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A puzzle

Cancer-busting broccoli sprout pills?
It's a thing.

Translational scientist’s ‘green chemoprevention’ research
extends from eastern China to Seattle and now, into space
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A puzzle

Cancer-busting broccoli sprout pills?
It's a thing.
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Translational scientist’s ‘green chemoprevention’ research
extends from eastern China to Seattle and now, into space
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Why was it better to bet on the Higgs boson (pre test)
than on broccoli (post test)?
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You may have the answer. Let’s see.



Aims of this talk

Meta level. Present framework for modeling

interventions with research questions.



Aims of this talk

Meta level. Present framework for modeling

interventions with research questions.

Object level. Demonstrate the value of the framework

by using it to reveal insights for proposed interventions.
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Feceling the Future: Experimental Evidence for Anomalous Retroactive
Influences on Cognition and Affect

Daryl J. Beaw
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Deryl Bem’s 2011 paper, ‘Feeling the
Future’ purporting show compelling
evidence for extra-sensory perception.



Briet history of the replication crisis

yiialivedy

Feceling the Future: Experimental Evidence for Anomalous Retroactive
Influences on Cognition and Affect

Daryl J. Beaw
Loamell Univzesity

e erm

o arnmabien s e

irlmrshte @iy nace the an zomel

anee

Phiie i ol (3073, DRyl o Slsphet echinlome. T WL o 41 Jrodosniia

anrraise b epEed thongr sy krean feesm i w-u.gum e w«mvlm\ "

6w fleut aiae of 343, Sheytaises aluat
-

Sgravale:

froc ome person te another wrbout the medistica of any known
channs! of sensare commucinon: cldiriovanee (scetizes
calied sawone wenig), D GEGEL PEICETERG O DRI CF

scve guaeaess) o Areonin wp:um\ cta
futane even tan Goai non cesenwias be amlcigized czvaah oy
S infaenti] s,

s ..ml: wae puitlohal 0

w, e m- ore o 1
suradibe ol sbanalis axd
remwazz m A ot e

s ol saplication, 4l Diseies of pid e o

i parnpaidechoye, BSP. psseyni i, nimcass i

Brecgitin et

‘moce geaest sheaomense: te anomalozs retrcactive e

socse Suture event o 6 individzal's cuent mpum. whethee

NS IO O T bt o -

tive. Tz seticle nepocts reze experencs desiz et e o sch
T

iz efTacts
talnd Sefore Ce pulLYey

y
100 colere endessces in wie Lnned States four that perczel
st et ud shegtisal o tie existe

scleaces, or e hezanzis (Wagner & Moanst. 197, L2 fac,
T af b pagehibogis in (e saadve ek psi o b
sible, 2 view expeeesed by ozly 2% of all cthee espendents.

teatrwrlizary cliim
ie mare mmw 0 ke

s gn
i ru—mnnwmu AT 320 da2IENEC 0 s et
i anspess: Ben Bl fu iz, Do Folennas, Junisoa
s mm Kelly *on, Vitvens Moo lnnvry Yever, ard
Suake W, Lasa i 3

sustainmg such chims 22d xware of pesvious dllnu thar faied
sl 1o mees thcee ECulfemEnts ar 6o sUngys the sest of aucesss

E N ez st e s o e Fesest eega. Dvan
Rain, st oeuist ol the lasne of Nowdo S wd
Treeal Sharon <l zasihabiey i the Crivity c((nl e

Tul teplizecse feasiis G e gewes shepticivin ane
shacossed by Dez and Lozecioa (1994, 7. 5}

Sbere ace two zajor challezges foc psi rszacthess, an: emp
1 lienge. of s

Same Boeram,
omesporie: mmmmmmnm mmmmm,n.

et al Pawirslie £3i ¥
H4Y tomm e carrellodr

is o semate well cozeolled cemeastrations of 2t that con Se
neptacatid Ty indeendent isvostigoies. Tt e e
e macarch ceagrom mipesal in this s by, |

There was something wrong with
existing practices.



Briet history of the replication crisis

RESEARCH ARTICLE SUMMARY

PSYCHOLOGY

Estimating the reproducibility of
psychological science

Open Science Collaboration”

INTRODUCTION: Hepeoducihilty s o defin- |
g festure of slence, bt the extent to which |
It charnetertses uvent rsearch & ubkiowns |
Scientific claims should not gain eredence |
because of the status oc autharity of thelr |
ardgnimar but by the replicability of thelr |
supporting evidener, Even research of exes- |

iunsly observed finding and is the mens of
establishire reproducibility of a Gidig with
new data, We conducted & large-sce, ocllab-
contive effoct to cbtain an initil estimate of

plary gt may have empir-
ical fitlongs becamse: of miudoes oF ytemitic
ceree

RATIONALE: There is concern about the mte

RESEARCH

situtantial dedline. Ninety-seves pervent of arig-
inal studies had significint resilis (P < 05),
Thirty-sitx pereent of repilications had signid-
cant resulte; 9% of g
sl et wies were (n the
8% confidence lerval
of the replication effect
wize; 300 of effocts were
subijectively mted o have
replicated the ariginal re
sult; and if 1o bias in original results i as-
wuped, combinieg orgnal and replication
results left 58% with statistically shosifcant
effects. Conelational tests sugpest thit nepli-
cution wevess wiw better peaticted by the
strengih of ariglisal evidenee than by charac-
teristios of the original and replication teams.

weierrm awATIN

the reproducibility of peychologion) science.
CONCLUSION: No single indicatar sufficient-
RESULTN: We conductod replications of 100 | Iy describes peplication sucoess, and the five
and studies pub- | indicators examined here are not the only
e ways t evaluate ibil

powered destgns and ocging material when

colloctively these results offer a clear woch-
wiors: A arge portios of vepllcations produced
weaber evidence fur the original fineings de-

and pred hut limied

Poalues,
effect sizes, subjective assesaments of replca-
tiom teasms. and lysis of effect s

evidence. Yotmtially problematic pmctaces in-
Hive and

Irssuicierst speecfication of the condition nes-

exsary o sufficient 1 obtain the results. Direct |
repilication i the attermyt 10 recreate the too- |
ditions believed sufficient for ARG 3 pee-

Repicaton Effect Size

o

‘e pewan sffect stae (1) of the replication of-
focta (A, = Q107 SI) = D:257) win Tl tho iag-
niide of the mean effect stee of the origial
effects (AC = 0,403, SD = 0.J8S), repevsenting &

Original study etfect size versus replication effect size (correlation coeffickents). [yrna

sze equd to

e 5 rephcaton
otfect san of & Foaints befow the dotted frw ware oftects i the coposite dinction of the orgeal

wp Y

SCIENCE sehencrmg ors

(rect) othocts

@ 11
wunhars, review in achvance for methododog-

evidence b consistert with the cindision that
varfation in the strength of initial evidence
(such as ortgnal £ value) was more predictive
of replication success than vartation in the
eharucteristics of the teams conducting the
research (wch o5 cxperience and expertise].
The latter factoes certalnly can influmco rep-
Beatlon seess, but they 4K not appear to da
% here.

Reproducibility is not well understood be-
cause the incentives for individaal scientists
prioritize novelty over replication. Innova-
ton is the engine of discovery and is vital for
4 productive, effretive adentific enterprise.
Honwever, {snovative s become ol news
fast. Journal reviewens and editors may dis-
miss & new test of & published idea as un-
ontginal The cladm that “we alteady know this”
belies the uncertainty of scieotific evidence.
Innovation points out paths that are possible:
replication paints out paths that are lkely;
progress relies oo both, Meplication can in-
crease certainty when findings are reproduced
and pramote snovation when they ire 1ot
This frroject prrovides desumulating evidence
fur many findings i peycological research:
and suggests that there Is still more work t©
dota verify whether we know what we think
we kiow. 8
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A large-scale effort to reproduce 100
findings in psychology found that
only 39 held up.
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CORRESPONDENCE

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

drug targets?

Florian Prinz. Thomas Schiange and Khusru Asadullah

A secent seport by Arrowanith noted that the
swecem ke for new dewdapment projects in
Phase 11 trishs have fallers (rcen 29% to 1% in
recent years, with insufficient efficacy being
the most frequent reasoes far falkuse (Phase 1I
failures: 2008-2010. Natwre Rev. Drog Dysom
10, 328-329 (2011))', This indicates the lirsi-
tations of the predictivity of disease models
and also that the validity of the targets being
isvestigated i froquently questionable, which
In & crucial tosue to adedress if wucoes rates in
clinical triah are  be itsprovod

Candidate drusg tangets in industry are
derived from varkus sources, including in.
bouse target identification cammpaigns, in-
licensing and poblic sourcing, in particular
based an reports published i the Merature and
peesented at conferences. During the transter
of projects from an academic 10 4 company
setting. the foc changes from 'interesting’

s Yeasible/marketable, and the financial costs
of pursuing 2 full-blown drg d y anxd

LINK 1O ORIGINAL ARTICLE

results that are published are hard 10 repro
duce. Honeever, there is an inibalance betwea
this apparently widespeead impreson and i
bl recognition (for example, see 1175 1 51
and the werprisingly few scientific publica
tionss deating with this topic. Indeed, to our
knoneledige. 0 far there has been 10 published
in-depth, systermatic amalysis that compares
reproduced romlts with published nevults for
wet-lab experiments related to target identifica
tion and valdatin.

Ealy rescarch in the pharmaceatical indus

devebopment programine foc s particular tar-
£t could ultimately be fundeeds of millisns of
Eusroa. Even it the earbier stages, mvestments
in activities such 48 righ- thrught sreen-
ing programmes are wlatartial, and thy the
validity of published data oo patestial targets
s crucal for companies when dechling to start
novel projects

“Tomitigate wese of the risks of wich itwest-
ments ultitmately heing weasted. mast phar-
maceutical companics run in- house target
validation programmes. Howeser, validatan
projects that were started in our company
based an exciting published data have often
tesulted in disillusionment when key data
could not be reproduced. Talking Lo scien
tista, both in academia and i industry. there
seenis {0 be 3 general impression that many

try wita dedt
mainly work on target validation 1o increase
the confidence in & pmject. provides a unigue
oppartunity o generate a beoad data set oa the
reprodusitnlity of pubilished data. To whaanti

e our incdental obuervations that poblished
tepoets are frequently not reproduxcible with
quntitative data, we perfarmed an analysis
of our early {taryet identification and vliis

thon) in-house projects in our trategic tesearch
fields of ancology, womens bealth and cardio

vascular diseases that were performed over the
past 4 years (G |4 We distributed s ques

tintsaire t0 all isvolved scientists from target
discovery, and queried sarmes, owin relevant
published data (including citatioes), in howe
data obtained and thetr relationship to the pub.

lished data, the limpact of the results obtained
for the outcome of the projects, and the models

a ~ams b SN e YN ey
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B Worverss husdth 3 Lhervature catn tramdvrredd 10 sosther Mot apicable
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B Nt ppheati Ml st s regrosatsbbe
B Moded epreaticet 111 W Sonn rveds were reprimiable
d
Model Ml:?tlduw Literature data tramformd  Not
roproduced 1:t oeeds (coll line, assays) 10 another indication appicable
Irvhouse dat in beve with pubiished eevaly 1 (%) 171681 o 1%
Wnconsistencies that ked 10 peoject tniwindton 11 {26%) EO 16% A
Figure || Analysis of the of d n- o eachol ~ pbetety in ine
dogy. b s s exbecatiom thit weee ane o
Iyeod i b Soverad appea e pub project 1omination. Notapplicatis'rubeesto proects
Indved data Modebs y copied that were absort heusve data, such b
[[rp—— h h other dsr i anabysa. The nussiber of props wd thegeroentage of prejects withi

onf s the publshed dati wirs transforred to modeds o anothes ndication.  thk study G

verfied €| R i he

e of

progects is shown.

propcts ’

e wevdcsted.

An effort to reproduce 100 findings in
biomedicine found that only 20 held up.
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Estimating the deep replicability of scientific findings
using human and artificial intelligence

Yang Yang*™', Wu Youyou*™", and Brian Uzzi*™*
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Replicability tests of scientific papers show that the majority of

headed by the Defense Advanced Research Projects Agoncy's
(DAIer lsc%ucmlm Confidence in Open Rescarch and
1, which funds rescarch that devel-

ens the Eterature, research costs, in' itizing studies to be manually
need for new approaches for estimating a study replicability. n.plnml(n)
Here, we trained an artificial intelligence 1o estimate & nmlmhmﬂuamuuuol;mkolpauqmrwng
papers roplicabiiity wsing ground truth data on studies that had  repication have been assessed: the statistics reporied in the orig-
passed or falled manual replication tests, and then tested the inal stdy (c.g. P values and cffect size. also known as "reviewer
model's generalizability on an extensive set of outofsample metrics”), ction markess, and surveys (10). Currently, imves-
The model predicts replicability better than the base  Ligations of re lnu Merics repart puwhcmdmmunww
rate of reviewers and comparably as well a5 prediction mar- 100277 dividusl metrics iliy (1, 7, 14, 15)
kets, the best m mathod for peedicting n’lkﬂbﬂt’. In [&llﬂiw mslt(wmdu Section 51 and Table S1), Ina o
out-of. on manually replicated popers from of researchers *bet” whether a published
mmmmmmdmmmmqm; m»dywﬂlnmd\ﬂympliumh-mmumud lication
of 0.5 to 0.78. Exploring the reasons behind the medel's predic- ive predicts ahamamnoy‘n

tions, we found mo evidence for bias based on topics, journals,
diaciplines, base rates of failure, persuasion words, of novelty
words like “remarkable” of “unexpected.” We did find that the

able and efficient encagh to review the evergrowing numbers
of publications—a task that entalls extensive human resources to
repiication slon,

repicabifty | machine learming | computatons wocal sinece

hen 100 papers from top psychology journals were ran-

doely wlcuea and manually tesied for their replice
bility using he same procedures as the original studies {the
“Reproducibility rm,m_ Psychology” (RPP)], 61 of 100 papers
tailed m test (1) Additi tion ssudics in psychol
oy, ., and coonomics similarly determioe that papers
more olicn fall than pass replicability tests (2-7) and that,
once published, these nonreplicable results permeate the lit-
crature as quickly as the results of replcating studics. In the
RPP, the 61 noareplicating psychology papers were cited as
froquently as the 39 papers that passed replication, a pattern
thal contimied even after the nonreplisating results were iden-
tifled in manual replicstion tests (Fig. 1), Beyond tainting the
sclentific ulaﬂ\n (%), moneeplicability bas and continucs to
diminish funding suppart (9, 10), engender pessimism
taward the v‘hdn\ and value of scientific findings, and drive
up costs. Half of scientists surveyed coosider replicability a i
sis, and a third distrust half the papers in their feids (1),
The annusl costs of replication fadures are estimated o be
$28 billion (12).

Conducting manual research is

responses reflect the crowd judgment of a paper’s replicability
(10). Markets and surveys pvom vaxlm. but generally high,
levels of predictive accuracy in small Prediction maskits

have cxamined a variety of samples umm included betwoen
21 and 41 papers and reported accuracy levels between 071 to
0,85 across all ssmpies (7, 10, 16, 17). Despite their high sccuracy,
prediction markets and surveys are costly to seale. They require
the time commitment of many “jedgesieperts.” take aimost a
year to run, and necessitate additional overhead specific to the
effort (18).

We conducted an exploratony investigation into the use of
machine kaming 1o estimate o study’s replicability, Our research
aligns with the research goals of de s for esti-
mn‘w a study’s risk far‘rq:lm m?ﬂ’m be used to

Significance

After yonrs of urgent concem about the fallure of scentific
papees to ceplicate, an accarate, scalabie method for identify-

‘combines machine Intolligence and human acumen for esti-

Buther comebniont VY ad R seramh YY. VLY. w9 BU. perbermed
TesEa Y. W 4o 81, arwiyzed dalh ond YY. WY, 0
The mithors dactars na corpeting Wetermit.

Thi artice k8 PIAS Dirvcs Scbrriaen.

and &mvolves bigh oppartunity casts fos scieatists. For example,
individul seplication sudics in the RPP took an verage of 314 d
analysis, C research

XY 29€ WY, contrauted squaty o 1ok work

bas turued to evaluating ihe aeurucy of dflerent” methods
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Citation rates appear uncorrelated
B with study retraction.

Continued use of retracted papers: Temporal
trends in citations and (lack of) awareness
of retractions shown in citation

contexts in biomedicine 3.00 —— pre-retraction
. —— iIn retraction year

—— post-retraction

Tzu-Kun Hsiao'” and Jodi Schneider”

School of Information Sciences, University of lllinois at Urbana-Champaign, Champaign IL, USA

Keywords: citation analysis, citation context analysis, intentional postretraction citation, postre-
traction citation PubMed Central Open Access Subset, retraction
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ABSTRACT

We present the first database-wide study on the citation contexts of retracted papers, which
covers 7,813 retracted papers indexed in PubMed, 169,434 citations collected from iCite,
and 48,134 citation contexts identified from the XML version of the PubMed Central Open
Access Subset. Compared with previous citation studies that focused on comparing citation
counts using two time frames (i.e., preretraction and postretraction), our analyses show the 2.00
longitudinal trends of citations to retracted papers in the past 60 years {1960-2020). Qur
temporal analyses show that retracted papers continued to be cited, but that old retracted
papers stopped being cited as time progressed. Analysis of the text progression of pre- and
postretraction citation contexts shows that retraction did not change the way the retracted
papers were cited. Furthermore, among the 13,252 postretraction citation contexts, only 722
(5.4%) citation contexts acknowledged the retraction. In these 722 citation contexts, the
retracted papers were most commonly cited as related work or as an example of problematic
science. Our findings deepen the understanding of why retraction does not stop citation and
demonstrate that the vast majority of p tion citations in bi licine do not document
the retraction.

1.50

tion contexts

% of ci

1. INTRODUCTION 1.00
Although retraction is intended to remove published research from the citable literature, re-
traction does not stop the diffusion of the retracted paper. Empirical studies have shown that
papers continue to be cited after being retracted (Bar-llan & Halevi, 2017; Bolland, Grey, &
Avenell, 2021; Candal-Pedreira, Ruano-Ravina et al., 2020; Dal-Ré & Ayuso, 2020; Mott,
Fairhurst, & Torgerson, 2019; Pfeifer & Snodgrass, 1990; Theis-Mahon & Bakker, 2020; van
der Vet & Nijveen, 2016). For example, Dal-Ré and Ayuso (2020) studied citations to 460
retracted genetics articles and found that 23% of the citations were postretraction citations. 0.50

Although citations to retracted papers have been widely discussed in previous studies, the
bulk of studies focused on a small number of retracted papers (e.g., 15 retracted papers in
Bar-llan and Halevi [2017]) or a single retracted paper (Schneider, Ye et al,, 2020; Suelzer,
Deal etal. 2019; van der Vet & Nijveen, 2016). Only citation counts and citation networks have

0.00
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Comparison of Protocols to Published Articles
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False-Positive Psychology: Undisclosed
Flexibility in Data Collection and Analysis
Allows Presenting Anything as Significant
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In this article, we accomplish two things. First, we show that despite empirical psychologists’ nominal endorsement of a low rate
of false-positive findings (< .05), flexibility in data collection, analysis, and reporting dramatically increases actual false-positive
rates. In many cases, a researcher is more likely to falsely find evidence that an effect exists than to correctly find evidence
that it does not. We present computer simulations and a pair of actual experiments that demonstrate how unacceptably easy
it is to accumulate (and report) statistically significant evidence for a false hypothesis. Second, we suggest a simple, low-cost,
and straightforwardly effective disclosure-based solution to this problem. The solution involves six concrete requirements for

text Selective reporting of outcomes within published studies based on the na-
ture or direction of their results has been widely suspected, but direct evidence of such
bias is currently limited to case reports.

d nature of outcome reporting bias in

iblished reports of randomized trials
for Copenhagen and Frederiksberg,
aracteristics of reported and unre-
tocols, journal articles, and a survey
npletely reported if insufficient data
meta-analysis. Odds ratios relating
atistical significance were calculated
overall estimate of bias. Protocols
o identify discrepancies in primary

reporting of efficacy and harm out-
icant outcomes; consistency between
protocols and those defined in pub-

lished journal articles and 3736 out-
and 65% of harm outcomes per trial
it outcomes had a higher odds of being
icomes for both efficacy (pooled odds
0) and harm (pooled odds ratio, 4.7;
articles with protocols, 62 % of trials
ed, introduced, or omitted. Eighty-six
1e existence of unreported outcomes

s not only frequently incomplete but
Jlished articles, as well as reviews that
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Publication bias

Produces a literature
consisting predominantly
in statistically significant

rather than null

results.
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SOCIAL SCIENCE

Publication bias in the social
sciences: Unlocking the file drawer

Annie Franco,’ Nell Malhotra* ' Gabar Stmonovits'

Wie studied publication bias in the social sciences by analyzing 3 known population of

conducted studies—221 in total—in which there & 3 full accou

of what is published

and unpublished. We leveraged Time-sharing Experiments in the Social Sciences (TESS).
a Natianal Science Foundation-sponsored program in which researchers propose

based o be run on

samples of American adults.

Because TESS proposals undergo rigorous peer review, the studies in the sample all
ncead a substantial quality thrashold. Strong reults are 40 parcantage points mora Skl
1o be pubilished than are null resuits and 60 percentage points more likely to be written

up. Ve provida dract evidenca of publication bias and Identify the stage of resaarch production
at which publication bias occurs: Authors do nat write up and submit rul Sndings.
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Abstract
Cases of clear scientific

havereceived signi media

practices may be more prevalent and, more d

recently, but less flagrantly questionable research

g to the enterprise. Using an anonymous elicitation

format supplemented by incentives for honest reporting, we surnyed ovu' 2,000 psy ists about their i in

questionable research practices. The impact of truth-telling

on of research pi

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.
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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 arca of

.u.‘cqal.nhlc practice is certainly mud\ more prevalent, and may
be more d ing to the academic in the long run,
than outright fraud. Questionable rescarch 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 S hy

Martinson, Andersen, & 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 uncthical or socially stigmatized behavior,
self mponcd survey data are likely to underrepresent true
have httie apart from good
\nll to mwuic honest answers (Fanelli, 2009), The goal of the
present study was to obtain realistic estimates of QRPs with s

(2011) in a series of experiments and simulations that showed
how greatly QRPs increase the likelihood of finding support
for a false hypolhcms QRPs are the steroids of scientifi com-
petition. Ily enl per and peoducing a
kind of arms race in which researchers who s(ncl!y play by the
rules are ot 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 raticnal-
ization and self-deception

Concerns over QRPs have been mounting (Crocker, 2011;
Lacetera & Zirulig, 2011 Marshall, 2000; Sovacool, 2008;
Sterba, 2006: Wicherts, 2011), and seveml studics—many
of which have focused on medical research—have assessed
their prevalence (Gardner, Lidz, & Hartwig, 2005, Geggie,
2001: Henry et al., 2005; List, Bailey, Fuzent, & Martin, 2001;

new survey methodol that i P explicit respo
(or (m!h telling and supplements self-
reports with imp about the p \f of

practices and about respondents’ honesty. These impersonal
Judgments made 1t possible to elicit altemative esimates, from
which we inferred the upper and lower boundanes of the actual
prevalence of QRPs. Across QRPs, even raw sclf-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:
Lesle K. John, Harvard Business School—Marketng, Morgan Hall 169,
Soldiers Field, Baston, MA 02163

E-mat: johr@hbs edu

QRPs

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

hypothesis is true.
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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,
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We will see how interventions that can look good at the
level of individual studies can be bad when deployed at

the level of a community of studies.

The Independence Thesis: When
Individual and Social Epistemology
Diverge*

Conor Mayo-Wilson, Kevin J. S. Zollman, and David
Danks'

Several philosophers of science have argued that epistemically rational individuals
might form epistemically irrational groups and that, conversely, rational groups might
be composed of irrational individuals. We call the conjunction of these two claims the
Independence Thesis, as they entail that methodological prescriptions for scientific
communities and those for individual scientists are logically independent. We defend
the inconsistency thesis by characterizing four criteria for cpistemic rationality and
then proving that, under said criteria, individuals will be judged rational when groups
are not and vice versa. We then explain the implications of our results for descriptive
history of science and normative epistemology.

Philosophers and social scientists have often argued (both implicitly and
explicitly) that rational individuals can form irrational groups and that,

*Received June 2010; revised January 2011.

1To contact the authors, please write to Conor Mayo-Wilson: Department of Philosophy,
Baker Hall 135, Carnegie Mecllon University, Pittsburgh, PA 15213; e-mail: conormw(@
andrew.cmu.edu.




(Soundness-Dependent Selection) An intervention can
potentially worsen replicability under the following

conditions:

* Variation in the methodological soundness of

studies;

* Variation in how studies are affected by

intervention;

= Publication bias.



My aim is emphatically not to argue against the

interventions considered here.

Judiciously deployed, I believe each intervention has its

place in our repertoire of interventions.



Upshot 1. Under plausible conditions, we should expect
soundness-dependent selection to obtain; this can effect

our assessment and expectations of interventions.



Upshot 2. Certain forms of voluntary improvement in
evidentiary standards and practices—like voluntary
preregistration—may be acutely vulnerable to adverse

selection.

Upshot 3. Interventions which mitigate publication
bias—Ilike registered reports—should be favored in such

cases.



The filter model of science

Adaptation of a classic model of
bias in science (loannidis, 2005;
Maniadis, Tufano, and List, 2014)
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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, Bjérn 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
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

toward doc i

Jards (for example, genomics

3
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

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(H, | x,p,)
_ [ G | Hy) | Pr(H) w
" f(xe | 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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This is not an unreasonable proposal.
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Why “redefining
statistical significance
will not improve
reproducibility”

QRPs can cause the
intervention to worsen

false discovery rates.

WHY “REDEFINING STATISTICAL SIGNIFICANCE” WILL NOT
IMPROVE REPRODUCIBILITY AND COULD MAKE THE
REPLICATION CRISIS WORSE

HARRY CRANE

ABSTRACT. A recent proposal to “redefine statistical signi " (Benjamin, et al. Nature
Human Behaviour, 2017) claims that false positive rates “would immediately improve”
by factors greater than two and replication rates would double simply by changing the
conventional cutoff for ‘statistical significance’ from 2 < 0.05 to P < 0.005. 1 analyze
the veracity of these claims, focusi pecially on how Benjamin, et al neglect the effects
of P-hacking in assessing Lhe impact of their proposal. My analysis shows that onee P-
hacking is accounted for the perceived benefits of the lower threshold all but disappear,
ing two main Tusi
{i) The claimed improvements to false positive rate and replication rate in Benjamin, et
al (2017) are exaggerated and misleading.
(ii) There are plausible scenarios under which the lower cutoff will make the replication
crisis worse,

1. INTRODUCTION

The proposal to “redefine statistical significance” [2] {(henceforth abbreviated as the ‘RSS
proposal’ or simply ‘RSS’) is intended to counteract the so-called ‘reproducibility crisis’,
i.e., the disproportionate fraction of statistically significant scientific findings that cannot
be replicated by subsequent studies. In championing their proposal, the signatories of RSS
claim, “This simple step would immediately improve the reproducibility of scientific research
in many fields.” The authors go on to assert that “false positive rates would typically fall
by factors greater than two™ and suggest that replication rates would roughly double under
their proposal.

In ignoring the effects of P-hacking on false positive rate and replication rate, RSS misses
the whole point of the reproducibility crisis. By appealing to the same formal technique and
empirical evidence [17] used to support the RSS proposal, I will unmask major conceptual
and technical flaws in the RSS argument.' The analysis presented here is not a counter-
proposal to RSS, but rather a refutation which is intended to elucidate the proposal’s flaws
and therefore neutralize the potential damage which would result from its implementation.”
Our analysis may be seen as complementary to, but should not be read in any way as an
endorsement of, the critiques and alternative proposals by other authors [1, 12, 16,21]. 1
discuss this last point further in Section 5.

'The analysis in Section 4 is based on the replication study in [17], which was conducted on a semple of
97 results in psychology. I do nob analyze the results in [3], which performs a similar study for findings in
experimental economics but for a much smaller sample of 18 studies.

*The analysis below focuses on the potential impact of the propusal e ing statistical ‘signi ", The
RSS proposal also includes a r dation to regard findings with 0.005 < P < 0.05 as ‘suggestive’, The
maotivation for this ion, its justification, and perceived impact are not clearly articulated in [2], and

thus will not be discussed further here.
1




“Adopting lower p-value thresholds may. . . [produce]

collateral harms. . . bias may escalate rather than decrease if
researchers. . . try to find ways to make the results have

lower p-values.”

—Ioannidis 2018, “The proposal to lower P value thresholds to .005,” p. 1430



EXAMPLE A

Intervention. Lowering significance threshold

Background problem 1. Variation in study soundness

Background problem 2. Publication bias



EXAMPLE A

Observation. Studies employing more QRPs can attain

significance more effectively than those that do not
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Abstract
In this article, we accomplish two things. First,we show that despite empirical psychologists' nominal endorsement of a low rate
of false-positive findings (< .05), flexibility in data collection, analysis, and reporting dramatically increases actual false-positive
rates. In many cases, a researcher is more likely to falsely find evidence that an effect exists than to correctly find evidence
that it does not. We present computer simulations and a pair of actual experiments that demonstrate how unacceptably easy
it is to accumulate (and report) statistically significant evidence for a false hypothesis. Second, we suggest a simple, low-cost,
and straightforwardly effective disclosure-based solution to this problem. The solution involves six concrete requirements for

selectively controlling

authors and four guidelines for reviewers, all of which impose a minimal burden on the publication process.
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Our job as scientists is to discover truths about the world. We
generate hypotheses, collect data, and examine whether or not
the data are i with those hypoth Although we
aspire to always be accurate, errors are inevitable.

Perhaps the most costly error is a false positive, the incor-
rect rejection of a null hypothesis. First, once they appear in
the literature, false positives are particularly persistent.
Because null results have many possible causes, failures to
replicate previous findings are never conclusive. Furthermore,
because it is uncommon for prestigious journals to publish null
findings or exact replications, researchers have little incentive
to even attempt them. Second, false positives waste resources:
They inspire investment in fruitless research programs and can
lead to ineffective policy changes. Finally, a field known for
publishing false positives risks losing its credibility.

In this article, we show that despite the nominal endorse-
ment of a maximum false-positive rate of 5% (i.e., p < .05),
current standards for disclosing details of data collection and
analyses make false positives vastly more likely. In fact, it is
unacceptably easy to publish “statistically significant” evi-
dence i with any hyp i

The culprit is a construct we refer to as researcher degrees
of freedom. In the course of collecting and analyzing data,
researchers have many decisions to make: Should more data
be collected? Should some observations be excluded? Which
conditions should be combined and which ones compared?

Which control variables should be considered? Should spe-
cific measures be combined or transformed or both?

It is rare, and sometimes impractical, for researchers to
make all these decisions beforchand. Rather, it is common
(and accepted practice) for rescarchers to explore various ana-
Iytic alternatives, to search for a combination that yields “sta-
tistical significance,” and to then report only what “worked.”
The problem, of course, is that the likelihood of at least one (of
many) analyses producing a falsely positive finding at the 5%
level is necessarily greater than 5%.

This exploratory behavior is not the by-product of mali-
cious intent, but rather the result of two factors: (a) ambiguity
in how best to make these decisions and (b) the researcher’s
desire to find a statistically significant result. A large literature
documents that people are self-serving in their interpretation
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for 3 covariates,
Simmons et al (2011

obtain a false positive
rate of 61%.



Estimates of QRPs
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P-value distributions of published findings

Raw and weighted distribution of z-statistics

Density

10+

1.645 (0.100)
1.960 (0.050)-
2,576 (0.010)-

z-statistics (p-values in parenthesis)



Methodological soundness

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

to the significance threshold.
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Methodological soundness

A Jess-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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False discovery rate

Etfect of lowering the significance threshold
on sound and unsound studies
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Etfect of lowering the significance threshold
on a community of studies
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Simulation Result 1. If studies vary in soundness then
lowering the significance threshold can increase the

false discovery rate of the published literature.



HARKing

HARKing |[hypothesizing after results are known]| is
the presentation of a hypothesis selected ex post to
observing the data as if it were one selected ex ante to

observing the data.

—Norbert Kerr, HARKing, 1998, p. 197

Personality and Social Psychology Review Copyright & 1998 by
1998, Vol. 2, No. 3, 196-217 Lawrence Erfbaum Axm: ates, Inc.

HARKing: Hypothesizing After the Results are Known

Norbert L. Kerr
Department of Psychology
Mickigan State University

This m le considers a praci rcmsrienriﬁc ommunicatio mrdHARng (Hy-
pothesiz gAﬁ v the Results me;HRKigide_ﬂedasprt ing @ pos

hoc hypothesis (i.e., oneba.wdon rq/mudbyone sults) in researe:
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HARKing

HARKing is one the four horsemen of the replicability

apocalypse |along with “publication bias, low statistical
power, and p-hacking.”|

—Dorothy Bishop, Nature, 2019, p. 435



EXAMPLE B

Intervention. Lowering the significance threshold

Background problem 1. fallback HARKing and
informed researcher judgement

Background problem 2. Publication bias



Modeling fallback HARKing
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Modeling fallback HARKing
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Report the predicted hypothesis if it
is significant, otherwise select
(HARK) from the set of statistically
significant auxiliary hypotheses.




Modeling fallback HARKing

Researcher predict when they can and HARK when
they must.



Etfects of lowering the significance threshold
when studies involve fallback HARKing
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Simulation Result 2. If researcher choice of hypotheses
is informed, and researchers are engaged in fallback
HARKing, then lowering the significance threshold can

increase the false discovery rate of the literature.



Preregistration

ENAS |

Specification of study
design and analysis
plan prior to

conducting a study. -

The preregistration revolution
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Progress in science relies in part on with

existing testing with new observations.

This b ion and predi is app d there is not. P
y but is not in practice. the attr

Jence in post hoc explanations (postdictions) and inflate
lhu hkuhhood nfhclxcvmg lh.\l lhuc is wxdcnu fora fmdmg when
s can increase

postdkﬂons with testing of predictions reduces the aedibility o'
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 msnnh process called pre-
analyses and outcomes
that result ﬁ'om 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
available for preregi agoss all facilitating a rapid
increase in the practice. ption of will

|luy of ﬁndmgs by falsely reducing

uncertainty. Ulti y, this d ibility (6-11).
Mental C ints on Distinguishing Predictions and
Postdictions

It is for hers to alternate b postdiction

and prediction. Ideas are generated, and observed data modify
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 m mm.nkc postdiction as prediction. The problem with this

increase di betwee! and hypoth-
esis testing and will improve the :mdlbllny of research findings.

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
walu.umg the validity of the hypothesis based on the same data.

| 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
and lifications of reality. Models are itera-
livcly img 1 and '," ced by reducing the amount of pre-
diction error. As prediction error decreases, 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 ggmr.mng hyp()lhcscs b.nscd on
existing observations and testing those h

bias, also known as the I-knew-it-all-along effect, is
lhc tendency to see outcomes as more predictable after the fact
compared with before they were observed (13, 14). With hindsight
bias, ﬁhc ohmrvur uses the data to gcnumlc an explanation, a

| ly perceives that they would have an-
lidpau:d lhul F in advance, a prediction. A common case is
when the researcher’s prediction is vague 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 prediction. A political scientist might arrive at
a model u\mg a collection of and ion criteria that

'd

new ubsuv‘\lmn\ These dhuml mmlc\ nf m\carch are dw.
and h h

esting, the context uf dx»uvcry 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

can 1 after the fact but would not have been anticipated
as relevant beforehand. A chemist may have random variation oc-
curring across a number of results and nevertheless be able to con-
struct 4 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 100 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

This paper results from the Arthur M. Sackler Colloquium of the National Academy of

Scences, “Reproducibility of Research: lsues and Proposed Remedies,” held March 8-10,

2017, at the National Academy of Sciences in Washington, DC. The complete program and
t

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
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Registered reports

Study proposals are
peer reviewed and pre-
accepted by journals
before research is

undertaken.
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Reports
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Registered Reports are a hrm of irical in which study are peer reviewed and prexmpted before

based on the question,

Y
offer a remedy for a range of rupoﬂnu and publication biases. Here, we reflact on the hu(ory, progress and future prospects of

the Mshrd Reports hlﬁaun and offer practical guidance hv aM nvl.m

dm We nvhw navly evidence that

ded, while at the same

| solution for irre-

Repart
pradueibll!y We alse consldqr lmvnhe policies and

=Mh new W

Ilapnm hanging, or must change in

ity. d solf

fter more than & decade of meta-research and debate, the
life and social sciences are well in the nudst of a credbil-
revalation' ', Faced with mdcncc of publication bias’ ',
hindsight hiasand selective repartin, sufficient sample size:
inadequate data sharing' and suboptimal rates ufbuth allempu .
and successful replication ™", rescarchiers from across a broad range
of fields arc unifying around a core mission to improve reproduc-
shility and In daing so, the d aim af th

that
and may help reshape how society evaluates research and researchers.

publishable (probably false) positives. And when jowrnal editors
tell rescarchers that, all clse being oqual, some results are simply
mare deserving of publication than others, the strategic researcher
respands by conducting a farge number of small studies and report
ing oaly e most ve findings (even if unrelisble) rather
than gambling on the outcome of larger, more definitive projects
that A Y v)rld inconclusive data .

agenda s 1o stimulate cullural refare, aligning whal is beneficial for
individual scientists with what is beneficial for scieace™.

As scientists and pe rs grapple with the causes of Lrre-
producibility, it has hecome clear that one of its main drivers is the
so-called ‘results paradox! On the ane hand, scientists ane taught
from their eacliest years that the ane part of the research process
that they must keep at avm’s length is the results of their research,
The objective investigator—the detective—follows the data with
discipline and restraing, never pressuring it tn bend ta their will, lest
they fall prey to Richard Feynman's famaus warning that “the first
principle is Usal you must not foul youssel aid you are the eusiest
personto fool” (p. 12}, On the other hand, the very same researcher
3 sent a message from prestigious journals, funding agencics and
evaluation cammittees that if you want to s d in science, he
sure o publish a It of dear, navel, pusitive findings. Researchers
are therefore preseated with conflicting geals: be a good detective
who never indulges in data massaging or cherry plcking. but also be
agoad lawyer who wins arguments and produces a continual supply
af beautiful results™.

Many observed problems with reproducibility stem frum
researchers attempting 0 moln this pmdo:. while protecting
thetr carcers. When p g in prestigs journals reqt n
firming ane’s h the results def ons, research-
ers can resolve this conflict by following the advice of Bem™ and
rewsiting their hypotheses Lo ‘predict’ those resulls—a form of
hindsight bles known as “hypothesizing after results are known”
(HARKGDEY. When academic Jeaders tell authors to “go with stron-
gest studies” because “weak data dilute strang data® (p. 79)” and
that "what you don't have to do is tell the whole truth .. you can
select the resuls you present™, the responsive researcher answers
by reporting the analyses that tell the best story, diverting negative
or inconvenient results to the file drawer or converting them into

Carci#f University Bran Research Imaging Certre (CUBRICS, Schoal of Peycho ory, Carcif University, Cardiff, UK. Me-mail: cramae
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Reparts (RRs) were proposed in 2012 25 2 way to free
researchers frum the pressure W engage in these counterproduc-
tive practices, Urereby breuking the cyce Usat perpetuates bias and
drreproducibility (Flg. 1). The RR model eriginates from the simple
philosophy that to defeat the distorting effocts of outcome bias on
science, we must facus on the process and blind the evaluation of
stience Lo research outcomes™. This blinding is achieved by split-
ting peer review into two stages. I the first stage, authors submuit
their research question(s), theory, hypotheses, detailed methods
and analysis plans and any preliminary data as necded, Following
detailed review and revision —usually acconding to spe
teria—proposals that are favourably assessed receive in principle
acceptance (IPA), which commits the journal to publishing the final
paper regardless of whether the hypotheses are supported, provided
that the authors adhere to their approved pratocol and interpret the
resulls in line with the evidence. Following [PA, autbors then typi
cally register heir approved protocal in s repository, either publicly
or under a temporary embargo. Then, after completing the rescarch,
they submit a stage 2 manuscript that includes the appraved pro-
tacal phis the results and discussion, which may include clearly
Tabelled post hoc analyses in addition Lo the preregistered autcomes
{that Is, findings frow both confirmatory and exploratory analyses).
The reviewers from stage | andfor newly invited reviewers then
assess the comp stage 2 ipt, focu using on i
with the protocal and whether the cmclusipas are nuhlltd by the
evidence, Crutially, reviewers du nol reliligate the theury, Iypoth-
ms or mcd»ds, thcrcby pmvcnung hmskdgc of the results from
specify that cditors
similarly cannat reject a mnuunpq on the husls of any new con.
cerns abaut the methadalagy or rationae or on the Basis of the
sesults themselves.

The aim of this modified review process s to reduce a5 much
as possible the potential for biased rescarch practices such as
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EXAMPLE C

Intervention. Voluntary preregistration

Background problem 1. Variation in study soundness

Background problem 2. Publication bias



EXAMPLE C

Observation. Voluntary preregistration and study

soundness can be positively correlated



Modeling preregistration

When a study is preregistered we model this as having
its unsoundness k& decreased to k&' nearer the optimal
value such that & > k"> 1.
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Effectiveness of
preregistration

Preregistration
improves but does not
completely mitigate

methodological bias in
the form of QRPs.
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Preregistration i5 a method to increase research transparency
by documenting research decisions on a public, third-party
repository prior to any influence by data. It is becoming
increasingly popular in all subfields of psychology and beyond.
Ad! to the preregistration plan may not always be
feasible and even is not necessarily desirable, but sithout
disclosure of deviations, readers who do not carefully consult
the preregistration plan might get the incorrect impression
that the study was exactly conducted and reported as
planned. In this paper, we have investigated adherence and
disclosure of deviations for all artides published with
the Preregistered badge in Psychological Science between
February 2015 and November 2017 and shared our findings
with the corresponding authors for feedback. Two out of
27 preregistered studies ined no deviations from the
preregistration plan. In one study; all deviations were disclosed.
Nine studies disclosed none of the deviations. We mainly
observed (un)disclosed deviations from the plan regarding
the reported sample size, exclusion criteria and statistical
analysis. This closer look at preregistrations of the finst
B i possible hurdles for reporting preregistered
studies and provides input for future reporting guidelines. We
discuss the results and possible explanations, and provide
dations for preregistered research.

1. Introduction

During the research process, researchers inevitably make
numerous decisions, collectively known as researcher degrees of
freedom [1]. Among others, researchers need to decide on

D 2021 The Authors. Published by the Royal Society under the terms of the Creative
Commons Attribution License hitp-{ireativecommons.org/licenses/by/4.0/, which permits
unrestricted use, provided the ongmal author and source are cedited.




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.
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Effect of voluntary preregistration on false
discovery under heterogeneity

— Naive prediction
— All studies

- Unsound studies

== Sound studies

— Relative
contribution of
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False discovery rate
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Simulation Result 3. If preregistration and study
soundness are positively correlated (e.g., via researcher
disposition toward each), then voluntary preregistration

can increase the false discovery rate of the literature.



EXAMPLE D

Intervention. Voluntary preregistration

Background problem 1. Publication bias

Background fact 2. Variation in prior odds of

hypotheses between studies



EXAMPLE D

Observation. Voluntary preregistration and study

hypothesis prior odds can be positively correlated



Assumption 2.

Assumption 3.

Researchers who are more confident in
the truth of their studies are, on
average, more likely to preregister their

studies

Researchers’ confidence in the truth of
their study hypotheses is, on average,
positively correlated with the truth of
their hypotheses
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Effect of preregistration on false discovery
with correlation via researcher judgment

— Naive prediction
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Simulation Result 4. If preregistration and study prior
odds are positively correlated—e.g., via researcher
judgment of prior odds affecting researcher disposition
to preregister—then voluntary preregistration can

increase the false discovery rate of the literature.



We can say something general about the conditions

under which interventions in can produce such effects.



Theorem 5 (Soundness-dependent selection). If the
magnitude of the effect of the intervention on reducing
the type I error rate of studies is positively correlated
with study unsoundness, then that intervention can
increase the proportion of significant outcomes that are
of types with the highest false positive rates, thereby

increasing the false discovery rate of the literature.



Indeed, in the the presence of maximally unsound

studies (e.g., produced by fraud) we have:

Theorem 6 (Backfire). If the unsoundness of studies
has full support, then for any intervention that can
arbitrarily decrease the type I error rate of studies’ at a
cost to their power, there will be critical point beyond
which the mean false discovery of the published

literature will increase.

TAssuming studies are non-degenerate in that unsoundness is non-extremal:
0 <ka<1.



Backfire is the logical extreme of what’s possible.

What do we actually expect?



Discussion

» Soundness-dependent selection has a/ways been at play.

» This has implications for the natural selection of bad
science (Cf. Smaldino 2016; Grimes et al 2017).

»  Publication bias exacerbates this selection



Morals

Interventions in evidentiary standards and research practices

tend not to affect all studies equally.

Whenever the effects of interventions are not entirely
uncorrelated with study soundness, we should be alert to

their interaction.

Publication bias makes this all worse: Another argument for

interventions like registered reports.



Measures that matter

» False discovery rate — this has dominated the
conversation, but it is not the only, or necessarily the

most important statistical property of published studies.
» False omission rate
= Absolute discovery rate
= Magnitude exaggeration ratio

» Decision-relevant informativeness
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This model

P p the effect of various

methods of testing and reporting hypotheses on the
reliability of scientific findings.

The model: Consider a large population of scientific
studies where a study consists of hypothesis tests
betweenup to L € & probabilistically indepedent pairs
of null Ay and altemative H; hypotheses with a given
significance threshold « £ (1), 1) , average statistical
power | — e 0,11 (which is itself determined by the
average sample sizey ey and effect sized e @ for
studies), and underlying prevalence of true hypotheses
e 1)

@ amohseni.shinyapps.io

The Reliability of Scientific Findings and Reporting Protocols

False Discovery Rate (FDR): A false positive occurs

when a study yields a significant outcome when the null
hypothesis, Hi; , Is true. The false discovery rate is equal
1o the expected number of false positive aver

porting Givenar ization of a
population of studies and the preceding measures of the
{unjreliability of findings, we can consider the effects of

and sut

the number of all significant outcomes.

FiR = Prify|significant)

Pnsignificant)
False Omission Rate (FOR): A false negative occurs
when a study yields a non-significant outcome when the
alternative hypothesis, /) . is true. The false omission
rate is equal to the expected number of false negative
outcomes over the number of all non-significant
ouicomes.

pl Is for
hypotheses to test for the reliability of scientific findings.
Call these reporting protocols:

* Prediction: Prior to observing the data, choose a
hypothesis and report it if it is statistically
significant.

« Pure HARKing: After obseving the data, select a
hypothesis to report from among those that are
statistically signficant.

[ Model GUI: Interventions & Measures Model ]
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https://amohseni.shinyapps.io/Reporting-Protocols-and-the-Reliability-of-Science/
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An answer

Cancer-busting broccoli sprout pills?
It's a thing.

Translational scientist’s ‘green chemoprevention’ research
extends from eastern China to Seattle and now, into space
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Thank you.

Code and data for this project are available at:

https://osf.io/7h89w/



https://osf.io/7h89w/

