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substantial decline. Ninety-seven percent of orig-
inal studies had significant results (P < .05).
Thirty-six percent of replications had signifi-
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CORRESPONDENCE

Believe it or not: how much can we
rely on published data on potential

drug targets?

Florian Prinz, Thomas Schlange and Khusru Asadullah

A recent report by Arrowsmith noted that the
success rates for new development projects in
Phase II trials have fallen from 28% to 18% in
recent years, with insufficient efficacy being
the most frequent reason for failure (Phase II
failures: 2008-2010. Nature Rev. Drug Discov.
10, 328-329 (2011))'. This indicates the limi-
tations of the predictivity of disease models
and also that the validity of the targets being
investigated is frequently questionable, which

to feasible/marketable, and the financial costs
of pursuing a full-blown drug discovery and
development programme for a particular tar-
get could ultimately be hundreds of millions of
Euros. Even in the earlier stages, investments
in activities such as high-throughput screen-
ing programmes are substantial, and thus the
validity of published data on potential targets
is crucial for companies when deciding to start
novel projects.

Biological
Psychiatry

LINK.TO ORIGINAL ARTICLE

results that are published are hard to repro-
duce. However, there is an imbalance between
this apparently widespread impression and its
public recognition (for example, see REFS 2,3),
and the surprisingly few scientific publica-
tions dealing with this topic. Indeed, to our
knowledge, so far there has been no published
in-depth, systematic analysis that compares
reproduced results with published results for
wet-lab experiments related to target identifica-
tion and validation.

Early research in the pharmaceutical indus-
try, with a dedicated budget and scientists who
mainly work on target validation to increase
the confidence in a project, provides a unique
opportunity to generate a broad data seton the
reproducibility of published data. To substanti-
ate our incidental observations that published
reports are frequently not reproducible with
quantitative data, we performed an analysis
of our early (target identification and valida-



Problems

» Publication bias/file drawer problem

» P-hacking/multiple comparisons/data
dredging/data fishing

* The garden of forking paths
= Optional stopping (of data collection)

= Post hoc storytelling (framing exploratory analysis

as confirmatory analysis)

= Perverse incentives and “publish or perish”

= Fraud



Proposed solutions

* Lower significance threshold

» Require/encourage higher power studies
» Require/encourage preregistration

» Require/encourage sample-splitting

= Publication of null results & data-sharing
= Meta-analysis

= Replication studies

* Adversarial collaboration

» Replace/augment statistical significance



Proposed solutions

= Lower significance threshold

» Require/encourage higher power studies

» Require/encourage preregistration Soundness-
dependent
» Require/encourage sample-splitting

effects



Aim of this talk

* To share a dynamic—soundness-dependence—with
implications for some of the proposed interventions:
i.a., voluntary preregistration, sample splitting,
increasing study power, and redefining statistical

significance.

» Emphatically not: to argue against any of these

Interventions.



Fact 1. Scientific studies vary in their methodological

soundness.



Fact 1. Scientific studies vary in their methodological

soundness.

Fact 2. Interventions in evidentiary standards and
research practices can differentially affect

studies as a function of their soundness.



Claim. The conjunction of these facts has
unrecognized implications for proposed

interventions in the replication crisis.



EXAMPLE A

Intervention. Voluntary preregistration

Background problem 1. Publication bias

Background problem 2. Questionable research practices

producing differentials in study soundness

Observation. Voluntary preregistration and study

soundness can be positively correlated



Preregistration
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Specification of study
design and analysis
plan prior to

conducting a study.
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Progress in science relies in part on with  overc le
existing and testing with new observations.
This b and predi is app d there is not.

but is not resp in practice. of
postdictions with testing of predictions reduces the aedlblllty of
research findings. However, ordinary biases in human reasoning,
such as hindsight bias, make it hard to avoid this mistake. An
effective solution is to define the research questions and analysis
plan before g the research process called pre-
analyses and outcomes
that result from predictions from those that result from postdictions.
A variety of practical strategies are available to make the best pos-
sible use of preregistration in circumstances that fall short of the ideal
application, such as when the data are preexisting. Services are now

¢ in post hoc explanations (postdictions) and inflate
the likelihood ofhc,hcvmg lhdl (huc is c,vndmcu fora ﬁndmg when

ions can increase
the dumcuvcnc\\ and puhlhh.xhnhly of ﬁm.hngs hy falsely reducing

uncertainty. Ulti ly, this dect P ility (6-11).
Mental C ints on Distinguishing Predictions and
Postdictions

Itis for researchers to alternate b lic

and prediction. Ideas are generated, and observed data modlfy
those ideas. Over time and iteration, researchers develop un-
derstanding of the phenomenon under study. That understand-
ing might result in a model, hypothesis, or theory. The dynamism
of the research enterprise and limits of human reasoning make it
casy lo mm.nkc postdiction as prediction. The problem with this

available for prereg acgoss all facilitating a rapid
increase in the practice. doption of will
increase bet by h and hypoth-

esis testing and will improve the ¢mdlbllhy of research findings.

| open science | analysis | analysis |

preregistration

ngnm in science is marked by reducing uncertainty about
nature. Scientists generate models that may explain prior
observations and predict future observations. Those models are
.Jppmx:mdlmn\ and slmphﬁmunn\ of rudll!y Models are itera-
tively img 1 and replaced by red: the amount of pre-
diction error. As prediction error dccuuu.s certainty about what
will occur in the future increases. This view of research progress
is captured by George Box's aphorism: “All models are wrong
but some are useful” (1, 2).

Scientists improve models by ggmmlmg hypolhc;u hAch on
existing observations and testing those hyp

is 1 as post hoc theorizing or hypothesizing after the
results are known (12). It is an example of circular reasoning—
generating a hypothesis based on observing data, and then
evaluating the validity of the hypothesis based on the same data.
Hindsight bias, also known as the I-knew-it-all-along effect, is
the tendency to see outcomes as more predictable after the fact
compared with before they were observed (13, 14). With hindsight
hu.s lhc ohurvu uses the data to generate an explanation, a
imul ly perceives that they would have an-

llL‘lpdlLd lhdl it in advance, a A common case is
when the researcher’s prediction is vuguc so that many possible
outcomes can be rationalized after the fact as supporting the pre-
diction. For example, a biomedical researcher might predict that a
treatment will improve health and postdictively identify the one of
five health outcomes that showed a positive benefit as the one most
relevant for testing the pru]uu(m A pohnul scientist might arrive at
a model u\mg a of lusion criteria that
can be alized after the fact but would not have been anticipated

ed

new obsuvauom These dl.\(ll’lCl modcs nf rcxcarch are dw.
ph and h h

versus hypothesis-testing, the context uf dmmcry versus the

context of justification, data-independent versus data-contingent

analysis, and exploratory versus confirmatory research (e.g, refs.

3-6). We use the more general terms—postdiction and pre-

diction—to capture this important distinction.

A common thread among epistemologies of science is that
postdiction is characterized by the use of data to generate hy-
potheses about why something occurred, and prediction is
characterized by the acquisition of data to test ideas about what
will occur. In prediction, data are used to confront the possi-
bility that the prediction is wrong. In postdiction, the data are
already known and the postdiction is generated to explain why
they occurred.

Testing predictions is vital for ic evidence

as relevant beforehand. A chemist may have random variation oc-
curring across a number of results and nevertheless be able to con-
struct a narrative post facto that imbues meaning in the randomness.
To an audience of historians (15), Amos Tversky provided a cogent
explanation of the power of hindsight for considering evidence:
All t00 often, we find ourselves unable to predict what will happen;
yet after the fact we explain what did happen with a great deal of
confidence. This “ability” to explain that which we cannot predict,
even in the absence of any additional information, represents an
important, though subtle, flaw in our reasoning. It leads us to believe
that there is a less uncertain world than there actually is

This paper results from the Arthur M. Sackler Colloquium of the National Academy of
Sciences, “Reproducibility of Research: kssues and Proposed Remedies,” held March 8-10,
2017, at the National Academy of Sciences in Washington, DC. The complete program and

for explanatory claims. Testing predictions assesses the un-
certainty of scientific models by observing how well the predictions
account for new data. Generating postdictions is vital for discovery
of possibilities not yet considered. In many cases, researchers have
very little basis to generate predictions, or evidence can reveal that
initial expectations were wrong. Progress in science often proceeds
via unexpected discovery—a study reveals an inexplicable pattern
of results that sends the investigation on a new trajectory.

Why does the distinction between prediction and postdic-
tion matter? Failing to appreciate the difference can lead to

2600-2606 | PNAS | March 13,2018 | vol. 115 | no. 11
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Publication bias

Results in a literature
consisting largely in
statistically significant
rather than null

results.
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also capture signals of warm-season upwell-
ing, which in the CC is uncorrelated to winter
upwelling and dominated by decadal-scale vari-
ability (3, 5, 26). Overall, multivariable indices
such as those we developed and describe here
highlight broad physical-ecological i
and may provide new options for monitoring
and “hindcasting” ecosystem states. In this exam-
ple, covariance among fish, seabirds, and trees
demonstrates a remarkable degree of connectivity
across the coastal interface that not only provides
context for interpreting variability in observation-
al records but may also be relevant to manage-
their current status, and their ranges of historical
variability is central to the desired transition from
single-species fisheries stock assessments to the
next generation of integrative ecosystem-based
strategies (27).
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Publication bias in the social
sciences: Unlocking the file drawer
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We studied publication bias in the social

by
conducted studies—221 in total—in which there is a full

and unpublished. We |

ged Time-sh

ing a known lation of

ting of what is published

Experiments in the Social Sciences (TESS),
d program in which researchers propose

survey-based experiments to be run on representative samples of American adults.

B TESS proposal

rigorous peer review, the studies in the sample all

exceed a substantial quality threshold. Strong results are 40 percentage points more likely
to be published than are null results and 60 percentage points more likely to be written

up. We provide direct evidence of publication bias and identify the stage of research production
at which publication bias occurs: Authors do not write up and submit null findings.

ublication bias occurs when “publication
of study results is based on the direction
or significance of the findings” (Z). One per-
nicious form of publication bias is the
greater likelihood of statistically signif-
icant results being published than statistically
insignificant results, holding fixed research qual-
ity. Selective reporting of sdentific findings is often
referred to as the “file drawer” problem (2). Such
a selection process increases the likelihood that
published results reflect type I errors rather than
true population parameters, biasing effect sizes
upwards. Further, it constrains efforts to assess

Department of Political Science, Stanford University,
Stanford, CA. USA. 2Graduate School of Business, Stanford
University, Stanford, CA, USA.

ing author. E-mail: edu

1502 19 SEPTEMBER 2014 « VOL 345 ISSUE 6203

the state of knowledge in a field or on a particular
topic because null results are largely unobservable
to the scholarly community.

Publication bias has been documented in var-
ious disciplines within the biomedical (3-9) and
social sciences (10-17). One common method of
detecting publication bias is to replicate a meta-
analysis with and without unpublished litera-
ture (18). This approach is limited because much
of what is unpublished is unobserved. Other
methods solely examine the published literature
and rely on assumptions about the distribution
of unpublished research by, for example, compar-
ing the precision and magnitude of effect sizes
among a group of studies. In the presence of pub-
lication bias, smaller studies report larger effects
in order to exceed arbitrary statistical significance

thresholds (19, 20). However, these visualization-
based approaches are sensitive to using differen
measures of precision (27, 22) and also assume
that outcome variables and effect sizes are com
parable across studies (23). Last, methods that
compare published studies to “gray” literatures
(such as dissertations, working papers, confer:
ence papers, or human subjects registries) may
confound strength of results with research qual
ity (7). These techniques are also unable to de
termine whether publication bias occurs at the
editorial stage or during the writing stage. Editors
and reviewers may prefer statistically signifi-
cant results and reject sound studies that fail
to reject the null hypothesis. Anticipating this
authors may not write up and submit papers
that have null findings. Or, authors may have their
own preferences to not pursue the publication
of null results.

A different approach involves examining the
publication outcomes of a cohort of studies, either
prospectively or retrospectively (24, 25). Analyses
of clinical registries and abstracts submitted tc
medical conferences consistently find little tc
no editorial bias against studies with null find
ings (26-31). Instead, failure to publish appears
to be most strongly related to authors’ perceptions
that negative or null results are uninteresting
and not worthy of further analysis or publica
tion (32-35). One analysis of all institutional re
view board-approved studies at a single university
over 2 years found that a majority of conducted
research was never submitted for publication o1
peer review (36).

Surprisingly, similar cohort analyses are much
rarer in the social sciences. There are two main
reasons for this lacuna. First, there is no process
in the social sciences of preregistering studies

sciencemag.org SCIENCE
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Abstract

Cases of clear scientific misconduct have received significant media attention recently, but less flagrantly questionable research
practices may be more prevalent and, ultimately, more damaging to the academic enterprise. Using an anonymous elicitation
format supplemented by incentives for honest reporting, we surveyed over 2,000 psychologists about their involvement in
questionable research practices. The impact of truth-telling incentives on self-admissions of questionable research practices
was positive, and this impact was greater for practices that respondents judged to be less defensible. Combining three
different estimation methods, we found that the percentage of respondents who have engaged in questionable practices was
surprisingly high. This finding suggests that some questionable practices may constitute the prevailing research norm.

Keywords
professional standards, judgment, disclosure, methodology
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Although cases of overt scientific misconduct have received
significant media attention recently (Altman, 2006; Deer,
2011; Steneck, 2002, 2006), exploitation of the gray area of
acceptable practice is certainly much more prevalent, and may
be more damaging to the academic enterprise in the long run,
than outright fraud. Questionable research practices (QRPs),
such as excluding data points on the basis of post hoc criteria,
can spuriously increase the likelihood of finding evidence in
support of a hypothesis. Just how dramatic these effects can be
was demonstrated by Simmons, Nelson, and Simonsohn
(2011) in a series of experiments and simulations that showed
how greatly QRPs increase the likelihood of finding support
for a false hypothesis. QRPs are the steroids of scientific com-
petition, artificially enhancing performance and producing a
kind of arms race in which researchers who strictly play by the
rules are at a competitive disadvantage. QRPs, by nature of the
very fact that they are often questionable as opposed to bla-
tantly improper, also offer considerable latitude for rational-
ization and self-deception.

Concerns over QRPs have been mounting (Crocker, 2011;
Lacetera & Zirulia, 2011; Marshall, 2000; Sovacool, 2008;
Sterba, 2006; Wicherts, 2011), and several studies—many
of which have focused on medical research—have assessed
their prevalence (Gardner, Lidz, & Hartwig, 2005; Geggie,

Martinson, Anderson, & de Vries, 2005; Swazey, Anderson, &
Louis, 1993). In the study reported here, we measured the per-
centage of psychologists who have engaged in QRPs.

As with any unethical or socially stigmatized behavior,
self-reported survey data are likely to underrepresent true
prevalence. Respondents have little incentive, apart from good
will, to provide honest answers (Fanelli, 2009). The goal of the
present study was to obtain realistic estimates of QRPs with a
new survey methodology that incorporates explicit response-
contingent incentives for truth telling and supplements self-
reports with impersonal judgments about the prevalence of
practices and about respondents’ honesty. These impersonal
judgments made it possible to elicit altemative estimates, from
which we inferred the upper and lower boundaries of the actual
prevalence of QRPs. Across QRPs, even raw self-admission
rates were surprisingly high, and for certain practices, the
inferred actual estimates approached 100%, which suggests
that these practices may constitute the de facto scientific norm.

Corresponding Author:
Leslie K. John, Harvard Business School—Marketing, Morgan Hall 169,
Soldiers Field, Boston, MA 02163

QRPs

QRPs produce
methodological bias
such that more studies
obtain positive results
when the null

hypothesis is true.



Density

Raw and weighted distribution of z-statistics

1.645 (0.100)-
1.960 (0.050)-

2.576 (0.010)-

z-statistics (p-values in parenthesis)

10



The model

Consider a unit mass of independent studies.

A study consists of a hypothesis tests between a pair of

null (H,) and alternative (H,) hypotheses.

Let ¢ € (0,1) denote the fraction of null hypotheses

that are true.

Adaptation of a classic model of

bias in science (loannidis, 2005;
Maniadis, Tufano and List, 2014)



False discovery

A false positive occurs when a study yields a

significant outcome when the null hypothesis is true.

The false positive ratio is equal to the number of false
positive outcomes over the number of all significant

outcomes.

Pr(Hy, significant)

Pr(Hj | significant) = Pr(significant)



Methodological soundness

The population of studies exhibits some distribution of

methodological soundness.

S

Assumption. Full support.



Methodological soundness

A perfectly-sound study attains significance when the
null hypothesis is true with a frequency corresponding

to the significance threshold.

Q
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Methodological soundness

A less-than-perfectly-sound study will attain
significance when the null hypothesis is true with a
frequency greater than the significance threshold by

some factor £ > 1.
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Modeling preregistration

When a study is preregistered we model this as having

its unsoundness k decreased to k' nearer the optimal
value such that £t > k' > 1.

o <oy



Study-level ettects of preregistration

1. Preregistered studies produce fewer false positive
outcomes.

2. Preregistered studies produce fewer positive

outcomes as well.



A population-level problem

Voluntary preregistration can make it so:



A population-level problem

Voluntary preregistration can make it so:

Assumption 1. Researchers who are, on average, more
likely to preregister their studies are also
more likely to already employ more-
sound methods.



A population-level problem

Voluntary preregistration can make it so:

Assumption 1. Researchers who are, on average, more
likely to preregister their studies are also
more likely to already employ more-

sound methods.

This will produce soundness-dependent filtration of
studies that can diminish (or reverse) desired

improvement.



Proposition 1. If preregistration and study soundness
are sufficiently strongly correlated, then voluntary
preregistration will increase the false discovery rate of a

literature.



How this works

For simplicity, assume there are two types of studies:

Relatively sound studies with k = 2.
(So, at @ = 0.05, ka = 0.1)

Unsound studies that always attain significance.



Stipulate that only sound studies are likely to be

preregistered.

Preregistration of a study improves its soundness to

the maximal value £’ = 1.

Some reasonable further assumptions: studies are
moderately powered with medium average effect sizes
d = 0.5; and three-quarters of null hypotheses are true.



Effect of soundness—preregistration
correlation on false discovery

0.25 0.5



Assumption 2. Researchers who are more confident in
the truth of their studies are, on

average, more likely to preregister their
studies.

Assumption 3. Researchers’ confidence in the truth of

their study hypotheses is, on average,

positively correlated with the truth of
their hypotheses.



Proposition 2. If preregistration and prior odds of study
hypotheses are sufficiently strongly related, then
voluntary preregistration will increase the false

discovery rate of a literature.



How this works

For simplicity, assume there are two types of studies:

Plausible studies where, on average, 1/3 of the null
hypotheses are true, and the studies are well-powered

with medium average effect sizes d = 0.5.

Implausible studies where, on average, 2/3 of the null
hypotheses are true, and the studies are modestly-

powered with small average effect sizes d = 0.2.



Stipulate that only plausible studies are likely to be

preregistered.

Both types of studies are equally sound with k£ = 4,
and preregistration of a study improves its soundness

to the maximal value k£’ = 1.



Effect of confidence—preregistration
correlation on false discovery




Analogous propositions on the overestimation of
improvement and the possibility of backfire effects

obtain for each:

= voluntary sample-splitting, and

= voluntary increase in study power.



Redefining
statistical
significance

Proposal to change the
default p-value
threshold for statistical
significance from 0.05
to 0.005.

Redefine statistical significance

We propose to change the default P-value threshold for statistical significance from 0.05 to 0.005 for claims of

new discoveries.

Daniel J. Benjamin, James O. Berger, Magnus Johannesson, Brian A. Nosek, E.-J. Wagenmakers,

Richard Berk, Kenneth A. Bollen, Bjorn Brembs, Lawrence Brown, Colin Camerer, David Cesarini,
Christopher D. Chambers, Merlise Clyde, Thomas D. Cook, Paul De Boeck, Zoltan Dienes, Anna Dreber,
Kenny Easwaran, Charles Efferson, Ernst Fehr, Fiona Fidler, Andy P. Field, Malcolm Forster,

Edward |. George, Richard Gonzalez, Steven Goodman, Edwin Green, Donald P. Green, Anthony Greenwald,
Jarrod D. Hadfield, Larry V. Hedges, Leonhard Held, Teck Hua Ho, Herbert Hoijtink, Daniel J. Hruschka,
Kosuke Imai, Guido Imbens, John P. A. loannidis, Minjeong Jeon, James Holland Jones, Michael Kirchler,
David Laibson, John List, Roderick Little, Arthur Lupia, Edouard Machery, Scott E. Maxwell,

Michael McCarthy, Don Moore, Stephen L. Morgan, Marcus Munafd, Shinichi Nakagawa,

Brendan Nyhan, Timothy H. Parker, Luis Pericchi, Marco Perugini, Jeff Rouder, Judith Rousseau,

Victoria Savalei, Felix D. Schénbrodt, Thomas Sellke, Betsy Sinclair, Dustin Tingley, Trisha Van Zandt,
Simine Vazire, Duncan J. Watts, Christopher Winship, Robert L. Wolpert, Yu Xie, Cristobal Young,
Jonathan Zinman and Valen E. Johnson

studies has caused growing concern

over the credibility of claims of new
discoveries based on ‘statistically significant’
findings. There has been much progress
toward doc ing and addressi

T he lack of reproducibility of scientific

not address the appropriate threshold for

confirmatory or contradictory replications

of existing claims. We also do not advocate

changes to discovery thresholds in fields

that have already adopted more stringent
dards (for example, genomics

8
several causes of this lack of reproducibility
(for example, multiple testing, P-hacking,
publication bias and under-powered
studies). However, we believe that a leading
cause of non-reproducibility has not yet
been adequately addressed: statistical
standards of evidence for claiming new
discoveries in many fields of science are
simply too low. Associating statistically
significant findings with P < 0.05 results

in a high rate of false positives even in the
absence of other experimental, procedural
and reporting problems.

For fields where the threshold for
defining statistical significance for new
discoveries is P < 0.05, we propose a change
to P < 0.005. This simple step would
immediately improve the reproducibility of
scientific research in many fields. Results
that would currently be called significant
but do not meet the new threshold should
instead be called suggestive. While
statisticians have known the relative
weakness of using P & 0.05 as a threshold
for discovery and the proposal to lower
it to 0.005 is not new', a critical mass of
researchers now endorse this change.

We restrict our recommendation to
daims of discovery of new effects. We do

6

and high-energy physics research; see the
‘Potential objections’ section below).

We also restrict our recommendation
to studies that conduct null hypothesis
significance tests. We have diverse views
about how best to improve reproducibility,
and many of us believe that other ways of
summarizing the data, such as Bayes factors
or other posterior summaries based on
clearly articulated model assumptions, are
preferable to P values. However, changing the
P value threshold is simple, aligns with the
training undertaken by many researchers,
and might quickly achieve broad acceptance.

Strength of evidence from P values
In testing a point null hypothesis H, against
an alternative hypothesis H, based on data
X, the P value is defined as the probability,
calculated under the null hypothesis, that a
test statistic is as extreme or more extreme
than its observed value. The null hypothesis
is typically rejected — and the finding is
declared statistically significant — if the
P value falls below the (current) type I error
threshold a = 0.05.

From a Bayesian perspective, a more
direct measure of the strength of evidence
for H, relative to H, is the ratio of their

probabilities. By Bayes’ rule, this ratio may
be written as:

Pr(H, | x,.)

Pr(Hy | x,)
_ Sl | H)  Pr(H) (1)
" f(xae | Hy)~ Pr(H,)
=BF X (prior odds)

where BF is the Bayes factor that represents
the evidence from the data, and the prior
odds can be informed by researchers’ beliefs,
scientific consensus, and validated evidence
from similar research questions in the same
field. Multiple-hypothesis testing, P-hacking
and publication bias all reduce the credibility
of evidence. Some of these practices reduce
the prior odds of H, relative to H, by
changing the population of hypothesis tests
that are reported. Prediction markets’ and
analyses of replication results’ both suggest
that for psychology experiments, the prior
odds of H, relative to H, may be only about
1:10. A similar number has been suggested
in cancer clinical trials, and the number

is likely to be much lower in preclinical
biomedical research’.

There is no unique mapping between
the P value and the Bayes factor, since the
Bayes factor depends on H,. However, the
connection between the two quantities
can be evaluated for particular test
statistics under certain classes of plausible
alternatives (Fig. 1).
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Proposition 3. If the distribution of methodological
soundness of studies exhibits full support, then there
will be a critical value beyond which lowering the
statistical significance threshold will increase in the

false discovery rate of a literature.



How this works

For simplicity, assume there are two types of studies:

Sound studies with k = 1.

Unsound studies that always attain significance.

Further assumptions: studies are moderately powered
with medium average effect sizes d = 0.5; and two-

thirds of null hypotheses are true.
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Discussion

= Soundness-dependent filtration is always at play.
E.g., when some researchers choose to employ

higher power methods.

* Soundness-dependent filtration has implications for

the natural selection of bad science (Cf. Smaldino
2016; Grimes et al 2017).

* A necessary condition for soundness-dependent

filtration is publication bias.

= (Aside: subtle effects on sign & magnitude errors.)



Discussion

= (Consider soundness-dependent effects in choosing
between interventions (and in choosing b/w

voluntary € mandatory versions thereof).

= Assess and report replication rates of studies in a

literature by method (rather than in aggregate).

» Adjust expectations for improvement from
interventions that will likely produce soundness-

dependent filtration.



Moral

Interventions in evidentiary standards and research

practices need not affect all studies equally.

Indeed, whenever the effects of interventions are not
entirely uncorrelated with study soundness, we should

be alert to the interaction between the two.



Problems Proposed solutions

= Publication bias/file drawer problem = Lower significance threshold

= p-hacking/multiple comparisons/data ] Require/encourage higher power studies
dredging/data fishing - Require/encourage preregistration

) The garden of forking paths " Require/encourage sample-splitting

" Optional stopping (of data collection) Th ank you . = Publication of null results & data-sharing

= Post hoc storytelling (framing exploratory * = Meta-analysis
analysis as confirmatory analysis) . Replication studies

= Perverse incentives and “publish or perish” . Adversarial collaboration

= Fraud

] Replace/augment statistical significance



