
Incentives for Bad Science:

How Inadequate Methods Affect Experimental Results
and Publication Outcomes of Randomized Controlled Trials

Please click here for the most recent version

Maryaline Catillon∗

January 20, 2020

Abstract

Randomized controlled trials (RCTs) inform medical practice, health care de-
livery, follow-on research, regulation, and health policy. Yet, many RCTs are in-
adequately randomized, blinded, and reported. To analyze scientists’ and firms’
incentives to meet clinical trial standards, I assemble a detailed database on re-
search methods, experimental results, bibliometric information, and funding for
23,321 RCTs published between 1990 and 2018. I estimate the impact of meeting
scientific standards on three outcomes: (1) the direction and significance of experi-
mental results; (2) the impact factor of the publishing journal; and (3) the number
of citations the publication receives. I find that increasing numbers of inadequacies
increase the probability of finding support for product adoption by 7% per inade-
quacy, but decrease journal prestige and citations. Publication bias and strategic
non-disclosure do not appear to drive the results. I conclude that individual sci-
entists benefit marginally from higher quality research, but that pharmaceutical
companies lack strong incentives to drive improvement in trial quality.
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1. Introduction

Valid and rigorous randomized controlled trials (RCTs) are critical to medical prac-

tice, and to managers and policy makers that fund research, make health care delivery and

investment decisions, and design regulation. Results from RCTs inform medical treat-

ment decisions, medical education, insurance design and coverage, health policy, and

follow-on research. Invalid or unreliable science generates major societal costs through

uninformative or even wrong conclusions, irreproducible results, suboptimal or harmful

decisions, and slowed innovation (Freedman et al., 2015; Baker, 2016; Ioannidis, 2005,

2016; Zarin et al., 2019). Yet less than 25% of drug trials meet scientific standards in-

tended to minimize the risk of bias1 (Chalmers and Glasziou, 2009; Catillon, 2019; Zarin

et al., 2019).

The disconnect between the high societal value of reliable science and the high

prevalence of inadequate methods is not only due to lack of knowledge, infeasibility or

the cost of meeting standards in drug trials. Meeting standards would have been feasible

in 96% of inadequately conducted trials, and would have been “easy adjustments with no

or minor cost” in 50% of the cases (Yordanov et al., 2015). Top university researchers are

not more likely to meet standards than other researchers (Catillon, 2019). One theory

is that scientists’ and firms’ incentives contribute to the high prevalence of inadequate

methods in drug trials (Lacetera and Zirulia, 2011; Di Tillio et al., 2017; Gall et al., 2017;

Kiri et al., 2018; Lindner et al., 2018). In this paper, I empirically investigate scientists’,

and firms’ incentives to adequately randomize, blind and report drug trials.

To evaluate academic and industry scientists’ payoffs for compliance with scientific

standards, I build on prior literature in economics, management, and sociology, suggesting

that scientists value the intrinsic reward of doing science, academic prestige, and monetary

rewards (Stern, 2004; Stephan, 2012; Bikard et al., 2015). Scholars in sociology and

economics argue that academic scientists value the intrisic reward of problem solving

and seek to increase the rate of production and diffusion of scientific knowledge (Merton,

1973; Dasgupta and David, 1994; David, 1998). Research in the management of science

1Risk of bias, defined as the risk of “a systematic error or deviation from the truth, in results or
inferences,” is interchangeable with internal validity, defined as “the extent to which the design and
conduct of a study are likely to have prevented bias” (Viswanathan et al., 2012).
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suggests that industry scientists primarily serve the private purpose of their firm though

they also value their participation in science2 (Stern, 2004; Roach and Sauermann, 2010;

Sauermann and Stephan, 2013).

Research in economics and management has also established that scientists value

recognition and academic prestige, often measured using journal impact factor and cita-

tions. In academia, prestige translates into promotion, tenure and funding (Dasgupta and

David, 1994; Judge et al., 2007). In industry, academic prestige and scientific publication

in top journals are valued as they allow researchers to maintain valuable connections with

the academic community and facilitate knowledge flows between academia and industry

(Cockburn and Henderson, 1998; Stern, 2004).

Moreover, scholars have documented that scientists respond to monetary incentives.

In academia, prestige is just one driver of income differences across scientists. Some

scientists receive rewards contingent on research results, such as royalties from patents,

equity in start-ups, consulting fees, or research sponsorship (Stephan, 2012). In industry,

publication in academic journals helps scientists elicit favorable assessments from outside

parties that position products in the marketplace (Azoulay, 2002; Polidoro Jr and Theeke,

2012; Simeth and Cincera, 2015; Salandra, 2018).

This study estimates academic and industry scientists’ payoffs for meeting method-

ological standards in clinical trials along two dimensions: science (experimental results)

and academic prestige (journal impact factor and citations), and considers monetary im-

plications for scientists and firms. I assemble a novel dataset of 23,321 RCTs of drugs

published between 1990 and 2018, and included in Cochrane Reviews3, which are widely

used “gold standard” systematic reviews in clinical medicine. Each Cochrane Review ad-

dresses a specific research question and exhaustively identifies, assesses and summarizes

the findings of all available RCTs on the topic. Expert human reviewers systematically

assess the methodological quality each of these RCTs using pre-specified clearly defined

methodological standards.

2Industry scientists “pay” to be scientists, Stern (2004) shows that there is a negative relationship
between wages and science.

3The background section provides institutional information about these systematic reviews and ex-
plains their potential for research in economics and management. The data section provides further
details on the program I created in Python 3.6. to automate the data collection.
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My empirical strategy relies on a comparison of trials that use adequate versus

inadequate methods within narrowly-defined groups. Trials on the same topic (e.g., beta-

blockers for hypertension), compare the effect of the same drug(s) (e.g., a beta-blocker,

such as atenolol) to the same comparator(s) (e.g., a placebo), on the same outcome(s)

(e.g., all-cause mortality, cardiovascular events, and stroke). I estimate the effect of

research quality on (1) scientific results, (2) journal placement, and (3) citations.

The study has two key findings. First, compliance with scientific standards shapes

scientific results: inadequate methods do not merely generate statistical noise, they gen-

erate bias and increase the probability of a positive result4, such as finding that a drug sig-

nificantly reduces death rates compared to a placebo. The relationship between methods

and results does not appear to be driven by publication bias or strategic non-disclosure:

it did not change with the introduction of pre-registration and reporting requirements

for RCTs in the early 21st century and does not depend on government versus industry

sponsorship.

Second, good science yields higher academic prestige in publication outcomes, con-

sidering both journal placement and citations. Each inadequacy in a RCT is associated

with an approximately 10% penalty in impact factor5 in the study’s publication out-

let compared to a more adequate RCT on the same topic. Journals are more lenient

with inadequacies from prestigious authors, but not with inadequacies in more novel tri-

als. The relationship between inadequacies and scientific impact in publication outcomes

goes beyond the editorial and peer-review process selecting RCTs using better methods

into better journals. Even conditional on journal impact factor, RCTs with more inad-

equacies receive fewer citations.6 However, inadequacies have no effect on net citations

to positive results, a citation weighted measure of scientific evidence previously found to

affect drug sales (Azoulay, 2002), and generate slightly fewer citations to negative results.

4I define a “positive result” in the following way: the outcome in the treatment group is significantly
superior to the outcome in the control group (e.g., lower death rate in the treatment group receiving a
drug compared to the control group receiving a placebo).

5Journal impact factor (IF) is a measure of the frequency with which the average article in a journal
has been cited in a particular year. It is used to measure the importance or rank of a journal by
calculating how many citations its articles receive.

6RCTs with one to three inadequacies receive 10% fewer citations, and RCTs with four or more
inadequacies receive 35% fewer citations than adequately conducted RCTs on the same topic in the
same journal
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Taken together, the results indicate that inadequate trials generate a negative ex-

ternality on society, but scientists’ incentives to meet clinical research standards are likely

weak, possibly explaining some of the prevalence of inadequate trials. For an academic

scientist, I find that better research yields higher publication prestige, but low estimated

monetary value7. For an industry scientist, incentives to meet scientific standards depend

on how scientific disclosure creates value for the firm. For a firm, the lower probability

to reach a positive result may disincentivize compliance with clinical trial standards if

the purpose of the study is to back up marketing efforts. I discuss the implications of

these findings for public and private policy, suggesting that journal editors and regulators

should strengthen incentives to meet drug trial standards, and, in the meantime, health-

care decision makers and patients should be wary of inadequate drug trials supporting

adoption.

The next section summarizes the scientific importance of the topic and builds on

prior literature on scientists’ motivations to propose a framework to describe scientists’

incentives to meet scientific standards in drug trials. I then present the data, methods,

and results of empirical analysis. The last section discusses implications.

7To estimate the monetary value of meeting standards in academia, the discussion builds on published
estimates of the effect of journal impact factor and citations on academic scientists’ salary.
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2. Background

2.1. Scientific importance

Biomedical science and new pharmaceutical products explain a large part of health

improvement and life expectancy gains over the last century (Cutler et al., 1998, 2006,

2019; Heidenreich and McClellan, 2001; Murphy and Topel, 2003; Luce et al., 2006;

Lichtenberg, 2016, 2018, 2019). But this does not mean that each biomedical research

project produces valuable knowledge.

Invalid or unreliable science generates major societal costs, through wrong con-

clusions, irreproducible results, suboptimal or harmful treatment decisions, and slowed

innovation (Ioannidis, 2005, 2016). Most attempts to reproduce published studies fail

(Freedman et al., 2015; Baker, 2016); for example, in cancer, 47 of 53 landmark papers

could not be reproduced (Begley and Ellis, 2012). The conclusions of many published

RCTs are either uninformative or wrong, damaging patients and misleading subsequent

research (Altman, 1994, 2002; Zarin et al., 2019). For example, atenolol, a beta-blocker

approved by the Food and Drug Administration (FDA) in 1981, sold for hundreds of mil-

lions of dollars and became standard of care, before it was shown to be no better than a

placebo for hypertension more than twenty-five years later (Prasad and Cifu, 2011; Carl-

berg et al., 2004). The trial that first questioned atenolol’s efficacy met higher scientific

standards than almost all previous trials (Wiysonge et al., 2017).

One possible reason why many results are irreproducible or wrong, is that a high

proportion of randomized controlled trials use inadequate methods for randomization,

blinding and reporting. A recent study concluded that: “the proportion of RCTs using

inadequate methods is high (59.3%) and increasing, potentially slowing progress and

contributing to the reproducibility crisis.” (Catillon, 2019)

Lack of knowledge or high cost of meeting standards do not fully explain such a high

prevalence of inadequate methods. There is no difference in compliance with scientific

standards between prestigious universities and other institutions, suggesting that inves-

tigator training is not a main driver of inadequate methods (Catillon, 2019). Indeed,

meeting standards would have been feasible at no or minor cost8 in most inadequate

8Minor cost was defined as less than 1% of the cost of the trial.
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trials (Yordanov et al., 2015). One theory is that scientists and firms’ incentives may

contribute to the high prevalence of inadequate methods (Lacetera and Zirulia, 2011;

Kiri et al., 2018; Gall et al., 2017; Lindner et al., 2018).

2.2. Literature on scientists’ motivations

The literature identifies three key drivers of scientists’ motivation: the intrinsic

reward of doing science, academic prestige, and monetary rewards, highlighting that

these motivations may not align with the production of high quality science.

A first motivation of scientists is the intrinsic reward of doing science, which has

been described as a “taste” for science, a satisfaction derived from “puzzle solving”, or a

pleasure from “finding things out” (Merton, 1973; Dasgupta and David, 1994; Roach and

Sauermann, 2010; Stephan, 2012). Science can be modeled as a process of search for the

“true state of the world”, in which high (low) effort yields a perfect (imperfect) signal

about the true state of the world, and scientists’ intrinsic preference for science can be

expressed as a low cost of effort (Kiri et al., 2018).

Academic prestige, the second motivation of scientists, is often measured using

journal impact factor and citations9 (Stephan, 1996; Gibson et al., 2017; Hamermesh,

2018). Academic prestige matters to scientists both directly, as a form of recognition,

and indirectly as it translates into career and monetary rewards, such as promotion,

tenure, salary and ability to change jobs (Macri and Sinha, 2006; Hamermesh and Pfann,

2012; Stephan, 2012). In industry, academic prestige helps increase knowledge flows,

persuade regulators and expert adopters, and back up marketing efforts (Cockburn and

Henderson, 1998; Stern, 2004; Simeth and Cincera, 2015).

The pursuit of academic prestige does not necessarily translate into high quality

research. First, prestige may reflect publication quantity and bibliometric measures of

impact more than methodological quality (Nosek et al., 2012; Edwards and Roy, 2017;

Ravenscroft et al., 2017). Second, prestige may be contingent on results. Papers are

more likely to be published (Song et al., 2000; Dwan et al., 2013; Hopewell et al., 2007;

9Journal impact factor reflects experts’ assessment during the peer review process. Citations provide
a collective assessment and measure impact over time (Sgroi and Oswald, 2013). Overall, the literature
suggests that journal prestige matters more to scientists’ careers than citations, but the relative effect of
journal impact factor and citations on salary varies by school rank. (Gibson et al., 2017)
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Nosek et al., 2012; Scherer et al., 2018), to be cited, (Kjaergard and Gluud, 2002; Etter

and Stapleton, 2009; Leimu and Koricheva, 2005) and to be accepted in better journals

(Murtaugh, 2002; Easterbrook et al., 1991; Hopewell et al., 2009; Andrews and Kasy,

2019) if they report “positive” results supporting the experimental hypothesis.

Money also motivates scientists. In academia, prestige is only one driver of income

differences across scientists; some scientists receive royalties from patents, equity in start-

ups, consulting fees or research sponsoring, and may have conflicts of interest or receive

monetary rewards contingent on results (Bekelman et al., 2003; Stephan, 2012; Dunn et

al., 2016). Industry scientists are directed towards high-payoff activities in the firm’s

interest (Aghion et al., 2008; Sauermann and Stephan, 2013). A key question about

monetary rewards contingent on results is whether the choice of methods affects how

much scientific publication can provide support for product approval and adoption, and

back up marketing efforts10 (Hicks, 1995; Azoulay, 2002; Venkataraman and Stremersch,

2007; Polidoro Jr and Theeke, 2012; Salandra, 2018).

Academic and industry scientists, as well as different scientists within academia

(e.g., scientists at different career stages) and within industry (e.g., in large pharmaceu-

tical companies versus start-ups), may weigh science, prestige, and monetary rewards

differently. Prior literature on the differences between academia and industry is mixed.

Industry scientists have a “taste for science”, but they show a greater concern for mone-

tary rewards than academic scientists (Stern, 2004; Roach and Sauermann, 2010). More-

over, the boundaries between academia and industry are blurry, especially in biomedical

research, and the theoretical differences between academia and industry may be over-

stated. Scientists’ work in both environments share many overlapping features and there

is great heterogeneity within industry and within academia (Sauermann and Stephan,

2013). To account for these similarities and differences, the scientists’ utility function

will be modeled as a function depending on science, academic prestige and monetary

rewards, but allowing scientists to put different weights on each of these dimensions.

10Azoulay (2002), shows that, controlling for marketing spending, scientific evidence, as measured by
citation weighted positive results affects drug sales. Azoulay (2002) defines “market expanding citations
in the following way: “I score each RCT using a three-step Likert scale (+1 0 −1) to assess the negative,
neutral, or positive impact of the article: +1 (respectively −1) is assigned if the treatment effect is
significant and favors (respectively does not favor) the drug studied. A score of 0 is assigned if the
treatment effect fails to reach statistical significance. [...] I weight the treatment effect score by the
cumulative number of forward citations to the original article.”
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2.3. Institutional background: Cochrane systematic reviews

This study leverages unique characteristics of Cochrane Reviews. Founded in 1993,

the Cochrane Collaboration is an independent nonprofit multinational organization that

produces systematic reviews of healthcare interventions. Cochrane reviews are consid-

ered the “gold standard” in systematic reviews by the National Library of Medicine in

the US, and the Center for Review Dissemination in the UK. Both classify systematic

reviews depending on whether they are Cochrane reviews or other reviews. There is also

empirical evidence of the higher quality of the methods and reporting of Cochrane Re-

views compared to other systematic reviews (Page et al., 2016). The commercial funding

of review groups is not allowed.

Because of the process used to produce them, Cochrane Reviews constitute a rich

data source for research in the economics and management of science. Cochrane reviews

aim to answer a specific scientific question by using an explicit, pre-planned protocol

to identify, assess, and summarize the findings of similar but separate studies (Higgins

and Green, 2011). They systematically locate all available studies on a specific research

question. Then, at least two reviewers appraise the methods used in each included study

following pre-specified clearly defined scientific standards (see Table A1), and extract the

data on its experimental results for analysis. Thus, each Cochrane Review contains the

methodological assessments, the experimental results, and the references of publications,

for the universe of studies available on the topic of the review.

One limitation of Cochrane Reviews explains why they have not been used more

often in economic and management studies, except for studies relying on small samples

of reviews. The data from the reviews is not available in a standardized aggregated

database. The format of each review is partially standardized, allowing automation of

the extraction of contents. However, most of the information is entered as free text,

requiring intensive classification work to make comparisons across reviews possible. For

instance, the methods assessed, or the outcomes of the RCTs, even when they are similar,

can be worded slightly differently.11 The data section provides further information on the

intensive process used to assemble and clean the database.

11e.g., blinding participants and personnel vs blinding (patients & physicians)
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3. Conceptual framework

Consider a scientist with preferences for science, academic prestige, and monetary

payoffs, deciding whether to meet scientific standards in a randomized controlled trial.

In the context of RCTs, scientists’ intrinsic rewards for doing science can be modeled as

a low cost of effort for compliance with standards12 (Kiri et al., 2018). Prestige payoffs

depend on both methods and results, and can be measured using journal impact factor

and citations. Contingent monetary payoffs13 depend on both experimental results and

academic prestige of the article where the results are reported.

Under these assumptions, the researcher chooses methods m∗ to maximize the ob-

jective function f14:

θws1[m] + θwpP
(
m,R + b(m)

)
+ θwgG

(
R + b(m), P

(
m,R + b(m)

))
− c(m)

θ is the exogenous value of the research question, the importance of the topic.

ws, wp, wg represent the scientist’s preference for science, academic prestige and money.

1[m] represents the intrinsic reward for doing science. If a represents adequate

methods and i inadequate method 1[a] = 1 and 1[i] = 0.

R is the real value of the drug, which is a random variable characterized by a

distribution g(R).

b(.) is a function mapping inadequacies into expected bias. Meeting all standards

yields b(0) = 0.

P (.) represents how much methods and results are rewarded by academic prestige.

The function P (.) reflects both the preference of journal editors for articles

meeting standards, the results reported in the paper (R + b(m)) and their

bayesian inference about the real value of R.

12In a general model of production of high quality science, Kiri et al. (2018) model the preference for
science as a low cost of effort for the production of a perfect signal about the true state of the world. In
that model low effort yields an imperfect signal about the true state of the world.

13The payoffs contingent on results correspond to the monetary payoffs of academic scientists with
conflicts of interest or industry scientists pursuing the firms’ interest in the drug under study.

14I assume f a continuous non-decreasing utility function.

10



G(.) represents how much the article yields monetary payoffs, which depends on

methods, results and prestige. The function G(.) represents the adopters

Bayesian inference about the real value of R.

c(.) represents the cost (or effort involved) in using method m.

If methods do not impact experimental results (if b(m) = 0 for all m), then incen-

tives depend only on how much the scientist, journal editors and adopters value scientific

standards, and on the difference in cost between adequate and inadequate trials.

If methods affect experimental results (if b(m) > 0 for some m), then the scien-

tist’s incentives are more complex. The preference for science involves a disutility from

the expected bias generated by inadequate methods. But inadequacies also inflate the

importance of the result, potentially increasing expected prestige and monetary payoffs

if journal editors, readers and/or adopters are misinformed about the effect of methods

on experimental results (unable to correct for the researcher’s optimal choice). In such

situation, the increase in expected prestige and/or monetary gain associated with inflated

results may desincentivize adequate methods.

Consider adequate method a and inadequate method i.

Then, scientist decides to meet standards if:

wp

(
P (a,R) − P

(
i, R + b(i)

))
+ wg

(
G
(
R,P (a,R)

)
−G

(
R + b(i), P (i, R + b(i))

))
>
(
c(a) − c(i) − θws

)
/θ

In this framework, besides the exogenous importance of the research question (which

is reflected in the topic of the reviews), three parameters are critical to academic and in-

dustry scientists’ decisions about how many and which standards to meet, depending

on their preferences for science, academic impact, and results: (1) the effect of meeting

standards on experimental results b(i), (2) the effect of meeting standards on academic

prestige P (a,R)−P (i, R+ b(i)), which may be valued both directly by the scientist, but

also indirectly, as academic prestige affects monetary rewards, and (3) the effect of meet-

ing standards on monetary rewards G
(
R,P(a,R)

)
-G
(

R+b(i),P
(
i,R+b(i)

))
, depending on

the joint effect of methods, experimental results and academic prestige on expected gains.

The next section presents the data assembled to estimate these parameters.
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4. Data

I assembled detailed data on research methods, experimental results and scientific

impact in a large sample of drug trials to compare adequate and inadequate RCTs within

narrowly defined subgroups. The database combines three sources: (1) assessments of

research methods and experimental results extracted from Cochrane Reviews15, (2) bib-

liometric information from PubMed16, and (3) journal impact factor and citations from

Web of Science17. The definition of each variable is reported in Appendix Table A2.

Systematic reviews focus on a specific question, for example “Beta-blockers for hy-

pertension” (Wiysonge et al., 2017). Included trials compare a treatment group receiving

a drug (e.g., atenolol) to a control group receiving a comparator (e.g., placebo) on one

or several outcomes (e.g., all-cause mortality, cardiovascular events and stroke). The list

and distribution of outcome categories is provided in Table 1.

The analysis sample includes 23,321 RCTs on drugs, published between 1990 and

2018, from 3,199 Cochrane reviews. Figure 1 summarizes the data flow. All trials included

in Cochrane Reviews available in October 2018, and including a statistical file were

considered for inclusion (N = 75, 526 RCTs from 5,788 reviews). Criteria for inclusion

were: (1) outcomes were dichotomous or continuous and classifiable as positive or negative

without context18, so the treatment effect could be summarized as a standardized z-score

(N = 46, 126 RCTs from 4,900 reviews) (2) the intervention was a drug (N = 36, 754

RCTs from 3,878 reviews) (3) the results were published between 1990 and 2018 (N =

29, 682 RCTs from 3,638 reviews) and (4) the trial was assessed on at least one of the

six dimensions of the Cochrane Risk of Bias Assessment Tool. Duplicates were removed

(N = 23, 321 RCTs from 3,199 reviews).

Table 2 presents descriptive statistics at the RCT level for the main variables. At

least two human expert reviewers assess all included trials on pre-specified scientific stan-

15The scraper, built by the author, uses Python 3.6.5. The code will be made publicly available on
GitHub when the papers based on these data are published.

16Information from PubMed was retrieved using the Entrez Programming Utilities public Application
Programming Interface (API).

17Cochrane reviews include an up-to-date Web of Science citation link for each reference. Journal titles
are extracted from PubMed using the PubMed identifier listed in the reference link for each included
reference. Journal titles are matched to the InCites Journal Citation Reports available through the
Harvard Library.

18For example, death or heart attack are negative without context, but weight requires context.
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dards, including random sequence generation (allocation to the treatment and control

group is truly random), allocation concealment (intervention allocation could not have

been foreseen before or during enrollment), blinding of participants and personnel (par-

ticipants and personnel don’t know which intervention the participant receives), blinding

of outcome assessment (outcome assessors don’t know which intervention the participant

received), complete outcome data (attrition and exclusion in each group, and correspond-

ing reasons are reported), and selective reporting (all results on all prespecified outcomes

are reported). Further details about each dimension are available in Table A1. On each

of these standards, a trial can be “adequate”, “inadequate”, “unclear”, or the assessment

can be missing19.

Overall, 17% of RCTs used adequate methods, 45% used inadequate methods and

37% were poorly reported. Inadequacies, by decreasing prevalence, came from blinding

of participants and personnel (23%), incomplete outcome data (16%), selective reporting

(11%), blinding of outcome assessment (10%), allocation concealment (5%) and random

sequence generation (3%) (see Table 2). The distribution of inadequacies is presented in

Figure 2, for the sample of RCTs assessed on all six dimensions (N = 11, 600). In this

sample, 45% of RCTs have zero inadequacies (N = 5, 266), 31% have one inadequacy

(N = 3, 561), 17% have two inadequacies (N = 1, 960), 5% have three inadequacies

(N = 609), 1% have four inadequacies (N = 161), and less than 1% have five inadequacies

(N = 34) and six inadequacies (N = 9). Because of their small numbers, the analyses

group together the RCTs with four and more inadequacies.

Some inadequacies are more prevalent than others. Blinding of participants and

personnel is the most common issue. It concerns 43% of RCTs with one inadequacy,

79% of RCTs with two inadequacies, and 95% of RCTs with three or more inadequacies.

Among RCTs with one inadequacy, the two next most frequent issue are incomplete

outcome data and selective reporting, present in respectively 28% and 22% of RCTs.

Among RCTs with two inadequacies, inadequate blinding of participants and personnel,

present in 79% of RCTs, is followed by inadequate blinding of outcome assessment (53%),

19Some Cochrane reviews do not include assessments on all the dimensions of the Cochrane risk of
bias assessment tool published in 2011.
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incomplete outcome data (32%), and selective reporting (25%). Among RCTs with three

inadequacies, the relative prevalence of inadequacies remains similar.

The inadequacies are not independent from each other. Researchers who use in-

adequate methods on one dimension may be more likely to use inadequate methods on

another dimension. Each cell in Table A3 reports the pseudo R-squared from the logit

regression of the indicator for one type of inadequacy (e.g. random sequence generation)

on another type of inadequacy (e.g., allocation concealment). Two pairs of inadequa-

cies exhibit relatively large correlations: (1) random sequence generation with allocation

concealment (pseudo R-squared = 0.20) and (2) blinding of participants and personnel

with blinding of outcome assessment (pseudo R-squared = 0.12). To account for these

correlations, the analyses use two alternative independent variables for inadequacies: the

number of inadequacies and indicators for each inadequacy.

RCT results are classified and coded into normed z-scores so that a higher value of

z indicates a better outcome for the treatment group compared to the control group (see

Appendix table A2). The distribution of results for all outcomes is presented in Figure

3a. Overall 15% of all results are statistically significant and positive (z > 1.96), 12% are

statistically significant and negative (z < −1.96) and 74% are null (−1.96 ≤ z ≤ 1.96).

The mean of z across all outcomes is 0.16, with a standard deviation of 3.84 (see also

Table 2). The distribution of RCT results varies by outcome. Figure A1 shows the

distribution of results for six categories of outcomes: death, adverse event, adverse effect,

physical health, mental health and other efficacy outcomes.

Journal impact factor20 and citations through 2018 are retrieved from Web of Sci-

ence for the main article reporting the trial as identified by Cochrane reviewers. The

distribution of journal impact factor is presented in Figure 3b. The journal impact factor

distribution is highly skewed, with a mean of 5.34 and a standard deviation of 8.95. The

top 0.1% corresponds to RCTs published in the New England Journal of Medicine. The

top 1% adds RCTs published in JAMA and the Lancet. The top decile adds RCTs pub-

lished in other high impact journals in general and internal medicine, such as the Annals

of Internal Medicine and the Archives of Internal Medicine, as well as top specialty jour-

20Journal impact factor is a time varying variable from 1997 to 2018. For years before 1997, the 1997
value is imputed. For journals not listed in Web of Science, a value of zero is imputed.
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nals such as the Journal of Clinical Oncology, Gastroenterology, and Circulation. 80% of

the RCTs are published in journals with an impact factor of less than 5.3, and 20% of

RCTs are published in journals with an impact factor less than 1.

The distribution of annual citations is highly skewed, and similar to the distribution

of journal impact factor (Figure 3c). The annual citation mean is 4.78, with a standard

deviation of 18.43. On average, the top 1% RCTs receive 133 annual citations, RCTs

in the 96-99 percentiles receive 27 annual citations, and RCTs in the 90-95 percentiles

receive 12 annual citations. RCTs in the top 80-90 decile receive just above 5 annual

citations. 80% of RCTs receive less than 5 annual citations. RCTs in the bottom 20%

receive zero annual citations.

Cochrane reviews offer two ways to measure novelty within and across topics. All

reviews of prescription drugs include trials on drugs that are approved at the time of

the review. Considering early verus late science along the R&D spectrum, there is no

“early stage” research in the sample. However, within topics, the first RCT is more

“early science” than the twentieth RCT. The “order of entry” in a review measures this

dimension of “within topic” novelty. Across reviews, some topics are also more novel

than others. For instance, RCTs included in a review on immunotherapy address a more

novel topic than RCTs included in a review on statins.

The next sections explains how my empirical analysis leverages these data to com-

pare trials within narrowly defined groups and to estimate the effect of meeting standards

on experimental results, journal placement, and citations.
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5. Empirical Analysis

My empirical analysis relies on the comparison of RCTs using adequate versus

inadequate methods within narrowly defined groups. RCTs on the same topic (e.g.,

Active drug versus a placebo for hypertension) compare the effect of the same drug(s)

(e.g., a beta-blocker, such as atenolol) to the same comparator(s) (e.g., a placebo), on

the same outcome(s) (e.g., all-cause mortality, cardiovascular events, and stroke). Within

these groups, the study compares experimental results and scientific impact of adequate

versus inadequate RCTs.

Using the equation below, I estimate the effect of meeting six scientific standards21

on three main outcomes: (1) the sign and significance of experimental results; (2) the

impact factor of the publishing journal; and (3) the number of citations the paper receives:

Yirot = α + βMi + δXi + ρr + ωo + τt + εirot (1)

Yirot Outcome for RCT i published in year t, included in review r, on outcome o (e.g.,

death or stroke).

Mi Indicators for each number (or type) of inadequacies.

Xi RCT level controls (e.g., sample size)

ρr Review fixed effect (topic, treatments, comparators, outcomes, subgroups)

ωo Outcome type fixed effect (death, adverse event, physical health. . . )

τt Publication year fixed effect

εirot Error term

The first regression22 predicts whether, within reviews, RCTs with n inadequacies

(or with each type of inadequacy) have a higher probability to yield a positive result

(i.e., a statistically significant result supporting the use of the subject drug) than a

more adequate RCT on the same topic. The regressions control for sample size, missing

assessments, and include outcome and year fixed effects.

21The six standards include: random sequence generation, allocation concealment, blinding of partic-
ipants and personnel, blinding of outcome assessment, complete outcome data, and absence of selective
reporting, and are defined in Table A1.

22I used a logistic regression to predict the binary outcome of a statistically significant positive result.
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To investigate differences in publication bias and strategic non-disclosure by sponsor

type (NIH versus industry), equation (1) is modified to include indicators for sponsor

type and interactions between the number of inadequacies and sponsor type. To study

whether the relationship between inadequacies and results changed with pre-registration

and reporting requirements, equation (1) is modified to include an indicator identifying

the period after each new requirement (post 2005, 2007 and 2012) and an interaction

between the number of inadequacies and the time variables. 23

Using an equation similar to (1), regression models24 estimate the difference in

journal placement and citations between adequate and inadequate RCTs. The models

include the same controls as (1), and add controls for sponsor (NIH, industry), novelty

(as measured by indicators for order of entry in the review) and prestige25 (based on first

author affiliation).

A first set of models estimates the effect of inadequacies on journal prestige condi-

tional on results. To get the net global effect accounting for both the effect of methods

on results and the effect of results on journal prestige, a second set of models estimates

the effect of inadequacies on journal prestige unconditional on results.

Regressions including indicators for sponsor type (NIH, industry) and interactions

between sponsor and inadequacies explore whether the effect varies by sponsor (i.e.

whether journal editors are more or less tolerant of inadequacies for publicly sponsored

trials or privaltely sponsored trials). Regressions with interactions for prestige (based

on first author affiliation) investigate whether journal editors are more lenient towards

prestigious authors’ inadequacies. Regressions with interactions for top pharma company

first author and other type of firm involvement explore whether the relationship between

inadequacies and journal impact factor depends on the saliency of firm involvement. Re-

23In 2005, the International Committee of Medical Journal Editors (ICMJE) required trial registra-
tion before patient enrollment for trials to be eligible for publication in one of its member journals
(De Angelis et al., 2004). In 2007, the U.S. Food and Drug Administration Amendments Act of 2007
(FDAAA 801), required registration for most studies of FDA-regulated drug, biological or device prod-
ucts. In 2012, detailed reporting of outcome measures became mandatory for study records submitted
to ClinicalTrials.gov (Tse et al., 2018).

24Negative binomial models are reported in the result section. OLS models are reported in appendix.
25Observable characteristics of the author or the research, other than the intrinsic scientific quality

of the article, affect its journal placement and citations. For instance, prestigious authors receive pro-
portionally more credit and reward for their work than less prestigious authors (the ”Matthew effect”)
(Merton, 1968; Azoulay et al., 2013)
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gressions with interactions for novelty (as measured by the first or first to third RCT(s)

on a topic) investigate whether journal editors are more or less tolerant of methodological

inadequacies in more novel trials.

Journal prestige is likely to explain a part of the difference in citations between

RCTs using adequate versus inadequate methods. To get the net effect of inadequacies

on citations, a first set of models predicts the effect unconditional on impact factor.

To study whether, comparing articles published in similar journals, RCTs using better

methods receive more citations, a second set of models includes impact factor in the

regressions.26

Regression models test whether citations to positive and negative results, and net

positive citations, are different for RCTs with n (or each type of) inadequacies compared

to adequate RCTs on the same topic. “Positive citations” include all citations to articles

with at least one positive and statistically significant result supporting the use of the

drug under study (and no statistically significant negative finding). “Positive citations

including citations to non-significant results” add non-significant results, as these may be

used in marketing campaigns. “Negative citations” include all citations to articles with

at least one significant result against the use of the drug. “Net positive citations” account

for both citations to positive results (supporting the use of the drug) and citations to

negative results (against the use of the drug).27

26The second set of models aims to explore whether RCTs published in a specific journal (e.g., the
New England Journal of Medicine) and meeting scientific standards receive more citations than similar
articles on the same topic published in that journal but using inadequate methods.

27“Net positive citations” are defined by +1× citations if the result is positive (i.e. finding that the
drug is superior to the comparator), −1× citations if the result is negative (i.e. finding that the drug
is inferior to the comparator), and zero otherwise. This is the same approach used to define “market
expanding citations” or “weighted evidence driving drug sales” in Azoulay (2002).

18



6. Results

6.1. The impact of inadequacies on experimental results

Figure 4 shows the impact of inadequacies on the probability of a positive result.

The formal regression results are presented in Table 3. On average, each inadequacy

increases the probability of a positive result by 7%. The probability of a positive result

in RCTs with no inadequacies is 15%. RCTs with one inadequacy have a 17% change

of finding a postive result (+13.3%). RCTs with three or more inadequacies have a 19%

chance of finding a positive result (+26.6%). These effects are large and statistically

significant.

Table 3, column 3 presents the regression results, adding interactions between each

number of inadequacies and sponsorship by NIH or industry. Positive results are more

likely in trials sponsored by the NIH or by industry than in all other trials. All interactions

between number of inadequacies and sponsor are non significant, and the coefficients on

each number of inadequacies remain very similar to the coefficients in the main model

without interactions. There is no difference in the relationship between inadequacies and

results by sponsor type.

Table 3, columns 4-6 report the regressions with time indicators as well as interac-

tions between each number of inadequacies and time indicators (post 2005, post 2007 and

post 2012). The variables indicating the second time period are all negative and statisti-

cally significant. In all three models, however, the interactions between inadequacies and

time are not significant, except for three inadequacies, suggesting that the relationship

between inadequacies and positive results has not changed with new reporting policies.

The effect of each inadequacy, ordered by prevalence28, on the probability of a

positive result is presented in Figure 4b and Table A4. Inadequate blinding of participants

and personnel, which is the most common inadequacy, also has the largest positive effect

on the probability of a positive result (+4 percentage points), followed by allocation

concealment (+3 percentage points). Inadequate blinding of outcome assessment has a

negative effect on the probability of a positive result (−3 percentage points).

28(1) blinding of participants and personnel, (2) incomplete outcome data, (3) selective reporting, (4)
blinding of outcome assessment, (5) allocation concealment and (6) random sequence generation.
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Figure A2 reports estimates of the effect of the number of inadequacies on the

probability of a positive result for six outcome categories29. When the outcome is death,

adverse effect and adverse event, one inadequacy is enough to significantly increase the

probability of a positive result. This is not the case for other physical and mental health

outcomes and other (more subjective) measures of efficacy. Suprisingly, this suggests

inadequacies matter even more for objective outcomes than subjective outcomes.

Inadequate methods increase the probability of a positive result, and inadequacies

matter even more for objective outcomes than subjective outcomes. Inadequate blinding

of participants and personnel, which is the most common inadequacy, also has the largest

positive effect on the probability of a positive result. The relationship between inade-

quacies and positive results did not change with the introduction of pre-registration and

reporting requirements and does not vary by sponsor type, suggesting that publication

bias and strategic non-reporting do not drive the results.

6.2. The impact of inadequacies on journal placement

Table 430 and Figure 5a report the regressions of journal impact factor on number

of inadequacies. Conditional on results, RCTs with one, two, three, and four or more

inadequacies are published in journals with an impact factor respectively 87%, 81%, 71%

and 64% of the expected journal impact factor for an adequate RCT included in the same

review.31 The effect of each additional inadequacy on journal impact factor is large and

highly significant.

Table 4, column 3, presents the regressions of journal impact factor on number

of inadequacies, with interactions between number of inadequacies and NIH or industry

sponsor. NIH sponsored trials are published in much better journals than other trials,

by a large and highly significant coefficient (IRR = 1.44). Industry sponsored trials

are published in better journals than other trials, but the effect is not as large and only

marginally significant (IRR = 1.10). Journal editors judge inadequacies more harshly

29Death, adverse event, adverse effect, physical health, mental health and other measures of efficacy
30Table 4 reports negative binomial models. Table A5 report the same regressions using OLS.
31Unconditional on results, the journal impact factor penalty on each number of inadequate methods

is very similar (see Figure 5).
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in NIH sponsored trials compared to other trials. Surprisingly, this is not the case for

industry sponsored trials.32

Table 4, column 4, reports the regressions predicting journal impact factor with

interaction between the number of inadequacies and academic prestige (as measured by

first author affiliated with a top university or another university). Articles by prestigious

authors are published in much better journals, with a 30% boost for authors affiliated

with top universities and a 8% boost for authors affiliated with other universities. Inter-

action coefficients between one or two inadequacies and first author affiliated with a top

university are large and significant33.

Table 4, column 5, reports the regression of journal prestige on number of inade-

quacies, with interaction for first author affiliation with top pharma company and other

type of firm involvement. None of the interaction coefficients are significant.34

Table 4, columns 6 and 7, report regressions of journal prestige on the number

of inadequacies, with interactions for novelty. Novelty is associated with a large and

significant reward in journal prestige35. However, the relationship between inadequacies

and journal prestige does not depend on novelty. None of the interaction coefficients is

significant.

Regressions of journal impact factor on each inadequacy are presented in Figure 5b

and Table A4. Conditional on results, inadequate blinding of participants and personnel

yields 88% of the expected journal impact factor for an adequate RCT included in the

same review, incomplete outcome data 92%, selective reporting 90%, blinding of outcome

assessment 83%, allocation concealment 83%, and random sequence generation 78%.36

RCTs meeting scientific standards are published in better journals. Less frequent

inadequacies are more penalized. Journal editors judge inadequacies more harshly in

NIH sponsored trials compared to other trials. Surprisingly, this is not the case for

industry sponsored trials. Furthermore, the saliency of industry involvement does not

32Three out of four interaction coefficients on NIH with number of inadequacies are less than 1. Three
out of four interaction coefficient on industry with number of inadequacies are more than 1.

33IRR = 1.06 for one inadequacy and IRR = 1.19 for two.
34Given the relatively small sample of RCTs with a top pharma first author (N = 226), this result

should be interpreted with caution.
35First: IRR = 1.37, First to third: IRR = 1.34.
36The effect of each inadequacy on journal impact factor unconditional on results is very similar (see

Figure 5).
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lead journal editors to judge inadequacies more harshly. Journal editors are more lenient

with prestigious authors, especially when the number of inadequacies is limited to one or

two. Novel trials are published in much better journals, but inadequate trials, novel or

not, receive the same journal impact factor penalty.

6.3. The impact of inadequacies on citations

Table 5 and Figure 6show the impact of inadequacies on total annual citations. The

relationship between inadequacies and total annual citations is non-linear, in contrast to

the relationship between inadequacies and journal prestige. The first inadequacy yields

a citation penalty of about 10% compared to an adequate trial. The second and third

inadequacies do not make much difference compared to one inadequacy. Four or more

inadequacies yields a 20% additional penalty. As shown in Table 5, controlling for impact

factor in the regressions predicting citations eliminates the difference between trials with

one, two and three inadequacies.

Table A6 and Figure 6b show the effect of each inadequacy on total annual citations.

RCTs with inadequate blinding receive 91% of the expected citations for an adequate

RCT included in the same review, incomplete outcome data 98%, selective reporting 94%,

inadequate blinding of outcome assessment 93%, inadequate allocation concealment 87%,

inadequate random sequence generation 78%.37

Table 6 and Figure 7 show the effect of the number of inadequacies on citations

to positive results, citations to negative results and net citations. Only one number

of inadequacies (two inadequacies) is associated with a decrease in citations to positive

results, and this effect is only marginally significant. No number of inadequacies has

any effect on citations to positive results including non-significant results (which are

sometimes used in marketing campaigns, especially in the absence of significant positive

results). One or two inadequacies decrease citations to negative results.

Compliance with scientific standards affects academic prestige beyond the editorial

and peer-review process. RCTs with one or more inadequacies receive significantly fewer

citations than adequate RCTs on the same topic, and a main reason why better trials get

more citations is that they get published in better journals. Different inadequacies have

37Conditional and unconditional on results, the estimates of the effect of each inadequacy on citations
are very similar.
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different effects on total citations, and the effect of each inadequacy on total citations is an

attenuated version of the effect of each inadequacy on journal impact factor. However,

inadequacies have no effect on net positive citations, and the number of citations to

positive results does not change with the number of inadequacies. One or two inadequacies

decrease citations to negative results.
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7. Discussion and conclusion

In this paper, using a novel dataset of 23,321 clinical trials of drugs assessed in

Cochrane Reviews, I investigate academic and industry scientists’ incentives to meet

clinical trial standards. Within narrowly defined subgroups, I compare experimental

results and scientific impact of RCTs using adequate versus inadequate methods for

randomization, blinding and reporting.

The first contribution of this paper is to show that methodological inadequacies in

drug trials generate measurable bias (not merely noise), through an empirical estimate

of the effect of inadequacies on experimental results. The effect is large (+7% per inad-

equacy) and highly significant, suggesting that physicians, patients, firms, governments

or other decision makers using the results of the research as input in decision making

need interpret results of inadequate trials with caution. Notably, the relationship be-

tween inadequacies and experimental results did not change with the introduction of

pre-registration and reporting requirements for clinical trials, and does not depend on

government or industry sponsorship. This suggests that publication bias or strategic

non-disclosure do not drive the results.

A second contribution of the paper is to estimate whether and how much valid and

reliable trials get published in better journals and receive more citations. I find that

the effect of inadequacies on journal impact factor is large and journal impact factor

decreases linearly in the number of inadequacies (-10% per inadequacy). However, the

effect of inadequacies on citations is more limited and non-linear, and more valid and

reliable research is not associated with more citations to positive results. Journal editors

are sensitive to the number of inadequacies. Peer scientists do differentiate adequate and

inadequate trials in their citations, but are not sensitive to the number of inadequacies

between one and three. Only four or more inadequacies received a much larger citation

penalty than one inadequacy. These results are consisten with prior research finding, in

other domains, that better methods are associated with publication in better journals and

more citations (Antonakis and Lalive, 2008; Antonakis et al., 2014; Bergh et al., 2006).

Scientists who directly derive utility from a publication in a better journal or more

expected citations have incentive to produce better research, if they do not have a strong
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preference for results supporting the drug. However, published estimates of the monetary

value of a publication in a better journal or a few additional citations are low (Sandnes,

2018; Gibson et al., 2014). Across studies, a 10% increase in total citations increases

salary between 0.1% and 1.4% (Hamermesh, 2018). Consider a scientist producing one

paper a year every year over a 40 year career38. Based on previously described published

estimates, assuming her annual salary is $100K and there is no quantity/quality tradeoff

involved in compliance with scientific standards in drug trials39, the monetary value of a

better RCT—receiving a 10% citation boost compared to an RCT with inadequacies—

is between $2.5 and $35 annually or a maximum gain between $100 and $1,400 over

the scientist’s career40. For an academic scientist motivated by expected monetary gain,

even if the cost of meeting standards is very small, the monetary incentives deriving from

academic prestige may not be strong enough to encourage the production of high quality

drug trials.

For scientists with monetary incentives contingent on results, the decrease in the

probability of positive results associated with the use of better methods may disincen-

tivize compliance with high standards. If scientists are interested in the success of a

company’s product—because they work for the company or have conflicts of interest—

their incentives are aligned with the firm’s payoff for meeting standards. If publica-

tion aims to support marketing efforts, industry incentives to meet standards may be

low. Each inadequacy increases the probability to find support for the drug by 7%, and

inadequate studies lead to slightly fewer citations to negative results.

These findings have implications for journal editors and regulators. Journal editors

may need to strengthen incentives for compliance with scientific standards in drug trials.

Inadequacies that are less frequent are also more penalized. The least frequent inade-

quacies also correspond to standards that are easiest to follow (such as random sequence

generation, which can be easily done with a computer at no cost). If compliance with a

scientific standard is the norm, the lower frequency of violation of this standard might

38Less than 1% of all scientists publish every year, but these scientists account for about 40% of all
publications (Ioannidis et al., 2014)

39I assume here that the scientist can produce one paper a year, whether the paper meets scientific
standards or not, which will overestimate the gain from meeting standards if there is a quality/quantity
tradeoff.

40Between (1/40)*0.1%*100K=$2.5 and (1/40)*1.4%*100K=$35 annually.
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lead to its higher saliency to the editor and to a higher penalty. Scientists may also be

more likely to comply with scientific standards that lead to higher penalties.

Journals were at the forefront of the improvement in registration and reporting. The

2004 policy of the International Committee of Medical Journals’ (ICMJE) on mandatory

registration of clinical trials as a precondition for manuscript submission led a dramatic

increase in the number of registered trials (Zarin and Keselman, 2007; Huić et al., 2011).

The endorsement of the Consolidated Standards of Reporting Trials (CONSORT) state-

ment by medical journals41 has beneficially influenced the reporting of trials (Turner et

al., 2012). As several scientific standards (including those in this study) are supposed

to be reported according to the CONSORT checklist, a next step could be for journals

to publish the assessment of the paper42 on each of these dimensions along with the pa-

per. Such assessments could be beneficial for three reasons: as an incentive in the form

of public feedback, it could increase compliance with standards; to increase awareness

about risk of bias and facilitate the interpretation of results by readers using the article

as an input in decisions about treatment choice or future research; to create a broad data

base for future meta-research on the impact of compliance with scientific standards.

Regulators may also want to take measures to strengthen incentives to meet stan-

dards in drug trials because inadequate research generates a large externality for society

(Zarin et al., 2019). Regulators could consider the mandatory reporting of methods used

to meet scientific standards in drug trials, for instance in the ClinicalTrials.gov database.

This would make public feedback possible, even for unpublished trials, and facilitate

the interpretation of trial results. Limits to this strategy include that already mandated

items are not fully and completely reported in the database so far (Zarin et al., 2016), and

that changes to registration elements in registries are not reflected in published articles

(Pranić and Marušić, 2016).

Future research should study the relationship between inadequacies and medical

reversals to inform priority setting in replication projects, and assess welfare effects of

possible changes to mandatory requirements and drug approval policies.

41The CONSORT statement is now endorsed by over 50% of the medical journals listed in the Abridged
Index Medicus on PubMed. See: http://www.consort-statement.org/about-consort/endorsers1

42This assessment could be as simple as ”Adequate”, ”Inadequate”, or ”Unclear”, with a quote from
the paper to support the judgment, as currently in Cochrane reviews.
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Figures

Figure 1: Data flow
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Figure 2: Distribution of inadequacies, by number of inadequacies

Figure 2 shows the distribution of inadequacies, by number of inadequacies, for all RCTs assessed on
six dimensions (N = 11, 600).
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Figure 3: Distribution of experimental results, journal impact factor and annual citations

(a) Distribution of RCT results (z-scores)

(b) Distribution of journal impact factor

(c) Distribution of annual citations

This figure shows the distribution of the three main outcome variables: z-scores, journal impact factor
and total annual citations. Z-scores are classified and coded so that a higher value corresponds to better
results. N = 177, 333 RCT results corresponding to 23,321 RCTs included in 3,199 reviews.
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Figure 4: Effect of inadequacies on the probability of positive result

(a) Effect of number of inadequacies on the probability of positive results

(b) Effect of each inadequacy on the probability of positive results
(regression with all inadequacies)
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Figure 5: Effect of inadequacies on journal impact factor

(a) Effect of number of inadequacies on journal impact factor

(b) Effect of each inadequacy on journal impact factor (regression with all inadequacies)

40



Figure 6: Effect of inadequacies on total citations

(a) Effect of the number of inadequacies on total citations

(b) Effect of each inadequacy on total citations

This figure represents the incidence rate ratios from the negatice binomial regressions of total citations
on (a) each number of inadequacy, conditional on results with all controls, and (b) each inadequacy,
conditional on results, with all controls. In the two figures in the left column, the regressions do not
control for journal impact factor. In the two figures on the right column, the regressions control for
impact factor (to ask whether inadequacies affect citations when comparing articles published in a
similar journal). The coefficients of each of these regressions unconditional on the experimental results
of the RCT are very similar (so the figures are not reported here as they are indistinguisable).
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Figure 7: Effect of inadequacies on citations to results supporting (or against) the drug

(a) Effect of inadequacies on citations to statistically significant results supporting the
drug

(b) Effect of inadequacies on citations to non-significant results supporting the drug

(c) Effect of inadequacies on citations to statistically significant results against the drug

(d) Effect of inadequacies on net positive citations
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Tables

Table 1: Distribution of outcome types

Outcome Type Freq. Percent

Physical Health 56,802 32.03

Adverse Event 44,529 25.11

Death 21,923 12.36

Efficacy (other) 17,955 10.13

Adverse Effect 12,072 6.81

Mental Health 5,922 3.34

Attrition 5,801 3.27

Behavior 5,459 3.08

Utilization 3,568 2.01

Quality Of Life 2,172 1.22

Process 706 0.4

Satisfaction 423 0.24

Total 177,332 100

43



Table 2: Descriptive statistics

RCT level (n = 23,321)
Mean Std. dev. Min Max

Methods

Adequate* 0.17 0.38 0 1
Inadequate* (ordered by frequency) 0.45 0.50 0 1

Blinding participants and personnel 0.23 0.42 0 1
Incomplete outcome data 0.16 0.36 0 1
Selective reporting 0.11 0.31 0 1
Blinding outcome assessment 0.10 0.30 0 1
Allocation concealment 0.05 0.22 0 1
Random sequence generation 0.03 0.16 0 1

Unclear* 0.37 0.48 0 1
Number of inadequacies 0.68 0.90 0 6
Number of unclear methods 1.74 1.45 0 5
Number inadequate or unclear 2.42 1.71 0 6

Results
Mean z* 0.16 3.84 −347.8 134.7
Positive 0.15 0.35 0 1
Negative 0.12 0.32 0 1
Null 0.74 0.44 0 1

Scientific impact
Journal impact factor* 5.34 8.95 0 79.26
Scopus CiteScore (2017) 2.61 2.99 0 15.85
Citations per year 4.78 18.43 0 1047.3
Citations to positive results (annual) 5.38 23.09 0 1047.3
Citations to negative results (annual) 6.22 25.92 0 880.4
Citations to mixed results (annual) 9.31 25.27 0 398
Citations to null results (annual) 3.14 9.19 0 364.9

Affiliation (First author)
Top University* 0.10 0.30 0 1
Other University* 0.39 0.49 0 1
Top Pharma* 0.01 0.10 0 1

Funding
NIH* 0.08 0.28 0 1
Other grant* 0.02 0.13 0 1
Industry* 0.05 0.20 0 1

Sample size 349 3,155 4 182,609

Year 2003 7 1990 2018

*Overall Methods are “adequate” if all methods were adequate, “inadequate” if at least one method was
inadequate, “unclear” if reviewers were not able to assess from reported information whether methods
were adequate or inadequate. All RCT results are standardized, normed and coded so that a higher
z-score is better. A binary variable indicates a missing impact factor. Positive cites include citations
to articles reporting at least one positive result. Top universities are identified from the AWRU list for
2007. Other universities come from first author affiliation address. Top pharma includes companies with
revenue greater than $10 billion since 2011. NIH grant and other grants are retrieved from PubMed.
Industry funding is retrieved from the reviews.
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Table 3: Effect of number of inadequacies on the probability of positive results

DV = Significant Positive Result (Logit Model)

(1) Main

model

(2) Proba-

bilities

(3) Inad.

x Sponsor

(4) Inad.

x post

2005

(5) Inad.

x post

2007

(6) Inad.

x post

2012

Inadequacies

1 0.17*** 0.17*** 0.15*** 0.15*** 0.18*** 0.17***

(0.02) (0.002) (0.02) (0.03) (0.03) (0.02)

2 0.10*** 0.16*** 0.10** 0.12** 0.12** 0.09**

(0.03) (0.003) (0.03) (0.04) (0.04) (0.03)

3 0.26*** 0.19*** 0.23*** 0.08 0.11 0.22**

(0.05) (0.005) (0.05) (0.06) (0.06) (0.05)

4+ 0.27*** 0.19** 0.32** 0.17 0.17 0.26**

(0.09) (0.010) (0.10) (0.13) (0.11) (0.10)

Sponsor

NIH -0.08* -0.11* -0.08* -0.08* -0.08*

(0.03) (0.04) (0.03) (0.03) (0.03)

Pharma -0.18*** -0.17** -0.19*** -0.19*** -0.19***

(0.04) (0.05) (0.04) (0.04) (0.04)

Post Time Post 2005 Post 2007 Post 2012

-0.19*** -0.69* -0.73*

(0.05) (0.31) (0.32)

Inadequacies x NIH Post 2005 Post 2007 Post 2012

1 0.08 0.03 -0.06 -0.02

(0.07) (0.04) (0.04) (0.07)

2 0.06 -0.04 -0.05 0.17

(0.11) (0.05) (0.06) (0.09)

3 -0.37 0.39*** 0.41*** 0.31*

(0.25) (0.09) (0.09) (0.14)

4+ 0.10 0.22 0.31 0.02

(0.70) (0.18) (0.19) (0.41)

Inadequacies x Industry

1 0.08

(0.07)

2 -0.02

(0.09)

3 0.53

(0.17)

4+ 0.10

(0.68)

N Reviews 3,199 3,199 3,199 3,199 3,199 3,199

N Obs. 175,025 175,025 175,025 175,025 175,025 175,025

*p < 0.05, **p < 0.01, ***p < 0.001. Observations are RCT results, compared within review. All
models report the logistic regression of a binary indicator for a significant positive result (a result
supporting the treatment compared to the comparator) and control for sample size and include fixed
effects for outcome type, number of assessments, years and number of comparisons in RCT.
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Table 4: Effect of number of inadequacies on journal placement

DV = Journal Impact Factor

(1) Condi-

tional on

results

(2) Uncon-

ditional on

results

(3) Inad.

x Sponsor

(4) Inad.

x Acad.

Prestige

(5) Inad.

x Firm in-

volvement

(6) Inad.

x Novelty

(First)

(7) Inad.

x Novelty

(1st-3rd)

Inadequacies

1 0.87*** 0.87*** 0.87*** 0.88*** 0.86*** 0.88*** 0.87***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

2 0.81*** 0.81*** 0.78*** 0.77*** 0.79*** 0.81*** 0.82***

(0.02) (0.02) (0.02) (0.03) (0.02) (0.02) (0.03)

3 0.71*** 0.70*** 0.76*** 0.71*** 0.72*** 0.70*** 0.72***

(0.03) (0.03) (0.04) (0.05) (0.03) (0.03) (0.04)

4+ 0.64*** 0.64*** 0.62*** 0.56*** 0.60*** 0.68*** 0.63***

(0.05) (0.06) (0.05) (0.07) (0.05) (0.06) (0.06)

Sponsor

NIH 1.40*** 1.40*** 1.44***

(0.03) (0.03) (0.04)

Industry 1.17*** 1.20*** 1.10*

(0.04) (0.04) (0.05)

Academic Prestige

Top Univ. 1.24*** 1.24*** 1.30***

(0.03) (0.03) (0.04)

Other Univ. 1.08*** 1.08*** 1.08***

(0.02) (0.02) (0.02)

Firm involvement (Top pharma first author versus other firm involvement)

Top First 0.98

(0.76)

Other 1.11*

(0.06)

Novel First 1st-3rd

1.37*** 1.34***

(0.05) (0.05)

Inadequacies x NIH Top Univ. Top P. 1st First 1st-3rd

1 0.92* 1.06* 1.05 0.94* 0.99

(0.04) (0.05) (0.14) (0.04) (0.03)

2 0.98 1.19* 1.26* 0.95* 0.94*

(0.07) (0.09) (0.24) (0.06) (0.04)

3 0.60* 0.94 0.36* 1.00 0.95

(0.10) (0.14) (0.34) (0.13) 0.08)

4+ 1.83* 1.08 1.00 0.66 1.04

(0.07) (0.45) (.) (0.14) (0.17)

Inadequacies x Industry Other U. Other F.I.

1 1.10* 0.95* 1.10*

(0.07) (0.03) (0.08)

2 1.17* 1.02 1.17*

(0.10) (0.05) (0.11)

3 0.74* 0.99 0.77*

(0.13) (0.09) (0.14)

4+ 1.16 1.23* 1.24*

(0.27) (0.20) (0.29)

N Reviews 3,103 3,103 3,103 3,103 3,103 3,103 3,103

N Obs. 23,321 23,321 23,321 23,321 23,321 23,321 23,321

*p < 0.05, **p < 0.01, ***p < 0.001. Observations are RCT results, compared within review. The table reports the
incidence rate ratios (IRR) from the negative binomial regressions of impact factor on the number of inadequacies,
with controls and interactions. The reference for RCTs with zero inadequacies is IRR=1. OLS models predicting
the logarithm of impact factor plus one yield similar results (see appendix table A5). All models include all controls
as well as outcome, order of entry, and year fixed effects.
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Table 5: Effect of number of inadequacies on total citations

Citations Received Through 2018 (Web of Science)

(1) (2) (3) (4) (5) (6) (7) (8)

Model
Negative Binomial (IRR)

DV = Total citations (exposure: age)

OLS

DV = log(Citations by year + 1)

Conditional on

Results
Yes Yes No No Yes Yes No No

Controlling for IF No Yes No Yes No Yes No Yes

Reference:

0 inad 1 1 1 1 1.06 1.06 1.06 1.06

# inadequacies

1 0.91*** 0.92*** 0.90*** 0.92*** −0.08*** −0.05*** −0.08*** −0.05***

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

2 0.89*** 0.93*** 0.89*** 0.93** −0.11*** −0.07*** −0.12*** −0.07***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.05)

3 0.88*** 0.92* 0.88*** 0.93 −0.19*** −0.12*** −0.19*** −0.12***

(0.03) (0.04) (0.03) (0.04) (0.03) (0.03) (0.03) (0.03)

4+ 0.66*** 0.70*** 0.65*** 0.70*** −0.30*** −0.24*** −0.31*** −0.24***

(0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05)

Sponsor

NIH 1.50*** 1.32*** 1.49*** 1.33*** 0.40*** 0.28** 0.39*** 0.28***

(0.03) (0.03) (0.03) (0.03) (0.02) (0.01) (0.02) (0.02)

Industry 1.25*** 1.22*** 1.28*** 1.24*** 0.22*** 0.20*** 0.24*** 0.20***

(0.04) (0.04) (0.04) (0.04) (0.03) (0.03) (0.03) (0.03)

First Author

Top University 1.20*** 1.14*** 1.20*** 1.12*** 0.17*** 0.10*** 0.17*** 0.10***

(0.03) (0.02) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02)

Other University 1.09*** 1.08*** 1.09*** 1.08*** 0.04*** 0.03** 0.04*** 0.03**

(0.02) (0.01) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01)

Top Pharma 1.10 1.11 1.12 1.13* 0.09 0.10* 0.10* 0.10*

(0.06) (0.06) (0.07) (0.06) (0.05) (0.04) (0.05) (0.04)

N Reviews 3,103 3,103 3,103 3,103 3,103 3,103 3,103 3,103

N Observations 23,308 23,308 23,308 23,308 23,321 23,321 23,321 23,321

*p < 0.05, **p < 0.01, ***p < 0.001. The regressions predicting citations use article age in 2018 as the
time exposure variable and control for order in review, prestige (first author affiliation), log sample size,
number of dimensions assessed, missing journal impact factor, outcome type fixed effects, year fixed
effects.
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Table 6: Effect of the number of inadequacies on citations to results supporting (or against)
the drug

DV = Annual citations

Total

citations

Positive

citations

Negative

citations

Net

citations

(1) (2) (3) (4) (5) (6) (7)

NB
(IRR)

OLS
NB

(IRR)
OLS

NB
(IRR)

OLS OLS

Number of inadequacies

1 0.90*** −0.08*** 0.96 −0.01 0.88** −0.03** −0.01

(0.01) (0.01) (0.04) (0.01) (0.04) (0.01) (0.01)

2 0.89*** −0.12*** 0.88* −0.03* 0.85* −0.03** −0.03

(0.02) (0.02) (0.05) (0.01) (0.05) (0.01) (0.01)

3 0.88** −0.19*** 0.96 −0.05* 1.14 −0.04 −0.05

(0.03) (0.03) (0.09) (0.02) (0.12) (0.02) (0.03)

4+ 0.65*** −0.31*** 1.12 −0.02 0.76 −0.07 −0.01

(0.05) (0.05) (0.17) (0.04) (0.16) (0.04) (0.04)

Sponsor

NIH 1.49*** 0.39*** 0.79*** 0.01 1.08 0.08*** 0.02

(0.03) (0.02) (0.05) (0.02) (0.07) (0.01) (0.02)

Industry 1.28*** 0.24*** 1.20* 0.06* 1.19 0.06* 0.06*

(0.04) (0.03) (0.09) (0.02) (0.10) (0.02) (0.03)

First Author Affiliation

Top University 1.20*** 0.17*** 1.02 0.04** 1.17** 0.07*** 0.05**

(0.03) (0.02) (0.06) (0.02) (0.07) (0.01) (0.02)

Other University 1.09*** 0.04*** 1.12** 0.04*** 1.07 0.02 0.03**

(0.02) (0.01) (0.04) (0.01) (0.04) (0.01) (0.01)

Top Pharma 1.12 0.10* 0.58** −0.02 1.08 0.00 -0.03

(0.07) (0.05) (0.11) (0.04) (0.17) (0.04) (0.04)

N Reviews 3,103 23,308 3,103 23,308 3,103 23,308 23,308

N Observations 23,308 3,103 23,308 3,103 23,308 3,103 3,103

*p < 0.05, **p < 0.01, ***p < 0.001. All models control for log sample size, number of assessments,
order in review, missing first author affiliation and include year fixed effects. The models do not control
for impact factor (to get the net effect of inadequacies on citations). The exposure variable in the
negative binomial model is the age of the RCT in 2018.
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Appendix

Appendix Figures

Figure A1: Distribution of results by main outcome category
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Figure A2: Effect of number of inadequacies on the probability of positive result by outcome
type
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Appendix Tables

Table A1: Definition of clinical trial standards (Cochrane Risk of Bias Assessment Tool)

Bias
domain

Source of
bias

Support for judgement Review Authors
judgement

Selection
bias

Random
sequence
generation

Describe the method used to generate the
allocation sequence in sufficient detail to
allow an assessment of whether it should
produce comparable groups.

Selection bias (biased
allocation to
intervention) due to
inadequate generation of
a randomized sequence.

Selection
bias

Allocation
concealment

Describe the method used to conceal the
allocation sequence in sufficient detail to
determine whether intervention
allocations could have been foreseen
before or during enrollment.

Selection bias (biased
allocation to
interventions) due to
inadequate concealment
of allocations before
assignment.

Performance
bias

Blinding of
participants
and
personnel

Describe all measures used, if any, to
blind participants and researchers from
knowledge of which intervention a
participant received. Provide any
information relating to whether the
intended blinding was effective.

Performance bias due to
knowledge of the
allocated intervention by
participants and
personnel during the
study.

Detection
bias

Blinding of
outcome
assessment

Describe all measures used, if any, to
blind outcome assessment from
knowledge of which intervention a
participant received. Provide any
information relating to whether the
intended blinding was effective.

Performance bias due to
knowledge of the
allocated intervention by
outcome assessment.

Attrition
bias

Incomplete
outcome
data

Describe the completeness of outcome
data for each main outcome, including
attrition and exclusions from the
analysis. State whether attritions and
exclusions were reported, the numbers in
each intervention group (compared with
total randomized participants), reasons
for attrition or exclusion where reported,
and any re-inclusion in the analysis for
the review.

Attrition bias due to
amount, nature or
handling of incomplete
outcome data

Reporting
bias

Selective
reporting

State how selective outcome reporting
was examined and what was found.

Reporting bias due to
selective outcome
reporting.

Other bias Anything
else,
pre-specified

State any important concerns about bias
not covered in other domains in the tool.

Bias due to problems not
covered elsewhere.

Source: Adapted from Higgins et al, 2011
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Table A2: Definition of variables

Variable Definition Origin, type and values

Methods

Random
sequence
generation

Cochrane reviewers’ assessment for whether
participants were assigned to intervention
groups on the basis of a chance (random)
process characterized by unpredictability.

Origin: Cochrane reviews
Type: categorical variable
Values: adequate, inadequate,
unclear, missing

Allocation
concealment

Cochrane reviewers’ assessment for whether
appropriate mechanisms were used to prevent
foreknowledge of treatment assignment and
prevent those who enroll participants from
being influenced by this knowledge.

Origin: Cochrane reviews
Type: categorical variable
Values: adequate, inadequate,
unclear, missing

Blinding of
participants
and personnel

Cochrane reviewers’ assessment for whether
appropriate mechanisms were used to
withhold information about the assigned
interventions from participants and
personnel.

Origin: Cochrane reviews
Type: categorical variable
Values: adequate, inadequate,
unclear, missing

Blinding of
outcome
assessment

Cochrane reviewers’ assessment for whether
appropriate mechanisms were used to
withhold information about the assigned
interventions from outcome assessors.

Origin: Cochrane reviews
Type: categorical variable
Values: adequate, inadequate,
unclear, missing

Incomplete
outcome data

Cochrane reviewers’ assessment for whether
appropriate measures were taken to prevent
missing outcome data, due to attrition
(drop-out) during the study or exclusions
from the analysis to bias the results.

Origin: Cochrane reviews
Type: categorical variable
Values: adequate, inadequate,
unclear, missing

Selective
reporting

Cochrane reviewers’ assessment for whether
results were selectively reported.

Origin: Cochrane reviews
Type: categorical variable
Values: adequate, inadequate,
unclear, missing

Number of
dimensions
assessed

Count variable for how many of the six
standards were assessed in a Cochrane review.

Origin: Cochrane reviews
Type: count variable.
Values: 1 to 6.

Number of
adequate
methods

Count variable for how many of the
dimensions were assessed as “adequate”.

Origin: Cochrane reviews
Type: count variable.
Values: 0 to 6.

Number of
inadequacies

Count variable for how many of the
dimensions were assessed as “inadequate”.

Origin: Cochrane reviews
Type: count variable.
Values: 0 to 6.

Number of
unclear
assessments

Count variable for how many of the
dimensions were assessed as “unclear”.

Origin: Cochrane reviews
Type: count variable.
Values: 0 to 6.

Adequate
methods

RCT methods are adequate if all methods
assessed are “adequate”.

Origin: Cochrane reviews
Type: Binary variable.
Values: 0 / 1

Inadequate
methods

RCT methods are inadequate if at least one
method is assessed as “inadequate”.

Origin: Cochrane reviews
Type: Binary variable.
Values: 0 / 1

Unclear
methods

RCT methods are unclear if the available
information does not allow the classification
of RCT methods as “adequate” or
“inadequate”.

Origin: Cochrane reviews
Type: Binary variable.
Values: 0 / 1
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Variable Definition Origin, type and values

Results

Outcome Outcome measured in the treatment and
control groups, as stated in the statistical file
of the meta-analysis.

Origin: Cochrane reviews, statisti-
cal file
Type: Free text
Values: death prior to hospital
discharge, stroke, blood pressure,
length of stay

Outcome
category

Classification of “outcome” variable, based on
clustering of similar outcomes (e.g.,
mortality, death before hospital discharge,
maternal mortality, survival) into outcome
categories (e.g., death), and coding to
identify positive and negative outcomes (e.g.,
survival versus death).

Origin: Cochrane reviews, statisti-
cal file (from “Outcome”)
Type: Categorical variable
Values: death, physical health,
adverse event, efficacy (other),
adverse effect, mental health,
attrition, behavior, utilization,
quality of life, process,
satisfaction.

Results:
comparison
level

z-score Z-scores for dichotomous and continuous
outcomes are calculated using the following
formulas.
Categorical outcomes:
p1, p2 the proportion of successes in the
treatment and control groups, n1, n2 the size
of the treatment and control groups, and p
the proportion of successes in the two
samples combined:

Z =
p1 − p2√

p(1 − p)

(
1

n1
+

1

n2

)
Continuous outcomes:
µ1, µ2 are the mean in the treatment and
control groups,
σ1, σ2 are the standard deviation in the
treatment and control groups,
n1, n2 are the sample sizes in the treatment
and control groups.

Z =
µ1 − µ2√
σ2
1

n1
+
σ2
2

n2

Origin: Cochrane reviews, statisti-
cal file
Type: Continuous variable
Values: from −1000 to 1000.

Significant
positive result

Indicator for whether Z > 1.96 Origin: Cochrane reviews, statisti-
cal file
Type: Binary variable
Values: 0 / 1

Significant
negative result

Indicator for whether Z < −1.96 Origin: Cochrane reviews, statisti-
cal file Type: Binary variable
Values: 0 / 1
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Variable Definition Origin, type and values

Null result Indicator for whether −1.96 ≤ Z ≤ 1.96 Origin: Cochrane reviews, statisti-
cal file
Type: Binary variable
Values: 0 / 1

Results:
RCT level

Number of
results in RCT

Number of treatment, control, outcome,
subgroup level comparisons in RCT.

Origin: Cochrane reviews, statisti-
cal file
Type: Count variable
Values: 1,2,3. . .

Positive RCT Indicator for whether all RCT results are
positive or null.

Origin: Cochrane reviews, statisti-
cal file
Type: Binary variable
Values: 0 / 1

Negative RCT Indicator for whether all RCT results are
negative or null.

Origin: Cochrane reviews, statisti-
cal file
Type: Binary variable
Values: 0 / 1

Mixed RCT Indicator for whether the RCT includes both
significantly positive results and significantly
negative results (e.g., the treatment
significantly reduces death but also
significantly increases side effects).

Origin: Cochrane reviews,
statistical file Type: Binary
variable
Values: 0 / 1

Null RCT Indicator for whether all RCT results are null. Origin: Derived, Cochrane re-
views, statistical file
Type: Binary variable
Values: 0 / 1

Scientific
impact

Journal
impact factor

Journal impact factor Origin: WOS (new: Scopus)

Citations Citations through 2018 Origin: WOS (new: Scopus)

Citations to
positive
results

Citations * 1[Positive RCT] Origin: Derived

Citations to
negative
results

Citations * 1[Negative RCT] Origin: Derived

Citations to
null results

Citations * 1[Null RCT] Origin: Derived

Citations to
mixed results

Citations * 1[Mixed RCT] Origin: Derived

Citation
weighted
positive
results

Citations * 1[Positive RCT]
+ Citations * -1[Negative RCT]

Origin: Derived

Bibliometric
data

Publication
year

Publication year Origin: PubMed

First author
affiliation

Free text of first author address Origin: PubMed
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Variable Definition Origin, type and values

Top university See list in Appendix Origin: Derived, PubMed

Other
university

University not in top university list Origin: Derived, PubMed

Top pharma See list in Appendix. Top pharma defined by
revenue threshold. From free text of author
affiliation.

Origin: Derived, PubMed

Funding

NIH Indicator for NIH grant. Binary variable.
Origin: Derived, PubMed

Other grant Indicator for other grant. Binary variable.
Origin: Derived, PubMed

Industry Indicator for industry funding listed in article
reported in Cochrane review.

Binary variable.
Origin: Derived, Cochrane.

Novelty

Order of entry
in review

Variable representing the chronological rank
of the RCT as compared to other RCTs on
the same topic based on publication year
within review (if the first study on the topic
was published in 2000, its order is 1. If the
next study was published in 2003, its order is
2. . . ).

Ordinal variable
Origin: Derived, Cochrane.

Topic
maturity

Age of the first study published on the topic.
For instance, if the first study was published
in 1990, the topic maturity in 2018 is 28. If
the first study was published in 2000, the
topic maturity in 2018 is 18.

Integer
Origin: Derived, Cochrane.

Sample size Study sample size including patients in the
treatment and control groups

Origin: Cochrane, statistical file.
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Table A3: Relationship between inadequacies, pseudo R-squared

Random

Sequence

Genera-

tion

Allocation

Conceal-

ment

Blinding

Patients &

Personnel

Blinding

Outcome

Assess-

ment

Incomplete

Outcome

Data

Random Sequence Generation 1

Allocation Concealment 0.20 1

Blinding Patients and Personnel 0.00 0.02 1

Blinding Outcome Assessment 0.01 0.01 0.12 1

Incomplete Outcome Data 0.00 0.00 0.00 0.00 1

Selective Reporting 0.00 0.00 0.00 0.00 0.01

Each cell reports the pseudo R-squared from the Logit regression of the indicator for one type of
inadequacy (e.g., random sequence generation) on the indicator for another type of inadequacy (e.g.,
allocation concealment).
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Table A4: Effect of each inadequacy on experimental results and journal placement

Positive result Journal impact factor

(1)

Logit

(2)

Probability

(3)

Negative Binomial

(4)

OLS

Inadequacies

Blinding 0.42*** 0.04*** 0.88* −0.09***

Part. & Pers. (0.04) (0.004) (0.02) (0.02)

Incomplete 0.01 0.00 0.92*** −0.08***

Outcome Data (0.03) (0.003) (0.02) (0.01)

Selective 0.08 0.01 0.90*** −0.08***

Reporting (0.04) (0.003) (0.02) (0.02)

Blinding -0.31*** -0.03*** 0.83*** −0.14***

Outcome Assess. (0.05) (0.004) (0.03) (0.02)

Allocation 0.37*** 0.03*** 0.82*** −0.17***

Concealment (0.09) (0.004) (0.03) (0.03)

Random 0.06 0.01 0.79*** −0.18***

Seq. Generation (0.10) (0.009) (0.04) (0.04)

N Reviews 1,469 1,469 3,103 3,103

N observations 94,535 94,535 23,321 23,321

*p < 0.05, **p < 0.01, ***p < 0.001. Observations are compared within reviews. In columns 1 and
2, an observation is an RCT result, and the regression includes all RCTs assessed on all dimensions.
The regression controls for sample size and includes year, outcome, and number of comparisons fixed
effects. In columns 3 and 4, and observation is an RCT. The models control for sample size, number
of assessments, missing assessment, order of entry, academic prestige (first author affiliated with top
university or other university), top pharma affiliation, sponsorship and include year and order of entry
fixed effects.
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Table A5: Effect of number of inadequacies on journal placement (OLS)

DV = log (Journal Impact Factor + 1)

(1) Condi-

tional on

results

(2) Uncon-

ditional on

results

(3) Inad.

x Sponsor

(4) Inad.

x Acad.

Prestige

(5) Inad.

x Firm in-

volvement

(6) Inad.

x Novelty

(First)

(7) Inad.

x Novelty

(1st-3rd)

Inadequacies

1 -0.05*** -0.06*** -0.10*** -0.09*** -0.12*** -0.10*** -0.11***

(0.01) (0.01) (0.01) (0.02) (0.01) (0.01) (0.02)

2 -0.07*** -0.07*** -0.17*** -0.15*** -0.19*** -0.16*** -0.14***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

3 -0.12*** -0.13*** -0.22*** -0.22*** -0.26*** -0.26*** -0.24***

(0.03) (0.03) (0.03) (0.04) (0.03) (0.03) (0.04)

4+ -0.24*** -0.24*** -0.38*** -0.39*** -0.41*** -0.33*** -0.40***

(0.05) (0.05) (0.05) (0.07) (0.06) (0.06) (0.07)

Sponsor

NIH 0.28*** 0.27*** 0.44***

(0.02) (0.02) (0.02)

Industry 0.20*** 0.21*** 0.09*

(0.03) (0.03) (0.04)

Academic Prestige

Top Univ. 0.10*** 0.10*** 0.29***

(0.02) (0.02) (0.02)

Other Univ. 0.03** 0.03** 0.08***

(0.01) (0.01) (0.02)

Firm involvement (Top pharma first author versus other)

Top First -0.23

(0.07)

Other 0.11*

(0.04)

Novel First 1st-3rd

0.39*** 0.38***

(0.03) (0.03)

Inadequacies x NIH Top Univ. Top P. 1st First 1st-3rd

1 -0.12* -0.06 -0.02 -0.05* -0.01

(0.04) (0.04) (0.01) (0.03) (0.02)

2 -0.09* 0.03 0.20* -0.06* -0.08*

(0.06) (0.06) (0.17) (0.05) (0.03)

3 -0.56*** -0.16* -0.76* -0.02 -0.08*

(0.12) (0.11) (0.45) (0.08) (0.06)

4+ 0.50* -0.12 0 -0.26* 0.04

(0.35) (0.27) (.) (0.13) (0.10)

Inadequacies x Industry Other U. Other F.I.

1 0.05 -0.06* 0.04*

(0.05) (0.02) (0.06)

2 0.11 -0.07* 0.09*

(0.07) (0.03) (0.08)

3 -0.28* -0.12* -0.25*

(0.12) (0.06) (0.13)

4+ 0.04 0.01 0.00

(0.17) (0.10) (0.17)

N Reviews 3,103 3,103 3,103 3,103 3,103 3,103 3,103

N Obs. 23,321 23,321 23,321 23,321 23,321 23,321 23,321

*p < 0.05, **p < 0.01, ***p < 0.001. Observations are RCT results, compared within review. The table report the
OLS coefficients from the regressions of impact factor on the number of inadequacies, with controls and interactions.
All models include all controls (including those non reported), as well as outcome, order of entry, and year fixed
effects.
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Table A6: Effect of each inadequacy on citations (no control for impact factor)

Total
citations

Positive
citations

Negative
citations

Net
citations

(1) (2) (3) (4) (5) (6) (7)
NB

(IRR)
OLS

NB
(IRR)

OLS
NB

(IRR)
OLS OLS

Inadequacies

Blinding 0.91*** −0.08*** 0.97 −0.01 0.86** −0.03 −0.00
Part. & Pers. (0.02) (0.02) (0.05) (0.01) (0.05) (0.01) (0.02)

Incomplete 0.98 −0.04** 0.89* −0.03* 1.02 0.01 −0.02
Outcome Data (0.02) (0.01) (0.04) (0.01) (0.06) (0.01) (0.01)

Selective 0.94** −0.11*** 0.93 −0.02 1.02 −0.03 −0.02
Reporting (0.02) (0.02) (0.06) (0.02) (0.07) (0.01) (0.01)

Blinding 0.93* −0.05* 0.83** −0.04* 1.07 −0.01 −0.05∗
Outcome Assess. (0.03) (0.02) (0.06) (0.02) (0.09) (0.01) (0.02)

Allocation 0.87*** −0.13*** 1.19* −0.00 0.87 −0.03 0.00
Concealment (0.03) (0.03) (0.10) (0.02) (0.09) (0.02) (0.02)

Random 0.78*** −0.14*** 1.06 −0.00 0.82 −0.07* 0.00
Seq. Generation (0.04) (0.03) (0.12) (0.03) (0.12) (0.03) (0.03)

N Reviews 3,103 3,103 3,103 3,103 3,103 3,103 3,103
N observations 23,308 23,308 23,308 23,308 23,308 23,308 23,308

*p < 0.05, **p < 0.01, ***p < 0.001. This table presents the net effect of each inadequacy on total
citations unconditional on results, and not controlling for impact factor. An observation is an RCT.
RCTs are compared within reviews. All models control for log sample size, sponsor and fist author
affiliation (top university, other university, top pharma or missing), and include fixed effects for novelty
(order of entry in review). The exposure variable in the negative binomial models (NB) is the age of the
article in 2018. Columns 1, 3 and 5 report the incidence rate rations (IRR) from the negative binomial
regressions of total citations on all inadequacies and controls. Columns 2, 4, 6 and 7 reports the OLS
coefficients of the regression of the log of citations plus one on all inadequacies and controls.
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List of top 25 universities in clinical medicine and pharmacy
(AWRU, 2007)

• Harvard University

• University of California, San Francisco

• University of Washington

• The Johns Hopkins University

• Columbia University

• University of California, Los Angeles

• The University of Texas Southwestern Medical Center at Dallas

• University of Michigan – Ann Arbor

• Karolinska Institute

• University of Pittsburgh

• Stanford University

• Mayo Medical School

• University of Oxford

• University of Minnesota, Twin Cities

• University of Cambridge

• Yale University

• University College London

• The University of Texas M. D. Anderson Cancer Center

• University of Wisconsin – Madison

• Vanderbilt University

• University of Pennsylvania

• Duke University

• University of California, San Diego

• Tufts University

• The Imperial College of Science, Technology and Medicine
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List of top pharmaceutical companies used in this study (by rev-
enue)

• Johnson & Johnson

• Roche

• Pfizer

• Novartis

• Bayer

• Merck & Co

• GlaxoSmithKline

• Sanofi

• Abbvie

• Abbott Laboratories

• Eli Lilly & Co

• Amgen

• Bristol-Myers Squibb

• Gilead Sciences

• AstraZeneca

• Teva Pharmaceutical Industries

• Boehringer Ingelheim

• Merck Group

• Novo Nordisk

• Takeda Pharmaceutical

• Allergan plc

• Shire

• Celgene

• Biogen
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