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Abstract

This paper uses an abductive approach to examine whether for-profit and non-

profit organizations’ clinical drug trials provide true efficacy evidence or instead suggest

“p-hacking” through ad hoc design and reporting choices. Pharmaceutical scandals,

replication failures, and political rhetoric have generated speculation that profit incen-

tives impede scientific veracity, but our analysis of 699 Phase 2 oncology trials show

no evidence of this. Using “p-curve” and caliper tests, we identify no suspicious trial

results patterns in for-profit firms, but do see suspicious p-value bunching in non-profit

research unattributable to file drawer problems. We propose theoretical explanations

that both effective regulatory design and the motivation of private sector scientists and

managers help align private sector interests with public health and scientific progress.
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1 Introduction

Concerns about evidential value in scientific research have grown as recent papers high-

light irreproducible results (Collaboration et al. 2015, Camerer et al. 2016) and even out-

right fraud (Simonsohn 2013). These specific cases echo broader concerns across fields

(Simmons et al. 2011, Bettis 2012, Harvey and Liu 2020, Simmons and Simonsohn 2017)

about the proportion of existing empirical research that reflect meaningful patterns and

relationships, as opposed to what Goldfarb and King (2016) call “scientific apophenia”,

finding connection or meaning in unrelated things. The movement to replicate existing

results has recently expanded to biomedical sciences such as cancer biology. Spurred by

some drug companies’ discovery of widespread failed replications (Begley and Ellis 2012),

a scientific team launched systematic attempts to reproduce important published cancer

biology results with little success (Nosek and Errington 2017, Errington et al. 2021). Be-

cause of the difficulty of replicating oncology studies, however, the evidential value of the

broader body of clinical research remains uncertain.1

These replication attempts in basic science raise at least two important questions for

those studying the management of technology in clinical research. First, do clinical drug

trials data really provide consistent evidential value, or is the regulatory oversight of gov-

ernment agencies such as the U.S. Food and Drug Administration (FDA) no longer effective

in an ecosystem where firms that internally develop, test, and then market medical treat-

ments have become less common? Their replacement by markets for technology in drug

development and testing has generated strong short-term incentives for research success

through structures that include joint ventures, licensing, contracting research organiza-

tions, and acquisitions (Macher and Boerner 2012, Ceccagnoli et al. 2018, 2010, Arora

et al. 2009, Mindruta et al. 2016),2 that may not be accounted for in long-standing regu-

latory processes.

Second, what might be driving possible validity problems? Is it, for example, poten-

tially perverse incentives in for-profit firms such as biotechnology or big pharmaceutical

1See King et al. (2021) for a discussion of the challenges of replication across fields.
2This shift parallels a cross-sector trend in markets for technology development (Arora et al. 2001, 2004,

Arora and Gambardella 2010, Conti et al. 2013).
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companies (Bryan et al. 2020), the latter of which Senator Elizabeth Warren claimed “care

about only one thing: raking in profits on the backs of patients.”3 Prior research from

other industry sectors has indeed found higher levels of misconduct in for-profit firms

than their government and non-profit counterparts (Bennett et al. 2013, Pierce and Tof-

fel 2013, Becker and Milbourn 2011, Burbano and Ostler 2020, Ody-Brasier and Sharkey

2019). High-profile scandals such as the Novartis acquisition of AveXis (Dyer 2019) and

the suspect evidence behind approval of Biogen’s Alzheimer’s drug Aduhelm support sim-

ilar arguments made by some public figures and scientific researchers (Bekelman et al.

2003, Montaner et al. 2001, Ridker and Torres 2006).

We have neither consistent evidence nor strong theoretical priors to answer these ques-

tions. Scientists and managers in for-profit firms, for example, have complex motivations

for their work, such that their intrinsic and prosocial motivations to conduct quality life-

saving science may dwarf most financial considerations in daily research decisions (Roach

and Sauermann 2010, Stern 2004, Sauermann and Cohen 2010, Burbano and Ostler 2020,

Bryan and Williams 2021). Similarly, reputational costs such as those currently threaten-

ing Biogen based on ad hoc design choices in their Aduhelm trials may weaken or reverse

incentives to produce successful clinical trials for ineffective drugs. In addition, biomedi-

cal research scandals are hardly limited to for-profit companies4, so the financial incentives

for research manipulation in non-profits and government may be high as well (Bryan and

Williams 2021), particularly when it aids publication and access to grants.

Given this theoretical uncertainty, we attempt to shed light on both of these questions

by adopting what King et al. (2021) refer to as an “abductive” approach. We use de-

tailed clinical trials data to provide a plausible direction for how future research might

best parse out true evidential value from results that precipitate from discretionary deci-

sions that Gelman and Loken (2014) call “the garden of forking paths.” More specifically,

we empirically test whether the distribution of p-values from reported critical test statis-

tics in clinical drug trials is indistinguishable from the distribution of results that would

be produced with true effects. The distribution of reported effects, known as a “p-curve”

3Facebook post, January 3, 2019, 11:15AM.
4https://www.npr.org/2019/03/25/706604033/duke-whistleblower-gets-more-than-33-million-in-

research-fraud-settlement
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(Simonsohn et al. 2014a), can be compared against a precisely known counterfactual dis-

tribution of p-values for a true effect of a given statistical power level. The intuition is

that an aggregation of clinical trial p-curve data will display insufficient right skewness

if the data lacks true evidential value because statistical tests of data with an underlying

true treatment effect generate far more very low p-values (e.g., 0.01) than higher p-values

(e.g., 0.04 or 0.05).

In contrast, if there is no true treatment effect of drugs in a set of clinical trials, the ex-

pected p-curve is flat because marginal p-values near the p=.05 level are over-represented

compared to a true effect’s theoretical distribution. This methodology cannot detect so-

phisticated data fabrication that produces very low p-values, and therefore cannot prove

or disprove all misconduct, but it can point to a common problem in research validity –

“p-hacking” – through conscious or unconscious researcher choices that help achieve tra-

ditional “statistical significance” cutoffs such as p < .05.5 For example, researchers might

make ad-hoc or post-hoc sample, specification, study length, or measurement adjustments

to meet p-value thresholds. A key benefit of our approach is that the precise counterfactual

provides high statistical power for even small samples of test statistics.

We implement this methodology by examining FDA Phase 2 clinical trials for testing the

efficacy of oncology agents designed to treat cancer. We focus on this setting for multiple

reasons. First, oncology drugs have the lowest likelihood of FDA approval (6.2%) after

entering Phase 2 among all therapeutic categories (Hay et al. 2014). Second, an inordinate

number of positive results for Phase 2 clinical trials do not translate into positive Phase 3

results (Zia et al. 2005), which raises concerns about evidential value. Third, successful

Phase 2 trials may lead to acquisition for many firms prior to entering Phase 3, yielding

strong incentives for success. It is for these reasons that the Associate Vice Chancellor

at a top U.S. medical school, an expert on the commercialization of medical technology,

recommended we study Phase 2 oncology trials.6

Pharmaceutical drug trials in areas such as oncology also provide a variety of orga-

nizational types to test our second research question – whether profit incentives for ap-

5This journal is among a growing number that eliminates notation in empirical analyses specifically
identifying results that achieve ”statistical significance” (e.g., p < 0.05, p < 0.01, etc.).

6These are the only data that were collected, cleaned, and analyzed as part of this project.
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proval potentially weaken evidential value. For-profit firms, non-profit medical centers,

and government universities and agencies7 all use the same scientific processes and regu-

latory protocols during clinical trials. We collected test statistics and p-values from Phase

2 oncology cancer clinical trials posted on clinicaltrials.gov and, where available, supple-

mented with manual scraping of published abstracts from clinicaltrials.gov and opentri-

als.net8 (Goldacre and Gray 2016). Each trial was categorized by lead sponsor (for-profit

versus non-profit), presence of a collaborating organization, presence of randomization,

and establishment of a data monitoring committee as well as sub-categorized as large

pharmaceutical company, biotechnology company, and university lead sponsor. P-values

were aggregated into p-curves and compared with the expected counterfactual.

We first demonstrate that p-curves cast little doubt over the evidential value of the

sample of oncology clinical trials with p-values below 0.05. More specifically, our p-curve

analysis shows little evidence of p-hacking or other data manipulation in the studies. In

addition, we find statistically equivalent evidential value for for-profit firms, trials without

randomization, or trials lacking certain data monitoring controls. Additional caliper tests,

however, show a suspiciously high frequency of p-values just below the 0.05 threshold.

Exploiting the Food Drug Administration Amendments Act (FDAAA) of 2007 that required

most clinical trial results to be disclosed, we show evidence that while this bunching almost

certainly reflects the file-drawer problem of not reporting values above 0.05, there is still

bunching in non-profit studies following mandatory disclosure. This suggests that non-

profits, not for-profit firms, are the organizational type more likely to be p-hacking results.

Our results are consistent with arguments that for-profit firms play an important role in

addressing society’s “grand challenges” (Agarwal et al. 2021), and suggest that FDA regu-

latory oversight as well as other motivations are sufficient to ensure that profit incentives

do not undermine oncology clinical trials. Although this research cannot prove evidential

value in clinical trials, nor empirically separate the mechanisms that ensure it, we feel

7To simplify terminology, going forward in the paper we will collectively refer to public government
agencies (e.g., National Institute of Health), private non-profit organizations (e.g., St. Jude Children’s
Research Hospital), and private non-profit research universities (e.g., Johns Hopkins University) as ”non-
profits” in contrast to for-profit firms (e.g., Biogen) unless specifically sub-categorized.

8Results are often not posted on clinicaltrials.gov, but it is possible to identify published studies associated
with a clinical trial. Since the main results of a study are typically reported in published abstracts, we
manually scraped abstracts for results and p-values.
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it is an important first step in directing future research given the high costs and ethical

concerns in replicating oncology clinical trials.

This paper contributes to multiple literature streams. First, the paper increases confi-

dence that the powerful incentives in markets for technology are not corrupting the pro-

cess of developing and approving new drugs (Agarwal et al. 2021). Second, our results

inform the corporate misconduct literature on conditions where the incentives and oppor-

tunity for misconduct are likely to generate malfeasance (Greve et al. 2010, Bennett et al.

2013, Pierce and Snyder 2012, Mohliver 2019, Luca and Zervas 2016, Jeong and Siegel

2018). Of specific relevance are papers on the effects of corporate governance and regula-

tory monitoring on employee behavior (Flammer 2013, Johnson 2020, Levine et al. 2012,

Gartenberg and Pierce 2017). Our results suggest that a socially irresponsible strategy of

data manipulation is not widely viewed as viable in the pharmaceutical and biotechnology

industry as it might be in others.

Third, the paper contributes to a growing literature utilizing the p-curve methodology

to investigate evidential value (Simonsohn et al. 2014a, 2015, 2014b, Simonsohn 2013,

Simmons and Simonsohn 2017) by showing its potentially important application in the

medical sciences. Fourth, the paper also broadly contributes to the innovation literature on

public versus private innovation (Nelson 1959), industry-public R&D collaboration (Cock-

burn and Henderson 1998), and R&D alliances (Dunlap-Hinkler et al. 2010, Hoang and

Rothaermel 2005, Sampson 2007).

Finally, the paper contributes to general research on organizational heterogeneity in the

medical industry (Greenwood et al. 2017) as well as specific research on how regulation

and incentives affect R&D output in the pharmaceutical industry (Branstetter et al. 2016).

Our results indicate the efficacy of oversight by the Food and Drug Administration (FDA)

in avoiding disproportionate research fraud and manipulations by for-profit organizations

evident under other regulatory regimes (Hvistendahl 2013). In addition, the presence of

low success rates in subsequent clinical trial phases may reflect that this type of science is

simply hard and not that the earlier results were manipulated.
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2 Research Setting

Our study context is a highly uncertain step in the drug R&D process - Phase 2 clinical

trials. Clinical trials utilize interventions on human subjects to test the safety and efficacy

of drugs, medical devices, and medical procedures9. A medical researcher – called the

principal investigator – generally leads clinical trials with support from a team of medical

doctors, researchers, nurses, and administrative staff. Sponsors for the trials vary between

for-profit firms in the pharmaceutical or biotechnology industries (e.g., Pfizer or Biogen),

academic institutions (e.g., medical universities), and government agencies (e.g., National

Institute of Health (NIH) or Walter Reed National Medical Center). The location and length

of the trial are largely dependent on the leading organization and type of intervention. The

ideal clinical trial protocol involves randomization of the intervention between a treatment

and control group in a double-blind study where neither the patient nor the investigators

know in which group (treatment or control) any specific patient resides. However, there

is heterogeneity in the protocol based on the type of organization and intervention due to

practical and ethical considerations. For instance, certain invasive interventions such as

surgery make it impossible to realistically generate a placebo or double-blind group.

[Figure 1 about here.]

The Food and Drug Administration (FDA) oversees the control and supervision of phar-

maceutical drugs in the United States. A key aspect of any new drug application involves

“substantial” evidence of drug effectiveness through clinical trials. According to the FDA

website, clinical trials consist of four sequential phases that differ in the number of par-

ticipants, length, purpose, and expected approval rates as shown in Figure 110. Phase

1 clinical trials aim to understand the safety and dosage of the drug on anywhere from

twenty to one hundred participants. Results from this phase inform researchers on the

effects of certain dosages as well as initial indications of overall efficacy to aid in the de-

sign of subsequent phases. Phase 2 increases the number of participants (up to several

hundred) and can last multiple years. The joint goals of Phase 2 are to gather additional

9https://clinicaltrials.gov/ct2/about-studies/learn
10https://www.fda.gov/ForPatients/Approvals/Drugs/ucm405622.htm
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information on drug safety while establishing potential efficacy. In addition, Phase 2 can

inform the design of Phase 3 protocols, should safety and efficacy be established. Phase 3

includes up to three thousand patients, lasts up to four years, and provides not only treat-

ment efficacy but also drug safety data. This is viewed as the critical phase on the path to

drug approval. Phase 4, the last clinical trial phase, occurs after FDA approval with several

thousand participants for post-market safety monitoring. The FDA implemented registra-

tion requirements on clinicaltrials.gov in December 2007, leading to over 300K registered

studies on the site since 2000 as shown in Figure 2.

[Figure 2 about here.]

Oncology clinical trials study cancer treatments including radiation, chemotherapy, and

other drugs such as monoclonal antibodies and immunotherapy. Many oncological diseases

are relatively rare and classified as orphan diseases because they affect less than 1 in 1500

people in the United States. Oncology drugs have the lowest likelihood of FDA approval

(6.9%) when entering Phase 2 clinical trials of all therapeutic categories (Hay et al. 2014).

In addition, positive Phase 2 clinical trial results for chemotherapy - an important oncology

treatment - many times do not translate into positive Phase 3 results (Zia et al. 2005).

The combination of these clinical trial difficulties show that oncology research and R&D

spending have a high level of uncertainty.

Multiple levels of control are instituted to ensure not only the safety of patients but

also the efficacy of the trial results. The FDA requires Institutional Review Boards (IRBs)

to review, approve, and monitor clinical trials for ethical and safety considerations of par-

ticipants. In addition, many clinical trials establish Data Monitoring Committees (DMCs)

made up of members of the scientific community to help ensure clinical trial integrity. De-

spite the controls in place by the FDA and the organization performing the clinical trial,

opportunities may arise for individuals to manipulate the clinical trial process.

One way in which researchers can affect results is through fraudulent acceptance of

patients into a study. Another method of manipulating results is by adding data left blank

by participants in the trial (Buyse et al. 1999). Organizations can also encourage pa-

tients to drop out of studies if they are demonstrating adverse effects. A more drastic
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manipulation of clinical trial results is through total fabrication of patients and/or chang-

ing patient data. Opportunities to commit misconduct are available to lead investigators,

doctors, nurses, and staff based on access to patients and records throughout the clinical

trial process. In addition, researchers commonly have discretion in including or excluding

additional control variables in the analysis. Similarly, researchers may purposely select

empirical specifications that achieve specific significance thresholds (e.g., 0.05), leading

to more likely publication (Albarqouni et al. 2017). Reported results can also be subtly

manipulated by selectively reporting p-values when a subset of results are not within the

traditional cutoffs of statistical significance (Dechartres et al. 2016).

An additional and simpler method is to simply shorten or extend the timeframe of the

study to achieve certain p-value thresholds. The recent example of this may be Biogen’s

expensive Alzheimer’s drug Aduhelm. The US Food and Drug Administration (FDA) pro-

vided accelerated approval for Aduhelm despite strong objections from the scientific com-

munity. This approval came only after the company reversed its previous conclusion of

inefficacy, having reanalyzed trial data after adjusting several key test parameters. The ad

hoc analysis choices were so concerning that the FDA’s advisory panel nearly unanimously

recommended rejection. Similarly, prominent institutions such as Cleveland Clinic and the

Veteran’s Administration declared they would not provide or reimburse the treatment, and

the US Department of Health and Human Services Inspector General’s office announced

an investigation of the approval process.11

[Figure 3 about here.]

Researchers disseminate clinical trial results through multiple channels. Results can be

posted to clinicaltrials.gov, including detailed statistical analysis of clinical trials. Clinical

trial results are also published in academic journals with more extensive descriptions of

methods and statistical analyses of results. In the absence of requirements to post or

publish information from failed clinical trials, 60% of such trials started between 1998

and 2008 were not published due to lack of requirements and financial incentives (Hwang

et al. 2016). This is evident in the comparison of registered studies in Figure 2 compared

11https://www.statnews.com/pharmalot/2021/08/04/fda-biogen-alzeheimers-hhs-oig/
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to clinical trials with results posted in Figure 3. Although attrition is likely to occur due to

abandoned studies or time lags (registered studies not yet complete), a large proportion

of the studies not posted are likely due to lack of efficacy in results. Two subsequent laws

increased requirements to not only post clinical trial information on clinicaltrials.net but

also required posting certain results. The first law required any study completed on or after

December 27, 2007 to publish results if the trial involved approved, licensed, or cleared

products and was in Phase 2 or later. In addition, the International Committee of Medical

Journal Editors (ICMJE) began requiring clinicaltrials.gov registration for publication in

journals. The second law required any study completed after January 18, 2017 to publish

results no matter the nature of the product for trials in Phase 2 or later. The lack of

publication requirements prior to December 2007 creates a potential file drawer problem,

making it difficult to know the true distribution of results for any trials completed before

that time. In addition, the lack of a requirement covering all trials completed before

January 2017 leads to ambiguity in the magnitude of the file drawer problem for trials

before that time. One of the strengths of our p-curve research design is that it validly

tests evidential value despite file drawer problems. We will address these concerns in our

broader analysis and exploit the nature of mandatory disclosure in our empirical methods.

3 Methods and Data

3.1 Empirical Approach

We first utilize the p-curve methodology (Simonsohn et al. 2014a,b, 2015, Ulrich and

Miller 2018) to establish the likelihood of evidential value in oncology trials across multiple

organizational forms. The methodology assumes (but doesn’t require) that publication bias

will censor results that do not achieve the conventional cutoff of statistical significance with

a p-value < 0.05 based on the aforementioned file drawer problem. Thus, only p-values

that meet this criteria are included in the analysis.

A p-value tells us how likely we are to observe a value that extreme given the null

hypothesis of no true effect. For instance, a p-value of 0.01 means there is only a 1%
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chance of observing that extreme of an estimated effect in the data if there is actually

none present. If we are to imagine that the null hypothesis is actually true, we expect

to equally observe values in any given p-value bin. For example, we expect to observe

0.01 < p ≤ 0.02 the same amount as 0.02 < p ≤ 0.03 because each are equally 1%

likely if there is no actual effect. Thus, the expected p-curve with no actual effect is flat.

However, imagine that the null hypothesis is not true and that there is an actual effect.

We expect to observe a right-skew in the p-curve such that there are more p-values where

0.01 < p ≤ 0.02 than 0.02 < p ≤ 0.03. In other words, we expect more studies that

find strong evidence of a true effect than weak evidence of a true effect (Simonsohn et al.

2014a). More specifically, a highly right-skewed distribution of p-values reveals a low

probability of the lack of evidential value in a given set of studies examined using the p-

curve methodology. A summary of the analyses described in the paragraphs to follow is

summarized in Figure 4.

[Figure 4 about here.]

After aggregating p-values from a set of research studies and calculating their z-scores12,

we use Stouffer’s method yielding an overall chi-squared value for the curve’s skew. The

significance of this test allows us to test against the null hypothesis that the p-curve has

no right skew. However, merely having a right skew does not rule out a lack of eviden-

tial value because mild p-hacking will still display a smaller right-skew yet lack evidential

value. Thus, we need to also compare the observed p-curve with a conservative expec-

tation of skewness. Simonsohn and coauthors (Simonsohn et al. 2014a) suggest using

expected skewness with 33% power because studies of such power fail 2 out of 3 times.

We adopt this choice and test whether the observed p-curve is significantly flatter than an

expected p-curve with 33% power. Any p-curve with a flatter skew is determined to lack

evidential value. Analyzing our data for lack of evidential value based on a counterfactual

skewness of 33% power provides a conservative test of the data lacking evidential value.

It is important to note what we can and cannot infer using the p-curves methodology.

First, we can only generate evidence for the lack of evidential value—that selective report-
12Z-scores are the t-statistic for the associated p-values in studies. Z-scores as standardized scores allow

us to make comparisons across studies.
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ing is not the sole reason for the findings—and not specific reasons why a set of studies

may lack evidential value. We have described multiple ways in which researchers and

the publication process may affect the evidential value of published results (Simonsohn

et al. 2014a) including the file drawer problem and p-hacking (both conscious and sub-

conscious) as two possibilities. Outright data fabrication is another. Thus, finding a lack of

evidential value does not allow for definite proof of the underlying causes but rather the

potential for discussion and future research to uncover such mechanisms. It is important

to note that not finding a lack of evidential value using the p-curves methodology alone

cannot rule out any of these possible behaviors. Finally, p-curves are also not a test of the

validity of underlying theory but rather a test of the supporting data.

Next, we make direct comparisons between p-curves (e.g., between for-profit and non-

profit sponsors). We earlier introduced anecdotal evidence suggesting that opportunity

and incentive for misconduct may differ across lead sponsor’ organizational form as well

as with clinical trial attributes such as monitoring controls. Therefore, we compare the chi-

squared value of the p-curve skew across organizational forms to determine if clinical trials

with non-profit sponsors are significantly more right-skewed than for-profit and clinical

trials with data monitoring committees (DMCs) are significantly more right-skewed than

those without DMCs.

Finally, we analyze clinical trial results around the critical p-value of 0.05. This gen-

erally accepted cutoff is often utilized as a main factor in determining if the treatment is

efficacious or if the results will be published in medical journals. Thus, researchers may

be incentivized to have results slightly under this critical value compared to slightly above.

Following Gerber and Malhotra (2008), we implement caliper tests to determine if there

is evidence of significant bunching of results just under the p-value of 0.05 compared to

just above. This method utilized the trial results’ z-score within a specified caliper around

the threshold z-score value of 1.96, which corresponds to the two-sided p-value of 0.05.

We adopt the calipers of 5%, 10%, and 15%13 from Gerber and Malhotra (2008) as well as

their assumption that we should expect to see an equal number of studies above and below

13A 5% caliper means the lower interval ranging from z-scores of 1.96*0.95 to 1.96, and the upper interval
of z-scores from 1.96 to 1.96*1.05.
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the critical value within these calipers. One issue with this methodology in our setting is

that suspicious bunching below the critical value may be obscured by the file drawer prob-

lem conflating possible manipulation with a lack of incentive to publish results above a

p-value of 0.05. Thus, we exploit the change in laws requiring the mandatory disclosure of

results for Phase 2 or later trials of approved, licensed, or cleared products with a primary

completion date after December 27, 2007.

We first analyze calipers for the entire sample and then reduce the sample to only

those requiring disclosure of results. We then extend the analysis by separating for-profit

and non-profit trials. The idea is that researchers may have placed studies with higher

p-values in the file drawer prior to the mandatory disclosure date but are required to

publish these results thereafter. If we find no significant difference between the number

of p-values above and below the critical value in the entire sample, this is evidence that

no manipulation is occurring around this important cutoff. If there is a difference, the

next step is to separately analyze before and after the requirement to publish results. If

we find a significant difference across this value before but not after the law then the

overall results are likely due to the file drawer problem in the early period. However, if

we find a significant difference both before and after then it is much stronger evidence

for suspicious bunching of results under the critical p-value that is not attributed to the

file drawer problem. Finally, we split the sample between for-profit and non-profit to

determine if evidence differs with respect to the source of suspicious bunching of results.

3.2 Data

This study utilizes results data for 699 phase 2 oncology clinical trials downloaded from

clinicaltrials.gov. When clinicaltrials.gov data did not contain all appropriate information

about the clinical trial, additional data was manually scraped from the publication ab-

stracts. For example, when the data did not identify if the treatment was randomized,

this information was gathered from corresponding published results, if available. Manual

scraping was necessary on 242 of the clinical trials14. The steps in the data gathering pro-

14In some studies, results were not available. For such studies we manually scraped test statistics and
p-values from abstracts of published studies. Some of the published studies were linked through clinicaltri-
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cess for the paper’s analysis along with sample size at each stage are summarized in Figure

5. We initially searched clinicaltrials.gov using MeSH (Medical Subject Headings)15 terms

to include all possible clinical trials in oncology across phases. From the initial 52,695 tri-

als, we narrowed our scope to include Phase 2, Phase 1/2 and Phase 2/3 trials, followed by

keeping only interventional trials, and trials that are complete, terminated, or withdrawn,

leaving us with 11,802 trials. The last completion date in the data when we downloaded

from clinicaltrials.gov was April 2017. Using results from clinicaltrials.gov we had an ini-

tial set of 494 trials, and data was supplemented with manual scraping for the remaining

trials from abstracts and opentrials.net. After removing duplicates, we ended up with 699

phase 2 oncology clinical trials.

[Figure 5 about here.]

We followed two similar yet slightly different criteria when generating the p-curve anal-

ysis sample versus the caliper test sample. We first explain the p-curve sample. Consistent

with prior work, we excluded studies where p-value intervals (e.g., p-value < 0.05) were

reported, or for p-values greater than 0.05. In addition, we kept only results associated

with efficacy because a significant trial result for safety may have a positive or negative

connotation depending on the safety outcome variable. The vast majority of results were

for efficacy. At this stage, we only focused on completed trials and excluded withdrawn,

terminated and suspended trials16. Thus, the 699 complete records were further reduced

to 293 by keeping all trials that had either primary or secondary outcomes with p-values

less than 0.05. Although many of the clinical trials in the final dataset had significant

primary (effect of intervention on disease) and secondary (other effects of intervention

such as side effects) outcomes, many had only one significant outcome. In fact, there were

202 trials with significant secondary outcomes and 188 with significant primary outcomes

als.gov, and additional abstracts were linked from https://opentrials.net/.
15MeSH terms used in the search for clinical trials: ”Cancer, Carcinoma, Carcinoid, Chemotherapy, Sar-

coma, Melanoma, Malignant, Lymphoma, Leukemia, Myeloma, Neoplasm, Polyp, Precancerous, Tumor,
Tumors, Tumour, cancer, carcinoma, carcinoid, chemotherapy, sarcoma, melanoma, malignant, lymphoma,
leukemia, myeloma, neoplasm, polyp, precancerous, tumor, tumors, tumour”.

16We initially collected these data to possibly explore heterogeneity on trial status. However very few of
these trials had their results reported for obvious reasons. Therefore, the study focuses only on trials that
were completed.

13



leading to a difference in the number of trials when analyzing primary and secondary out-

come data. The resulting dataset in Table 1 contains mean attributes of the individual

trials including efficacy of the treatment, lead sponsor organization, collaboration partner,

presence of data monitoring, and randomization of treatment. Appendix A Table A.1 con-

tains summary statistics for the main variables of the original and final clinical trial data

and reveals very little difference, providing evidence that selection is unlikely to be an

issue when reducing the sample.

The statistical p-value of the treatment effect from each trial was collected and ana-

lyzed. All outcomes are treated as continuous and categorized as primary or secondary

outcomes (Simonsohn et al. 2014a)17. The p-value of the primary outcome indicates the

efficacy of the trial’s results and is utilized by both the FDA and clinical trial sponsors to de-

termine the path forward. Efficacy is reported for both primary and secondary outcomes

where primary outcomes measure the effect of the treatment on the intended outcome

while secondary outcomes measure both anticipated and unanticipated side effects. The

analysis uses the first non-missing primary and secondary p-value in the analysis.

[Table 1 about here.]

All other variables are not directly associated with the efficacy of the clinical trial but

either allows the data to be categorized by organizational form or provides important

characteristics about controls associated with the trial. All clinical trials must have a lead

sponsor responsible for primary communication with the FDA and ultimately in control

of the clinical trial. We segregate lead sponsor by for-profit and non-profit organizations

(private non-profits, universities, and government agencies) where slightly over half of

trials have non-profit primary sponsors. Lead sponsors can have other sponsors or col-

laborators help administer the clinical trial. Once again, the collaborator may be either a

for-profit or non-profit organization and our data shows around twenty percent of trials

have non-profit collaborators and fifteen percent have for-profit collaborators. The lead

sponsor can also establish an external data monitoring committee (DMC) over the clinical

17Simonsohn et al. in their supplemental analysis show that treating discrete outcomes as continuous leads
to a loss in accuracy in the range of 0 to 3 percentage points. P-curve is primarily applicable to continuous
outcomes.
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trial. Around half of clinical trials in our data have DMCs. Finally, treatment in clinical

trials may or may not be randomized with just under half the trials in our data utilizing

randomization. Overall, the summary statistics in Table 1 reveal significant heterogeneity

in lead sponsor organizational form, collaborators, DMCs, and randomization for phase 2

oncology clinical trials in our data.

Our sample criteria for the caliper tests were similar but did not exclude p-values above

the p-value of 0.05. We first transformed the p-values to z-scores and reduced the sample

of all results based on one of three calipers: 5%, 10%, and 15%. For the 5% caliper,

only z-scores within 5% of the critical z-score associated with a p-value equal to 0.05

were kept in the sample. The 10% and 15% calipers follow the same methodology but

with an expanded sample due to the larger calipers. Finally, each trial was categorized by

whether it required posted results as determined by primary completion date (before or

after December 27, 2007) and whether the trial involved an FDA approved intervention

as indicated on clinicaltrial.gov. The final sample consisted of 108 trials in the 5% caliper

with 86 of those trials being required to post results and a split between for-profit versus

non-profit at 63 to 45. Expanding the calipers generated 219 results in the 10% caliper

and 333 results in the 15% caliper.

4 Results

4.1 P-curve Test for Evidential Value Within Organizational Form

We first test for the lack of evidential value in p-values within all organizational forms.

Results for the entire sample of primary outcomes in Figure 6 include three graphed lines.

The dotted line is the expected counterfactual if the treatment has no effect, where p-

values are uniformly distributed. The dashed line represents the counterfactual with low

power at 33%. Finally, the solid line represents the observed p-values from all primary

outcomes of oncology Phase 2 clinical trials in our final sample.

[Figure 6 about here.]
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We begin by testing if the observed curve is significantly right-skewed compared to the

null of no effect using Stouffer’s method after transforming the p-values into z-scores. The

observed curve is judged to be right-skewed if the half p-curve is significantly skewed at

the 5% level (p < 0.05) or the full p-curve and half p-curve are significantly skewed at

the 10% level (p < 0.10) (Simonsohn et al. 2014a,b). All criteria are met to show right-

skewness in the p-curve, which is also reflected in the visual representation of the data.

However, a right-skewed p-curve alone does not ensure evidential value. We next test the

null of 33% power, which provides a much higher bar for evidential value compared to the

null of no effect. We once again use Stouffer’s method after transforming the p-values into

z-scores to test the null hypothesis that the observed p-curve is flatter than the counter-

factual with 33% power. Results reject this null hypothesis, providing evidence that the

observed p-curve is at least as right-skewed as the counter-factual. The results of these

tests are summarized in the Figure 6 legend.

The intuition developed in previous sections is that there may be a difference between

the motivation and opportunity across organizational forms to explicitly or unknowingly

alter the evidential value of clinical trials. We first test if there is insufficient evidential

value in split samples involving the presence of a for-profit or non-profit primary sponsor.

Figures 7 and 8 analyze the stand-alone evidential value within these two organizational

forms. Figure 7 plots the null of no effect and the null of 33% power along with the

90 observed primary p-values where the lead sponsor is for-profit. A large proportion of

studies have strong p-value results—59% have a p < 0.01—providing visual evidence of a

strong right-skew. Statistical tests confirm that we can reject the null hypothesis that the

p-curve is flat as well as reject the null hypothesis that the p-curve is flatter than the null

of 33% power. Figure 8 plots the other 98 primary clinical trial results that are sponsored

by non-profit organizations. A lower proportion of values on the p-curve are below 0.02

but the curve still visually displays a right-skew. Statistical tests confirm this result and,

once again, confirm that we can reject the null hypothesis that the p-curve is flat as well

as reject the null hypothesis that the p-curve is flatter than the null of 33% power.

[Figure 7 about here.]
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[Figure 8 about here.]

We utilize the same methodology to test many different organizational forms as well

as combinations of organizational forms with data controls in Table 2. Additional individ-

ual p-curve graphs are located in Appendix A. Table 2 provides the analysis of nineteen

organizational form and clinical trial characteristic variations with primary clinical trial

outcomes. These results remove secondary results as they are more likely to reflect safety

data with ambiguity in the positive versus negative nature of the results. For instance, a

statistically robust result may indicate either an increase in an undesirable safety-related

outcome (e.g., serious neurological events) or an increase in a desirable outcome (e.g.,

decrease in infection). Thus, we limit our p-curves analysis only to non-safety related pri-

mary outcomes. The first three rows reflect the primary results that are shown in more

detail in Figures 6, 7, and 8. We further test collaborative clinical trials (row 4), single or-

ganization clinical trials (row 5), trials without data monitoring committees (DMCs) (row

6), and trials with DMCs (row 7), which are summarized in Table 2.

[Table 2 about here.]

We next test the evidential value of alliance subsets corresponding to the most fre-

quently occurring collaborative forms (rows 8-10): for-profit lead with for-profit partner,

non-profit lead with for-profit partner, and non-profit lead with non-profit partner. Once

again, all alliance forms reveal no indications of lack of evidential value in the underly-

ing clinical trial data utilizing the 33% power counterfactual. Next, we test subsets of

organizational forms that differ with respect to DMCs (rows 11-14). All reveal no indi-

cations of lack of evidential value when utilizing the 33% counterfactual. We note that

the subset of for-profit lead sponsored clinical trials with no data monitoring committees

where both the incentive (for-profit) and opportunity (no DMC) may be highest for trial

manipulation. However, results reveal the p-curve is the most right-skewed of any data

monitoring control subset. Next we test primary results subdivided by the presence of ran-

domization (rows 15-16), an important clinical trial protocol that may reflect underlying

pure scientific motivations. Results reveal no indications of lack of evidential value when

utilizing the 33% power counterfactual even with trials that do not contain randomization.
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Finally, we test more specific organizations within for-profit and non-profit organizations.

Profit incentives could differentially affect smaller biotechnology firms more than larger

pharmaceutical firms due to the higher likelihood of acquisition prior to commercializa-

tion. Additionally, university-led trials may differ from other non-profit clinical trials due

to career incentives. However, rows 17 and 18 reveal no indications of lack of evidential

value for large pharmaceutical and biotechnology firms utilizing the 33% counterfactual,

but surprisingly university-led trials are not statistically more skewed than the 33% coun-

terfactual. Potential reasons will be presented in the discussion section.

4.2 P-curve Comparison Across Organizational Forms

We next employ a more direct test of potential differences in evidential value across orga-

nizational forms and data controls in comparison to the indirect comparisons in Table 2.

While we are still comparing p-values across organizational forms, z-scores are useful to

compare as a standardized measure. We employ three tests: t-test, Kolmogorov-Smirnov

test (KS), and a Mann-Whitney test. The basic t-test tests the null hypothesis that the mean

values across comparison groups are equal. The KS test is a non-parametric test to deter-

mine if the distribution of two groups differ significantly. Lastly, the Mann-Whitney is also

a non-parametric test for the likelihood that a randomly selected value from one sample

will be less than or equal to a randomly selected value from the other sample. Table 3

summarizes these tests for a variety of comparisons.

[Table 3 about here.]

The analyses compare the p-curves of samples based on the comparison group binary

variable. For example, the first row compares the data subsample where only primary

outcomes are present in the data compared to the subsample where only secondary out-

comes are available. Not surprisingly, results reveal a meaningful difference (p ≤ 0.001)

in primary and secondary outcomes in all three tests, which is consistent with the expecta-

tion that primary outcomes are likely to have more right skew as compared to secondary

outcomes. Overall results show no meaningful difference in comparison groups with only
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a marginal difference (0.05 <p <0.10) in trials with collaborators (less skew and less

evidential value) compared to without collaborators.

4.3 Caliper Tests for P-value Manipulation Near Statistical Sig-

nificance Cutoffs

Our analyses thus far have used the sample of trial results below p = 0.05 to find no broad

support for clinical trials lacking evidential value as well as no evidence of meaningful

differences across key organizational forms. One advantage of this p-curve methodology

is that it is immune from the file drawer problem, where studies with p-values above 0.05

are never observed because they were never submitted or rejected for publication. Clinical

trials data, however, gives us the ability to estimate both the file drawer problem as well

as any ad hoc adjustments to achieve this threshold. If only those studies just above the

significance threshold (e.g., 0.05 < p < 0.06) are p-hacked such that they move slightly

below the threshold, then this manipulation would be under-detected in the full p-curve

analysis. Visual inspection of Figures 6, 7, and 8 suggests that there may be an excess

of p-values just below 0.05. We formally test the difference across these p-curve bins

with caliper tests and summarize the results in Tables 4, 5, 6, and 7 with corresponding

graphical representations in Appendix A.

Calipers of 5%, 10%, and 15% are analyzed and Table 4 shows the results for the entire

sample of clinical trial z-scores within each caliper. For example, the 5% caliper has 108

individual z-scores and the expectation is we will observe 54 results above the critical value

and the same number below the critical value. However, in reality we observe 65 values

above the critical value (below p=.05) compared to below. This difference has a p-value

of 0.042 compared to the null hypothesis that the bin on each side of the critical z-score

value will be equal. Results are much less precise when utilizing a 10% and 15% caliper

such that there is no meaningful difference between the groups. These results could be

consistent with either a file-drawer problem or p-hacking.

To separate these possible mechanisms, we reduce the sample in Table 5 to those trials

with mandatory disclosure as detailed in the methods section. If the caliper test results
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are explained by the file drawer problem, we should observe no differences in these trials

where this mechanism should not exist. Results in Table 5 show similar but smaller differ-

ences to those in Table 4, but with less precision due to a smaller sample. This suggests,

with low confidence, that file drawer problems do not explain bunching below p=0.05 in

the entire sample. Table 6 shows much weaker differences for for-profit firms that are di-

rectionally inconsistent across caliper widths. In contrast, table 7 shows much stronger and

consistent evidence that non-profit organizations have meaningful differences both before

and after mandatory disclosure. This suspicious bunching below the traditional statistical

cutoff after mandatory disclosure is less likely to be explained by the file drawer problem,

but we caution that the most precise 5% caliper test is underpowered to precisely test the

null hypothesis. We will discuss the interpretation of these results and potential causes in

subsequent sections.

[Table 4 about here.]

[Table 5 about here.]

[Table 6 about here.]

[Table 7 about here.]

5 Possible Explanations for Evidential Value Results

Results in the prior section reveal a few important and potentially surprising outcomes.

First, there is no indication of a lack of evidential value in the overall p-curve within any

of the primary organizational forms tested in the paper, nor are the p-curves of for-profit

firms identifiably different from those of non-profit sponsors. Second, caliper tests reveal

evidence of a file drawer problem that was partially resolved by changes in reporting re-

quirements. Finally, we find a suspicious level of bunching just under the p-value of 0.05

in non-profit organizations that cannot be fully accounted for by the file drawer problem,

while seeing no evidence of this in for-profit firms. Collectively these results are consis-

tent with strong evidential value in the overall body of Phase 2 oncology clinical trials,
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while also suggesting a small amount of post hoc decisions meant to reach the threshold

of p=0.05 occur only in non-profit research organizations. Overall, these results are in

contrast to many public arguments that for-profit pharmaceutical companies as well as

their clinical research cannot be trusted, even under the strict current regulatory regime of

the FDA. We now aim to explain why for-profit firms may perform equivalently or even bet-

ter than non-profit research organizations in oncology research, despite public perceptions

and academic research from other industries.

As we noted earlier, many public figures use anecdotal evidence to argue that the phar-

maceutical industry, along with other sectors, is willing to sacrifice the efficacy and safety

of its products in the name of profitability. The pharmaceutical industry has historically

suffered a public perception that it cares only for profit without concern for patients. Sena-

tor Bernie Sanders of Vermont, for example, stated that “the American People are sick and

tired of getting ripped off by the pharmaceutical industry which, next to Wall Street, is one

of the most powerful and greedy forces in our country”18. Recent price-gouging and collu-

sion scandals among generic producers (e.g., insulin) have seemingly strengthened public

perception. Observational evidence also argues that industry-funded trials are more likely

to generate statistically significant (Etter et al. 2007, Ioannidis et al. 2014, Stamatakis

et al. 2013) and pro-industry results (Sismondo 2008), and have primary outcome design

changes during the study timeframe (Ramagopalan et al. 2014). Yet these opinions and

data points are not consistent with our results, and thus raise questions about how strong

our theoretical priors should really be on profit incentives and evidential value of research.

There are theoretical arguments to raise suspicions about for-profit research. One argu-

ment is the moral hazard and strategic distortions presented in Bryan et al. (2020). Profit

incentives driving these market failures can disseminate to employees such as researchers,

such that individual members of for-profit organizations may have stronger financial in-

centives for success than their non-profit counterparts, which could generate increased

misconduct(Larkin and Pierce 2016). As Lacetera and Zirulia (2012) explain, even in the

absence of explicit incentives, expectations of behavior and achievement within for-profit

firms might similarly motivate rule-breaking and manipulation. Gartenberg and Pierce

18Opinion contribution to U.S. News and World Report on August 30, 2017.
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(2017) provide examples of both incentives and culture problems in mortgage lending

and securitization at Washington Mutual in the buildup to the 2008 financial crisis, where

internal documents revealed constant pressure to originate and securitize mortgages at any

cost. Supporting this argument is the possibility that knowledge workers may self-select

into organization types based on their own motivations (Roach and Sauermann 2010),

which may match financially-motivated scientists with financially-motivated for-profit re-

search organizations. Finally, the job mobility opportunities afforded to employees in for-

profit organizations (Mirvis and Hackett 1983) may lead to less individual accountability

for future failure and increase the incentive for misconduct.

There are industry details that also might support the argument that for-profit firms

seek to falsely generate successful Phase 2 clinical trials even if Phase 3 clinical trials

eventually fail. Markets for technology might generate significant financial incentives for

successful Phase 2 trials that include Phase 3 trial funding, leasing/purchasing of the spe-

cific drug, or acquisition by a larger pharmaceutical firm. Exit through acquisitions after

successful Phase 2 trials are common, especially with oncology drugs, and in fact constitute

the highest proportion of acquisitions for pre-FDA approved drugs19. Although acquiring

firms might tie elements of the contract to Phase 3 success, they can only partially do

so because the high uncertainty of oncology trials makes entirely conditional acquisition

contracts undesirable to risk-averse founders or to investors such as venture capitalists

wishing to extract and reinvest their equity shares. Consequently, contracts are far more

likely to combine guaranteed upfront payments with additional incentives for successful

development and approval milestones.20 Acquisitions after successful Phase 2 trials result

in significantly more guaranteed upfront payment compared to acquisitions after success-

ful Phase 1 trials. Oncology drug firms – the focus of our research – constitute the largest

single therapeutic acquisition category.

Yet there are strong reasons to question the theoretical argument that for-profit phar-

19http://www.trinitypartners.com/files/3314/8477/4446/Trinity Whitepaper Envisioning A Successful Exit.pdf
20For example, the privately held and venture-funded pharmaceutical firm Neurovance’s ADHD drug

(centanafadine) successfully completed Phase 2 clinical trials in 2016. The pharmaceutical firm Otsuka
bought Neurovance in a deal with a potential value of $250M. The acquisition is structured such that $100M
is paid upfront with an additional $150M based on development and approval milestones. Otsuka reported
positive initial Phase 3 clinical trial results for adults in June 2020 with pediatric Phase 3 trials in process.
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maceutical research should be less reliable. We are particularly skeptical of arguments that

scientists in for-profit firms care less or have weaker incentives to get research right. The

motivations of individual researchers are not as simple as profit incentives trickling down

to employees. Scientists tend to have high levels of intrinsic motivation irrespective of their

organizational form (Stern 2004) and choose to pursue scientific discovery for the joy of

knowledge discovery. Misconduct in scientific research might destroy the intrinsic motiva-

tion for many scientists, and behavior might be similarly constrained by strong scientific

norms and principles (Bryan and Williams 2021). Similarly, most scientists and executives

in all organizational forms likely care deeply about the long-term impact of their work

on healthcare outcomes, particularly for certain disease classes. In oncology research, for

example, facilitating the regulatory approval of ineffective treatments would almost cer-

tainly increase mortality and morbidity in cancer patients – outcomes that most industry

participants would abhor at any cost. Even without such strong norms and preferences, the

incentives to manipulate research outcomes are likely also diminished because of effective

monitoring and the career and financial costs of detection.

Furthermore, it is not theoretically obvious that scientists in for-profit firms would have

stronger incentives to produce false positive results than others. There are perhaps even

stronger incentives for research success in non-profit organizations such as universities

where scientists will not be simply redeployed by management from a failed drug devel-

opment project to another (Bryan and Williams 2021). Career incentives, reputation, and

status tied to scientific success may be as strong or potentially stronger in non-profit orga-

nizations with the absence of direct salient financial incentives (Merton 1973). As outlined

in the well-known “Matthew Effect” (Merton 1968), early success can significantly affect

the probability of future success, placing increased importance on the early scientific re-

sults of long-term research projects. Early success may signal high-potential to granting or-

ganizations and thereby generate funding that includes salary (Bol et al. 2018). Similarly,

project success may affect other career incentives such as tenure or promotion to more

senior positions, changing the behavior of civil servants, private non-profit employees, and

academics. Thus, significant pressures exist for non-profit scientists to produce successful

results, especially early in their career. This could explain the evidence of bunching below
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p=0.05 in non-profit research.

There are also strong regulatory oversight explanations for high evidential value at

both for- and non-profit research organizations. Although government oversight’s effect

on misconduct in pharmaceutical development is anecdotal, evidence from other indus-

tries does exist. The housing crisis and great recession led to a microscope on the regula-

tory process governing financial institutions. Evidence suggests that appropriate financial

regulations decreased misconduct associated with insider trading and other market manip-

ulations (Cumming et al. 2015), providing indications that strict oversight by the FDA may

decrease the incentive to engage in overt misconduct. Therefore we may reasonably expect

evidential value to thrive despite profit incentives when scientific research contexts provide

conditions for either highly intrinsically motivated researchers or significant reputational

and financial penalties for getting caught committing misconduct. In the pharmaceutical

setting, government monitoring arose in the early 20th century. The FDA strengthened

regulation of clinical trials in 1962, providing the requirement of not only safety but also

”substantial evidence” of drug efficacy (Junod 2014). While there have been subsequent

refinements to FDA regulation since 1962, the core requirements for drug developers have

largely remained the same.

In sum, there are competing rationales for expectations of evidential value in clini-

cal drug trials. Both for-profit and non-profit organizations may produce sufficiently high

incentives for conscious or subconscious research manipulation to achieve statistically sig-

nificant results. In addition, the specific organization-level incentives in for-profit or non-

profit organizations may reduce evidential value compared to the other. In contrast, each

type of organization might reflect high evidential value due to a combination of regula-

tory and reputational incentives as well as the prosocial and intrinsic motivation of their

members to conduct high-quality clinical trials. Although our empirical results cannot iso-

late which precise theoretical mechanisms dominate, our results indicate that for-profit

incentives and motivation do not compromise evidential value under the current regula-

tory system. Most importantly, our results suggest that regulatory attention and market

skepticism should not depend on the for-profit status of the clinical trials sponsor.
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6 Discussion and Conclusion

The combination of our results with prior findings of more robust and pro-industry re-

sults in for-profit funded trials (Etter et al. 2007, Ioannidis et al. 2014, Stamatakis et al.

2013) leads to multiple possible explanations. First, for-profit firms may be more selec-

tive in their clinical trial investments, which also may be driven by market incentives for

successful drug development. Second, these firms may be better at designing and imple-

menting clinical trials. Third, for-profit firms may pursue different drug types that have

a higher probability of success, potentially utilizing knowledge discovered by non-profit

organizations to aid in this pursuit (Cockburn and Henderson 1998). Fourth, self-selection

of employees into for-profit versus non-profit organizations may not only have an impact

on the incentives for success but also the incentives to choose project type. Fifth, it is

possible that career incentives for non-profit scientists (e.g., academics) may be stronger

than for-profit scientists, leading to a higher level of misconduct. For example, a non-profit

scientist’s career may be positively affected by a grant received after a successful Phase 2

clinical trial no matter the outcome of Phase 3. However, our results indicate that broad

misconduct across organizational forms is unlikely. Finally, it may be that scientists are

motivated intrinsically by the pursuit of science (Stern 2004), decreasing the likelihood of

misconduct across all organizational forms.

The results in one sense are reassuring by supporting the position that clinical trial re-

sults – both overall and by for-profit firms - in the important field of oncology are mostly

consistent with evidence of true efficacy, and not the result of overt manipulation. Overall,

this suggests that low success rates in later clinical trial phases result from the underlying

difficulty of oncology drug development, and not because of incentives to advance past

Phase 2. This is in contrast to a common perception that for-profit incentives will lead to

questionable practices in pursuit of positive results, which may be exacerbated by increas-

ing markets for which to capitalize on pharmaceutical research. The results ultimately

provide evidence that firms may not need to fundamentally review their sources of phar-

maceutical technology due to concerns over underlying evidential value. However, the

evidence of suspicious bunching in non-profit results near the statistical cutoff for signifi-
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cance is concerning. An alternative and more benign explanation compared to misconduct

is that the file drawer problem still exists in non-profit results because the lack of profit

incentives may dampen the incentive to follow regulations on posting results unlikely to be

published in medical journals. However, follow-on research may be needed to understand

the mechanism behind these suspicious results to determine if conscious or unconscious

manipulation is responsible.

One likely difference in clinical trials versus other misconduct opportunities is govern-

mental oversight by the FDA. Penalties for being caught can lead not only to financial

penalties but also incarceration for those responsible. Therefore, this monitoring is likely

a significant deterrent for misconduct. The combination of these inferences lead to an in-

creased importance placed on the strategic management of the technological marketplace,

given the vast array of technological opportunities that exist in the market. For instance,

for-profit organizations and clinical trials without data monitoring committees are likely to

produce overall equivalent evidential value to non-profit organizations and clinical trials

with data monitoring committees. Thus, the emphasis for firms in the technological mar-

ketplace should be on the strategic technology fit rather than the evidential value of the

results based on the organizational form producing the technology. In addition, this paper

may also guide organizations on the potential benefit of R&D partnerships in clinical tri-

als. Our findings suggest that partnerships between for-profit and non-profit organizations

do not significantly affect the evidential value of the clinical trials. Thus, organizations

may form partnerships for reasons other than validity of the clinical trial from a scien-

tific standpoint. Potential reasons for forming a partnership include clinical trial funding,

specific R&D expertise (and the potential for future absorptive capacity), or non-market

considerations of perceived legitimacy in the marketplace or by regulators.

Multiple limitations should be noted in the interpretation of the paper’s results. First,

our oncology data constitutes only one phase in a small proportion of clinical trials in the

United States. We began this project with the intent and expectation to uncover evidence of

p-hacking that would explain low success rates in Phase 2 oncology trials, but found little

support for this suspicion. Consistent with the subject of this paper, we did not expand our

scope to continue our search, but this would be an obvious extension for future research.
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Research manipulation may be more prevalent in other phases or in other therapeutic cat-

egories where scientific accuracy is less personally motivating than in oncology. Cancer

touches the life of most scientists and industry executives, which may make them partic-

ularly intent on not overstating efficacy for fear that the therapy would ultimately replace

better existing options and thereby cost people their lives. This motivation may also be

less salient for preclinical life science research, which has low reproducibility rates (Freed-

man et al. 2015). The different institutional environments in other countries engaged in

clinical research might also produce very different results. We believe an expansion to

other phases, drug types, and institutional environments may help determine conditions

where incentives to commit misconduct may begin to overtake regulatory control of such

activities, and hope our paper provides a template for such a massive project.

Second, our methodology only allows for rejecting the explanation that chance or mis-

conduct is the critical determinant of clinical trial results. Importantly, this does not reject

the possibility that some results are either fraudulently achieved or else p-hacked with low

frequency. Third, this paper does not aim to provide causal inference for the mechanism

associated with any individual or combination of findings. Although we present potential

theoretical and institutional explanations, our primary aim is to determine the evidential

value of Phase 2 oncology clinical trials. Overall, we hope that this study helps motivate

additional p-curve and caliper-based research both confirming and refuting the presence

of evidential value in heterogeneous industries and organizational forms.
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Figure 1: Descriptions of Clinical Trial Phases

Note: Figure 1 shows the clinical trial process from Phase 1 to Phase 4. In this study, we focus on Phase
2 clinical trials in oncology which will have different statistics. Source: https://www.fda.gov/patients/drug-
development-process/step-3-clinical-research.

Figure 2: Number of Registered Studies

Note: Figure 2 shows the increase in number of registered trials over time on clinicaltrials.gov. ICMJE
refers to International Committee of Medical Journal Editors. In 2005, ICMJE initiated a policy whereby
investigators were required to deposit information on clincial trial design into an accepted registry prior to
patient enrollment in that trial. FDAAA refers to the Food and Drug Administration Amendments Act
of 2007. Section 801 of FDAAA mandated for applicable clinical trials to be registered and report trial
results on clinicaltrials.gov. Both these policy changes have had a significant impact on trial registration on
clinicaltrials.gov.
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Figure 3: Number of Clinical Trials with Posted Results

Note: Figure 3 shows the number of studies with results posted over time. Number of results posted on
clinicaltrials.gov significantly lags the number of registered clinical trials.

Figure 4: Summary of Paper’s Statistical Analyses

Note: Figure 4 presents a summary of the statistical analyses used in the paper. For each research question,
we discuss the corresponding sample, statistical test and resulting test statistic.
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Figure 5: Data Generating Process for Final P-Curve Sample

Note: The above figure presents the process through which our final sample for the p-curve analysis is
determined. ’n’ refers to the number of clinical trials identified by their NCT id. MeSH refers to Medical
Subject Headings. See footnote 15 for list of terms used in searching clinical trials on oncology.
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Figure 6: Evidential Value of Primary Outcomes from Oncology Phase 2 Clinical Trials

Note: In the figure above, the solid line represents the distribution of p-values for the set of underlying
studies. The observed p-curve is right-skewed if the half-curve is skewed at the 5% significance level, or if
the full p-curve and half p-curve are skewed at the 10% significance level. The dashed line represents the
counterfactual p-curve if studies were to be powered at 33%. The observed p-curve includes 188 statistically
significant (p <0.05) results, of which 151 are p <0.025. There were no non-significant results entered.
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Figure 7: Analysis of Primary Outcomes from For-profit Sponsored Oncology Phase 2
Clinical Trials

Note: In the figure above, the solid line represents the distribution of p-values for the set of underlying
studies. The observed p-curve is right-skewed if the half-curve is skewed at the 5% significance level, or if
the full p-curve and half p-curve are skewed at the 10% significance level. The dashed line represents the
counterfactual p-curve if studies were to be powered at 33%. The observed p-curve includes 90 statistically
significant (p <0.05) results, of which 72 are p <0.025. There were no non-significant results entered.
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Figure 8: Analysis of Primary Outcomes from Non-profit Sponsored Oncology Phase 2
Clinical Trials

Note: In the figure above, the solid line represents the distribution of p-values for the set of underlying
studies. The observed p-curve is right-skewed if the half-curve is skewed at the 5% significance level, or if
the full p-curve and half p-curve are skewed at the 10% significance level. The dashed line represents the
counterfactual p-curve if studies were to be powered at 33%. The observed p-curve includes 98 statistically
significant (p <0.05) results, of which 79 are p <0.025. There were no non-significant results entered.
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Table 1: Clinical Trial Summary Statistics

Count Mean Std. dev. Min Max
p-value (Primary outcomes) 188 0.0135 0.0138 0.000 0.048
p-value (Secondary outcomes) 202 0.0176 0.0145 0.000 0.049
For-profit lead sponsor 293 0.4744 0.5002 0 1
Non-profit lead sponsor 293 0.5256 0.5002 0 1
Collaborator in trial 293 0.3549 0.4793 0 1
For-profit collaborator 293 0.1468 0.3545 0 1
Non-profit collaborator 293 0.2082 0.4067 0 1
Data monitoring committee (DMC) 213 0.5023 0.5012 0 1
Randomized trial 133 0.4862 0.5000 0 1

Note: Only p-values<0.05 were included in this study due to the aforementioned file drawer problem
leading to fewer primary and secondary results than the entire sample of 293 trials included in analysis.
Presence of data monitoring committee and treatment randomization not available for all clinical trials
in sample.

Table 2: Summary of Results Within Organizational Form

Data Subset No. of studies Power estimate Evidential Value w/ Null Power Assumption to
of p-curve Null of 33% Power? Reject Evidential Value

All Primary Outcome Data 188 57% Yes 65%
For-profit Lead Sponsor 90 61% Yes 71%
Non-profit Lead Sponsor 98 53% Yes 64%
Trials Involving Collaboration 66 51% Yes 65%
Trials Without Collaboration 122 60% Yes 69%
Trials w/o Data Monitoring Committee (DMC) 73 59% Yes 70%
Trials w/ DMC 67 55% Yes 68%
For-profit Lead Sponsor, For-profit Collaborator 9 49% Yes 80%
Non-profit Lead Sponsor, For-profit Collaborator 14 59% Yes 82%
Non-profit Lead Sponsor, Non-profit Collaborator 42 47% Yes 65%
For-profit Lead Sponsor w/o DMC 35 68% Yes 81%
For-profit Lead Sponsor w DMC 23 44% Yes 68%
Non-profit Lead Sponsor w/o DMC 38 48% Yes 66%
Non-profit Lead Sponsor w/ DMC 44 60% Yes 74%
Trials w/ Treatment Randomization 45 48% Yes 64%
Trials w/o Treatment Randomization 36 53% Yes 70%
Large Pharmaceutical For-profit Lead 53 60% Yes 73%
Biotechnology Company For-profit Lead 27 57% Yes 74%
University Non-profit Lead 24 32% No 57%

Note: Rows 1, 2, and 3 correspond to Figures 6, 7, and 8. All additional rows have corresponding figures

in Appendix A. The power assumption to reject the null hypothesis of evidential value is the upper

bound of the 95% confidence interval of the power estimate generated from the p-curve data.
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Table 3: Comparison Across Organizational Form

Mean z-scores t-test KS test Mann-Whitney

Comparison Group Condition Outcome m0 m1 p-value D p-value z score p-value

Primary Outcome (0/1) - All 2.666 2.890 0.000 0.165 0.001 -3.994 0.001
For-profit lead (0/1) - All 2.764 2.733 0.522 0.054 0.743 0.253 0.800
For-profit lead (0/1) - Primary 2.857 2.922 0.451 0.137 0.218 -0.921 0.357
Collaborator in trial (0/1) - Primary 2.948 2.780 0.064 0.176 0.073 1.729 0.084
DMC (0/1) - Primary 2.905 2.889 0.878 0.101 0.776 -0.065 0.949
DMC (0/1) For-profit lead = 1 Primary 2.982 2.864 0.455 0.149 0.841 0.723 0.470
DMC (0/1) Non-profit lead = 1 Primary 2.815 2.901 0.555 0.217 0.215 -1.135 0.257
For-profit lead (0/1) For-profit collab = 1 Primary 2.895 2.661 0.335 0.333 0.449 1.122 0.262
Randomized (0/1) - Primary 2.862 2.719 0.287 0.142 0.760 0.571 0.568

Note: All organizational form comparisons with primary outcomes do not show statistically significant

differences in evidential value other than marginal differences in trials with collaborators compared to

those without collaborators. In the first row of the table, we see that the difference in primary and

secondary outcomes across tests are statistically significant, consistent with expectation of differences in

primary and secondary outcomes.

Table 4: Caliper Tests for Entire Sample

Caliper N Observed k Expected k Assumed p Observed p p-value (two-sided)

Caliper 5% 108 65 54 0.500 0.601 0.042
Caliper 10% 219 118 109.5 0.500 0.538 0.279
Caliper 15% 333 177 166.5 0.500 0.531 0.273

Note: Caliper tests compare z-scores that are within a 5%, 10%, and 15% caliper around the critical

z-score equal to a p-value of 0.05. Assuming the number of studies above and below this value should be

the same, we find evidence that there are more results above the critical z-score (more significant and

associated with lower p-values) than below the critical z-score.

Table 5: Caliper Tests Only for Sample Requiring Disclosure

Caliper N Observed k Expected k Assumed p Observed p p-value (two-sided)

Caliper 5% 86 50 43 0.500 0.581 0.160
Caliper 10% 174 88 87 0.500 0.505 0.939
Caliper 15% 269 137 134.5 0.500 0.509 0.807

Note: Caliper tests compare z-scores that are within a 5%, 10%, and 15% caliper around the critical

z-score equal to a p-value of 0.05. Assuming the number of studies above and below this value should be

the same, we find evidence that there are more results above the critical z-score (more significant and

associated with lower p-values) at the 5% caliper level but not the 10% or 15%.
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Table 6: Caliper Tests Only for For-Profit Firms

Entire Sample

Caliper N Observed k Expected k Assumed p Observed p p-value (two-sided)
Caliper 5% 63 37 31.5 0.500 0.587 0.207
Caliper 10% 137 63 68.5 0.500 0.459 0.392
Caliper 15% 213 101 106.5 0.500 0.474 0.493

Trials Requiring Results Disclosure

Caliper N Observed k Expected k Assumed p Observed p p-value (two-sided)
Caliper 5% 48 27 24 0.500 0.562 0.470
Caliper 10% 107 45 53.5 0.500 0.420 0.121
Caliper 15% 174 79 87 0.500 0.454 0.255

Note: Caliper tests compare z-scores that are within a 5%, 10%, and 15% caliper around the critical

z-score equal to a p-value of 0.05. We find evidence that there are more results above the critical z-score

(more significant and associated with lower p-values) at the 5% caliper level in the full sample but this

result diminishes when only analyzing trials that require disclosure.

Table 7: Caliper Tests Only for Non-Profit Firms

Entire Sample

Caliper N Observed k Expected k Assumed p Observed p p-value (two-sided)
Caliper 5% 45 28 22.5 0.500 0.622 0.135
Caliper 10% 82 55 41 0.500 0.670 0.002
Caliper 15% 120 76 60 0.500 0.633 0.004

Trials Requiring Results Disclosure

Caliper N Observed k Expected k Assumed p Observed p p-value (two-sided)
Caliper 5% 38 23 19 0.500 0.605 0.255
Caliper 10% 67 43 33.5 0.500 0.641 0.027
Caliper 15% 95 58 47.5 0.500 0.610 0.039

Note: Caliper tests compare z-scores that are within a 5%, 10%, and 15% caliper around the critical

z-score equal to a p-value of 0.05. We find evidence that there are more results above the critical z-score

(more significant and associated with lower p-values) at all caliper level in both the full sample among

trials that require disclosure.
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Appendix A: Supplemental Figures and Tables

Figure A.1: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials with
Collaboration
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Figure A.2: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials without
Collaboration

Figure A.3: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials Without
a Data Monitoring Committee (DMC)
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Figure A.4: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials with a
Data Monitoring Committee (DMC)

Figure A.5: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials with
Collaboration: For-profit(lead)-For-profit
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Figure A.6: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials with
Collaboration: Non-profit(lead)-For-profit

Figure A.7: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials with
Collaboration: Non-profit(lead)-Non-profit
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Figure A.8: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials with
For-profit Lead and No Data Monitoring Committee (DMC)

Figure A.9: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials with
For-profit Lead and a Data Monitoring Committee (DMC)
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Figure A.10: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials with
Non-profit Lead and No Data Monitoring Committee (DMC)

Figure A.11: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials with
Non-profit Lead and a Data Monitoring Committee (DMC)
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Figure A.12: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials with
Treatment Randomization

Figure A.13: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials Without
Treatment Randomization
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Figure A.14: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials with
Large Pharma Lead

Figure A.15: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials with
Non-Large Pharma Lead
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Figure A.16: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials with
Biotech Lead

Figure A.17: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials Without
Biotech Lead
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Figure A.18: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials Univer-
sity Lead

Figure A.19: Analysis of Primary Outcomes from Oncology Phase 2 Clinical Trials Without
University Lead
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Figure A.20: Histogram of Z-Scores for all Outcomes and Post-FDA Rule Outcomes, 5%
Caliper

Figure A.21: Histogram of Z-Scores for all Outcomes and Post-FDA Rule Outcomes, 10%
Caliper
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Figure A.22: Histogram of Z-Scores for all Outcomes and Post-FDA Rule Outcomes, 15%
Caliper

Figure A.23: Histogram of Z-Scores for For-Profit Outcomes with and without FDA Rule,
5% Caliper
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Figure A.24: Histogram of Z-Scores for For-Profit Outcomes with and without FDA Rule,
10% Caliper

Figure A.25: Histogram of Z-Scores for For-Profit Outcomes with and without FDA Rule,
15% Caliper
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Figure A.26: Histogram of Z-Scores for Non-Profit Outcomes with and without FDA Rule,
5% Caliper

Figure A.27: Histogram of Z-Scores for Non-Profit Outcomes with and without FDA Rule,
10% Caliper
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Figure A.28: Histogram of Z-Scores for Non-Profit Outcomes with and without FDA Rule,
15% Caliper

Table A.1: Comparison of Main Variables in Full vs Analysis Clinical Trials

Full Sample - 699 Clinical Trials

Count Mean Std. dev. Min Max
For-profit lead sponsor 699 0.4964 0.5003 0 1
Non-profit lead sponsor 699 0.5036 0.5003 0 1
Collaborator in trial 699 0.3419 0.4747 0 1
For-profit collaborator 699 0.1474 0.3547 0 1
Non-profit collaborator 699 0.1946 0.3961 0 1
Data monitoring committee (DMC) 516 0.5388 0.4990 0 1

Analysis Sample - 293 Clinical Trials

Count Mean Std. dev. Min Max
For-profit lead sponsor 293 .4744027 .5001987 0 1
Non-profit lead sponsor 293 .5255973 .5001987 0 1
Collaborator in trial 293 .3549488 .4793165 0 1
For-profit collaborator 293 .1467577 .3544696 0 1
Non-profit collaborator 293 .2081911 .4067089 0 1
Data monitoring committee (DMC) 213 .5023474 .5011723 0 1
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Table A.2: Summary of All Primary and Secondary Results Within Organizational Form

Outcome Type Data Subset No. of studies Power estimate p-value p-value p-value p-value Evidential value w/ Power?
of p-curve (half)<0.05 (full) <0.1 (half) <0.1 (full) <0.05 Null of 33% Power?

Primary All Primary Outcome Data 188 57% 1 1 1 0 1
Primary For-profit Lead Sponsor 90 61% 1 1 1 0 1
Primary Non-profit Lead Sponsor 98 53% 1 1 1 0 1
Primary Trials Involving Collaboration 66 51% 1 1 1 0 1
Primary Trials Without Collaboration 122 60% 1 1 1 0 1
Primary Trials w/o Data Monitoring Committee 73 59% 1 1 1 0 1
Primary Trials w/ DMC 67 55% 1 1 1 0 1
Primary For-profit Lead Sponsor, For-profit Collaborator 9 49% 1 1 1 0 1
Primary Non-profit Lead Sponsor, For-profit Collaborator 14 59% 0 1 1 0 1
Primary Non-profit Lead Sponsor, Non-profit Collaborator 42 47% 1 1 1 0 1
Primary For-profit Lead Sponsor w/o DMC 35 68% 1 1 1 0 1
Primary For-profit Lead Sponsor w/ DMC 23 44% 1 1 1 0 1
Primary Non-profit Lead Sponsor w/o DMC 38 48% 1 1 1 0 1
Primary Non-profit Lead Sponsor w/ DMC 44 60% 1 1 1 0 1
Primary Trials w/ Treatment Randomization 45 48% 1 1 1 0 1
Primary Trials w/o Treatment Randomization 36 53% 1 1 1 0 1
Primary Large Pharmaceutical For-profit Lead 53 60% 1 1 1 0 1
Primary Trials w/o Large Pharmaceutical For-profit Lead 37 62% 1 1 1 0 1
Primary Biotechnology Company For-profit Lead 27 57% 1 1 1 0 1
Primary Trials w/o Biotechnology Company For-profit Lead 63 62% 1 1 1 0 1
Primary University Non-profit Lead 24 32% 0 1 0 0 0
Primary Trials w/o University Non-profit Lead 74 59% 1 1 1 0 1

Table A.3: Comparison Across Organizational Form

Mean z-scores t-test KS test Mann-Whitney

Comparison Group Condition Outcome m0 m1 p-value D p-value z score p-value

Primary Outcome (0/1) - All 2.666 2.890 0.000 0.164 0.001 -3.994 0.001
For-profit lead (0/1) - All 2.764 2.733 0.522 0.054 0.743 0.253 0.800
For-profit lead (0/1) - Primary 2.857 2.922 0.451 0.137 0.218 -0.921 0.357
DMC (0/1) - Primary 2.905 2.889 0.878 0.101 0.776 -0.065 0.948
DMC (0/1) For-profit lead = 1 Primary 2.982 2.864 0.455 0.149 0.841 0.723 0.469
DMC (0/1) Non-profit lead = 1 Primary 2.815 2.901 0.555 0.216 0.215 -1.135 0.256
Collaborator in trial (0/1) - Primary 2.948 2.780 0.064 0.176 0.073 1.729 0.083
For-profit lead (0/1) For-profit collab = 1 Primary 2.895 2.661 0.335 0.333 0.449 1.122 0.261
Randomized (0/1) - Primary 2.862 2.719 0.287 0.142 0.760 0.571 0.567
For-profit lead (0/1) - Secondary 2.717 2.637 0.186 0.099 0.362 1.144 0.252
Collaborator in trial (0/1) - Secondary 2.709 2.548 0.013 0.157 0.056 2.280 0.002
DMC (0/1) - Secondary 2.635 2.683 0.447 0.072 0.825 -0.250 0.803
DMC (0/1) For-profit lead = 1 Secondary 2.618 2.674 0.461 0.119 0.507 -0.728 0.467
DMC (0/1) Non-profit lead = 1 Secondary 2.670 2.696 0.813 0.112 0.875 0.481 0.630
For-profit lead (0/1) For-profit collab = 1 Secondary 2.364 2.474 0.260 0.269 0.334 -0.987 0.323
Randomized (0/1) - Secondary 2.582 2.458 0.299 0.253 0.195 1.440 0.149
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