer genome mapping studies. Cancer genome

sequencing is an advance in medical technology that systematically catalogs the genetic mutations

underlying different cancer types. Genome sequencing compares the DNA sequences of cancer cells

to those of normal tissue, so that researchers can determine the mutations behind specific cancers

and understand similarities across different cancer types (Weinstein et al., 2013). Using genetic

sequencing data, we characterize the similarity between different diseases to define a drug’s expected

off-label cancer sites. For instance, cancer mapping efforts have revealed the occurrence of the same

genetic mutations underlying both ovarian and breast cancer (TCGA Research Network, 2011).

This suggests that ovarian cancer may be an off-label site for a drug approved for breast cancer

(Pleasance et al., 2022).

We obtain information on gene-cancer pairings uncovered in large-scale cancer mapping efforts from

the publicly accessible Catalogue of Somatic Mutations in Cancer (COSMIC) and cBioPortal for

Cancer Genomics (cBioPortal) databases (Cerami et al., 2012; Sondka et al., 2018; Tate et al., 2018).

Both databases contain a curated set of cancer genome data from hundreds of genetic sequencing

studies and catalog the set of genes (e.g., BRCA1) containing mutations that are causally associated

with cancer (e.g., breast and ovarian cancers). We follow the bioinformatics literature in focusing on

high-frequency mutations within each cancer site, and define “high frequency” as the top 10 percent

of mutations identified in large-scale sequencing studies.12

Our use of genome mapping data to quantify biologically-driven off-label potential is conceptually

related to recent efforts in the bioinformatics literature to use molecular and genomic similarity
12In robustness checks, we show that our findings are robust to alternative thresholds.
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to guide drug repurposing and discovery (Cheng et al., 2019; Tanoli et al., 2021). This includes

leveraging data from disease-specific sequencing efforts (e.g., the Cancer Genome Atlas) and genome-

wide association studies (GWAS) to uncover biological linkages across diseases that are then used

to identify new uses for existing drugs (Uffelmann et al., 2021). As a point of validation, genetically

similar cancer sites are likely to be treated with the same drugs (Chakravarty et al., 2017; Suehnholz

et al., 2024).

We build on these insights by exploiting genetic similarity to study how regulation shapes firms’

innovation and entry decisions, using it to estimate the ex ante set of disease markets where a

drug may plausibly be used off-label.13 Before proceeding, we note that the use of cancer genome

mapping data to construct the similarity index raises a question about whether firms would have

had access to this genetic information at the time of their R&D and market entry decisions. While

our genomic similarity measure likely captures some relationships that were revealed to firms only

through large-scale sequencing efforts Kao (2025), it also reflects longstanding biological relationships

between cancer sites that were at least partially understood through firms’ prior research experiences.

In light of this, our genomic similarity-based measure of off-label market size is best interpreted as

an upper bound on the set of biologically-linked off-label markets available to firms and unlikely to

be entirely unrelated from their available information at the time of entry decisions.

4.1.1 Gene-Based Disease Similarity

Using the cancer genome mapping data, we then estimate the similarity between cancer sites using

the extent of overlap between sets of genetic mutations associated with each cancer type. In the spirit

of Krieger et al. (2022), we quantify the similarity between two different cancer sites by calculating

the Tanimoto distance (Jaccard coefficient). This measure calculates the distance between each set

of genetic mutations associated with each cancer site. For example, the similarity index s between

cancer sites A and B is the intersection of A and B’s genetic mutations divided by the union of
13We are unable to exploit the staggered release of information from large-scale cancer genome mapping studies

(as in Kao (2025)) because that information disclosure occurs at the gene-cancer site level, which is too granular to
generate meaningful variation in our setting.
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these mutations:

sA,B ≡
|A ∩B|
|A ∪B|

= |A ∩B|
|A|+ |B| − |A ∩B| (10)

A similarity index of 0 implies that a pair of cancer sites are not closely related and have no common

mutations, while a measure of 1 implies that they are closely related and have exactly the same

set of mutations. Figure 3 provides a heat map of our similarity index across all cancer sites. The

mean index across these cancer sites is 0.207 (SD = 0.263).

4.1.2 Calculating Expected Off-Label Market Size

We use the similarity index to determine the expected off-label market size for each indication. This

calculation is based on the market size for cancer sites related to indication i and the corresponding

similarity indices:

Off-Label Market Sizei,t =
∑
j 6=i

si,jMarket Sizej,t (11)

Here, indication i has an off-label market size at time t that is defined as the weighted sum of the

market sizes of all other cancer sites j (j 6= i) at time t, where the weight is the similarity index

between cancer sites i and j. To illustrate, consider a simple example between three cancer sites,

A, B, and C. Assume that cancer site B has a similarity with cancer site A (sA,B = 0.09) and a

similarity with cancer site C (sB,C = 0.01). Suppose that at time t, the market size for cancer site

A is 100 and the market size for cancer site C is 20. At time t, the off-label market size for a drug

initially approved in cancer site B is (0.09× 100) + (0.01× 20) = 9.2. Intuitively, the similarity index

si,j is an empirical proxy for the off-label diffusion rate di,j in the conceptual framework: A higher

genetic similarity between cancer sites i and j implies a greater likelihood that a drug approved for

one site will be used off-label in the other.

Before continuing, we note some limitations of this measure. First, our similarity measure may

not fully capture the true level of overlap across cancer sites. In particular, the data we use may

reflect both false positives and false negatives. On the one hand, not all shared genetic mutations

between cancer sites necessarily imply a therapeutically meaningful linkage; some mutations may

be common across many cancers without indicating that a drug effective in one site would be useful
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in another. To address this concern, we construct an alternative similarity measure that restricts

attention to genes found in the COSMIC Cancer Gene Census, a curated, expert-reviewed catalog

of genes for which mutations have been causally implicated in cancer.14 By limiting the set of

mutations to those with stronger evidence of a causal role in cancer development, this measure

reduces the likelihood that our index captures biologically spurious overlap. On the other hand, our

baseline restriction to the top 10 percent of most frequently occurring mutations within each cancer

site may exclude relevant but lower-frequency mutations, potentially understating the true level of

similarity between cancer sites. To address this, we gradually broaden the frequency threshold to

include the top 20 percent and top 30 percent of mutations. We show that our results are robust to

both of these alternative similarity measures. Second, our gene-based similarity measure is aimed at

reflecting off-label drug use that is supported by scientific evidence. Since off-label drug use can

be driven by other factors, such as costs and drug side effects (Stafford, 2008), it is likely to be an

underestimate of the overall off-label market size (Radley et al., 2006). To address this, we conduct

an analysis where we directly incorporate actual measures of off-label drug use.

4.2 Controls

We collect data on multiple control variables to mitigate the concern that the relationship between

indication order and market size may be confounded by factors unrelated to the practice of regulatory

arbitrage. As a proxy for the level of competition faced by each drug in a given indication, we count

the cumulative number of drug approvals in the same indication in the year prior to the indication

approval year (for regulatory approval analyses) or the trial start year (for clinical trial analyses).

To capture regulatory incentives associated with subsequent market entry decisions, we compile data

on whether the drug ever received an orphan drug designation or accelerated approval. Established

in 1983, the Orphan Drug Act (ODA) offers targeted regulatory incentives (e.g., tax benefits and

regulatory exclusivities) to firms developing drugs for “orphan” diseases (i.e., rare diseases affecting

less than 200,000 individuals).15 Since the passage of the ODA, there has been a significant increase
14The CGC’s cancer experts apply strict criteria when determining the set of gene-cancer associations to include in

the database. For more information, see https://www.sanger.ac.uk/data/cancer-gene-census/.
15For more details, see https://www.fda.gov/industry/medical-products-rare-diseases-and-conditions/d

esignating-orphan-product-drugs-and-biological-products.
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in the number of approved orphan drugs (from 10 in 1990 to 77 in 2017) (Miller and Lanthier, 2018).

Since orphan designation increases firm incentives for entry in small indications, failing to control

for it may conflate entry decisions that are driven by targeted regulatory incentives, rather than

firms’ decisions to engage in regulatory arbitrage. Separately, the FDA implemented the Accelerated

Approval program in 2012 as a way to allow drugs that filled an unmet medical need to be approved

more quickly on the basis of a surrogate endpoint rather than a direct measure of clinical benefit.16

Smaller indications may be more likely to qualify for accelerated approval because they are more

likely to represent areas of serious unmet need with few existing treatment options. If accelerated

approval disproportionately lowers the regulatory requirements for smaller indications, the patterns

we document could partly reflect the availability of this expedited pathway rather than strategic

sequencing by firms. Controlling for accelerated approval status allows us to distinguish entry

decisions shaped by this regulatory pathway from those more consistent with regulatory arbitrage.

Next, we construct controls for intellectual property protection, which may also influence the

relationship between indication order and market size. For instance, Budish et al. (2015) show that

firms have reduced incentives to pursue research for early-stage cancers relative to late-stage ones

because of the former’s longer development times and shorter resulting patent terms post-launch. If

early-stage cancers tend to have larger market sizes, then observed patterns in indication order may

partly reflect patent-related incentives rather than strategic regulatory behavior. In light of this, we

combine information on pharmaceutical IP protection from the United States Patent and Trademark

Office (USPTO) and the FDA’s Orange Book.17 We create two controls for IP protection: Primary

IP protection measures the months from each indication approval (or trial start) date to when the

drug’s primary IP expires. We consider the primary IP expiration to be the latter of either the

molecule patent or the new chemical entity exclusivity expiration. Primary IP protection is generally

considered the strongest form of IP protection, with almost certain enforcement.18 Potential IP
16For more details, see https://www.fda.gov/patients/fast-track-breakthrough-therapy-accelerated-

approval-priority-review/accelerated-approval.
17Drugs are protected by two types of IP rights: patents granted by the USPTO and regulatory exclusivities

granted by the FDA.
18For those trials taking place before a drug’s initial launch, we assume the firms have an ex ante expectation of

what this primary IP expiration will be. For trials or approvals taking place after the primary IP has expired, we
consider this measure to be zero.
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protection gives the maximum possible term of monopoly protection, if all IP on a drug were upheld.

It measures the months from each indication approval (or trial start) to when the final IP on the

drug expires.19

Table 1 presents descriptive statistics for our sample of oncology drugs first approved between 1978

and 2016. The average drug is tested in 47 different trial indications (cancer sites) and receives FDA

approval in 4 unique approval indications (cancer site-stage observations).20 Within our sample, 56

percent of drugs receive an orphan drug designation and 34 percent have an accelerated approval.

Across all drug-indications, the mean primary IP protection remaining at the time of approval is 124

months (10.3 years) and mean potential IP protection is 174 months (14.5 years). The maximum

primary IP protection remaining is 277 months (23.1 years) and maximum potential IP protection is

346 months (28.8 years). Mean off-label market size (36,632 diagnoses) is 37 times the mean market

size of approval indications (985 diagnoses). Appendix Figure A4 shows that there are meaningful

time lags between indications: The average time between trial indications is more than 1 year and

the average time between approval indications is nearly 3 years.

5 Empirical Approach and Results

We next systematically examine whether firms sequence clinical trials and regulatory approvals in

ways consistent with regulatory arbitrage. While Figure 1 provides descriptive evidence of how

average market size varies with indication order, our estimations mirror firms’ sequencing decisions:

When a firm has several potential indications, firms must decide the order in which to pursue their

indications. We aggregate our data on market entry decisions, market size, and drug characteristics

into drug-indication order (e.g., letrozole-first indication) observations, where indication order is

defined as the sequence of indications in which a given drug is clinically tested (or approved).21 For
19For trials occurring before a drug’s initial launch, we consider the patents and exclusivities in effect at launch to

calculate this measure. For all trials after launch, we consider the patents and exclusivities in effect at the trial start
date.

20Appendix Figure A3 shows the complete distribution of trial and approval indications per drug.
21When a single indication order corresponds to multiple indications (e.g., a drug is initially clinically tested in

both breast and ovarian cancers in trials starting on the same date), we take the average of their market sizes.
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drug d and indication order i, we estimate the following:

IndicationOrderd,i = α+ β1MarketSized,i + γXd,i + εd,i (12)

Our main estimate of interest is the coefficient onMarketSize, the natural log of the lagged five-year

average market size associated with indication order i for drug d. An estimate of β1 < 0 suggests

that larger markets are prioritized earlier (lower indication order), whereas β1 > 0 suggests that

smaller markets are prioritized earlier. We include a comprehensive set of controls X to account for

observable factors that may influence firms’ indication order decisions, including detailed measures

of intellectual property protection (i.e., primary and potential IP); the drug’s initial approval year;

its cancer group (e.g., stomach and esophageal cancers would belong to the “digestive system”

cancer group); the level of competition (i.e., the cumulative number of drug approvals in the same

indication as of the prior year); and regulatory incentives (i.e., whether it has an orphan designation

or accelerated approval). All estimates are from ordinary least squares (OLS) regressions with

robust standard errors.

5.1 Trends in Market Entry Decisions

We begin by examining descriptive trends in firms’ market entry decisions. Figure 4 plots the

relationship between indication order and market size for our sample of drugs, separately for clinical

trials (Panel A) and regulatory approvals (Panel B). Consistent with Figure 1, Panels A and B

illustrate key differences between the order of clinical trials and regulatory approvals. Panel A shows

a strong negative correlation between trial indication order and market size: Earlier indications are

associated with larger potential markets. In contrast, Panel B reveals no discernible relationship

between approval indication order and market size, suggesting that firms do not systematically

prioritize larger markets when seeking FDA approval. These patterns indicate the presence of

regulatory arbitrage—firms may initially target smaller, more favorable indications for formal

approval while using off-label pathways to access larger markets.
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Importantly, the fact that firms tend to initiate trials in larger potential markets but seek initial FDA

approval in smaller markets suggests that scientific and logistical constraints, such as availability of

technological resources and trial participants, are unlikely to be driving the observed patterns. For

example, if firms’ market entry decisions were primarily driven by patient availability, we would

expect similar patterns across both trials and approvals. Instead, the divergence suggests that firms

may delay approval in larger markets, despite having trial data, to reduce their regulatory burden.

Appendix Table C1 formalizes these relationships. Column 1 reports the raw correlation between

trial indication order and market size. The estimated coefficient implies that a 10-percent increase

in market size is associated with a 0.22-unit (≈ −2.315 × ln(1.10)) decrease in indication order.

Column 2 shows that this negative relationship between trial indication order and market size

persists once all controls are included, and the relationship remains significant at the 1-percent level.

Columns 3 and 4 repeat these same regressions for approvals instead of trials. Column 3 confirms

that approval indication order has no significant relationship with market size. Once all controls

are included in Column 4, the relationship remains quantitatively small and insignificant. These

findings suggest that observable firm and market characteristics do not explain the gap between the

ordering of clinical trials and regulatory approvals.22

While our setting does not allow for identification of the direct effects of regulatory structure on

entry behavior—these results provide novel descriptive evidence consistent with regulatory arbitrage.

Specifically, the findings suggest that firms may strategically pursue approval in smaller disease

markets where entry barriers are lower, relying on off-label use to access larger markets. In the

sections that follow, we conduct two empirical tests to assess this hypothesis more directly by

incorporating measures of off-label market potential into our analyses.
22Appendix Table D1 shows that we observe similar trends when expanding our set of trials to include those

associated with both approved and unapproved cancer drugs with a first trial between 1998 and 2001, corresponding
to the most complete coverage of our trials dataset.
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5.2 Incorporating Off-Label Market Potential

In our first empirical test to determine whether the patterns we observe above are consistent with

regulatory arbitrage, we incorporate our measure of total market size—defined as the sum of the focal

indication’s market size and its genetically similar off-label markets. Table 2 presents results using

this expanded outcome measure. For reference, Columns 1 and 3 repeat the baseline specifications of

Appendix Table C1, where the primary explanatory variable is the market size of the focal indication

only and all controls are included. Column 1 shows the clinical trial specification, and Column

3 shows the approval specification. Columns 2 and 4 replace the primary explanatory variable

with total market size, incorporating potential off-label opportunities based on disease similarity.

Column 2 shows that for clinical trials, the negative relationship between indication order and

market size persists even when off-label potential is included: A 10-percent increase in total market

size is associated with a 0.11-unit (≈ −1.110 × ln(1.10)) decrease in indication order. Column 4

reveals a noticeable shift in approvals. Whereas Column 3 showed no relationship between approval

indication order and focal market size, Column 4 shows that when total market size is used as the

explanatory variable, the relationship becomes negative and statistically significant. A 10-percent

increase in approval indication order is associated with a 0.014-unit (≈ −0.146 × ln(1.10)) decline

in indication order.

As a robustness check, we construct alternative measures of total market size based on broader

gene-cancer similarity thresholds. Specifically, we define “high frequency” as the top 20 percent or

30 percent of mutations identified in large-scale sequencing studies. We also construct measures that

restrict attention to frequently occurring mutations among genes found in the COSMIC Cancer Gene

Census. Table 3 shows that the main results are robust to these alternative definitions of genetic

similarity, supporting our findings across a range of biologically-linked off-label markets. Under

these alternative definitions, we find that a 10-percent increase in total market size is associated

with a decline in indication order of between 0.014 (≈ −0.145 × ln(1.10)) and 0.016 (≈ 0.164 ×

ln(1.10)) units.
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These results are consistent with the view that firms systematically prioritize larger markets when

conducting clinical trials, but seek initial FDA approval in smaller focal indications. In other words,

firms may enter through smaller, more favorable regulatory pathways while anticipating subsequent

expansion into biologically-similar markets via off-label use. We note that the total market size

and approval indication order estimates in Table C1 and Table 3 are marginally significant and so

we interpret them with caution. However, the stability of the sign, magnitude, and significance

across all alternative similarity specifications in Table 3 increases our confidence in these patterns.

Further, in the subsequent section, we provide complementary evidence by exploiting variation in

actual off-label prescribing rates across disease categories.

5.3 Differences in Actual Off-Label Drug Use

In the prior analyses, we estimated off-label market potential by linking our cancer dataset to

cancer genome mapping information. This allowed us to approximate a drug’s expected off-label

market size as supported by scientific evidence. In practice, off-label use may occur in the absence

of supporting scientific evidence (e.g., due to physician experience, experimentation, the lack of

FDA-approved treatments, or reimbursement policies). To complement our previous approach, we

conduct a second empirical test incorporating measures of actual off-label drug use. One challenge

is that available measures of actual off-label drug use are generally restricted to survey and health

insurance claims data that cover specific patient populations (e.g., Medicare enrollees), limiting our

ability to capture total off-label drug use. We use therapeutic-level off-label prescribing rates from

Radley et al. (2006), who estimate these rates based on physician surveys, as a proxy for actual

off-label activity.

For this empirical test, we extend our analyses beyond cancer by using a cross-disease dataset

consisting of cancer and non-cancer drugs first approved between 1998 and 2021. We categorize

approved indications using International Classification of Disease (ICD-9) codes. As a proxy

for the market size of drugs in this dataset, we use the number of diagnoses from the Medical

Expenditure Panel Survey (MEPS). We calculate yearly average market size at the ICD-9 level,

using data from 1996 to 1997. We distinguish disease categories with high versus low opportunities
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for regulatory arbitrage, as measured by their off-label propensity. Diseases with low off-label

propensity (low opportunities for regulatory arbitrage) include antidiabetics, antihypertensives,

and antihyperlipidemics; those with high off-label propensity (high opportunities for regulatory

arbitrage) include oncology, anticonvulsants, psychiatry, and antiasthmatics (Radley et al., 2006).

Our final cross-disease sample includes 615 drugs (of which 482 drugs are initially approved in

diseases with high off-label propensity and 133 drugs in diseases with low propensity) mapped into

802 drug-indication observations.

Figure 5 shows that drugs in disease categories with high off-label propensity receive more total

approvals, on average, than those in low-propensity categories. Notably, the relationship between

indication order and market size differs across the two groups. For high off-label drugs, each

10-percent increase in market size is associated with a 0.008-unit (≈ -0.081 × ln(1.10)) decrease in

indication order. For low off-label drugs, the decline is steeper—a 0.026-unit (≈ -0.277 × ln(1.10))

decrease in indication order. These results are in line with the hypothesis that firms in high off-label

areas are more willing to pursue initial approval in smaller markets, anticipating later expansion

through off-label prescribing. In contrast, firms in low off-label areas face fewer opportunities for

informal diffusion of their pharmaceuticals and therefore have stronger incentives to prioritize larger

markets in their initial approval decisions.

We supplement these cross-disease findings with several robustness checks. First, we control for

observable drug and market characteristics (Appendix Table D2). Second, we include controls for

alternative disease measures (Anatomical Therapeutic Chemical (ATC) classifications) in Appendix

Table D3.23 Finally, we verify the robustness of our categorization using an alternative measure of

off-label use derived from IMS prescribing data (Appendix Table D4).

5.4 Alternative Explanations

Our findings provide evidence of regulatory arbitrage in pharmaceutical firms’ entry decisions.

Through the inclusion of various controls, we have addressed multiple alternative explanations.
23We are grateful for the ATC-drug crosswalk provided by the authors of Kakani et al. (2022).
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For instance, one concern may be that the indication sequencing choices we observe reflect firms’

abilities to obtain regulatory incentives or exclusivities for more narrow indications; our controls

for orphan drug designation, accelerated approval, intellectual property protection, and indication

group account for such opportunities. In this section, we consider several alternative explanations

for the patterns we observe.

5.4.1 Differences in Expected Trial Duration

One alternative explanation is that firms sequence their clinical trials based on expected trial

duration rather than market size. For example, firms may give priority to indications with longer

anticipated trials if these involve more complex diseases requiring extended trial periods and closer

monitoring. If this were the case, the negative relationship between trial indication order and market

size, as well as the absence of a corresponding relationship for approvals, could be explained by

variation in trial length rather than by regulatory arbitrage.

To evaluate this potential alternative explanation, we return to the cancer dataset used in our

prior analyses and redefine trial indication order using trial end dates rather than start dates. As

shown in Appendix Figure D1, the strong negative relationship between trial order and market size

remains. This result suggests that the observed patterns are unlikely to be driven by differences in

trial duration.

5.4.2 Differential FDA Review Times

A second alternative explanation is that the absence of a strong relationship between approval

indication order and market size could be driven by differential FDA review times. If firms tend to

submit applications for larger markets earlier, but those applications are subject to longer regulatory

review periods, then the approval order we observe may reflect agency timing rather than firm

strategy. To address this, we collect original application submission dates from FDA review letters

and redefine approval indication order using submission rather than approval timing. As shown in

Appendix Figure D2, the relationship between approval order and market size remains statistically

insignificant, suggesting that variation in FDA review times does not explain our findings.
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5.4.3 FDA Selection

A third alternative explanation is that the observed approval patterns reflect direct FDA selection

rather than firm strategy. Because publicly available FDA data include only successful approvals, it

is possible that we observe more approvals in smaller markets simply because applications for larger

indications are more likely to be rejected or delayed. If so, the lack of a strong relationship between

approval order and market size could reflect FDA selection (e.g., where the FDA systematically

denies or slows approval for drugs targeting larger indications) rather than firms’ indication order

decisions.

Although we cannot directly observe unsubmitted or rejected applications, multiple factors suggest

this explanation is unlikely to account for our findings. First, our results are robust to controls

for regulatory incentives, such as orphan drug designation and accelerated approval, which are

closely linked to approval likelihood. Second, the costs associated with filing an FDA application

are substantial, making it unlikely that firms would routinely submit applications they expect

to be denied. Taken together, these considerations support the interpretation that the observed

sequencing of approvals reflects firm strategy (which may be informed by regulatory expectations)

rather than a pattern driven primarily by FDA selection.

5.4.4 Firm selection

Finally, a separate concern is that these patterns are driven not by strategic rationales but by firm

selection (e.g., an sNDA is not sought since the drug is found to be unsafe or ineffective). In Section

6.1, we assess the clinical trial quality of a drug’s indications for which the firm seeks regulatory

approval and those for which it does not. If differences in the pattern of clinical trials and regulatory

approvals were primarily due to scientific rationales, we would expect to see little variation in trial

quality between indications with and without regulatory approval. Contrary to this expectation, we

find statistically significant differences, suggesting that firm selection is not a primary factor behind

the sequencing of indications that we observe.
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6 Firm and Policy Implications

Our results suggest that firms engage in regulatory arbitrage by initially seeking approval in smaller,

more favorable markets and relying on off-label use to expand into others. In considering the effects

of regulatory design, prior papers have examined how regulation affects R&D costs through changes

in trial design and time to market (Berndt et al., 2005; Chandra et al., 2026), as well as how it

shapes the number of markets firms choose to enter (Dubois et al., 2025; Maini and Pammolli, 2023).

Building on this work, this section presents a set of back-of-the-envelope calculations to assess how

regulatory arbitrage affects three outcomes: firms’ trial design choices, the speed of market entry,

and the number of markets entered. Our findings raise important questions for regulators, who must

weigh the benefits of accelerated access to new treatments against the need for sufficient evidence on

drug safety and efficacy. While our calculations are intentionally simple (e.g., they do not account

for the actual uptake or costs of promoting off-label use, payer coverage, or legal risks), they offer

insight into the trade-offs that arise when regulatory structure shapes firm incentives.

6.1 Impact on Clinical Trial Design Quality

Given the structure of FDA regulation, a key question is whether firms respond to less stringent

regulatory requirements by relying on weaker forms of evidence when expanding off-label use. To

assess this, we examine the design quality of clinical trials that have a primary purpose to increase

off-label use (e.g., through dissemination of results in scientific publications) and not to support a

future sNDA. For firms, a key advantage of such “non-regulatory” trials is that they, by definition,

do not require the high costs or rigor associated with trials supporting regulatory approval. For

example, the FDA considers randomized controlled trials the “gold standard,” but such trials are

typically more costly to conduct. Although publicly available cost estimates are limited, Moore

et al. (2018) find that pivotal trials with a placebo or active comparator cost between $28.8 and

$48.9 million, on average, while those without a comparator cost $13.5 million.24 However, trials

aimed at expanding off-label use often do not use randomized controlled designs (Bothwell et al.,
24Pivotal trials are trials of safety and/or efficacy used to support regulatory approval.
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2016). As a result, we compare the quality of trials likely conducted for regulatory purposes with

those likely conducted for non-regulatory purposes.

For each drug in our sample, we classify the indications tested in clinical trials as either “regulatory”

(for which the firm eventually receives FDA approval) or “non-regulatory” (for which the firm

does not seek approval). Figure 6 compares the share of high-quality trials for regulatory and non-

regulatory indications, with quality defined as trials that are randomized and controlled. Looking

at all trials, we find a significantly higher share of high-quality trials for regulatory indications than

for non-regulatory indications (48 percent versus 39 percent, respectively; p < 0.01).

The likelihood of high trial quality is likely to vary across different trial phases, which vary in length

and cost. Firms are less likely to conduct late-stage clinical trials (i.e., phases II/III and III) that

are high quality if they do not intend to pursue regulatory approval. In accordance with this view,

we find little difference in trial quality among late-stage trials. In contrast, we find these differences

are driven by early-stage trials (i.e., phases I and II), with a higher share of high-quality early-stage

trials among regulatory indications than among non-regulatory indications (35 percent versus 31

percent, respectively; p < 0.01). Overall, through this exercise, we see that the ability to engage in

regulatory arbitrage appears to shift the quality of firms’ clinical trials.

6.2 Impact on the Speed of Entry Into New Markets

Long development timelines are a major driver of high drug development costs (Wong et al., 2014).

By seeking initial regulatory approval in smaller indications, firms can potentially bring a drug to

market more quickly by conducting smaller clinical trials with a segment of participants more likely

to respond to treatment (Chandra et al., 2019). In this section, we carry out a back-of-the-envelope

calculation to quantify the dollar value to firms of expediting market entry, focusing specifically on

the speed with which cancer drugs enter the market when pursuing initial approval in small versus

large indications.

We restrict our sample to each drug’s first approval and consider “small” indications as those within

the lowest quartile of market size (e.g., soft tissue including heart cancer) and “large” indications as
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the rest (e.g., breast cancer). Measuring from pivotal trial start date to approval date, drugs with

small initial indications reach the market in 44.8 months on average, while those with large initial

indications reach the market in 52.7 months, for a difference of 7.9 months. To translate these time

savings into dollar savings, we make use of a recent study of clinical trial costs, which finds that

each additional month in late-stage trials amounts to a median $671,000 spent (Martin et al., 2017).

Multiplying this figure by 7.9 months suggests that pharmaceutical firms can save more than $5.3

million in trial costs alone by engaging in regulatory arbitrage and seeking initial approval in a

smaller market.

In addition to trial cost savings, firms also benefit from revenues obtained earlier. To determine

per-drug revenues over this time, we turn to Schuhmacher et al. (2022), who examine new drugs

launched and their total sales from 2011 to 2020. Given that we are considering drugs launched in

small indications, we take a conservative approach by excluding blockbusters (with mean annual sales

of >$1 billion) and high-selling ($0.5–0.999 billion) drugs from our revenue calculations. Looking

only at low- (<$0.1 billion) and medium-selling ($0.1–0.499 billion) drugs, we determine these drugs

have an average annual revenue of $143.2 million, equating to $94.3 million over 7.9 months.25 We

consider this to be a conservative estimate of total revenues because drugs initially launched in

small indications may still generate large or even blockbuster-level sales, due to both the potential

for off-label use and competitive factors allowing monopoly pricing to be high.

Summing the costs saved from clinical trials and the revenues obtained via earlier market entry, we

obtain a total value to firms of $5.3 million + $94.3 million = $99.6 million per drug from seeking

initial approval in a small market relative to a large one. While these calculations are purposefully

simple (e.g., they do not take into account variation in clinical trial costs or the costs and uncertainty

associated with off-label promotion), they do provide insight into the potential financial incentives

firms face when selecting initial markets for approval.
25We calculate annual revenues from Figure 1 of Schuhmacher et al. (2022) as follows: ($82.1 billion total revenues

for medium-selling drugs + $4.7 billion for low-selling drugs)/(51 medium-selling drugs + 50 low-selling drugs)/6
years average commercialization period over 2011 to 2020 = $143.2 million annual per-drug revenue.
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6.3 Impact on the Number of Markets Entered

For policymakers, an important issue is how regulatory policy influences the amount of innovation

developed. Here, we analyze how regulatory arbitrage in the pharmaceutical industry affects the

number of markets a firm enters for a single drug. The high barriers to entry associated with

regulatory approval for larger markets suggest that if off-label use were banned, we might expect

firms to pursue regulatory approval for a portion of these indications, provided the market expansion

benefits exceed the costs of obtaining sufficient scientific evidence for approval. For the remaining

indications, for which the benefits of formal approval do not exceed the costs, these drug-indication

pairs would become “missing” in the sense that firms would no longer pursue them. As such, a

natural question is, how many “additional” indications do firms explore because of the regulatory

structure that allows them to enter new markets through off-label drug use? Stated differently, how

many off-label indications are associated with a given drug?26

To determine this, we begin with each drug’s set of non-regulatory indications (i.e., those tested in

clinical trials but never submitted for formal approval). Non-regulatory indications include both

ones pursued for off-label purposes and ones discontinued for scientific reasons. To isolate “off-label”

indications, we use two methods to remove indications likely discontinued due to scientific concerns.

Our first method is based on the idea that firms typically terminate trials early when they encounter

safety or efficacy issues, making it unlikely they will seek regulatory approval for the indication or

disclose trial outcomes to facilitate off-label drug use (Cook et al., 2014). We therefore exclude

unapproved indications with an above-median share of early trial terminations, suggesting negative

findings. Our second method is motivated by the idea that firms conducting high-quality (i.e.,

randomized controlled) trials without seeking regulatory approval likely do so because of inadequate

safety or efficacy findings. We therefore also exclude indications with an above-median share of

high-quality trials that did not lead to approval, reflecting potentially unfavorable results. The

remaining non-regulatory indications are classified as off-label.
26For simplicity, this exercise does not consider the “size” of the associated indications.
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Using these data, we document the total number of regulatory and off-label indications associated

with a drug. The average drug is associated with a total of 9.7 such indications, of which only

3 are approved and a mean of 6.7 are off-label.27 Figure 7 gives the full distribution of off-label

indications across our sample. Our findings support the notion that the opportunity for regulatory

arbitrage likely increases the overall number of indications that firms focus on in their clinical trial

efforts. A key caveat to interpreting these results is that we are examining equilibrium outcomes. If

off-label drug use were banned, the total number of indications tested in clinical trials may decline.

However, it is not clear that the average number of indications for a given drug would fall to 3,

as firms might pursue regulatory approval for some indications initially intended for off-label use.

Therefore, we consider the mean number of off-label indications (6.7) as an upper bound on the

number of additional indications that firms may still pursue for a given drug if off-label use were

prohibited.

7 Discussion and Conclusion

This paper provides new evidence on how pharmaceutical firms engage in regulatory arbitrage in

their market entry decisions. Using comprehensive data on clinical trials and regulatory approvals,

combined with large-scale genomic mapping information, we show that firms often seek initial

approval in smaller disease indications—where the likelihood of approval is higher—before expanding

into larger, related areas through off-label prescribing. These relationships hold even after accounting

for key drug and market characteristics, such as regulatory incentives targeted towards rare diseases

or intellectual property protections. The patterns are most pronounced for drugs with a high

propensity for off-label prescribing.

Our results offer several important insights for future research. First, we provide evidence consistent

with the view that differences in regulatory burden (e.g., approval rates) may drive the observed

patterns (e.g., Appendix Figure A2). However, other explanations remain possible. For example,
27Our main analyses consider trial indications at the site level and approval indications, for which we have more

granular data, at the site-stage level. For this analysis of the number of markets, because we explicitly match trial to
approval indications, all indications are at the site level. As such, we have a mean of 3 approval indications per drug
at the site level versus, as indicated in Table 1, 4 approval indications per drug at the site-stage level.
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one alternative explanation is that firms learn over time where a drug is most effective and pursue

approval wherever the clinical signal is strongest. While learning certainly plays a role in drug

development, a pure learning effect does not suggest that genetically-linked off-label markets should

affect which indication receives earlier approval (Table 2) or that approval sequencing should differ

across high and low off-label propensity diseases (Figure 5). Both patterns suggest the presence of

regulatory arbitrage and are unlikely to be driven by learning alone. Separating strategic sequencing

from learning remains an important area for future work. Another explanation is that smaller

indications may allow firms to set higher prices due to reduced levels of competition (Chandra and

Garthwaite, 2017) or involve lower commercialization, marketing, and manufacturing costs. Initial

approval in such markets may enable firms to generate revenue to finance the production and sale

of additional indications. Future research may investigate these mechanisms using detailed data on

pricing and drug costs.

Second, we document a new fact about the order in which drug applications are obtained. Like

many studies on the pharmaceutical industry (see, e.g., Acemoglu and Linn, 2004; Ellison and

Ellison, 2011), our analysis is limited to successful regulatory applications (i.e., approved NDAs

and sNDAs). This restricts our ability to fully characterize firms’ strategic entry decisions. This

concern is mitigated by the fact that firms generally do not submit applications to the FDA that

they anticipate will be rejected. However, researchers with access to such rejected application data

may aim to more precisely identify the set of indications for which firms are likely to seek regulatory

approval. This will broaden our understanding of how regulatory incentives shape firms’ market

entry strategies.

Third, our findings not only speak to how regulatory design shapes a firm’s approval sequencing

for an individual product, but also raise questions about the broader—often unintended—effects

of that design. For example, the potential for regulatory arbitrage may shift the types of drugs a

firm chooses to develop in the first place. It may encourage investment in drugs that target small

indications with relatively little patient burden, potentially at the expense of drugs aimed at larger,

unmet needs. Similarly, understanding how off-label expansion compares to formal supplemental
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approvals, in terms of prescribing behavior and patient outcomes, is critical for evaluating the

welfare implications of these market entry strategies.

Nevertheless, our findings provide new empirical evidence on an understudied dimension of regulatory

design in shaping the diffusion of new medical technologies. Rather than treating approval as a

one-time decision, FDA regulation requires firms to navigate a sequence of market entry choices, each

with its own regulatory burden. The ability to rely on off-label use introduces an informal, lower-risk

pathway to market expansion, fundamentally altering firm incentives regarding where and when to

seek formal approval. Our work suggests that regulatory flexibility can promote earlier access to

new therapies but may also lead to uneven evidence generation across patient populations. These

trade-offs raise important policy questions about how to structure pre-market approval regulation

and post-market surveillance in a way that balances access to medical innovations with the need for

rigorous evidence.
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Tables and Figures

Table 1: Descriptive Statistics

Mean SD Min Max

Drug level
Number of Unique Approval Indications 4 6 1 35
Number of Unique Trial Indications 46.7 23.6 1 78
Share with Orphan Disease Designation 0.56 0.50 0 1
Share with Accelerated Approval 0.34 0.48 0 1

Drug-indication level
Market Size: Approval Indications (Diagnoses) 985 1,749 2.4 9,104
Market Size: Trial Indications (Diagnoses) 1,616 3,218 4.6 17,915
Market Size: Potential Off-Label (Diagnoses) 36,632 54,492 0 202,661
IP Protection: Primary (Months) 123.5 55.3 0 277
IP Protection: Potential (Months) 173.9 50.6 44 346
Competition: Approval Indications (Total Approvals) 3.1 3.6 0 20
Competition: Trial Indications (Total Approvals) 3.3 3.8 0 21

Notes: This table shows summary statistics for our dataset of cancer drugs first approved from 1978 to 2016. Statistics
are at the cancer site level for trial indications and the cancer site-stage level for approval indications and potential
off-label market size. Market size is measured by new diagnoses for an indication in the SEER data, while off-label
market size is measured by the proportion of new diagnoses for any potential off-label indications, with the proportions
given by our disease similarity index.
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Table 2: Ordering of Market Entry Decisions, Incorporating Off-Label Opportunities

Dependent variable: Indication order

Clinical trials Regulatory approvals

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

Log(Focal market size) -1.016*** -0.00284
(0.120) (0.120)

Log(Total market size) -1.110*** -0.146*
(0.102) (0.0843)

Mean of dep. var 10.454 10.454 1.764 1.764
Observations 1,523 1,523 182 182
Controls:
Initial approval year yes yes yes yes
Indication group yes yes yes yes
Competition yes yes yes yes
Regulatory incentives yes yes yes yes
Intellectual property yes yes yes yes

Notes: This table shows the relationship between indication order and market
size for cancer drugs first approved from 1978 to 2016. The level of observation is
the drug-indication order. Columns 1 and 2 examine clinical trials, and Columns 3
and 4 examine regulatory approvals. The outcome variable in Columns 1 and 2 is
trial indication order, while that in Columns 3 and 4 is approval indication order.
Focal market size is measured by new diagnoses for an indication in the SEER
data. Total market size is measured by new diagnoses for the focal indication plus
a proportion of new diagnoses for any potential off-label indications, with the
proportions given by our disease similarity index. For both variables, we use the
log of the five-year average market size associated with indication order. Robust
standard errors are in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Table 3: Regulatory Approvals and Total Market Size, Using Alternative Similarity
Measures

Dependent variable: Indication order

All genes Cancer Gene Census
Top 10% Top 20% Top 30% Top 10% Top 20% Top 30%

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

Log(Total market size) -0.146* -0.158* -0.162* -0.145* -0.164* -0.160*
(0.0843) (0.0879) (0.0867) (0.0822) (0.0851) (0.0840)

Mean of dep. var 1.764 1.764 1.764 1.764 1.764 1.764
Observations 182 182 182 182 182 182
Controls:
Initial approval year yes yes yes yes yes yes
Indication group yes yes yes yes yes yes
Competition yes yes yes yes yes yes
Regulatory incentives yes yes yes yes yes yes
Intellectual property yes yes yes yes yes yes

Notes: This table shows the relationship between indication order and total market size for regulatory
approvals associated with cancer drugs first approved from 1978 to 2016, using alternative similarity
measures. The level of observation is the drug-indication order. Alternative measures are generated by
directly using cancer genome sequencing data from 168 large-scale mapping studies. Genetic mutations
are restricted to those that occur at a high frequency within each mapping study, where a genetic
mutation is “high frequency” within a cancer if it occurs in the top 10 percent (Columns 1 and 4), top 20
percent (Columns 2 and 5), or top 30 percent (Columns 3 and 6) of most frequently occurring mutations.
Columns 1 to 3 focus on genetic mutations occurring among all genes. Columns 4 to 6 focus on the
set of genetic mutations occurring among genes found in the COSMIC Cancer Gene Census (CGC).
Column 1 corresponds to the estimate in Column 4, Table 2. The outcome variable is approval indication
order. Total market size is measured by new diagnoses for the focal indication plus a proportion of new
diagnoses for any potential off-label indications, with the proportions given by our disease similarity
index. We use the log of the five-year average market size associated with indication order. Robust
standard errors are in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Figure 1: Market Size and Indication Order
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Panel A. Mean trial market size
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Panel B. Mean approval market size

Notes: This figure shows the mean market size by indication order for both clinical trials (Panel A) and regulatory
approvals (Panel B) for cancer drugs first approved from 1978 to 2016. Market size is measured by new diagnoses for
an indication in the SEER data. Trial indications are measured at the cancer site level and approval indications are at
the cancer site-stage level.
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Figure 2: Two-Period Framework of Indication Choice

t=2t=1

Enter with B

Enter with A
No entry

Enter with B

No entry

Enter with A

Notes: This figure shows the firm’s decision tree. In the first period, the
firm chooses for which indication i ∈ I = {A, B} to seek regulatory approval
(enter), where indication A has a large potential market and B, a small one.
In the second period, the firm chooses whether to seek regulatory approval
or not for the remaining indication.
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Figure 3: Similarity Index Heat Map
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Notes: This figure shows a heat map of our similarity index across all cancer sites in the cancer genome mapping
data used in our analysis. Cancer site pairs associated with lighter colors are more similar.
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Figure 4: Trends in Market Entry Decisions
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Notes: This figure shows binned scatter plots examining trends in market entry decisions for cancer drugs first
approved from 1978 to 2016. The level of observation is the drug-indication order. Panel A shows the relationship
between trial indication order and market size; the number of observations is 1,980. Panel B shows the relationship
between approval indication order and market size; the number of observations is 187. Market size is measured by
new diagnoses for an indication in the SEER data. We use the log of the five-year average market size relative to
either the trial start year (Panel A) or approval year (Panel B).
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Figure 5: Trends in Regulatory Approvals Across Diseases,
by Propensity for Off-Label Drug Use
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Notes: This figure shows a binned scatter plot examining the relationship between regulatory approvals and market
size for approved drugs across several disease categories from 1998 to 2021, by propensity for off-label drug use. The
level of observation is the drug-indication order, where an indication corresponds to an ICD-9 code. Market size is
measured by new diagnoses for an indication (ICD-9) in the MEPS data. We use the log of the market size associated
with indication order averaged over 1996 and 1997.
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Figure 6: Quality of Clinical Trials: Non-Regulatory vs. Regulatory Indications
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Notes: This figure shows differences in the quality of clinical trials for non-regulatory versus regulatory indications
for cancer drugs first approved from 1978 to 2016. High-quality clinical trials refer to trials that are randomized and
controlled. Bars give shares, while capped ranges provide 95-percent confidence intervals.
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Figure 7: Distribution of Off-Label Indications
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Notes: This figure plots the distribution of off-label indications for cancer drugs first approved from
1978 to 2016. Number of drugs is 127.
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Appendices

A Trends in Market Entry Decisions and Regulatory Review Processes

Figure A1: Phase III Trial Market Entry Decisions
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Notes: This figure shows the mean market size by indication order for phase III clinical trials for cancer drugs first
approved from 1978 to 2016. Market size is measured by new diagnoses for an indication in the SEER data. Trial
indications are measured at the cancer site level.
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Figure A2: Approval Rates and Regulatory Review Times Across Indications
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Notes: This figure shows binned scatter plots examining indication approval rates and regulatory review times
across cancer sites, for cancer drugs first approved from 1978 to 2016. The level of observation is the cancer site-year.
Indication approval rate is defined as the probability that a drug tested in pre-clinical research in a given year advances
to approval. Regulatory review time is the number of months between application submission and approval. Panel A
compares the log of the indication approval rate to the log of the market size in the year prior to pre-clinical testing.
Panel B compares the regulatory review time to the log of the market size in the year prior to pre-clinical testing.
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Figure A3: Per-Drug Distribution of Market Entry Decisions
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Notes: This figure shows the distribution of market entry decisions for cancer drugs first approved from 1978 to
2016. Panel A gives the per-drug distribution of trial indications; number of drugs is 127. Panel B gives the per-drug
distribution of approval indications; number of drugs is 129.
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Figure A4: Time Between Market Entry Decisions
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Notes: This figure shows the months between market entry decisions for cancer drugs first approved from 1978 to
2016. Panel A gives the distribution of months between successive trial indications. Panel B gives the distribution of
months between successive approval indications.
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B Model Proofs

B.1 Proof for Proposition 3

EVB,A = 2pB[MB +MA +MB′ ]− pAMA′ −KB −KA >

2pA[MA +MB +MA′ ]− pBMB′ −KA −KB = EVA,B

(13)

Distributing terms gives:

2pBMB + 2pBMA + 2pBMB′ − pAMA′ −KB −KA >

2pAMA + 2pAMB + 2pAMA′ − pBMB′ −KA −KB

(14)

Simplifying gives us:

2pBMB + 2pBMA + 3pBMB′ >

2pAMA + 2pAMB + 3pAMA′

(15)

Combining terms, we have:

2pB[MB +MA] + 3pBMB′ >

2pA[MA +MB] + 3pAMA′

(16)
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B.2 Proof for Proposition 4

EVB,A = 2pBTB + pA[(1− dA,B)MA +
∑

j∈OA
j 6=B

dA,j(1− dB,j)Mj ]−KB −KA >

2pATA + pB[(1− dA,B)MB +
∑

k∈OB
k 6=A

dB,k(1− dA,k)Mk]−KA −KB = EVA,B

(17)

Distributing terms gives:

2pBTB + pAMA − pAdA,BMA + pA

∑
j∈OA
j 6=B

dA,jMj − pA

∑
j∈OA
j 6=B

dA,jdB,jMj >

2pATA + pBMB − pBdA,BMB + pB

∑
k∈OB
k 6=A

dB,kMk − pB

∑
k∈OB
k 6=A

dB,kdA,kMk

(18)

We note that
∑

j∈OA
j 6=B

dA,jMj = TA − dA,BMB and substitute:

2pBTB + pAMA − pAdA,BMA + pA(TA − dA,BMB)− pA

∑
j∈OA
j 6=B

dA,jdB,jMj >

2pATA + pBMB − pBdA,BMB + pB(TB − dA,BMA)− pB

∑
k∈OB
k 6=A

dB,kdA,kMk

(19)

We rearrange terms, rewrite TA as MA +
∑

j∈OA
dA,jMj (and TB accordingly), and simplify:

pB[
∑

k∈OB

dB,kMk + dA,B(MA +MB) +
∑

k∈OB
k 6=A

dB,kdA,kMk] >

pA[
∑

j∈OA

dA,jMj + dA,B(MA +MB) +
∑

j∈OA
j 6=B

dA,jdB,jMj ]
(20)
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C Ordering of Market Entry Decisions

Table C1: Ordering of Market Entry Decisions

Dependent variable: Indication order

Clinical trials Regulatory approvals

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

Log(Focal market size) -2.315*** -1.016*** 0.00411 -0.00284
(0.106) (0.120) (0.0910) (0.120)

Mean of Dep. Var. 10.963 10.454 1.743 1.764
Observations 1,980 1,523 187 182
Controls:
Initial approval year no yes no yes
Indication group no yes no yes
Competition no yes no yes
Regulatory incentives no yes no yes
Intellectual property no yes no yes

Notes: This table shows the relationship between indication order and market
size for cancer drugs first approved from 1978 to 2016. The level of observation is
the drug-indication order. Columns 1 and 2 examine clinical trials, and Columns
3 and 4 examine regulatory approvals. The outcome variable in Columns 1 and
2 is trial indication order, while that in Columns 3 and 4 is approval indication
order. Market size is measured by new diagnoses for an indication in the SEER
data. We use the log of the five-year average market size associated with indication
order. The number of observations differs between Columns 1 and 2 (and between
Columns 3 and 4) due to missing data on control variables. Robust standard errors
are in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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D Robustness Checks

D.1 Incorporating Trials Linked to FDA-Approved and Unapproved Drugs

Table D1: Ordering of Market Entry Decisions With All Clinical Trials

Dependent variable: Indication order

(1) (2)

Log(Focal market size) -104.6***
(1.520)

Log(Total market size) -235.9***
(1.624)

Mean of dep. var 3303.213 3303.213
Observations 1,012,583 1,012,583
Controls:
Initial approval year no yes
Indication group no yes
Competition no yes
Regulatory incentives no yes

Notes: This table shows the relationship between indication order
and market size for FDA-approved and unapproved cancer drugs with
an initial trial between 1998 and 2021 (corresponding to the most
complete coverage of our trials dataset). The level of observation is the
drug-indication order. Both columns examine clinical trials, where the
sample of clinical trials consists of all trials (not just those that are
linked to FDA-approved drugs). The outcome variable is trial indication
order. Market size is measured by new diagnoses for an indication
in the SEER data. We use the log of the five-year average market
size associated with indication order. We omit controls for intellectual
property protection since this sample includes drugs developed both
within and outside the U.S., where intellectual property protections
vary. Robust standard errors are in parentheses. * p<0.1, ** p<0.05,
*** p<0.01.
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D.2 Cross-Disease Analysis

D.2.1 Controlling for Drug and Market Characteristics

Table D2: Ordering of Regulatory Approvals Across Diseases,
by Propensity for Off-Label Drug Use

Dependent variable: Indication order

Low off-label diseases High off-label diseases

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

Focal market size -0.277*** -0.403*** -0.0815*** 0.0271
(0.0350) (0.0752) (0.0200) (0.0333)

Mean of Dep. Var. 1.138 1.121 1.503 1.503
Observations 152 140 650 598
Controls:
Initial approval year no yes no yes
Indication group no yes no yes
Competition no yes no yes
Regulatory incentives no yes no yes

Notes: This table shows the relationship between indication order for regulatory
approvals and market size for approved drugs across several disease categories from
1998 to 2021, by propensity for off-label drug use. The level of observation is the
drug-indication order. The outcome variable is approval indication order. Market
size is measured by new diagnoses for an indication (ICD-9) in the MEPS data.
We use the log of the market size associated with focal indication order averaged
over 1996 and 1997. The number of observations differs between Columns 1 and 2
(and between Columns 3 and 4) due to missing data on control variables. Robust
standard errors are in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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D.2.2 Controlling for ATC Classification

Table D3: Ordering of Regulatory Approvals Across Diseases,
by Propensity for Off-Label Drug Use, with Alternative Disease Controls

Dependent variable: Indication order

Low off-label diseases High off-label diseases
(1) (2)

Focal market size -0.234*** 0.0293
(0.0531) (0.0323)

Mean of Dep. Var. 1.121 1.503
Observations 140 598
Controls:
Initial approval year yes yes
ATC classification yes yes
Competition yes yes
Regulatory incentives yes yes

Notes: This table shows the relationship between indication order for regulatory
approvals and market size for approved drugs across several disease categories
from 1998 to 2021, controlling for each drug’s ATC classification. The level of
observation is the drug-indication order. There are 14 mutually exclusive ATC
categories: alimentary tract and metabolism, anti-infectives for systemic use,
antineoplastic and immunomodulating agents, antiparasitic products, insecticides
and repellents, blood and blood forming clots, cardiovascular system, dermatolog-
icals, genitourinary system and sex hormones, musculoskeletal system, nervous
system, respiratory system, sensory organs, systemic hormonal preparations,
and various. The outcome variable is approval indication order. Market size is
measured by new diagnoses for an indication (ICD-9) in the MEPS data. We use
the log of the market size associated with focal indication order averaged over
1996 and 1997. Robust standard errors are in parentheses. * p<0.1, ** p<0.05,
*** p<0.01.
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D.2.3 Incorporating an Alternative Measure of Actual Off-Label Drug Use

We incorporate into the cross-disease analysis an alternative measure of actual off-label drug use

using physician prescribing data from the IMS Health National Disease and Therapeutic IndexTM

(NDTITM) from 2004 to 2009. The NDTITM provides data based on surveys of practicing physicians,

allowing us to measure both on-label and off-label drug use. For each drug, we calculate the share of

prescriptions that are off-label in a given year. To examine how off-label use shapes the indication

order-market size relationship, we restrict our analysis to drug approvals over a given period and

control for the share of off-label prescriptions in the year prior to the start of the analysis period.

For example, Panel A in Table D4 focuses on the set of all drugs approvals starting in 2005. Column

1 shows the correlation between indication order and market size. Column 2 controls for the share

of off-label prescriptions in 2004 and shows that the indication order-market size correlation is

more negative after accounting for off-label drug use. We observe a similar pattern in subsamples

beginning in subsequent years (2006, 2007, 2008, 2009, and 2010).
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Table D4: Ordering of Regulatory Approvals Across Diseases,
Accounting for Actual Off-label Drug Use

Dep. Var.: Indication order

(1) (2)

Panel A. Drugs approved 2005+
Focal market size -0.0963*** -0.0994***

(0.0197) (0.0195)

Mean of Dep. Var. 1.585 1.585
Observations 716 716

Panel B. Drugs approved 2006+
Focal market size -0.0963*** -0.102***

(0.0201) (0.0196)

Mean of Dep. Var. 1.579 1.579
Observations 680 680

Panel C. Drugs approved 2007+
Focal market size -0.0963*** -0.102***

(0.0209) (0.0203)

Mean of Dep. Var. 1.591 1.591
Observations 650 650

Panel D. Drugs approved 2008+
Focal market size -0.104*** -0.109***

(0.0214) (0.0209)

Mean of Dep. Var. 1.576 1.576
Observations 618 618

Panel E. Drugs approved 2009+
Focal market size -0.112*** -0.115***

(0.0224) (0.0219)

Mean of Dep. Var. 1.592 1.592
Observations 584 584

Panel F. Drugs approved 2010+
Focal market size -0.108*** -0.114***

(0.0234) (0.0229)

Mean of Dep. Var. 1.614 1.614
Observations 547 547

Notes: This table shows the relationship between indication order
for regulatory approvals and market size for approved drugs across
several disease categories. Each coefficient is from a separate re-
gression. Regressions in Column 2 control for the share of off-label
prescriptions in the year prior to the start of the analysis period,
while those in Column 1 do not. The outcome variable is approval
indication order. Market size is measured by new diagnoses for
an indication (ICD-9) in the MEPS data. We use the log of the
market size associated with focal indication order averaged over
1996 and 1997. Robust standard errors are in parentheses. * p<0.1,
** p<0.05, *** p<0.01.
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D.3 Trial End Dates

Figure D1: Trends in Clinical Trials,
with Indication Order Determined by Trial End Dates
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Notes: This figure shows a binned scatter plot examining trends in clinical trials for cancer drugs
first approved from 1978 to 2016, with indication order determined by trial end dates. The level of
observation is the drug-indication order. Market size is measured by new diagnoses for an indication
in the SEER data. We use the log of the five-year average market size.
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D.4 Submission Dates

Figure D2: Trends in Regulatory Approvals,
with Indication Order Determined by Submission Dates
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Notes: This figure shows trends in regulatory approvals for cancer drugs first approved from 1978
to 2016, with indication order determined by FDA submission dates. The level of observation is the
drug-indication order. Market size is measured by new diagnoses for an indication in the SEER data.
We use the log of the five-year average market size.
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