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Abstract

Policies that mandate disclosure of innovative project outcomes aim to increase innovation
by limiting wasteful duplicative innovation. Yet, such policies change not only the ex-post
information environment but also firms’ ex-ante innovation incentives. Firms may slow down
their own innovation efforts in anticipation of increased disclosure by others. We examine the
innovation-related impacts of the 2017 FDA Final Rule amendment, which mandates disclosure
of clinical trial results for pharmaceutical firms. We show that the policy hastened and increased
disclosure of results for clinical trials post-completion, but also increased the time to completion
of clinical trials, the time between early phases of clinical trials, and delays in development-
related investments. We provide evidence consistent with mandated disclosure leading firms to
wait to learn from their competitors. Our results suggest that mandating disclosure may slow
innovation when there is value to waiting.
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1 Introduction

Innovation relies on cumulative knowledge and learning from others’ experiences (Nelson and Win-
ter, 1982; Cohen and Levinthal, 1990; Griliches, 1992). However, firms often have incentives to
withhold critical information about their research and development (R&D) efforts to maintain their
competitive advantage (Arrow, 1962; Anton and Yao, 2002, 2004). To counteract such tendencies,
policymakers have implemented mandatory disclosure policies designed to enhance knowledge dif-
fusion, reduce redundant efforts, and promote broader innovation, particularly in industries where
the development of new products has large welfare consequences (Jaffe and Lerner, 2001).

Mandated disclosure can enable firms to learn what does and does not work, and thereby re-
allocate their R&D resources more efficiently. However, if R&D investments and outcomes, such
as the discovery of new technologies or products, are public, firms may free ride by learning from
rivals’ discoveries and delaying their own costly innovation efforts (Bolton and Farrell, 1990; Bolton
and Harris, 1999). In this paper, we study how policies that mandate disclosure influence firms’
disclosure decisions and innovation behavior.

Our setting is drug development, an industry in which disclosure mandates are particularly
relevant (Zarin et al., 2016, 2017) and in which we can track innovation project progress through
clinical trial phase progression. Although firms have been required to publicly register clinical trials
pre-initiation since the early 2000s and to disclose the results of selected trials since 2007, the
latter requirements entailed relatively weak enforcement (DeVito et al., 2020). The 2017 FDA Final
Rule amendment (henceforth Final Rule) broadened and clarified results reporting as of 2017 and
expanded requirements for timely disclosure of clinical trial results, aiming to improve transparency
in drug development.

Our empirical analysis documents that the Final Rule significantly increased the reporting of
completed Phase 2 clinical trials, particularly those with unsuccessful outcomes. Before the policy
change, only 68% of completed Phase 2 trials were disclosed within 24 months of completion. Fol-
lowing the implementation of the Final Rule, this figure rose to 78%, representing a 15% increase
in compliance. The increase is largely driven by increased reporting of failed or inconclusive trials,
with the rate of reporting of unsuccessful trial results increasing from 60% to 75% while the re-
porting rate for successful results increased from 85% to 92%. This empirical pattern is consistent
with firms’ strategic incentive to withhold R&D failures from competitors (unless they are forced
to disclose them) because disclosure enables competitors to avoid redundant efforts and to adjust
their innovation strategies accordingly (Krieger, 2021).

With expectations of increased disclosure by others, firms may adjust the timelines of their
own innovation investments, and strategically delay when the value of waiting to learn outweighs
the costs. Indeed, we find that the consequences of mandatory disclosure extend beyond increased
disclosure. Firms also adapt their strategic decisions regarding the timing and structure of their
own R&D pipelines. Following the policy’s implementation, the completion time for Phase 2 clinical
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trials increased significantly, with the median rising from approximately 700 days to around 900 days.
At the same time, the probability of completing a trial within two years dropped from 20-25% pre-
policy to just 15% post-policy. Moreover, firms exhibited a marked slowdown in transitioning from
Phase 1 to Phase 2 trials. Prior to the Final Rule, nearly 70% of Phase 1 trials were followed by
a subsequent trial within a year. The transition rate fell to below 50% post-policy. This delay is
consistent with firms waiting for disclosed results from other trials before committing resources to
new studies.1 The data suggest that the enhanced disclosure environment altered firms’ incentives,
leading them to slow both trial progression and follow-up investments, likely as a strategic response
to the increased availability of information.

The patterns so far provide consistent but still indirect evidence that firms are adopting a
slower investment approach. To provide more direct evidence and to rule out shifting priorities
across medical development areas as a potential explanation, we focus on within-trial investment
behavior and examine how firms adjust their investment in active trials by adding clinical trial sites.
Using detailed data from oncology Phase 2 trials, we find that initiated trials after the policy change
exhibited a substantial reduction in the number of active sites compared to those in the pre-policy
period. Specifically, for trials that had been active for two years, the number of active sites declined
by more than 50%, from an average of approximately 8 sites per trial before the policy to fewer than
4 sites per trial after its implementation. This trend suggests that firms, rather than aggressively
expanding trials to generate results quickly, opted for a more measured approach, possibly to limit
knowledge spillovers and maintain a competitive edge in an environment of heightened transparency.

Yet, even these more direct patterns remain merely suggestive of firms’ purposefully waiting.
While, helpfully, the changes appear discrete at the time of the policy rather than as continuous
trends, because the above results rely on pre-post comparisons, the findings are open to alternative
explanations, including systemic cost increases or trial-related technological change. To provide
evidence of learning, we first examine how firms incorporate learning from disclosed trial outcomes
into their innovation strategies. Abstracting from the policy effects, we find firms adjust their
likelihood of starting new trials based on observed successes or failures of related drugs. Specifically,
a one-standard deviation increase of successful Phase 2 trials of drugs with a similar mechanism of
action increases the probability of a subsequent Phase 2 trial by 1.65 percentage points. Conversely,
an increase in unsuccessful Phase 2 trials reduces the probability of a subsequent Phase 2 trial
by 1.17 percentage points. These effects are present within the same mechanism of action rather
than across broader therapeutic classes, indicating that firms primarily learn from drugs that share
core technological similarities. In contrast, the effects of trial outcomes from drugs in the same

1Around the same time as the FDA Final Rule, the International Council for Harmonisation (ICH) introduced
its E6(R2) guideline amendments, adopted in late 2016 and rolled out gradually across jurisdictions in 2017–2018.
The FDA issued guidance in March 2018, while the EU acted earlier in June 2017. These amendments primarily
modernized Good Clinical Practice standards to reflect technological changes and aimed to standardize best practices
internationally. The revisions did not substantively alter core trial processes or impose major new requirements likely
to affect trial speed or costs for U.S.-based industry sponsors in our sample. As such, they are unlikely to explain
the sharp break in investment behavior we observe in 2017.
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therapeutic class follow the opposite pattern. A one-standard deviation increase in successful Phase
2 trials by a competing drug in the same therapeutic class reduces the probability of a Phase 2
Start by 1.08 percentage points while the same increase in unsuccessful Phase 2 trials increases it by
1.86 percentage points. We also find that firms tend to wait for new disclosures before proceeding
with their own trials, suggesting that mandated transparency policies induce firms to free-ride on
competitors’ results rather than invest in their own exploratory research.

Finally, we show that firms strategically time their trial starts to capitalize on information from
ongoing disclosures. The probability of starting a Phase 2 trial is significantly lower when many
related Phase 2 trials have completed but not yet reported results, implying that firms anticipate
upcoming disclosures and delay investment accordingly. Importantly, this effect is only present in
the post-policy period starting in 2017, when the Final Rule strengthened reporting requirements
and increased the anticipated flow of information about trial outcomes. Controlling for group-time
and drug fixed effects and the number of unreported trial results, trials that started in 2017 or after
had about 1.5 fewer active sites on average than trials started before 2017 and this effect is amplified
the more

The broader implications of these results highlight the dual effects of disclosure mandates on
innovation. On the one hand, increased transparency enhances knowledge diffusion, allowing firms
to learn from each other’s successes and failures, which can improve overall R&D efficiency and
reduce wasteful duplication. However, this benefit comes with a countervailing force: the potential
discouragement of risk-taking behavior in R&D. This trade-off underscores the complexity of disclo-
sure mandates. Their net effect on innovation depends not only on regulatory enforcement but also
on industry characteristics, such as the degree of competition and the strategic value of proprietary
research outcomes.

Overall, our paper makes three contributions. First, it provides empirical evidence on how
mandated disclosure policies influence firms’ innovation behavior. Specifically, it shows that the 2017
FDA Final Rule amendment significantly increased the reporting of completed clinical trial results,
particularly for unsuccessful Phase 2 trials, highlighting how transparency alters firms’ disclosure
incentives. Second, it documents an unintended consequence of disclosure mandates on innovation
timing in the pharmaceutical industry, an R&D-intensive sector crucial to consumer and social
welfare. Firms strategically delay clinical trial completions, particularly when there are competing
trials with results (and their disclosure) pending, suggesting that mandatory transparency can
introduce incentives to slow innovation. Third, the paper contributes to the broader policy debate on
the trade-offs of disclosure regulation, demonstrating that while transparency facilitates knowledge
diffusion and reduces redundant effort, it can also lead to strategic responses that temper the
expected benefits of mandated disclosure.

Our paper contributes to the broader literature on firms’ R&D incentives (Arrow, 1971; Dasgupta
and Stiglitz, 1980; Spence, 1984), with a particular focus on the relationship between disclosure and
innovation. Specifically, it shows that mandatory disclosure of research outcomes improves the
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information available to firms when they make innovation decision but can also lead to delay due
to free-riding incentives highlighted in previous theoretical work (Hendricks and Kovenock, 1989;
Bolton and Farrell, 1990; Bolton and Harris, 1999). This particular trade-off is also the focus of
several papers in the literature on oil & gas exploration, including Levitt (2009), Lin (2013), Covert
(2015), Steck (2018), Fetter et al. (2018), Agerton (2020), Hodgson (2024), Covert and Sweeney
(2022), and Fetter (2022).

In the context of drug development, our paper is related to previous contributions by Magazzini
et al. (2012) and Krieger (2021) that investigate how much pharmaceutical companies learn from
observing the drug trial failures of other firms. Competitive dynamics and externalities shape firms’
innovation and disclosure decisions in pharmaceuticals. Kao (2024) shows that firms strategically
withhold clinical trial results following a competitor’s drug approval to maintain competitive advan-
tage, while Dix and Lensman (2024) document that firms underinvest in combination therapies that
involve other firms’ drugs due to positive market expansion externalities, suggesting both selective
disclosure and under-innovation stem from incentives to protect or free ride on competitive posi-
tions. More broadly, by studying the effect of disclosure mandates on inventive activity, our work
is related to papers that study how changes in patent disclosure law affect knowledge diffusion and
innovation (Scotchmer and Green, 1990; Scotchmer, 1991; Murray and Stern, 2007; Williams, 2013;
Galasso and Schankerman, 2015; Hegde and Luo, 2018). Our findings contribute to this literature by
highlighting how increased transparency requirements influence not only firms’ decisions to disclose
but also the timing and structure of their innovation efforts.

The rest of the paper is organized as follows. Section 2 analyzes a simple model of social learning,
competition, and innovation delay that is intended to guide our empirical analysis. Section 3
provides background on the regulatory framework and the role of disclosure mandates in drug
development. Section 4 describes our data sources. Section 5 presents our main findings on disclosure
patterns and innovation responses. Section 6 shows how the empirical findings are related to firm
learning. Section 7 and 8 develop and estimate a dynamic model of trial investment. Section 9
concludes.

2 A Simple Theoretical Framework

Innovation in drug development involves both uncertainty and strategic interaction. Firms must
decide not only whether to invest in clinical trials, but also when to do so, taking into account
both the potential to learn from others and the competitive consequences of their actions. In
many settings, the outcome of one firm’s experimentation provides valuable information about the
prospects of related projects pursued by other firms. At the same time, firms compete for market
share, so that simultaneous success may reduce the profitability of innovation.

Disclosure policies directly affect this environment by shaping how much firms can learn from one
another and when such learning occurs. By increasing the availability and timeliness of information
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about trial outcomes, disclosure can improve decision-making by reducing uncertainty. However, it
can also alter firms’ incentives over the timing of investment by increasing the value of waiting to
observe the results of other firms’ experimentation.

To capture these trade-offs, we introduce a simple theoretical framework that combines two
key features: informational spillovers across firms and product market competition. The model
highlights how disclosure influences firms’ incentives to invest early versus delay. In particular, it
shows that greater disclosure can increase the attractiveness of waiting, as firms anticipate learning
from others’ outcomes or from the resolution of competitive uncertainty. While highly stylized,
the framework isolates the core mechanisms through which disclosure policies shape the pace of
innovation in drug development. All the proofs for the model are in Appendix C.

2.1 Setup

There are two periods and two firms. In the first period, firms f ∈ {A,B} each choose simultaneously
whether to run a trial, af1 ∈ {0, 1}. If af1 = 1 then firm f pays a cost, c, observes a signal sf ∈ {0, 1},
where Pr(sf = 1) = p. With probability ρ, the signals sf and s−f are perfectly correlated. With
probability (1−ρ) they are independent. The parameter λ ∈ [0, 1] captures the intensity of product
market competition. When both firms succeed, each firm’s payoff is scaled by λ, so lower values
of λ correspond to stronger business-stealing effects and a smaller effective market size. If af1 = 1

then firm f obtains a payoff πf1 given by

πf1 =

sfπλ if a−f1 = 1 & s−f = 1

sfπ otherwise

where pπ − c > 0. Therefore, it is optimal for a firm to invest in the trial if there is no competitor,
but it may not be optimal if firm f knows a−f1 = 1.

In the second period, the firm that did not invest in the first period can choose af2 ∈ {0, 1}.
There are two cases. First, if neither firm invested in the first period, then the game is the same as
in the first period, and

πf2 =

sfπλ if a−f2 = 1 & s−f = 1

sfπ otherwise

Second, if a−f1 = 1, so firm −f invested in the first period, then firm f observes firm −f ’s signal
from the first period with the disclosure probability α and updates its beliefs about the distribution
of sf as given by

Pr(sf = 1|s−f = 0) = (1− ρ)p

Pr(sf = 1|s−f = 1) = ρ+ (1− ρ)p

Firm f then chooses af2 ∈ {0, 1}. If af2 = 1 then firm f pays a cost c, observes a signal sf ∈ {0, 1},
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and obtains a payoff πf2 given by

πf2 =

sfπ if s−f = 0

sfπλ if s−f = 1

Firm −f which invested in the first period receives a payoff of π−f2, where:

π−f2 =

s−fπλ if af2 = 1 & sf = 1

s−fπ otherwise

Both firms discount the second period by factor δ ∈ (0, 1).

2.2 Delay from Informational Free Riding

We first consider how informational free riding affects development decisions. To isolate this effect,
we set λ = 1 such that there is no product market competition between the two firms.

Proposition 1. If λ = 1, then there is a threshold, ρ∗ such that for ρ < ρ∗ there is a unique pure
strategy SPNE in which both firms set af1 = 1. For ρ > ρ∗ there are two pure strategy SPNE, one
where (aA1 = 1, aB1 = 0) and one where (aB1 = 1, aA1 = 0), and a mixed-strategy equilibrium
where Pr(af1 = 1) = γ ∈ (0, 1).

Proposition 1 formalizes a simple but important intuition: when firms can learn sufficiently
from each other’s experimentation, they may prefer to wait rather than invest immediately. The
parameter ρ governs how informative another firm’s trial is about one’s own prospects. When ρ is
low, signals are largely independent, and there is little to be gained from waiting. In this case, both
firms optimally invest in the first period, as each firm’s trial generates primarily private information.

In contrast, when ρ is high, the outcome of one firm’s trial is highly informative about the other
firm’s prospects. In this case, a firm can benefit from postponing its own investment decision until it
observes the outcome of its rival’s trial. This creates a coordination problem: each firm prefers that
the other conducts the initial experiment while it waits and learns. As a result, the model admits
equilibria in which only one firm invests in the first period, as well as mixed-strategy equilibria in
which firms randomize over early investment. The emergence of these equilibria reflects a classic
informational free-riding problem.

When learning spillovers are strong, delaying investment becomes privately optimal even though
it may slow down the overall pace of innovation. In particular the incentive to delay due to infor-
mational free riding also increases with the disclosure probability α.

Proposition 2. If λ = 1, ∂γ
∂α < 0.

An increase in α raises the expected benefit of waiting, as it increases the likelihood that a firm
can condition its second-period decision on informative signals generated by others. As a result, the
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equilibrium probability of early investment γ decreases with α. Intuitively, greater transparency
strengthens incentives to delay because it makes learning from others more reliable. This compara-
tive static captures the central mechanism we explore empirically: policies that increase disclosure
can induce firms to postpone investment in order to free ride on the information generated by
competitors.

2.3 Delay from Competition

We now turn to analyzing how competition for the market also influences the incentives to delay
clinical trials. To isolate this effect, we consider the case where there is no social learning (ρ = 0).

Proposition 3. If ρ = 0, then there is a threshold, λ∗ such that for λ > λ∗ there is a unique pure
strategy SPNE in which both firms set af1 = 1. For λ < λ∗ there are two pure strategy SPNE, one
where (aA1 = 1, aB1 = 0) and one where (aB1 = 1, aA1 = 0), and a mixed-strategy equilibrium
where Pr(af1 = 1) = γ1 ∈ (0, 1) and Pr(af2 = 1) = γ2 ∈ (0, 1).

The parameter λ captures the intensity of competition when both firms succeed. When λ is
close to one, competition is weak and firms can profitably coexist. In this case, both firms optimally
invest early, as there is little downside to simultaneous success. However, when λ is low, competition
is intense and the market effectively supports only one profitable entrant. In this environment, firms
have an incentive to delay investment in order to avoid incurring costs when the rival may already
have secured the market.

As in Proposition 1, this leads to equilibria in which firms stagger their investments, with one
firm investing early and the other waiting. The underlying logic differs, however. Delay is driven not
by learning but by the desire to avoid wasteful duplication under strong business-stealing effects.
If the market is “small” such that only one firm can enter profitably (λ < λ∗), then there is an
incentive to delay the cost of investment, c, until you are sure that the rival firm has failed.

Proposition 4. If ρ = 0, ∂γ1
∂α < 0.

Proposition 4 shows that disclosure also amplifies delay in this competitive setting: the probabil-
ity of delay increases (γ1 decreases) when the disclosure probability increases. Even in the absence
of informational spillovers (ρ = 0), observing whether a rival has succeeded allows a firm to condi-
tion its investment decision on the state of competition. An increase in α raises the likelihood that
a firm learns whether the rival has already captured the market, thereby increasing the value of
waiting.

Consequently, the probability of early investment declines as disclosure increases. This result
highlights that the effect of disclosure on delay is not limited to informational free-riding. Even when
firms cannot learn about their own success probabilities from others, disclosure can still induce delay
by revealing information about competitive conditions.
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2.4 Welfare

To evaluate the welfare implications of disclosure, we adopt a utilitarian welfare criterion that sums
firms’ expected discounted payoffs and consumer surplus from successful innovation. Specifically,
each successful project generates consumer surplus s in the period in which success occurs. This
captures the idea that innovation creates value not only through firm profits but also through
improved health outcomes and earlier access to effective treatments.

Disclosure affects welfare through two opposing forces. On the one hand, greater disclosure im-
proves the screening of investment by allowing firms to condition their decisions on more informative
signals, thereby reducing inefficient experimentation. On the other hand, disclosure increases the
option value of waiting, leading firms to delay investment in order to learn from others. Because
both profits and consumer surplus are discounted, such delays are socially costly as they postpone
the realization of value from successful innovation.

Proposition 5. Suppose λ = 1 and welfare is defined as the sum of firms’ expected discounted
payoffs and consumer surplus. There exist parameter values (δ, ρ, p, π, c, s) such that the socially
optimal disclosure probability chosen by a social planner satisfies αSP < 1.

Proposition 5 shows that full disclosure need not be socially optimal. While disclosure improves
the allocation of investment through better screening, it also induces delay by raising the value of
waiting. When the social cost of delay which arises from the postponed realization of both profits
and consumer benefits, outweighs the incremental gains from improved screening, the planner prefers
a disclosure regime with α < 1.

A sufficiently large consumer surplus s is necessary for full disclosure to be suboptimal. Higher
values of s increase the social cost of delay, as postponing successful innovation delays not only
firm profits but also consumer benefits. The result is also more likely to obtain when discounting
is strong (i.e., δ is low), since the cost of delaying experimentation is then larger. Finally, the
strength of learning, governed by ρ, plays a central role. When ρ is high, trial outcomes are highly
informative, which increases the screening benefits of disclosure but also strengthens the incentive
to delay with the latter effect dominating when the value of earlier innovation is sufficiently high.

2.5 Mapping Theory to Empirics

Propositions 1 through 4 show that increased disclosure can slow investment through two comple-
mentary channels: informational free-riding and strategic delay under competition. In both cases,
greater transparency raises the option value of waiting relative to immediate investment.

Our theoretical framework thereby provides a simple mapping between model primitives and
the empirical objects we study. The disclosure parameter α corresponds to the change induced by
the Final Rule, which increases the likelihood and timeliness with which firms observe the outcomes
of other trials. The informativeness parameter ρ captures the extent to which outcomes of related
trials provide useful information for a firm’s own project; empirically, this is reflected in learning
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across drugs that share a mechanism of action. Finally, the competition parameter λ governs the
degree of business-stealing across firms and is most naturally linked to interactions among drugs
within the same therapeutic class. The model predicts that an increase in α raises the option
value of waiting, leading firms to delay investment, particularly in environments where learning
opportunities (high ρ) or competitive pressures (low λ) are strong. These predictions guide our
empirical analysis, where we examine how changes in disclosure affect the timing of trial starts,
trial completion, and within-trial investment, as well as how these effects vary with the scope for
learning and competition.

3 Industry and Institutional Background

3.1 Drug Development Background

New drug development involves several steps. After identifying potentially promising drug com-
pounds through routine discovery processes, firms run preliminary screening in vitro and/or in vivo
to explore both efficacy and toxicity before any clinical trials in humans. Following these preclinical
evaluations, drugs undergo clinical trial testing in humans. The U.S. Food and Drug Administration
(FDA) regulates and evaluates the safety and effectiveness of drugs pre- and post-market. Drug de-
velopers must submit an Investigation New Drug (IND) application to the FDA before starting clin-
ical trials, which must include animal study and toxicity data, manufacturing information, clinical
protocols (i.e., study plans), data from any prior human research, and information about the inves-
tigator. The FDA provides a detailed overview of the process (https://www.fda.gov/patients/drug-
development-process/step-3-clinical-research) which we briefly describe below.

The clinical trial process is systematically divided into three phases with a fourth optional
phase. Phase 1 trials mark the first introduction of a drug into humans, typically involve 20 to
100 healthy volunteers or individuals with the targeted condition, and last several months. The
primary goal is to assess safety, determine appropriate dosage ranges, and monitor how the drug
interacts with the human body. About 70% of drugs successfully complete this phase. Next, Phase
2 trials expand the participant pool to several hundred individuals with the disease or condition
under investigation. Conducted over a period of up to two years, these studies focus on evaluating
efficacy while continuing to monitor safety. Only about a quarter to a third of drugs entering
in this phase demonstrate sufficient promise to move forward.2 Phase 3 trials, which last one to
four years, involve 300 to 3,000 participants. These studies aim to confirm a drug’s effectiveness,
monitor side effects, and compare it to existing treatments. Phase 3 trials typically form the basis
of FDA approval decisions. In the range of a half to two-thirds of drugs that enter Phase 3 trials
are launched.3 Overall, about 10% of drugs that enter clinical trials eventually enter the market.

2These numbers differ slightly from Mullard (2016) who report lower success rates.
3Further, according to the FDA, approximately 25-30% of drugs also run Phase 4 trials, which focus on post-

approval safety monitoring.
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A significant proportion of drugs do not advance beyond each phase due to various challenges
encountered during clinical testing. The continuation rates across phases can vary depending on
numerous factors, including the drug’s therapeutic area and observed safety and efficacy outcomes.

Drug development is costly. Each stage entails substantial financial and time investments. Es-
timates for the total costs of bringing a new drug to market range from just over $100 million to
more than $1 billion DiMasi et al. (2003), Adams and Brantner (2006), Morgan et al. (2011), and
Dubois et al. (2015).

3.2 Policy Changes

For several decades FDA policies have focused on encouraging the public disclosure of clinical trial
registrations and trial results. The FDA first required the registration of selected clinical trials in
1997, with the FDA Modernization Act. This requirement applied to all trials conducted under an
IND application for a drug to treat a serious or life-threatening disease or condition and for trials to
test drug effectiveness. The policy led the National Institutes for Health to create the online trial
repository ClinicalTrials.gov, which was made publicly available on February 29, 2000.

Two subsequent policies significantly increased clinical trial registrations. First, in 2005 the
International Committee of Medical Journal Editors (ICMJE) began requiring trial registration at
the time of trial initiation as a condition of later journal publication. Immediately following the
implementation of the ICMJE policy, trial registrations increased by 73% (Zarin et al., 2005). After
the initial jump, new trial registrations per week normalized to 220 in 2006 and 2007, up from
30 in the pre-ICMJE policy period (Zarin et al., 2007). Second, in 2007 the FDA Amendments
Act (FDAAA) required trial registration for Phase 2 and later trials for products subject to FDA
regulation. The FDAAA also required submission of summary results and outlined penalties for
noncompliance, including fines of $10,000 per day of noncompliance and the withholding of NIH
grant money. However, while registrations increased as a result, the regulations around timely
posting of results were vague and not enforced (Zarin et al., 2017; DeVito et al., 2020). As a result,
the reporting of results was spotty (DeVito and Goldacre, 2021). After the 2007 FDAAA came into
effect, only 39.5% of trials reported results within a year and 66.4% of registrations were late within
a year for applicable clinical trials.

Further, and importantly, trials that involved drugs that were neither approved at the time of
the trial nor subsequently approved by the FDA were not required by the 2007 FDAAA to report
results. Subsequently, the FDA added the “Final Rule” (FR) amendment to the FDAAA, which
was announced in 2014 and enacted in 2017.4 The rule was designed to improve transparency in
medical research and ensure greater public access to clinical trial data (Zarin et al., 2016, 2017).
The FR has several important features. First, it requires all applicable clinical trials (ACTs) to post
their results in a timely manner regardless of FDA approval status. This rule applies to trials with

4For details see https://www.federalregister.gov/documents/2016/09/21/2016-22129/clinical-trials-re
gistration-and-results-information-submission.
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a primary completion date on or after January 18, 2017. Second, the FR also added requirements
to registrations which had implications for the details of posted results. Third, the FR specifies
that for each outcome measure, registrations must include details on the metric used (e.g., percent
change in total cholesterol), time points of assessment (e.g., 4 and 6 weeks), and increasing clarity
on what is being measured. Fourth, the FR mandates the inclusion of baseline characteristics such
as race, ethnicity, and other measures relevant to primary outcome analysis, ensuring that trial
results are properly interpreted. Additionally, it strengthens adverse event reporting by making
previously optional fields mandatory and requiring detailed documentation of deaths. Finally, to
enhance study transparency, the regulation mandates the submission of full protocols and statistical
analysis plans (SAPs), making study designs and amendments readily accessible for evaluation.

In what follows we evaluate how the FR affected the timely disclosure of trial results and how
expectations of increased disclosure influenced subsequent innovation-related decisions.

4 Data

Our analysis uses two data sources, Pharmaprojects and Trialtrove, both purchased from Informa.
Pharmaprojects tracks pharmaceutical development projects at the drug level using data collected
directly from pharmaceutical companies and researchers (Blume-Kohout and Sood, 2013) and from
public sources (press releases, patent filings, conference proceedings, regulatory agencies’ reports,
and the medical literature) and has been used in earlier research studying drug development, includ-
ing among many others Kyle (2007), Blume-Kohout and Sood (2013), Adams and Brantner (2006),
Branstetter et al. (2014), and Cunningham et al. (2021). Pharmaprojects tracks all candidate drugs
developed or under development for eventual sale in the US market.

Trialtrove includes detailed data on individual clinical trials, including phase, the date the trial
was started, the date the trial was completed, the date the results were made public, and details
about trial outcomes. We merge the two datasets using a crosswalk file provided by Informa.
Clinical trials often test combinations of drugs. We use the crosswalk to associate each trial with
the “primary” drug being tested, as recorded in Trialtrove. We classify each trial result as either
successful or unsuccessful. The former category includes only positive trial results whereas the latter
contains negative and inconclusive results and early terminations.5 The resulting dataset allows us
to track the history of clinical trial starts, completions, and outcome reporting for each drug in the
sample.

Table 1 summarizes the data on trial length and reporting for the set of all drugs for which some
industry-sponsored pre-market clinical trials are started between 2010 and 2019. The first set of
rows records summary statistics on trial length. The mean Phase 1 trial runs for close to 550 days
or about one and a half years. Phase 2 and 3 trials are longer, about two and half years on average.
There is significant variance in trial length for all phases. The duration of the trial is largely a

5For the details of our classification procedure see Table A1 in the appendix.
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Table 1: Trial Sequence Data: Summary Statistics

Mean SD Median Min Max N

Trial Length Phase 1 549.19 622.20 308 1 8513 13128
Phase 2 913.77 697.63 731 1 9953 12720
Phase 3 944.38 727.10 748 8 7018 9754

Reported Phase 1 0.21 0.41 0 0 1 9909
Phase 2 0.71 0.46 1 0 1 8731
Phase 3 0.80 0.40 1 0 1 7201

Reporting Delay Phase 1 486.76 473.60 350 1 3683 4935
Phase 2 432.23 456.58 322 1 3908 6540
Phase 3 363.72 354.72 289 2 3479 5961

Time To Approval 1833.76 994.34 1707 19 9681 938

Approved Drugs Phase 1 Count 2.56 4.12 1 0 29 938
Phase 2 Count 1.97 3.23 1 0 32 938
Phase 3 Count 3.08 3.60 2 0 31 938
Share Reported 0.59 0.33 1 0 1 938
Share Successful 0.64 0.33 1 0 1 879

Unapproved Drugs Phase 1 Count 1.33 1.84 1 0 26 7715
Phase 2 Count 0.94 2.02 0 0 54 7715
Phase 3 Count 0.45 1.41 0 0 43 7715
Share Reported 0.23 0.33 0 0 1 7715
Share Successful 0.33 0.39 0 0 1 4789

Notes: Sample includes all industry sponsored pharmaceutical trials that were active between 2010 and 2019. Trial
length, reporting delay, and time to approval are reported in days.

function of the target outcome variable. For example, trials intended to test for same-day reactions
will naturally be shorter than trials intended to measure 20-year mortality.

The second and third sets of rows record the share of trials for which results are reported, and
the average delay between trial completion and reporting among reported trials. Only about 20% of
Phase 1 trials have reported results. Results are much more frequently reported for phases 2 and 3,
with reporting rates around 70% and 80% respectively. This finding is due to the exclusion of Phase
1 trials from FDA reporting requirements. The mean delay between trial completion and reporting
is between one and two years for all trial phases with significant dispersion. To benchmark this
delay, we report the distribution of the time between the start of a drug’s first observed Phase 1
trial and FDA approval. The mean approved drug took around 5 years, with some drugs taking up
to 26 years to obtain approval.

The final two sets of rows of Table 1 record the average number of trials per drug for drugs
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Table 2: Site Count Data: Summary Statistics

Mean SD Median Min Max N

Trial Length 16.10 15.33 0 1 112 1294
Active Site Count 17.38 33.92 5 0 748 20836
Number of Changes 2.14 2.86 1 1 41 1294
Change Magnitude 11.06 28.77 2 -121 518 2769
Maximum Sites 25.01 42.85 10 1 748 1294

Notes: Sample includes all industry sponsored Phase 2 oncology trials that were active between 2010 and 2019. Active
site count is measured at the trial-month level. Changes are recorded be comparing the number of active sites for a
trial in consecutive months. Statistics on change magnitude include all non-zero changes in the data. Statistics on
number of changes and maximum sites are measured at at the trial level.

that were ultimately approved and drugs that have not been approved. For approved drugs, these
statistics only count trials that took place before approval.6 Approved drugs have more trials in all
phases on average than unapproved drugs. Moreover, most trials on drugs that are not approved
are in Phase 1 or Phase 2, whereas the modal trial on an approved drug is in Phase 3. This suggests
that firms often abandon drug projects before Phase 3, and that the results of Phase 1 and 2 trials,
which concern both safety and efficacy, contain important information for this decision.

We supplement the trial-level data with within-trial data collected from ClinicalTrials.gov.
In addition to deciding when to start clinical trials, an important magnitude of investment for firms
is the size of a trial (i.e, how many patients are enrolled in the trial). We measure trial size using
the number of active sites recorded in each trial’s entry on ClinicalTrials.gov. An active site is
a location (e.g., a hospital) where patients are recruited, treated, and outcomes are measured. We
construct a time series of the number of active sites over the duration of each trial using the change
log of each trial’s ClinicalTrials.gov entry. We therefore observe, at any point in time after
the start of a trial, the number of active sites and consequently the timing of site additions and
removals. We collected these data for all Phase 2 oncology trials in our main Trialtrove dataset.

Table 2 summarizes our site count data. There are 1,294 trials in the data, with an average
trial length of 16 months. Trials take place over a large number of sites. The average number of
active sites at the trial-month level is 17.38 with some trials taking place over hundreds of sites.
The number of active sites also varies over time within a trial. The third and fourth row record
statistics on monthly changes in the number of active sites. The number of active sites changes an
average of 2.14 times over a trial’s duration (including the initial site openings that occur when the
trial starts). On average, the number of sites increases over time, with the average change being an
addition of 11.06 sites, although sites are also sometimes removed. These descriptive statistics show

6The data includes all trials including those on previously approved drugs. These trials are typically for new
indications (diseases) or new drug combinations. In the analysis below we include these post-approval trials. Note
that even for drugs that were ultimately approved, many trials have unreported results. Per the Code of Federal
Regulations Code of Federal Regulations (2025), all relevant clinical trial data must be submitted to the FDA.
However, there is no requirement for public disclosure of trial results at the approval stage.
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Figure 1: Within-trial Addition of Active Sites

Notes: Local polynomial regression of active site count on trial progress. Sample includes all industry sponsored
oncology trials that were active between 2010 and 2019. Trial progress defined in the text.

that trials often start at a small scale with just a few active sites and then ramp up in magnitude
as trials progress.

To further illustrate the evolution of the number of active sites over the duration of a trial,
Figure 1 plots a local polynomial regression of the number of active sites on a measure of trial
progress, pin. If a trial i lasts Ni months in total, then at month n after the start of the trial, trial
progress is pin = 100 n

Ni
. The results show that the number of active sites tends to increase over the

duration of a trial. The average number of active sites increases monotonically from around 8 at
the 0% progress to around 25 at 100% progress. Finally, there is a small decrease in the number of
active sites as trials are close to completion.

5 Empirical Analysis

5.1 Disclosure of Trial Results

We first investigate whether the 2017 policy change led to a meaningful shift in the information
environment for drug development projects. We compare reporting patterns before and after the
policy change. Figure 2 presents estimated cumulative density functions of the time between trial
completion and results reporting for completed industry-sponsored Phase 2 trials.

We separately report the distributions for trials completed before the policy change (2010-2016)
and after the policy’s implementation (2017-2019). The CDFs are Kaplan-Meier failure curves where
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Figure 2: Cumulative Results Disclosure

Notes: Kaplan-Meier failure curves recording the cumulative probability of results reporting for Phase 2 industry
trials with at least one site in the United States. The two time periods refer to the year of trial completion which is
relevant for reporting.

the censoring date is the date on which the database entry for each drug was last updated.
The results suggest that the policy change substantially increased the rate of reporting. The

share of Phase 2 trials with reported results two years after completion is 78% for trials that were
completed in 2017-2019, up from 68% for 2010-2016. In Appendix Figure A2 we repeat this exercise
for non-industry trials. Among these trials, the two-year disclosure probability increases from around
20% to around 60%.

The vertical red line in Figure 2 marks the point at which one year has passed after trial com-
pletion. This point marks the post-2017 reporting deadline after which penalties for non-reporting
of trials apply. For the first year the probability of reporting is initially very similar for the pre- and
post-policy periods. Only after the one-year deadline do these reporting probabilities significantly
diverge from each other. In addition, the abrupt increase in the red line shows that there is a
significant mass of trials in the post-2017 period that were reported at or immediately following the
deadline which suggests that the policy change and associated penalties for late reporting of trial
results indeed caused the shift in reporting patterns.

Figure 3 plots histograms of the number of days until the outcome of a completed Phase 2
industry trial is reported for the post-policy period. These histograms are plotted separately for
successful and unsuccessful trials. First, positive trials are reported sooner than negative trials as is
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Figure 3: Results Disclosure by Trial Outcome 2017-2019

Notes: Histograms of days to report for Phase 2 industry trials completed after 2017 with reported outcomes. His-
togram plotted separately for successful and unsuccessful trials. Trials with time to report greater than two years are
dropped.

evident from the red bars for successful trials exceeding the green bars for unsuccessful trials until
about 200 days after completion of a trial. In the post-policy period, the mass of all trials reported
following the one-year deadline that leads to the divergence visible in Figure 2, is driven by a large
spike in the reporting of unsuccessful trials.

Among successful trials, the share with results reported two years after completion is 85% for
trials started between 2010 and 2016, and 92% for trials started after 2017. For unsuccessful trials,
the corresponding shares are 60% for 2010-2016 and 75% for 2017-2019.

Together with Figure 2, these results suggest that the enforcement of the one-year reporting
deadline brought results reporting forward in time and that this aggregate increase in reporting was
primarily due to increased reporting of trials with negative outcomes.

5.2 Time to Start and Time to Complete Trials

Our results so far show that the final rule increased the speed of disclosure of clinical trial results.
We now investigate whether this reporting requirement and the resulting change in the information
environment also led to changes in firms’ innovation and development choices. Firms may have
an incentive to delay investment in clinical trials if they expect to learn from the results of other
trials which is more likely under the new reporting rules. Such delay may come from several sources
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Figure 4: Time to Complete Phase 2

(i) Time to Complete by Policy Period (ii) One-year Completion Probability by Start Year

Notes: Panel (i) presents Kaplan-Meier failure curves recording the cumulative probability of completion for Phase
2 industry trials with at least one site in the United States. The two time periods refer to the start year. Panel (ii)
records point estimates and 95% confidence intervals of one-year completion probability by trial start year.

including slower completion of trials or slower transitions between different development phases.
We first show that under the now reporting regime trials take substantially longer to complete

and are less likely to complete within a short time frame. The left panel of Figure 4 records the
cumulative completion rate and the associated confidence intervals of Phase 2 trials over time for
the two policy periods. For trials started in the pre-policy period, the median trial takes around
700 days to complete. The completion rate is substantially lower in the post-policy period. For
trials started in the post-policy period, the median time to completion is around 900 days, more
than 200 days longer. This increase in the time to completion of Phase 2 trials is also apparent in
the right panel of Figure 4 which reports point estimates and confidence intervals for the two-year
completion probability by trial start year with the red vertical line denoting the time when the new
reporting policy went into effect. Whereas in the pre-policy period between 20% and 25% of Phase
2 trials were completed with two years of their start, the same completion probability dropped to
only 15% for trials begun in 2017 and remained stable for trials started in later years. Although the
decrease in the two-year completion probability is particularly pronounced right after the final rule
went into effect in 2017, there is also a smaller decrease for trials started in 2015 and 2016 after the
final rule was announced but had not yet taken effect.
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Figure 5: Time to Start Next Trial after Phase 1

(i) Days to Start After Phase 1 (ii) One-year Follow-up Probability by Year

Notes: Panel (i) presents Kaplan-Meier failure curves recording the cumulative probability of a follow-up trial (Phase
1 or Phase 2) for the same drug after the completion of a Phase 1 trial that started before drug approval. The
two time periods refer to the start year of the Phase 1 trial. Panel (ii) records point estimates and 95% confidence
intervals of one-year follow-up probabilities by Phase 1 trial start year.

Appendix Figure A4 provides complementary evidence on the behavior of non-industry trials in
response to the Final Rule. Panel (i) and Panel (ii) show that, unlike industry-sponsored trials, there
is markedly less or very little evidence of a post-2017 slowdown in the rate of trial completions among
non-industry trials, especially when compared to industry-sponsored trials. In contrast, Appendix
Figure A2 demonstrates a clear increase in timely result disclosure for this group following the
implementation of the Final Rule. These patterns suggest that non-industry sponsors complied with
the new reporting requirements and were thus responsive to the regulatory change. However, their
investment behavior remained stable, likely reflecting a lesser degree of strategic responsiveness to
the incentives created by disclosure. This divergence supports the interpretation that the slowdown
in trial investment we observe for industry trials stems from forward-looking, strategic behavior,
rather than from mechanical compliance with the policy.

Given the changed reporting rules and increased availability of information, firms may also
learn more from the successes and failures of other firms’ trials about the likely success of trials
which could influence how quickly they begin follow-up trials. We therefore investigate how much
time passes before firms start follow-up trials after completing a Phase 1 trial. The left panel of
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Figure 5 reports information about the probability of a follow-up trial start. Specifically, for every
completed Phase 1 trial of a drug that is not already approved at the time of that trial, the figure
plots the cumulative probability that a follow-up trial (either Phase 1 or Phase 2) for the same
drug is started as a function of time since the completion of the Phase 1 trial. That is, the figure
shows the probability distribution of the time between the completion of a Phase 1 trial and the
start of another trial for the same drug. This amount of time can be negative because firms can
start additional trials even before the completion of a Phase 1 trial. As is apparent in the left panel
of Figure 5, firms take substantially longer to start new trials in the post-policy period than in the
pre-policy period with the two curves diverging around 0 days since the Phase 1 trial completion.

This slowdown in starting follow-up trials is driven by a sharp drop in the trial follow-up proba-
bility around the implementation of the final rule. The right panel of Figure 5 plots point estimates
and confidence intervals of the one-year follow-up probability by year of trial start. Whereas in the
pre-policy period almost 70% of all Phase 1 trials are followed by another trial within a year, less
than 50% of trials have a follow-up within a year in the post-policy period.7

A potential concern is that the observed increase in Phase 2 duration may be driven by strategic
manipulation of reported trial completion dates, rather than real delays. If firms were backdating or
otherwise altering reported end dates to exaggerate trial length (perhaps to signal more extensive
testing or better align with disclosure deadlines) then the time between the end of Phase 2 and
the start of Phase 3 should systematically shorten. In contrast, we find that the Phase 2–to–Phase
3 transition interval does not decrease following the policy change. This suggests that firms are
not merely shifting dates to make trials appear slower. Rather, the observed delays reflect actual
reductions in the pace of development. Moreover, trial start dates and site-level investment measures
such as the number and growth of active sites are unlikely to be manipulable in the same way and
they also exhibit consistent slowdown patterns, further corroborating our interpretation.

Relatedly, in the pre-policy environment firms may have engaged in selective reporting or p-
hacking across sequential trials by conducting multiple trials and selectively disclosing favorable
results to secure approval. This form of strategic behavior has been discussed extensively in the the-
oretical literature (Henry, 2009; Henry and Ottaviani, 2019) and is supported by empirical patterns.
For example, the prevalence of null results in large clinical trials increased significantly after the
early 2000s, following the introduction of trial preregistration and reporting requirements, such as
those implemented via clinicaltrials.gov (Kaplan and Irvin, 2015). These reforms limited firms’
ability to selectively disclose only favorable outcomes, thereby curbing opportunities for p-hacking.
Because our sample period begins several after these reforms were introduced, such practices are
likely much more limited in our data. Nevertheless, some room for strategic non-disclosure may

7As before with trial completions, the slowdown in trial starts already begins a little earlier, during the period
when the final rule was announced but not yet implemented. In addition, the point estimate for 2010 needs to be
interpreted with some care as it is due to particularly selected sample which only contains follow-up projects from
Phase 1 trials completed and started in 2010. For comparison, the same-year completion rate is around 45% of the
sample for later years.
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persist. Our empirical strategy helps mitigate these concerns by focusing on site-level investment
and timing patterns—such as the number of active sites and trial duration—that are not easily
manipulated ex post. Moreover, the implementation of mandatory result disclosure further reduces
the strategic value of selective reporting after the policy change.

Together, the patterns in Figure 4 and Figure 5 indicate that after the implementation of the
final rule, Phase 2 trials took substantially longer to complete and the time between Phase 1 trial
completions and follow-up trials increased suggesting that firms were less willing to push the pace
of drug discovery and approval. Cox proportional hazard models (reported in Appendix Table A2)
indicate that the difference between time periods is statistically significant and not driven by changes
in the composition of trials by disease or mechanism of action.

5.3 Within-trial Investment

Our analysis so far focuses on broad data patterns on trial reporting, starts, and completion and
shows a slowdown in pharmaceutical development following the implementation of new reporting
requirements. To further investigate the mechanisms driving the slowdown in trial completions, we
now explore more granular data from oncology Phase 2 trials and compare the pace at which sites
are added to active trials in the pre- and post-policy periods. In order to access a large number
of patients, Phase 2 trials typically take place at multiple sites, as documented in Section X above.
Opening additional sites is a costly investment that yields additional data on the safety and efficacy
of the drug. One mechanism by which trials could be delayed is by opening fewer sites or opening
sites more slowly.

The left panel of Figure 6 records the number of and confidence intervals for active sites by
number of months since the start of a Phase 2 trial for the two policy periods using data on
chemical oncology drugs, the sample for which we have information on the number of active sites.
The count of active sites is consistently higher for trials started in the pre-policy period than for
trials started after the policy went into effect, particularly for the first three years since the Phase
2 trial start. Moreover, the magnitude of this difference is quite large. For Phase 2 trials active
for two years, those started in the pre-policy period had around 8 active sites on average whereas
those started in the post-policy period had less than 4 active sites, a reduction in site count of over
50%. This evidence is consistent with the slowdown in trial completions leading to a slowdown in
the pace of investment for active trials.

The right panel of Figure 6 provides additional empirical evidence in support of this link. Specif-
ically, it reports the coefficients of year-fixed effects from a regression of active sites on year trial
start and months since trial start, effectively comparing the number of active sites since the trial
start across years.8 Following the implementation of the new reporting regime in 2017, there is
a significant drop in the number of active sites compared to the pre-policy period with each trial

8Loosely speaking, the right panel shows the average difference between the two lines in the left panel when drawn
year by year.
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Figure 6: Trial Site Dynamics

(i) Active Sites by Months Since Trial Start (ii) Year Fixed Effects from Sites Regression

Notes: Panel (i) plots the average number of active sites by months since the start of a Phase 2 trial for chemical
oncology drugs, separately for trials started before and after the implementation of the Final Rule. Shaded areas
represent 95% confidence intervals. Panel (ii) shows the estimated coefficients and 95% confidence intervals from
regressions of active sites on year-fixed effects and months since trial start. Estimates are conditional on months since
start and reflect differences in active site counts across trial start years.

having approximately one fewer site on average in the post-policy period.

6 Learning from Trial Results

As we showed in the previous sections, the final rule induced a change in the information environment
faced by drug development projects, bringing the disclosure of trial results forward in time, and led
to firms starting and completing trials more slowly as well as investing in fewer active trial sites. In
terms of a simple model of learning and investment (see Section 2), one can think of the policy as
increasing the observability of the results of other firms’ trials. Such a change in the information
environment will affect firms’ trial investment decisions if there is learning across drugs—that is, if
the outcome of a trial on one drug is informative about the potential success of related drugs.

6.1 Trial Responses to Results Disclosure

To investigate whether firms’ behavior is consistent with cross-drug learning, we define two sets of
related drugs for every drug j in the data. Mj is the set of drugs with the same mechanism of
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Figure 7: Change in MOA-level Success Rate

Notes: ...

action as drug j. These are drugs that are technologically related to drug j because they target the
same mechanism within the patient’s body. The success or failure of a trial on a drug k ∈ Mj is
likely to be informative about the probability of success of a trial on drug j. Tj is the set of drugs
in the same therapeutic class as drug j. These are drugs that are likely to compete with drug j in
the same market if they are both approved. The outcomes from trials on drugs k ∈ Tj are therefore
potentially informative about future competition.

Following the logic of Krieger (2021) we estimate regression equations of the form

Startjt = βSame1 Sucjt + βSame2 UnSucjt + βTC1

∑
k∈Tj

Suckt + βTC2

∑
k∈Tj

UnSuckt (1)

+ βMOA
1

∑
k∈Mj

Suckt + βMOA
2

∑
k∈Mj

UnSuckt + αj + γt + εjt

where Startjt is an indicator for whether a trial on drug j started in month t. Sucjt is the cumulative
count of reported positive outcomes from trials on drug j up to date t measured in terms of standard
deviations. UnSucjt is the equivalent count for unsuccessful trials. We run various specifications in
which we include different trial phases on the right- and left-hand sides of the regression equation.
Table 3 reports the estimated coefficients from specifications in which we include only Phase 2 trials
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Table 3: Response of Trial Start to Results Disclosure

Phase 2 Start Phase 1 Start Phase 3 Start
Same Drug Successful Phase 2 0.0104 0.0044 0.0029**

(0.0080) (0.0042) (0.0013)
Unsuccessful Phase 2 -0.0167*** -0.0075** -0.0053***

(0.0052) (0.0030) (0.0012)
Same Therapeutic Class Successful Phase 2 -0.0108* -0.0064 0.0019

(0.0064) (0.0042) (0.0026)
Unsuccessful Phase 2 0.0186** 0.0084* 0.0021

(0.0072) (0.0045) (0.0025)
Same Mechanism of Action Successful Phase 2 0.0165*** 0.0081*** 0.0030*

(0.0055) (0.0026) (0.0016)
Unsuccessful Phase 2 -0.0117*** -0.0064*** -0.0022*

(0.0041) (0.0023) (0.0013)

Time FE YES YES YES
Drug FE YES YES YES

N 1,617,366 1,617,366 1,617,366
R2 0.1892 0.0999 0.0719

Mean of Dep. Var. 0.0098 0.0128 0.0061

Notes: The table reports coefficient estimates of the regressions described in equation (1). The dependent variables
for the respective columns are the number of Phase 2, Phase 1, and Phase 3 trial starts in a drug-month. Regressors
are measured in standard deviations. Standard errors are clustered at the drug level. Stars indicate statistical
significance: * 90%, ** 95%, *** 99%.

in the counts in Sucjt and UnSucjt.9

The results reported in Table 3 are consistent with learning within and across drugs. Column 1
reports the estimated coefficients when the dependent variable is the start of a Phase 2 trial. A one-
standard deviation of successful Phase 2 trial counts increases the probability of a subsequent Phase
2 trial on the same drug by 1.04 percentage points. Conversely, an additional unsuccessful Phase
2 trial reduces the probability of a subsequent Phase 2 trial by 1.67 percentage points. Columns
2 and 3 report similar patterns for the effect of Phase 1 and 3 trials, though with slightly smaller
magnitudes. These estimated coefficients are consistent with learning within a drug. Successful
research on drug j encourages more follow-on research for drug j and vice versa for unsuccessful
research. The magnitudes of the coefficients also suggest a large effect because the mean of Startjt
for Phase 2 trials is 0.014.

The coefficients in rows 5 and 6 of column 1 report the estimated coefficients on trial outcomes
for drugs k ∈ Mj (i.e., drugs that share a mechanism of action with j). An additional successful
trial of a drug k ∈ Mj increases the probability of starting a Phase 2 trial on drug j by 1.65

9Each drug may have multiple mechanisms of action and target diseases. In this exercise, we define Mj as the set
of all drugs that share at least one mechanism with drug j, and we define Tj as the set of all drugs that shares at
least one therapeutic class with drug j. Both Mj and Tj exclude drugs sponsored by the same firm as j
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percentage points. There is a similar though slightly smaller negative effect of unsuccessful trials
which reduces the probability of starting a Phase 2 trial by 1.17 percentage points. Similar patterns
hold for the effect on starting Phase 1 and Phase 3 trials, but with smaller magnitudes especially for
Phase 3 starts. In contrast, the effects of trial outcomes from drugs k ∈ Tj (i.e., drugs in the same
therapeutic class) reported in rows 3 and 4 follow the opposite pattern. A one-standard deviation
increase in successful Phase 2 trials by a competing drug in the same therapeutic class reduces the
probability of a Phase 2 start by 1.08 percentage points while the same increase in unsuccessful
Phase 2 trials increases it by 1.86 percentage points. The same pattern also holds for Phase 1 starts
though again with lower magnitudes.

These results are consistent with the firm developing drug j learning from trials on drugs that are
technologically related, in the sense of using the same mechanism of action, and also with learning
from trials on drugs that are competitive substitutes because they are in the same therapeutic
class and thus treat the same disease. The marked difference in the effect of same-mechanism and
same-therapeutic class drugs is likely the result of a competitive preemption effect for drugs in the
same therapeutic class. A successful trial of a competing drug k in the same therapeutic class Tj
raises the probability that there will be a viable competitor for drug j and thus lowers the potential
profits of drug j making further costly development efforts such as clinical trials less attractive.

These effects are most pronounced when the right-hand side variables are Phase 2 outcomes. In
Appendix Tables A4 and A5 we present regressions using the outcomes of Phase 1 and Phase 3
trials as explanatory variables and find less significant effects. The coefficients for Phase 3 outcomes
tend to have the opposite sign. This suggests that most of the learning in drug development occurs
during Phase 2 and Phase 3 being the final hurdle before approval. That is, success of another drug
in Phase 3 potentially has a significant competitive preemption effect that offsets any remaining
learning effects.

6.2 Response of Trial Completions and Research Site Developments to Unre-
ported Trials

Having documented the increase in reporting, the slowdown in drug development and investments,
and the presence of significant social learning effects in drug development we now investigate if
these phenomena are related. In particular, if the slowdown in investment is driven by incentives
to delay the disclosure of development results to other firms (as illustrated by the model in Section
2), then differences in investment between the pre- and post-policy periods should be heterogeneous
depending on the potential to learn about the outcomes of related drugs.

For each drug j, consider the set Mj of technologically related drugs.10 Let Unreptj denote the
logarithm of the count of drugs in Mj for which a Phase 2 trial has been completed but the results
are not yet reported at date t. Unreptj therefore measures the (natural logarithm of the) number

10For this exercise, we divide all drugs in the sample into disjoint mechanism groups. That is, there is no overlap
between Mj and Mk for j 6= k. The method we use to construct these group is described in Appendix A.
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Table 4: Responses to Unreported Trials by Policy Period

Trial Completion Active or Recruiting Sites Active Sites
Year ≥ 2017 -0.004*** 0.003 0.006** -1.375*** 0.543 2.256** -1.544*** -0.956*** 0.004

(0.002) (0.002) (0.003) (0.473) (0.890) (1.036) (0.210) (0.244) (0.252)
Log Unreported -0.002** 0.001 0.000 -0.890** -0.088 -0.117 -0.289* -0.043 -0.060

(0.001) (0.001) (0.001) (0.354) (0.350) (0.351) (0.156) (0.205) (0.205)
Log Unreported × -0.006*** -0.005*** -1.638*** -1.360*** -0.502** -0.347

Year ≥ 2017 (0.002) (0.002) (0.494) (0.480) (0.208) (0.213)
Low Disclosure Rate x -0.008*** -4.561*** -2.556***

Year ≥ 2017 (0.002) (0.643) (0.345)
Time FE YES YES YES YES YES YES YES YES YES

MOA Group FE YES YES YES YES YES YES YES YES YES
N 64,529 64,529 64,529 64,529 64,529 64,529 64,529 64,529 64,529

Mean of Dep. Variable 0.018 0.018 0.018 13.408 13.408 13.408 3.813 3.813 3.813

Notes: The table reports coefficient estimates of the regressions described in equations (2) and (3). The sample
includes all trial-months before 2020 for all phase 2 oncology trials started after 2010. Stars indicate statistical
significance: * 90%, ** 95%, *** 99%.

of trials related to drug j that are “at risk” of being reported at date t. If firms delay investment
in response to expected future information flow from trial reports, we should expect to see fewer
sites being opened when Unreptj is higher. Furthermore, the response of firms to Unreptj should
be greater in the post-policy period because, as illustrated by Figure 2, the final rule substantially
increased the rate of reporting for completed trials. A one-unit increase in Unreptj therefore should
have a larger effect on the present discounted value of future information flow after the policy
change.

To test these hypotheses we estimate the following regression specifications using OLS

Completiontj = β0 + β1Posttj + β2Unreptj + β3Posttj × Unreptj + αd(j) + γtm(j) + εtj (2)

Activetj = β0 + β1Posttj + β2Unreptj + β3Posttj × Unreptj + αd(j) + γtm(j) + εtj (3)

where Completionjt indicates the completion of trial j and Activejt is the count of active sites for
trial j, t months since the trial started. We run two versions of this second specification: one in
which Posttj is an indicator for the start year of trial j being after 2016, and one in which Posttj
is an indicator for post-2016 at the (t, j) level. This second definition means that Posttj can vary
within trial j if that trial is ongoing when the policy change takes place. We include drug and
technology-group-time fixed effects to control for any compositional changes between the pre- and
post-policy periods.

We report the estimated coefficients from the regressions described in equations (2) and (3) in Ta-
ble 4. The first column shows that trials starting in 2017 or later (Posttj in the regression equation)
had a lower probability of completion relative to earlier trials, with the effect more pronounced when
more related trials remain unreported. The second column adds the interaction between Unreptj
and the post-policy indicator Posttj and finds a negative and statistically significant coefficient,
suggesting that firms are especially likely to delay trial completion when disclosure of related trials
is imminent.
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Columns (3) and (4) examine the number of active or recruiting sites and yield similar patterns:
site counts fall when more related trials remain unreported, particularly after the policy change.
Finally, columns (5) and (6) use the number of active sites as the dependent variable. While the
overall effect is somewhat smaller than in previous versions of the table, the interaction between
Unreptj and Posttj remains negative and statistically significant. This pattern reinforces the in-
terpretation that firms slow investment in anticipation of forthcoming information. Notably, once
the interaction is included, the coefficient on Posttj alone shrinks markedly, suggesting that a large
proportion of the post-policy investment slowdown is attributable to increased sensitivity to the
disclosure environment rather than other secular changes.

Figure A5 in the appendix addresses the concern that our main results may be driven by disrup-
tions associated with the COVID-19 pandemic. We re-estimate the key outcomes after truncating
all trial starts and completions at March 2020, effectively treating the data as if no information
were observed thereafter. The patterns remain qualitatively unchanged: industry-sponsored trials
exhibit a post-2017 slowdown in both trial starts and completions, while disclosure increases follow-
ing the Final Rule. We conclude that our findings are not driven by pandemic-related disruptions to
clinical research activity, but instead reflect development responses to policy changes that predate
COVID-19.

Table A6 in the appendix presents additional specifications that include a richer set of controls,
specifically the number of completed and started trials. Across all columns, the interaction between
log(Unreportedtj) and the post-2017 indicator remains negative and statistically significant for both
trial completions and active sites. This robustness check confirms that our core finding that firms
reduce investment when they anticipate a greater flow of information from other trials holds even
after accounting for potentially confounding factors. The stability of this interaction term across
more saturated specifications reinforces our interpretation that the observed slowdown in investment
is driven by strategic responses to the enhanced disclosure environment rather than by compositional
shifts.

The findings in Section 6.2 demonstrate that firms strategically adjust their investment in clin-
ical trials based on the expected future availability of information from other trials. Active and
recruiting trial sites as well as trial completions decline significantly when there are more related
but unreported trials. This suggests that firms anticipate forthcoming disclosures and delay their
own investments, especially in the post-policy period where increased disclosure requirements in-
crease the expected flow of information. These findings are in line with theoretical predictions that
increased transparency can lead to strategic delay, as firms seek to minimize redundant investments
while maximizing the benefits of learning from the successes and failures of competitors.
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7 Dynamic Model of Trial Investment

7.1 Setup

We first consider the basic tradeoff between the cost of running trials and learning from other trials.
For the moment we will ignore the impact of competition which causes drug development to reduce
the payoff of other drugs in the same therapeutical treatment group.

Let j be a drug in MOA group m. The ex-ante unknown effectiveness of a drug j is given by
λj = µm + λoj where µm is the component common to all drugs in m and λoj is the drug-specific
component. Trials in the same group are technologically related and allow for learning. Observing
the outcome of other trials in the same group leads firms to update their posterior about the
group-level productivity µm. We assume that both the individual drug-specific component and the
group-level productivity are normally distributed with the following distributions.

µm ∼ N (µM , σM ) group-level productivity

λoj ∼ N (0, σλ) drug-specific productivity

Thus, observing λk where k 6= j is informative about group-level productivity µm which in turn is
informative about the drug effectiveness λj . Firms have the same identities as drugs, denoted by j,
and invest in trial sites to obtain signals about λoj .

Denote the state of firm j by Sj containing the following elements

Sj =
{
µ̃m, σ̃m, λ̃

o
j , σ̃j ;A,O,C

}
where µ̃m and σ̃m describe the firm’s current beliefs about group-level productivity µm. λ̃oj and σ̃j
denote the beliefs about the mean and variance of drug-specific effectiveness λoj . Given this setup,
we have

E(λj) = µ̃m + λ̃oj

A denotes the number of active trial sites of the drug, O is the number of ongoing other trials for
drugs k ∈ m (i.e., drugs in the same MOA group), and C is the number of completed but not yet
reported trials for drugs k ∈ m.

In each period t, the firm j observes a signal from its own drug trial sites:

sjt ∼ N
(
λj ,

σo
A

)
Adding trial sites A reduces the variance of the signal sjt that a firm receive about the effectiveness
of its drug project. In particular, with our specification, the signal sjt is completely uninformative
when the number of active sites A is equal to zero and perfectly informative with an infinite number
of active sites.
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In each period there is also a chance that completed but unreported trials k ∈ C disclose their
results. If a trial k is disclosed, then firm j observes

Skt =
1∑t

τ=0Akτ

t∑
τ=0

Akτskτ ,

Which is the average of all own-signals observed by k before it completed, where Akτ is the
number of active sites for trial k in period τ . This means that when trial results for k are disclosed,
all active trials observe the signals that were previously private information to k. The distribution
of this information is

Sk ∼ N

(
µm + λok,

σo∑t
τ=0Akτ

)
.

where
∑t

τ=0Akτ is the total number of site-days completed by trial k. Thus, Skt is informative
about the MOA-level efficacy component, µm. To simplify the firm’s problem, we assume that
firms do not keep track of the total site days of all undisclosed trials, but instead behave as if all
disclosed trial signals were generated by Ā site-days, which can be thought of as the average number
of site-days over all trials. Thus, the perceived distribution of Sk is

Sk ∼ N
(
µm + λok,

σo
Ā

)
. (4)

Firm j has perceptions over the rates at which other trials are started, completed, and eventually
reported. We define these rates as follows. First, trials of other firms are started (i.e., they enter O)
with probability αS which denotes the trial start rate. Second, αC is the completion rate at which
ongoing trials O convert to completed but not yet reported trials C. Third, completed trial results
in C are disclosed with probability αD. To summarize, these transition rates are

αS = start rate of trials

αC = completion rate (how O converts to C)

αD = disclosure rate of trials (Sk becomes observable)

Given the firm’s own signal sjt from its drug trials and the observation of λk for any disclosed
trials of other technologically related drugs k, firm j updates beliefs using rational priors and
Bayesian updating. We assume that firms only observe the outcomes of trials that have been
completed and reported, but they do not observe the outcomes of trials that have been completed
but not reported. In addition, we assume that firms do not infer anything about the outcomes of
trials that have been started but not yet reported.
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The value function of firm j undertaking trials for drug j is given by:

V (S) = max

{
βE
[
V (S′)

]
− cA, max

A∗∈[0,Ā]

{
βE
[
V (S′)|A∗

]
− cA− δ

}
, π(S)

}
(5)

where β is the discount factor, S′ is the state in the next period, c is the per-period cost of running
an active trial site, and δ is the adjustment cost of changing the number of active trial sites A. The
profit function π(S) is the maximum of the expected effectiveness of drug j, E(λj), or its shutdown
value (normalized to 0) and thus given by

π = max{µ̃m + λ̃oj , 0}

The value function described in equation (5) thus captures the following three broad choices for
the firm. First, it can wait and keep the current number of active trial sites A operational which
comes at a cost of cA. However, it also gives the firm the opportunity to learn from other trial
outcomes represented by the state S′ which yields the new value function V (S′) discounted by β.
Second, the firm can adjust the number of active sites A for its trials between 0 and an upper bound
Ā at an optimal value A∗. However, changing the number of active sites A requires an adjustment
cost of δ. This choice also allows the firm to learn from the outcomes of other trials.11 Third, the
firm can end the trial on drug j this period and obtain the terminal payoff π(S) which depends on
the current state of nature S.

This value function captures the essential trade-off of our analysis. On the one hand, a firm can
invest and obtain information from running its own trials. On the other hand, it can wait and learn
from the successes and failures of other firms. Investment in a firm’s own trials involves adding trial
sites. We model this channel by assuming that adding sites reduces the variance of the signal that
a firm receive about the productivity of their drug project.

7.2 Solving the Model

We solve the model using value function iteration, where the value function is approximated by a
neural network on each iteration of the Bellman equation.12 This approach allows us to handle the
high-dimensional state space while maintaining sufficient flexibility to capture complex patterns in
the decision-making environment.

We calibrate the model parameters to match several key empirical moments observed in the data.
Specifically, we target the average number of active sites, the average duration of clinical trials, the
frequency with which new sites are added during trials, and the sensitivity of site behavior to
the outcomes of other trials. Matching these moments ensures that the model replicates critical
features of the real-world setting we seek to study. The calibration procedure also informs the future

11In our data we observe that firms both increase and decrease the number of active sites A.
12See Bertsekas and Tsitsiklis (1996). Hodgson and Lewis (2025) apply this approach to a similar dynamic learning

problem.

29



Figure 8: Value Function and Optimal Stopping Rule

(i) Value Function (ii) Optimal Stopping Rule

Notes: Panel (i) presents a 3D bar plot of the value function over the space of belief means (µ̃M ) and standard
deviations (σ̃M ), representing the continuation value of a trial given current beliefs. The value function increases
with both µ̃M and σ̃M , reflecting the combined effect of higher expected returns and greater option value from
uncertainty. Panel (ii) shows the optimal stopping rule as a heatmap over the same state space. Yellow areas indicate
states where the trial is terminated without seeking approval, teal areas represent termination with approval, and
dark blue areas denote continuation. The figure illustrates how firms dynamically balance expected returns and the
value of learning when making trial continuation decisions.

estimation and identification strategy. In particular, the moments selected for calibration highlight
the dimensions along which variation in the data will be most informative for identifying structural
parameters.

It is useful to conceptualize two important components of the model. We treat the disclosure
rate αD as a policy parameter, reflecting choices made by the principal or regulator, while C is
an endogenous equilibrium object that emerges from the strategic interactions of agents within the
model. While one might consider modeling firms’ disclosure decisions as endogenous, we treat the
disclosure regime as an exogenous policy parameter for both tractability and institutional realism.
The 2017 FDA Final Rule imposed legally binding requirements on trial result reporting, limiting
firms’ ability to strategically withhold information post-policy. Modeling disclosure behavior en-
dogenously would require additional assumptions about firms’ beliefs and expectations regarding
enforcement, public scrutiny, and market reactions. Instead, by treating the disclosure environment
as a shift in policy, we can focus on how firms adjust real investment behavior in response, which is
the key object of interest in our analysis.

We first plot the value function and the optimal stopping rule in (µ̃M ; σ̃M ) space which are
shown in Figure 8. It consists of two complementary panels. In the left panel, a 3D bar plot shows
the value function over the grid of (µ̃M , σ̃M ) values. The vertical axis represents the continuation
value of the trial as a function of both the current belief about the drug’s effectiveness (mean)
and the uncertainty surrounding that belief (standard deviation). The value function increases
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Figure 9: Value Function and the Role of Disclosure

(i) Value Function over A and C (ii) Optimal A∗ for different αD and C

Notes: Panel (i) plots the value function as a function of the number of active sites A for different values of the
number of completed but unreported trials C, holding the probability of disclosure fixed at αD. As C increases, the
value function peaks for a lower number of active sites and thus the optimal number of active sites A∗ is lower. This
pattern is illustrated for two different values of αD in panel (ii).

monotonically with both µ̃M and σ̃M , reflecting higher expected returns when the treatment looks
more promising (higher mean) and/or when uncertainty creates greater option value from continued
experimentation. The right panel shows the optimal stopping rule. The heatmap segments the
(µ̃M , σ̃M ) space into regions based on the optimal stopping decision. The yellow region labeled
“Stop π = 0” corresponds to states in which the expected payoff from continuation is sufficiently
low that it is optimal to terminate the trial with no approval. In contrast, the teal region labeled
“Stop π > 0” indicates states where the firm stops and seeks approval (because expected payoff is
high enough). The intermediate dark blue region represents the continuation region, where the trial
proceeds and further information is gathered. Together, these two panels illustrate the trade-offs
underlying the firm’s dynamic experimentation decision. In particular, the stopping policy reflects
how both the mean belief and uncertainty jointly determine whether further investment is warranted.
The shapes of the stopping boundaries highlight the model’s dynamic structure and the value of
information in marginal cases.

Figure 9 illustrates how the value function and the optimal number of active sites A∗ vary with
the extent of external information availability, captured by the number of completed but unreported
trials C. Panel (i) shows that, for a given value of the disclosure probability αD, the value function
peaks at lower levels of A as C increases. This reflects the idea that when more external information
is available, firms have weaker incentives to generate costly private information through their own
trial sits. Panel (ii) formalizes this relationship by plotting the optimal number of active sites A∗

as a function of C, for two different values of αD. In both cases, A∗ declines monotonically with C,
and the drop is markedly steeper when the disclosure probability αD is higher.
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The relationships depicted in Figure 9 demonstrate that disclosure policies affect optimal firm
behavior by crowding out private investment in information acquisition and are consistent with
our empirical observations showing a slowdown in site investment following the implementation of
disclosure policies that mandate greater information sharing. The dynamic model thus captures a
key mechanism by which transparency policies can affect firms’ strategic investment behavior.

8 Estimation and Identification

We estimate several parameters directly from the data without using the solution to the structural
model. In particular, we estimate αS , αC and αD from the empirical rates of trial starts, completions,
and results disclosure. We estimate a separate disclosure rate for the pre- and post- policy periods
which we call αD1 and αD2. We also estimate the average site-days per completed trial, Ā, which
we use to define firm’s beliefs about the distribution of other firms’ signals (see equation 4).

The remaining parameters are those that control the distribution of group-level efficacies, (µM , σM ),
the variance of idiosyncratic efficacy, σλ, the cost parameters (c, δ), and the own-signal noise pa-
rameter, σ0. Call the vector of parameters θ.

The model is estimated using simulated method of moments and indirect inference. For each
candidate parameter vector, θ, the model-implied moments come from forward simulation of the
trial investment problems of all trials in a MOA group,m. The simulation is repeated for many MOA
groups and the moments are computed for each group and then averaged over groups. The unit of
observation used to construct the moments is therefore the MOA group m, and an observation is
the history of trials for that group. The simulation proceeds as follows:

1. Draw µm from the distribution of group level productivities, µm ∼ N (µM , σM )

2. Start at t = 1, and forward simulate for T periods. We divide time into two eras, a first era
of length T1 and a second era of length T2 where T1 +T2 = T . αD is allowed to be different in
the two periods. Denote the era e ∈ {1, 2} and the corresponding disclosure parameter αDe.

3. Each period, a new trial j enters with probability αS . When a new trial enters, draw its
idiosyncratic efficacy, λoj ∼ N (0, σλ).

4. Trials that are active choose to adjust their number of sites, Ajt, or ended the trial according
to their policy function.

5. Trials that are active draw a signal sjt ∼ N
(
λj ,

σo
A

)
and update their beliefs.

6. Trials k that have ended disclose results with probability αDe. Active trials observe Sk =∑
t skt and update their beliefs accordingly. Trials disclose results only once.

We repeat the simulation for R MOA groups. For each simulated MOA history, m, we record a
vector of statistics, gm(θ). These include the average number of active sites, average trial length, and
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analogs of the coefficients in the regressions described by equations 2 and 3 run on the simulated data.
The exact moments used are described in Table 5. Let g(θ) = 1

R

∑R
m=1 gm(θ) and ĝ = 1

M

∑M
m=1 ĝm,

where M is the number of MOA groups in the data and ĝm is the moment vector computed from
the data for MOA group m. The estimator is then defined as

θ∗ = arg min
θ

(g(θ)− ĝ)′W (g(θ)− ĝ) , (6)

where W is the optimal weighting matrix given by W = Cov(ĝm)−1.

Table 5: Simulated Moments

Moment

Description Definition Related Parameters

1-2 Average number of active sites in era e 1
M

∑
m

1
Jme

∑
j

∑Tj
t=T0j

Ajt1(t ∈ e) c

3-4 Average trial length in era e 1
M

∑
m

1
Jme

∑
j (Tj − T0j) σM + σλ

5 Average max sites 1
M

∑
m

1
Jm

∑
j maxt{Ajt} µM

6 Average min sites 1
M

∑
m

1
Jm

∑
j mint{Ajt} µM

7 Average number of site changes 1
M

∑
m

1
Jm

∑
j

∑Tj
t=T0j

1(Ajt 6= Ajt−1) δ

8 Interaction coefficient from regression 3 β̂3m σM , σλ

9 Interaction coefficient from regression 2 β̂3m σM , σλ

10 Slope coefficient from regression 7 β̂1m σo

8.1 Identification

There are 6 model parameters identified by 10 moments. Although all parameters affect all moments,
we provide a heuristic discussion of which parameters are likely to be more informed by changes in
one moment, holding the others fixed. Most obviously, the average number of active sites (moments
1 and 2) should decrease in the per-site cost, c, and the average trial length (moments 3 and 4) should
increase in the total uncertainty σM + σλ. Moments 5-7 are the average minimum and maximum
number of sites in a trial, and the number of site changes. The number of site changes decreases
with the adjustment cost, δ. Fixing the average number of sites, the minimum and maximum are
informative about µM . If priors are pessimistic (low µM ), then there is an incentive to start with a
low level of investment and only scale up after receiving positive information.

To separate σM and σλ, we rely on the regression coefficients (moments 8 and 9) which come
from analogs of regression specifications 2 and 3. These coefficients measure the differential effect of
the policy change on trials for which there are more or fewer outstanding unreported results in the
same MOA. If the correlation of efficacy across trials within an MOA is low, then there is limited
scope for cross-trial learning, and we should not expect a differential change in the completion rate or
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investment level across these groups of trials. Conversely, when trial outcomes are highly correlated,
then the incentive to delay is increasing in the number of unreported trials. The covariance of
efficacy for a pair of trials in the same group is σM . Finally, moment 10 comes from a regression of
trial completion on the number of sites,

regression specifications using OLS

Completiontj = β0 + β1Activetj + αj + γt + εtj (7)

The extent to which more sites increase stopping probability is informative about the per-site
noise, σo.

To illustrate identification, we conduct a Monte Carlo exercise in which we estimate the model
on simulated datasets for a fixed parameter vector. We set αd1 = 0.01 and αD2 = 0.02. Each
simulation runs for T = 500 periods with T1 = 200. Table 6 records the results for two sample sizes,
M = 100 and M = 1000. For each set of results we simulate 200 datasets and present the mean
and standard deviation of the point estimates across datasets as well as the probability that the
true value of the parameter falls in the 95% coverage interval.

Table 6: Monte Carlo Results

True M = 100 M = 1000

Parameter Mean SD Pr(θ ∈ CI95) Mean SD Pr(θ ∈ CI95)

µM -2 -2.301 0.711 0.95 -2.172 0.567 0.98
σM 7 7.134 0.421 0.95 7.067 0.259 0.98
σλ 5 5.030 0.178 0.96 5.017 0.084 0.95
c 0.05 0.048 0.004 0.93 0.049 0.009 0.98
δ 0.3 0.295 0.013 0.93 0.298 0.009 0.91
σo 60 59.884 1.933 0.95 59.936 1.164 0.98

Notes: Entries report, for each parameter, the Monte Carlo mean of the estimator, the Monte Carlo standard
deviation across replications, and empirical coverage of the nominal 95% confidence interval. M denotes the number
of observations in each simulated dataset. For each exercise, we perform 200 Monte Carlo replications. Estimation
uses R = 200 simulations.

9 Conclusion

Using data on pharmaceutical clinical trials initiated from 2010-2019, we provided evidence of an
increase in the timely disclosure of trial results associated with the 2017 FDA final rule and of a
subsequent slowdown in the initiation and completion of trials. We further showed that firms learn
from trial results and respond to the information about trial successes and failures by adjusting
the scale, speed, and intensity of their development efforts. One explanation for the collection of
our results is that mandatory disclosure allows firms to free ride on the information provided by
competitors and therefore cut back on and slow their own innovation efforts.
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A Constructing Mechanism-of-Action Groups

This section details the definition of Mechanism-of-Action (MOA) groups and the steps to construct
them from clinical trial data.

MOA groups are non-overlapping technology groups composed of phase 2 clinical trials of all
diseases. Each MOA group is characterized by a unique combination of up to two MOAs shared
by all trials in the group. For a trial with a single MOA, it is uniquely categorized into the MOA
group characterized by its own MOA. For a trial with two or more MOAs that can be categorized
into multiple MOA groups, we give priority to the two-MOA group with the minimum variance in
its trials’ outcomes.

The steps of constructing MOA groups are as follows:

1. Identify and rank potential MOA groups

We begin with the sample of reported U.S. industry-sponsored phase 2 trials of all diseases.
From reported trials with two and more MOAs, we enumerate all existing two-MOA combi-
nations and obtain a comprehensive set of potential two-MOA groups. Each potential group
contains all reported trials that use the two-MOA combination exclusively or with other MOAs.
We calculate the group-level sample variances of trial outcomes (positive or negative) and rank
the groups by variance, from minimum to maximum. For groups with only one reported trial
and hence no well-defined sample variance, we rank them the lowest due to lack of learning
opportunity from other trials in the same group.

2. Categorize reported and unreported trials

We categorize trials with one single MOA into their corresponding one-MOA groups. For
trials involving two or more MOAs, we enumerate all possible two-MOA combinations from
the trial’s MOA profile and retain only those combinations existing in reported trials. The
trial is then categorized into the MOA group with the smallest variance in its trial outcomes
among these potential groups.

3. Create new groups for trials unmatched to existing groups

For remaining trials not categorized to any existing MOA groups in step 2, we create new
MOA groups using each trial’s original MOA profile. Categorization is finished.

Trial ID: NCT01263886
Drug Key: 509
MOA: Tubulin inhibitor;

Angiogenesis inhibitor;
Apoptosis stimulant

Potential MOA Groups Variance MOA Group

Tubulin inhibitor + Angiogenesis inhibitor 0.300 ×
Tubulin inhibitor + Apoptosis stimulant 0.300 ×
Angiogenesis inhibitor + Apoptosis stimulant 0.257 X

Figure A1: Example of MOA Group Selection Process
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B Additional Figures and Tables

Table A1: Trial Outcomes Classification

Trial Outcome Positive Negative

Completed, Early positive outcome 1 0
Completed, Early positive outcome; Completed, Positive outcome/primary endpoint(s) met 1 0
Completed, Early positive outcome; Terminated, Business decision - Other 1 0
Completed, Negative outcome/primary endpoint(s) not met 0 1
Completed, Negative outcome/primary endpoint(s) not met; Completed, Positive outcome/primary endpoint(s) met 1 0
Completed, Outcome indeterminate 0 0
Completed, Outcome indeterminate; Completed, Outcome unknown 0 0
Completed, Outcome indeterminate; Completed, Positive outcome/primary endpoint(s) met 1 0
Completed, Outcome unknown 0 0
Completed, Outcome unknown; Completed, Positive outcome/primary endpoint(s) met 1 0
Completed, Positive outcome/primary endpoint(s) met 1 0
Terminated, Business decision - Drug strategy shift 0 0
Terminated, Business decision - Drug strategy shift; Terminated, Business decision - Other 0 0
Terminated, Business decision - Drug strategy shift; Terminated, Lack of efficacy 0 1
Terminated, Business decision - Drug strategy shift; Terminated, Safety/adverse effects 0 1
Terminated, Business decision - Other 0 0
Terminated, Business decision - Other; Terminated, Lack of efficacy 0 1
Terminated, Business decision - Other; Terminated, Safety/adverse effects 0 1
Terminated, Business decision - Pipeline reprioritization 0 0
Terminated, Business decision - Pipeline reprioritization; Terminated, Lack of efficacy 0 1
Terminated, Business decision - Pipeline reprioritization; Terminated, Safety/adverse effects 0 1
Terminated, Lack of efficacy 0 1
Terminated, Lack of efficacy; Terminated, Safety/adverse effects 0 1
Terminated, Lack of funding 0 0
Terminated, Lack of funding; Terminated, Safety/adverse effects 0 1
Terminated, Poor enrollment 0 0
Terminated, Poor enrollment; Terminated, Safety/adverse effects 0 1
Terminated, Safety/adverse effects 0 1

Notes: The table summarizes trial outcomes and their categorization as either positive or negative. The successful
category used in the paper contains only positive trial outcomes.
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Figure A2: Cumulative Results Disclosure: Non-Industry and All Trials

(i) Non-Industry Trials (ii) All Trials

Notes: Kaplan-Meier failure curves recording the cumulative probability of results reporting for Phase 2 trials with
at least one site in the United States. The two time periods refer to the year of trial completion which is relevant for
reporting.

Table A2: Cox Model Estimates

Start Year Compete Complete Start Start
2011 1.023 1.043

(0.063) (0.063)
2012 0.967 0.935 1.003 1.025

(0.064) (0.064) (0.180) (0.181)
2013 0.952 0.997 0.948 0.975

(0.065) (0.065) (0.178) (0.180)
2014 0.937 0.912 0.842 0.851

(0.064) (0.064) (0.177) (0.179)
2015 0.903 0.903 0.827 0.831

(0.063) (0.063) (0.172) (0.173)
2016 0.714*** 0.761*** 0.679* 0.668*

(0.066) (0.066) (0.176) (0.178)
2017 0.524*** 0.613*** 0.483*** 0.487***

(0.069) (0.069) (0.174) (0.176)
2018 0.599*** 0.640*** 0.466*** 0.497***

(0.074) (0.074) (0.180) (0.183)
2019 0.524*** 0.564*** 0.430*** 0.429***

(0.092) (0.093) (0.181) (0.183)
Disease FE NO YES NO YES

Notes: Estimates from a cox proportional hazards model. The outcome in the first two columns in phase 2 trial
completion, and year year refers to the start year of the phase two trial. The outcome of the second two columns
is phase 2 trial start after phase 1 completion, and year refers to the potential start year of the phase 2 trial. Stars
indicate statistical significance: * 90%, ** 95%, *** 99%.
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Figure A3: Cumulative Completion Rates: Phase 2 Industry Trials

Notes: Kaplan-Meier failure curves recording the cumulative probability of Phase 2 industry trial completions with
at least one site in the United States. Lines shaded in blue are for the pre-policy period (2010-2016) and dashed lines
shaded in red are for the post-policy period (2017-2019).
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Figure A4: Time to Complete Phase 2: Non-Industry

(i) Time to Complete by Policy Period (ii) One-year Completion Probability by Start Year

Notes: Panel (i) presents Kaplan-Meier failure curves recording the cumulative probability of completion for Phase
2 non-industry trials with at least one site in the United States. The two time periods refer to the start year. Panel
(ii) records point estimates and 95% confidence intervals of one-year completion probability by trial start year.

Figure A5: Time to Complete and Start Next Trial Truncated at COVID Onset

(i) One-year Completion Probability by Year (ii) One-year Follow-up Probability by Year

Notes: Data truncated in March 2020. Panel (i) records point estimates and 95% confidence intervals of one-year
follow-up probabilities by Phase 1 trial start year. Panel (ii) records point estimates and 95% confidence intervals of
one-year follow-up probability by trial start year.
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Figure A6: Time to Complete and Start Excluding Trials with EU Sites

(i) One-year Completion Probability by Year (ii) One-year Follow-up Probability by Year

(iii) Year Fixed Effects from Sites Regressions

Notes: Sample includes all Phase II industry sponsored trials with some US sites and no EU sites. Panel (i) records
point estimates and 95% confidence intervals of one-year follow-up probabilities by Phase 1 trial start year. Panel (ii)
records point estimates and 95% confidence intervals of one-year follow-up probability by trial start year. Panel (iii)
shows the estimated coefficients and 95% confidence intervals from regressions of active sites on year-fixed effects and
months since trial start. Estimates are conditional on months since start and reflect differences in active site counts
across trial start years.
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Table A3: Response of Trial Start to Results Disclosure: Robustness

Phase II Start
Same Drug Successful Phase 2 0.0104 0.0068 0.0104 0.0069

(0.0080) (0.0055) (0.0080) (0.0055)
Unsuccessful Phase 2 -0.0167*** -0.0058 -0.0167*** -0.0058

(0.0052) (0.0051) (0.0052) (0.0051)
Same Therapeutic Class Successful Phase 2 -0.0106* 0.0072 -0.0109* 0.0071

(0.0064) (0.0065) (0.0064) (0.0065)
Unsuccessful Phase 2 0.0182** 0.0017 0.0193*** 0.0022

(0.0072) (0.0069) (0.0075) (0.0070)
Same Mechanism of Action Successful Phase 2 -0.0043 0.0263*** -0.0155 0.0181***

(0.0071) (0.0092) (0.0122) (0.0066)
Unsuccessful Phase 2 -0.0182*** -0.0078 0.0012 -0.0134**

(0.0047) (0.0055) (0.0043) (0.0053)
Completed Suc. Phase 2 0.0140 0.0022

(0.0106) (0.0071)
Completed Unsuc. Phase 2 0.0174*** -0.0139

(0.0041) (0.0094)
Started Phase 3 0.0256** 0.0055

(0.0126) (0.0065)

Time FE YES YES YES YES
Drug FE YES NO YES NO

Drug-Year FE NO YES NO YES
N 1,617,366 1,617,366 1,617,366 1,617,366
R2 0.1893 0.3397 0.1895 0.3397

Notes: The table reports coefficient estimates of the regressions described in equation (1). The dependent variable
is the number of Phase 2 trial starts in a drug-month. Regressors are measured in standard deviations. Standard
errors are clustered at the drug level. Stars indicate statistical significance: * 90%, ** 95%, *** 99%.

45



Table A4: Response of Trial Start to Results Disclosure: Phase I

Phase 2 Start Phase 1 Start Phase 3 Start
Same Drug Successful Phase 1 0.0032 -0.0001 0.0007

(0.0040) (0.0022) (0.0009)
Unsuccessful Phase 1 -0.0047*** -0.0125*** -0.0035***

(0.0014) (0.0009) (0.0007)
Same Therapeutic Class Successful Phase 1 0.0019 0.0012 0.0020

(0.0029) (0.0021) (0.0014)
Unsuccessful Phase 1 0.0011 0.0008 0.0007

(0.0029) (0.0021) (0.0014)
Same Mechanism of Action Successful Phase 1 0.0009 -0.0002 0.0027***

(0.0010) (0.0008) (0.0009)
Unsuccessful Phase 1 0.0016 -0.0000 -0.0026***

(0.0014) (0.0009) (0.0010)

Time FE YES YES YES
Drug FE YES YES YES

N 1,617,366 1,617,366 1,617,366
R2 0.0098 0.0128 0.0061

Mean of Dep. Var. 0.0098 0.0128 0.0061

Notes: The table reports coefficient estimates of the regressions described in equation (1). The dependent variables
for the respective columns are the number of Phase 2, Phase 1, and Phase 3 trial starts in a drug-month. Regressors
are measured in standard deviations. Standard errors are clustered at the drug level. Stars indicate statistical
significance: * 90%, ** 95%, *** 99%..

46



Table A5: Response of Trial Start to Results Disclosure: Phase III

Phase 2 Start Phase 1 Start Phase 3 Start
Same Drug Successful Phase 2 0.0017 -0.0033*** -0.0070***

(0.0015) (0.0010) (0.0006)
Unsuccessful Phase 2 -0.0039** -0.0008 -0.0046***

(0.0018) (0.0009) (0.0006)
Same Therapeutic Class Successful Phase 2 -0.0011 -0.0020 0.0020**

(0.0015) (0.0012) (0.0008)
Unsuccessful Phase 2 0.0045** 0.0019 0.0010

(0.0018) (0.0015) (0.0007)
Same Mechanism of Action Successful Phase 2 -0.0220*** -0.0056 -0.0055**

(0.0077) (0.0040) (0.0027)
Unsuccessful Phase 2 0.0212*** 0.0060 0.0042*

(0.0075) (0.0038) (0.0025)

Time FE YES YES YES
Drug FE YES YES YES

N 1,617,366 1,617,366 1,617,366
R2 0.0098 0.0128 0.0061

Mean of Dep. Var. 0.0098 0.0128 0.0061

Notes: The table reports coefficient estimates of the regressions described in equation (1). The dependent variables
for the respective columns are the number of Phase 2, Phase 1, and Phase 3 trial starts in a drug-month. Regressors
are measured in standard deviations. Standard errors are clustered at the drug level. Stars indicate statistical
significance: * 90%, ** 95%, *** 99%.
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Table A6: Response of Investment to MOA State by Policy Period

Trial Completion Active or Recruiting Active Sites
Start Year ≥ 2017 0.006* 0.001 0.817 0.399 -1.118*** -1.208***

(0.003) (0.003) (0.840) (0.957) (0.364) (0.276)
Log Unreported 0.003 0.001 0.361 0.132 0.225 0.072

(0.003) (0.002) (0.712) (0.370) (0.332) (0.219)
Log Unreported × Start ≥ 2017 -0.005 -0.008*** -1.725* -1.879*** -0.887** -0.791***

(0.003) (0.002) (1.016) (0.558) (0.429) (0.266)
Log Completed -0.003 -0.511 -0.250

(0.002) (0.608) (0.268)
Log Completed × Start ≥ 2017 -0.001 0.039 0.355

(0.003) (0.691) (0.344)
Log Started 0.000 -1.593*** -0.661***

(0.002) (0.333) (0.191)
Log Started × Start ≥ 2017 0.002 0.421 0.382**

(0.002) (0.314) (0.161)
Time FE YES YES YES YES YES YES
MOA Group FE YES YES YES YES YES YES
N 64,529 64,529 64,529 64,529 64,529 64,529

Notes: The table reports coefficient estimates of the regressions described in equations (2) and (2) with additional
controls for the number of started and completed trials in Mj . The sample includes all trial-months before 2020 for
all phase 2 oncology trials started after 2010. Stars indicate statistical significance: * 90%, ** 95%, *** 99%.
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C Proofs for Simple Theoretical Framework

In period 2, only the firm that waited in period 1 can invest. Let U I denote a firm’s expected payoff
from investing in period 1, and let UW denote its expected payoff from waiting in period 1.

Let us first consider the best response of the follower in the second period. Suppose firm −f
invested in period 1, so a−f1 = 1, and firm f is the follower in period 2. With disclosure probability
α, f observes s−f and updates

q1(ρ) ≡ Pr(sf = 1 | s−f = 1) = ρ+ (1− ρ)p

q0(ρ) ≡ Pr(sf = 1 | s−f = 0) = (1− ρ)p.

With probability (1− α) it observes nothing and keeps prior p.
Conditional on the information available in period 2, the follower invests if and only if the

corresponding expected flow payoff E[πf2 | I]− c ≥ 0 is non-negative.
Under λ = 1 (Propositions 1–2), the follower’s expected gross payoff from investing given belief

q is qπ. Under ρ = 0 (Hypotheses 3–4), the follower’s expected gross payoff from investing given
that it learns s−f is pπ if s−f = 0 and pπλ if s−f = 1.

C.1 Proposition 1

When λ = 1 there is no business-stealing, so any strategic delay must come from the informational
option value created by (i) correlation ρ and (ii) disclosure α. For sufficiently low ρ, the informational
value of waiting is small and both firms invest immediately. For sufficiently high ρ, waiting becomes
attractive if the rival invests, generating two asymmetric pure-strategy equilibria (one firm invests,
the other waits) and a symmetric mixed-strategy equilibrium.

Assume λ = 1. If a firm invests in period 1, it pays c and obtains expected period-1 payoff pπ−c.
In period 2 it cannot invest, but it still earns payoff from its own project based on its period-1 signal.
Since Pr(sf = 1) = p, its expected period-2 payoff is δpπ. Thus

U I = pπ − c+ δpπ.

Now compute the value of waiting in period 1 when the rival invests in period 1 with probability
x. If the rival invests with probability x, then in period 2 the follower invests only when its posterior
success probability makes qπ−c ≥ 0. Using the posteriors above, the follower’s period-2 continuation
value (gross of discounting) is

V F (ρ, α) = α
(

Pr(s−f = 1) max{0, q1(ρ)π − c}+ Pr(s−f = 0) max{0, q0(ρ)π − c}
)

+ (1− α) max{0, pπ − c}.
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Since Pr(s−f = 1) = p and Pr(s−f = 0) = 1− p and pπ − c > 0, this becomes

V F (ρ, α) = α
(
pmax{0, q1(ρ)π − c}+ (1− p) max{0, q0(ρ)π − c}

)
+ (1− α)(pπ − c).

If the rival firm does not invest in period 1 (probability 1 − x), then period 2 is essentially a
repeat of period 1, and investing in period 2 yields net payoff (pπ−c) discounted by δ. The strategic
interaction in that subgame is the same as period 1. For the threshold argument below it suffices
that the follower can secure at least the discounted value (pπ − c) by investing in period 2 when it
is optimal to do so.

Hence, the payoff from waiting satisfies

UW (x) = δ
(
xV F (ρ, α) + (1− x)(pπ − c)

)
.

Define the gain from investing now rather than waiting when the rival invests for sure (x = 1)
as follows:

∆(ρ) ≡ U I − UW (1) = pπ − c+ δpπ − δV F (ρ, α).

V F (ρ, α) is weakly increasing in ρ because q1(ρ) increases in ρ and q0(ρ) decreases in ρ, which
raises the informational value of conditioning the period-2 investment decision on s−f because the
follower invests more selectively and avoids low-value states. Thus, ∆(ρ) is weakly decreasing in ρ.

At ρ = 0, the rival’s signal is uninformative about f ’s success probability, so conditioning is
worthless and V F (0, α) = pπ − c which yields

∆(0) = pπ − c+ δpπ − δ(pπ − c) = (pπ − c)(1− δ) + δpπ > 0.

For ρ close to 1, s−f becomes highly informative, and the follower can avoid paying c in low-posterior
states while still investing when the posterior is high. Hence V F (ρ, α) becomes large enough that
∆(ρ) can become negative for sufficiently patient firms (large δ) and sufficiently high disclosure
(large α). By monotonicity of ∆(ρ), there exists a threshold ρ∗ ∈ (0, 1) such that ∆(ρ) > 0 for
ρ < ρ∗ and ∆(ρ) < 0 for ρ > ρ∗.

Equilibrium implications follow the standard best-response logic:

• If ρ < ρ∗, investing is a best response to the rival investing. Since pπ − c > 0, investing is
also a best response to the rival waiting. Thus, (aA1, aB1) = (1, 1) is the unique pure-strategy
SPNE.

• If ρ > ρ∗, waiting is a best response to the rival investing (because the option value dominates),
but investing is a best response to the rival waiting (since pπ − c > 0). This generates two
asymmetric pure-strategy SPNE: (1, 0) and (0, 1).

• In the same region there is also a symmetric mixed-strategy equilibrium where each firm invests
with probability γ ∈ (0, 1), characterized by indifference between investing and waiting.
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C.2 Proposition 2

In the symmetric mixed-strategy equilibrium from Proposition 1, higher disclosure makes waiting
more valuable because the follower is more likely to observe s−f and condition its decision on it.
Thus, to restore indifference the equilibrium must put less weight on investing in period 1.

In the symmetric mixed-strategy equilibrium, γ solves the indifference condition

U I = UW .

Using the expressions above,

pπ − c+ δpπ = δ
(
γV F (ρ, α) + (1− γ)(pπ − c)

)
,

which can be rearranged as

γ =
pπ − (1− δ)c

δ
(
V F (ρ, α)− (pπ − c)

) .
The numerator is always positive. For ρ > ρ∗, the denominator is also positive because V F (ρ, α) >

pπ − c. Moreover, V F (ρ, α) is increasing in α because disclosure makes it more likely that the
follower conditions on s−f rather than relying on the prior. Therefore, the denominator increases
in α while the numerator does not depend on α, implying

∂γ

∂α
< 0.

C.3 Proposition 3

C.3.1 Period 2

Recall that period-1 actions (aA1, aB1) are always observable. Disclosure only affects whether signals
(sA, sB) are observable.

We only have to consider the period-2 decision for the firm if it did not invest in period 1. If it
succeeded, then there is no decision because it can invest only once. If it did not succeed in period
1, then it does not invest in period 2 because project success is persistent.

Other Firm Did Not Invest in Period 1 Assume the other firm did not invest in period
1. Disclosure plays no role because no signals were generated. In period 2, firms f ∈ {A,B}
simultaneously choose af2 ∈ {0, 1}. If firm f invests (af2 = 1), it pays cost c, draws sf ∈ {0, 1}
with Pr(sf = 1) = p, and earns

πf2 =

sfπλ, if a−f2 = 1 & s−f = 1,

sfπ, otherwise.
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Note that under ρ = 0, signals are independent across firms.
Let γ2 denote the probability that the rival invests in period 2 in a symmetric mixed-strategy

equilibrium. If firm f invests in period 2, its expected gross payoff is

E[πf2 | af2 = 1] = (1− γ2) pπ + γ2 pπ
(
(1− p) + pλ

)
= pπ − γ2p

2π(1− λ).

Therefore, the expected net payoff from investing is

E[πf2 | af2 = 1]− c = pπ − γ2p
2π(1− λ)− c.

Not investing yields payoff 0. In a symmetric mixed-strategy equilibrium with γ2 ∈ (0, 1), the firm
must be indifferent between investing and not investing, so

pπ − γ2p
2π(1− λ)− c = 0,

which implies
γ2 =

pπ − c
p2π(1− λ)

.

This mixed-strategy equilibrium exists (i.e., γ2 ∈ (0, 1)) provided

pπ((1− p) + pλ) < c < pπ,

since pπ((1− p) + pλ)− c is the net payoff from investing when the rival invests for sure and pπ− c
is the net payoff from investing when the rival never invests. Equivalently, the condition for λ is

λ <
c− pπ(1− p)

p2π
≡ λ∗2.

If c ≤ pπ((1 − p) + pλ), then investing is a best response even when the rival invests for sure and
the unique equilibrium is (aA2, aB2) = (1, 1). If c ≥ pπ, investing is never profitable and the unique
equilibrium is (aA2, aB2) = (0, 0).

For λ < λ∗2 there are also two asymmetric pure-strategy equilibria in the period-2 subgame for
(aA1, aB1): (1, 0) and (0, 1).

Other Firm Invested in Period 1 Suppose firm −f invested in period 1 (so a−f1 = 1), then it
is only a deterministic decision for firm f in period 2. If there was no disclosure, firm f invests if

pπ
(
(1− p) + pλ

)
≥ c.

If disclosure occurs (probability α), firm f observes s−f ∈ {0, 1}. In period 2, firm f chooses
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whether to invest, af2 ∈ {0, 1}. Conditional on s−f , the expected net payoff from investing is

E[πf2 | s−f = 0, af2 = 1]− c = pπ − c, E[πf2 | s−f = 1, af2 = 1]− c = pπλ− c.

Firm f observes s−f with disclosure probability α. If disclosure occurs, the period-2 best response
is

af2 =

1, if s−f = 0

0, if s−f = 1

because pπλ < pπ
(
(1− p) + pλ

)
< c or equivalently λ < λ∗2

If disclosure does not occur (probability 1 − α), firm f compares the expected net payoff from
investing,

E[πf2 | af2 = 1]− c = pπ
(
(1− p) + pλ

)
− c,

to zero. Hence without disclosure,

af2 = 1 ⇐⇒ pπ
(
(1− p) + pλ

)
≥ c.

If λ < λ∗2 this condition is not satisfied and the firm does not invest.

Continuation values in period 2: If neither firm invested in period 1, then period 2 is the
simultaneous-move subgame. In the symmetric mixed equilibrium of that subgame, each firm is
indifferent between investing and not investing, and the payoff from not investing is 0. Hence each
firm’s equilibrium continuation value in this branch is 0.

If instead one firm invested in period 1, the other firm is a follower in period 2. Under pπ
(
(1−

p) + pλ
)
< c < pπ, without disclosure the follower does not invest. With disclosure, the follower

observes s−f and invests if and only if s−f = 0 (since pπ − c > 0 and pπλ− c < 0). Therefore, the
follower invests with probability α(1− p) and, conditional on investing, obtains expected net payoff
pπ − c. The follower’s expected period-2 payoff (gross of discounting) is

V F = α(1− p)(pπ − c).

C.3.2 Period 1

Assume ρ = 0 and consider the “competition” parameter region

pπ
(
(1− p) + pλ

)
< c < pπ,

so investing is profitable if the rival certainly does not invest, but unprofitable if the rival certainly
invests.

Let γ1 denote the probability the rival invests in period 1 in a symmetric mixed equilibrium.
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Expected payoff from investing in period 1: If firm f invests in period 1, its expected period-1
gross payoff given rival investment probability γ1 is

E[πf1 | af1 = 1] = (1− γ1)pπ + γ1pπ
(
(1− p) + pλ

)
= pπ − γ1p

2π(1− λ).

For the period-2 payoff, if the rival also invested in period 1 (probability γ1), firm f ’s expected
period-2 payoff is

pπ
(
(1− p) + pλ

)
.

If instead the rival did not invest in period 1 (probability 1− γ1), the rival is the potential follower
in period 2. Whenever sf = 1 the follower does not enter (either because it observes sf = 1 and
stays out, or because without disclosure it does not enter at all), so firm f receives the monopoly
payoff π whenever it succeeds. Thus the expected period-2 payoff in this branch is pπ. Hence the
expected discounted period-2 payoff is

δ
[
γ1 pπ

(
(1− p) + pλ

)
+ (1− γ1) pπ

]
= δ pπ

(
1− γ1p(1− λ)

)
.

Combining,
U I1 (γ1) =

(
pπ − γ1p

2π(1− λ)− c
)

+ δ pπ
(

1− γ1p(1− λ)
)
. (8)

Expected payoff from waiting in period 1. If firm f waits in period 1, then with probability
1−γ1 the rival also waits and the period-2 subgame payoff is 0 in the symmetric mixed equilibrium.
With probability γ1 the rival invested in period 1 and firm f is the follower in period 2, yielding
(gross) continuation value V F = α(1− p)(pπ − c). Therefore

UW1 (γ1) = δ γ1 α(1− p)(pπ − c). (9)

Symmetric mixed equilibrium in period 1. A symmetric mixed equilibrium with γ1 ∈ (0, 1)

satisfies indifference:
U I1 (γ1) = UW1 (γ1).

Using (8)–(9) and collecting terms yields

pπ(1 + δ)− c = γ1

(
p2π(1− λ)(1 + δ) + δ α(1− p)(pπ − c)

)
,

so
γ1 =

pπ(1 + δ)− c
p2π(1− λ)(1 + δ) + δ α(1− p)(pπ − c)

.

In the region where this expression lies in (0, 1), the period-1 stage game also admits the two
asymmetric pure equilibria (1, 0) and (0, 1).
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C.4 Proposition 4

From the equation for γ1 above, the numerator does not depend on α and the denominator is
increasing in α because pπ − c > 0. Thus, we have

∂γ1

∂α
< 0.

C.5 Proof of Proposition 5

In this proof we set λ = 1, so that there is no product-market competition and delay arises only
through informational free-riding. We also adopt the welfare criterion described in the main text:
social welfare is the sum of firms’ expected discounted payoffs and consumer surplus from successful
innovation. Let s > 0 denote the consumer surplus generated by a successful project in the period
in which that success is realized.

We impose the following conditions:

pπ − c > 0, (10)

(ρ+ (1− ρ)p)π − c > 0, (11)

(1− ρ)pπ − c < 0, (12)

δp [(ρ+ (1− ρ)p)π − c] > pπ − c. (13)

Condition (10) ensures that investment is ex ante profitable. Conditions (11) and (12) imply that,
under full disclosure, a firm that waits until period 2 finds it optimal to invest after observing a
successful rival signal but not after observing an unsuccessful rival signal. Condition (13) ensures
that, under full disclosure, waiting is privately optimal when the rival invests in period 1.

We characterize equilibrium behavior under α = 0 and α = 1.

Case 1: α = 0. If a firm invests in period 1, its expected payoff is

pπ − c.

If instead it waits until period 2, then because there is no disclosure it cannot condition its decision
on the rival’s signal, so its expected payoff from waiting is

δ(pπ − c).

By (10) and δ < 1, we have
pπ − c > δ(pπ − c).

Thus investing in period 1 strictly dominates waiting, regardless of the rival’s action. Hence under
α = 0 both firms invest in period 1.
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Social welfare under α = 0 is therefore

W (0) = 2(pπ − c) + 2ps. (14)

The first term is total firm surplus and the second term is total consumer surplus, since both firms
invest immediately and each succeeds with probability p.

Case 2: α = 1. Now suppose disclosure is perfect. Consider a firm whose rival invests in period
1. If the firm waits, then after observing a successful rival signal its posterior success probability is

Pr(sf = 1 | s−f = 1) = ρ+ (1− ρ)p,

whereas after observing an unsuccessful rival signal its posterior success probability is

Pr(sf = 1 | s−f = 0) = (1− ρ)p.

By (11) and (12), the firm invests in period 2 if and only if it observes a successful rival signal. Its
expected payoff from waiting is therefore

δp [(ρ+ (1− ρ)p)π − c] .

By (13), this exceeds the payoff from investing immediately, pπ− c, when the rival invests in period
1.

If instead the rival waits, then investing in period 1 yields payoff pπ − c, whereas waiting until
period 2 yields only δ(pπ − c), which is strictly smaller by (10) and δ < 1. Hence if the rival waits,
it is optimal to invest immediately. It follows that under α = 1 there is a pure-strategy equilibrium
in which one firm invests in period 1 and the other waits until period 2 and invests only if the first
firm’s signal is successful.

Consider such an equilibrium. Welfare under α = 1 is

W (1) = (pπ − c) + δp [(ρ+ (1− ρ)p)π − c] + ps+ δp(ρ+ (1− ρ)p)s. (15)

The first term is the investing firm’s expected payoff in period 1. The second term is the waiting
firm’s expected discounted payoff in period 2: with probability p the first firm’s signal is successful,
in which case the second firm invests and has posterior success probability ρ+ (1− ρ)p. The third
term is consumer surplus from the first firm’s success, and the fourth term is discounted consumer
surplus from the second firm’s success.
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Subtracting (15) from (14) yields

W (0)−W (1) = [2(pπ − c) + 2ps]− [(pπ − c) + δp ((ρ+ (1− ρ)p)π − c) + ps+ δp(ρ+ (1− ρ)p)s]

= (pπ − c)− δp [(ρ+ (1− ρ)p)π − c] + p [1− δ(ρ+ (1− ρ)p)] s. (16)

Since δ < 1 and ρ + (1 − ρ)p ≤ 1, the coefficient on s in (16) is strictly positive. Therefore
W (0) > W (1) whenever

s >
δp [(ρ+ (1− ρ)p)π − c]− (pπ − c)

p [1− δ(ρ+ (1− ρ)p)]
. (17)

Under (13), the numerator in (17) is positive, so this is a non-empty restriction.
Hence there exists a set of parameter values satisfying (10)–(13) and (17) for which

W (0) > W (1).

In particular, full disclosure yields lower welfare than no disclosure. It follows immediately that
α = 1 cannot be socially optimal. Therefore the socially optimal disclosure probability satisfies

αSP < 1.

Mixed-strategy equilibrium. The welfare result also extends to the mixed-strategy equilibrium
under α = 1. Suppose firms mix in period 1 and invest with probability γ ∈ (0, 1). There are three
possible outcomes.

With probability γ2, both firms invest in period 1, yielding welfare W (0) as defined in (14).
With probability 2γ(1 − γ), exactly one firm invests in period 1, yielding welfare W (1) as defined
in (15). With probability (1− γ)2, both firms delay and invest in period 2. In that case, welfare is
simply the discounted version of the immediate-investment benchmark, δW (0).

Hence welfare in the mixed-strategy equilibrium is

WM (1) = γ2W (0) + 2γ(1− γ)W (1) + (1− γ)2δW (0). (18)

Subtracting (18) from W (0) yields

W (0)−WM (1) = γ2
[
W (0)−W (0)

]
+ 2γ(1− γ)

[
W (0)−W (1)

]
+ (1− γ)2

[
W (0)− δW (0)

]
= 2γ(1− γ)

[
W (0)−W (1)

]
+ (1− γ)2(1− δ)W (0). (19)

Since γ ∈ (0, 1) and δ < 1, the second term in (19) is strictly positive. Moreover, under the
condition derived above that W (0) > W (1), the first term is also strictly positive. It follows that

W (0) > WM (1).
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Thus, even when firms mix in equilibrium under full disclosure, welfare is strictly lower than
under no disclosure. Therefore α = 1 cannot be socially optimal, implying αSP < 1.
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