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COMMENT

EVOLUTGoobperation > HISTOTorfight denial, CH EMI§TRrée more unsung PUBLISHAS Well as ORCID
and conflict from ants ~~ study Galileo and women N of astatine ID and English, list authors
and chimps to us p.308 Arendt p.309 discovery p.3!! in their own script p.3!!

Retire statistical significance

Valentin Amrhein , Sander Greenland, Blake McShane and more than 800 signatories
call for an end to hyped claims and the dismissal of possibly crucial effects.

hen was the last time you hear How do statistics so often lead scientists to literature with overstated claims and, less
a seminar speaker claim there deny differences that those not educated jn famously, led to claims of conflicts between
was Ono differenceO betweenstatistics can plainly see? For several genera studies where none exists.

two groups because the difference was tions, researchers have been warned thata We have some proposals to keep scientists
Ostatistically non-significant®? statistically non-significant result does not from falling prey to these misconceptions.

If your experience matches ours, ther C)smwvem xBoesisM)th sis
a good chance that this happened at the ere Is no difference between groups or PERVASIVE PROBLEM
last talk you attended. We hope that at least ured LetOs be clear about what must stop: we
someone in the audience was perplexed if, asoutcomej. Nor do statistically significant| should never conclude there is Ono differ
frequently happens, a plot or table showed resu gm\msomeﬁ_owypgthesis. u@nceO or Ono associationO just bétealse a

or Ono associationO jus
that there actually was a difference. misconceptions have famously warped the Is larger than a threshold such as 0105
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> or, equivalently, because a confidence Association released a statementire
intmm we American Statisticiawarning against the
conclude that two studies conflict because misuse of statistical significance dtdat
one had a statistically significant result and ues. The issue also included many comme
the other did not. These errors waste research taries on the subject. This month, a speci
efforts and misinform policy decisions. issue in the same journal attempts to pus
For example, consider a series of analysesthese reforms further. It presents more thal
of unintended effects of anti-inflammatory| 40 papers on OStatistical inference in the 2
drugs. Because their results were statistically jcentury: a wor
non-significant, one set of researchers-co

n
al

n

some quality-control standard). And we
are also not advocating for an anything-
goes situation, in which weak evidence
suddenly becomes credible. Rather, and in
line with many others over the decades, we
are calling for a stop to the usePbfalues
T N
1stecide whether a result refutes or supports a
scientific hypothests

h

eyond< 0.050. The edi
on tors introduce thmn with the cau
cluded that exposure to the drugs was Onottion OdenOt say Ostatistically significan

associatedO with new-onset atrial fibrillatio
(the most common disturbance to hear
rhythm) and that the results stood in con

Another articlé with dozens of signatories
also calls on authors and journal editors t
disavow those terms.

o}

tOQUIT CATEGORIZING

The trouble is human and cognitive more
than it Is statistical: bucketing results into
Ostatistically significantO and Ostatistically

trast to those from an earlier study with
statistically significant outcome.

Now, letOs look at the actual data. The
researchers describing their statistically Ofradicating
non-significant results found.a risk ratio categorization

We agree, and call for the entire conce
of statistical significanMned
We are far from
alone. When we

invited others to

of 1.2 (that is, @ 20% greater risk in expos d il help to halt read a draft of this
mnts relative to unexposed ones). They . o fident comment and sign
also found a 95% confidence interval claims their names if they
that spanned everything from a trifling unvvarr’anted concurred with our

risk decrease of 3% to a considerable risk
increase of 48%PE0.091; our calcula
tion). The researchers from the earlier; st

message, 250 did sa
within the first 24
hours. A week later,

declarations of _
Ono differenceO

tistically significant, study found the exac and absurd we had more than
same risk ratio of 1.2. That study was-sim S!A€Ments 800 signatories!N!all
ply more precise, with an interval spanning 200Ut checked for an aea
from 9% to 33% greater risR£0.0003; our | Oreplication demic affiliation or
calculation). failureO.0 other indication of

It is ludicrous to conclude that the present or past work
statistically non-significant results showed in a field that depends on statistical mede
Ono association®, when the interval estimateling (see the list and final count of signatorie
included serious risk increases; it is equally in the Supplementary Information). These
absurd to claim these results were in contrast include statisticians, clinical and medica
with the earlier results showing an identical researchers, biologists and psychologis
observed effect. Yet these common practices from more than 50 countries and across g
show how reliance on thresholds of statisti  continents except Antarctica. One advocat
cal significance can mislead us (see OBewarealled it a Osurgical strike against though
false conclusions0). less testing of statistical significanceO and

These and similar errors are widespread. opportunity to register your voice in favour,
Surveys of hundreds of articles have found of better scientific practicesO.
ﬁ"&ﬁ%ﬂr s ar‘mmrw-
interpreted as indicating Ono differenceQ oor are we saying they cannot be used
mhaﬁ (see OWroRg i temn imm special
pretationsO and Supplementary Information). ized applications (such as determinin

In 2016, the American Statistical whether a manufacturing process mee

BEWARE FALSE CONCLUSIONS

Studies currently dubbed Ostatistically signilcant® and Ostatistically non-signilcantO need not be
contradictory, and such designations might cause genuine e"ects to be dismissed.

——— GSgRilCaNtO study
i (low P value)

ONon-signilcantd study S
(high P value) :
The observed e"ect (or

point estimate) is the

same in both studies, so
they are not in con#ict,
even if one is Osignilcant®
and the other is not.

Decreased e"ect <« No/e"ect | » Increased e"ect
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S
> methods that yield statistical significance for

J

non-significant® makes people think that the
items assigned in that way are categorically
differenf® The samie problems are likely to
arise under any proposed statistical alterna
tive that involves dichotomization, whether
frequentist, Bayesian or otherwise.
Unfortunately, the false belief that
crossing the threshold of statistical-sig
nificance is enough to show that a result is
Oreal® has led scientists and journal editors to
privilege such results, thereby distorting the
literature! Statistically significant estimates
i S T T
fially to a large degree, whereas statistically
nonssignificant estimates are biabed dewn
wards in magnitude. Consequently, any dis
cussion that focuses on estimates chosen for
their significance will be biased. On top of
this, the rigid focus on statistical significance
encourages researchers to choose data and

| some desired (or simply publishable) result,
ts or that yield statistical non-significance for
Il an undesired result, such as potential side
e effects of drugs!N!thereby invalidating

t conclusions.

Dan The pre-registration of studies and a
commitment io puBhsh all results of all

ana|yses can do much to mitigate these
issues. However, even results from pre-reg

asistered studies can be biased by decisions

invariably left open in the analysis plan
This occurs even with the best of intentions.
Again, we are not advocating a ban on
Pvaluesmﬁ-ncelnervals or other sta
tistical measures N only that we should
not treat them categorically. This includgs
dichotomization as statistically significant gr
not, as well as categorization based on other
statistical measures such as Bayes factofs.
One reason to avoid such Odichotomaniad®
is that all statistics, includirgvalues and?
confidence intervals, naturally vary from
study to study, and often do so to a-sur
prising degree. In fact, random variation
alone can easily Ieadmes in
Pivalues, far beyond falling just to either side
of the 0.05 threshold. For example, even if

researchers could conduct two perfect
rephcaflon studies of sorne genuine e fect,
each with 80% power (cha_nce) of achieving

P<0.05, it Woulgfot be very surprising for
one to obtaifP<0.01 and the oth@t=>0.30.

S
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SOURCE: V. AMRHEINET AL.

and data tabulation will be more detalled

B 551 SHEHEIEo

Is warranted.
We must learn t

One practical way to do SO |
e

and interpret them in a way
H. Specifically, we recommend th
authors describe the practical implication
of all values inside the interval, especial

the observed effect (or point estimate) and
the limits. In doing so, they should remem

WRONG INTERPRETATION

An analysis of 791 articles across 5 journals*
found that around h sume
on signilcance means n

Appropriately
interpreted
49%

ata, given the statistical assumptions used
to compute the intervat® Therefore, sin
gling out one particular value (such as the
null value) in the interval as Oshown® make:
no sense.

People will spend less time with statistical
software, a g.
Our call to retire statistical significance

and to use confidence intervals as compat
ibility intervals is not a panacea. Although it

WeOre frankly sick of seeing such-non
sensical Oproofs of the nullO and claims o
non-association in presentations, research

*Data taken from: P. Schatz et al. Arch. Clin. Neuropsychol. 20,
1053D1059 (2005); F. Fidler et al. Conserv. Biol. 20, 153991544
(2006); R. Hoekstra et al. Psychon. Bull. Rev.13, 103391037 (2006);

will eliminate many bad practices, it could
well introduce new ones. Thus, monitoring
the literature for statistical abuses should be
an ongoing priority for the scientific com

articles, reviews and instructional materials.

F. Bernardi et al. Eur. Sociol. Rev.33, 115 (2017).

munity. But eradicating categorization will
help to halt overconfident claims, unwar
ranted declarations of Ono difference® and
absurd statements about Oreplication failure®
when the results from the original and rep
lication studies are highly compatible. The
misuse of statistical significance has done
much harm to the scientific community and
those who rely on scientific adviBezalues,
intervals and other statistical measures all
have their place, but itOs time for statistical
significance to go.

feeling that this is a basis for a confident
all of the values |n5|de the |nterval to be prac decision. A different level can be justifie
tically unlmportant ou might then be able depending on the application. And, as in th
mostanti-inflammatory-drugs example, interval
estimates can perpetuate the problems of

ing about compatibilit |nter statistical significance when the dichotemi

vals, bear in min rthln‘st just zation they impose is treated as a scientific
because the interval gives the values moststandard.

compatible with the data

Valentin Amrheln isa professor of zoology

McShanes a statistical methodologist and
professor of marketing at Northwestern
Whatever the statlstlcs show, itis fine to  University in Evanston, lllinois. For a full

suggest reasons for your results, -c sslist of co-signatories, see Supplementary
“ st Information

avoured ones. Inferences should be scien e-mail: v.amrhein@unibas.ch

tific, and tha

urge authors to

even when they have a laR)ealue or a wide
interval, as well as discussing the limits of
that interval. For example, the authors above

* ) . Fisher, R. A.Nature 136 , 474 (1935).
could have written: OLike a previous study, evidence, stu

. Schmidt, M. & Rothman, K. J. Int. J. Cardiol. 177,
1089D1090 (2014).

our results suggest a 20% increase in risk understanding of underlying mechanisms 3 \yasserstein, R. L., Schirm, A. & Lazar, N. A.

of new-onset atrial fibrillation in patients| are ofte a Am.IStat. https://doi.org/10.1080/00031305.20
i 19.1583913 (2019).

given the anti-inflammatory drugs. None | measures suc alues or intervals. 4. Hurbert 5.1 Levine, R.A. & Utts, J. Am. Stat.

theless, a risk difference ranging froma 3 The objection we hear most against

https://doi.org/10.1080/00031305.2018.1543
616 (2019).

. Lehmann, E. L. Testing Statistical Hypotheses 2nd
edn 70D71 (Springer, 1986).

. Gigerenzer, G. Adv. Meth. Pract. Psychol. Sci.1,
198218 (2018).

. Greenland, S. Am. J. Epidemiol. 186, 639D645
(2017).

. McShane, B.B., Gal, D., Gelman, A., Robert, C. &
Tackett, J. L. Am. Stat. https://doi.org/10.1080/0
0031305.2018.1527253 (2019).

nced, and fromlways beat those made based solely on
statistical significance. Moreover, for deci _

sions about whether to pursue a research * (ng'ﬂ‘s‘”' A.&Loken, E. Am. Sci. 102 , 460D465
10. Amrhein, V., Trafimow, D. & Greenland, S. Am.

Stat. https://doi.org/10.1080/00031305.2018.1
543137 (2019).

making overconfident claims.
like the 0.05 threshold from which

Supplementary information accompanies this
e, coupled with the vague look like? We hope that methods sections article; see go.nature.com/2tcsnkm
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3 OPEN ACCESS R) Check for updates
What Have We (Not) Learnt from Millions of Scientibc Papers withP Values?

John P. A. loannidis

Departments of Medicine, of Health Research and Policy, of Biomedical Data Science, and of Statistics, Stanford University and Meta-Reseal
Innovation Center at Stanford (METRICS), Stanford, CA

ABSTRACT
- L . . . . ARTICLE HISTORY
Pvalues linked to null hypothesis signi!cance testing (NHST) is the most widely (mis)used method of sta- paceived November &

tistical inference. Empirical data suggest that across the biomedical literature ("##$D%$"&), when abstragigvised February &"1#
usePvalues #% of them havePvalues of $.$& or less. The same percentage (#'%) applies for full-text arti-

cles. Among "$$ articles in PubMed, && rep&values, while only ( present con!dence intervals for allthe ~ KEYWORDS o
reported e)ect sizes, none use Bayesian methods and none use false-discovery rate. Over %& years ("##ig$: P-value; Statistical
%$"&), use Bivalues in abstracts has doubled for all PubMed, and tripled for meta-analyses, while for some Si9iPcance

types of designs such as randomized trials the majority of abstracts rep&values. There is major selective

reporting for Pvalues. Abstracts tend to highlight most favorabl®values and inferences use even further

spin to reach exaggerated, unreliable conclusions. The availability of large-scale dat®walues from many

papers has allowed the development and applications of methods that try to detect and model selection

biases, for example, p-hacking, that cause patterns of excess signilcance. Inferences need to be cautious as

they depend on the assumptions made by these models and can be a)ected by the presence of other biases

(e.g., confounding in observational studies). While much of the unreliability of past and present research is

driven by small, underpowered studies, NHST witPvalues may be also particularly problematic in the era

of overpowered big data. NHST an@ values are optimal only in a minority of current research. Using a

more stringent threshold, as in the recently proposed shift fronP < $.$& toP < $.$$&, is a temporizing

measure to contain the *ood and death-by-signilcance. NHST arRivalues may be replaced in many lelds

by other, more !t-for-purpose, inferential methods. However, curtailing selection biases requires additional

measures, beyond changes in inferential methods, and in particular reproducible research practices.

I, Introduction . Empirical Results: NHST is Widespread and

Null hypothesis signilcance testing (NHST) afvalue thresh- Reliance onPValues Increases Over Time

olds such as 0.05 have long been a mainstay of empirical wditkere are over 100 million published articles in the scienti'c lit-
in the sciences. Increasingly, however, statisticians and other seature (Khabsa and GileX)14, and a substantial proportion
entists concerned with learning from data have come to recogf them use data. Among those that use data an increasing pro-
nize major shortcomings in the way these methods are usgubrtion use also some tools of statistical inference beyond sim-
This paper, based on an invited plenary address to a recent A$%e description. Di"erent scienti!c !elds use di"erent statistical
sponsored workshop on statistical inference, summarizes recéls by tradition, but their traditions are not necessarily justi-
empirical work on the use and misusePfalues and places in !ed or 't-for-purpose. Convenience, inertia, poor quantitative
context what we have learnt towards solving this conundrum.and statistical training of scientists, and lack of initiative from
In what follows, Sectior?2 summarizes empirical resultsjournals and funding agencies may perpetuate the use and mis-
from a database of 13 million abstracts and 844 thousand fulbe of those tools (Szucs and loanni2sL 7.
articles taken from PubMed Central between 1990 and 2015.In particular, the use and misuse Bfvalues is, arguably, the
Section3 discusses how bias emerges from a multilayeradost widely perpetrated misdeed of statistical inference across
selection process that leads to specilc reporedalues. Sec- all of science (Chavalarias et 201. NHST coupled with the
tion 4 describes and discusses a variety of proposed remedise ofP value thresholds dominates most !elds in the biomedi-
intended to address the problem of selection bias. These includat and life sciences, social sciences, and physical sciences. Most
(4.1) alternative approaches to inference (e"ect sizes and cdelds usePvalue thresholds of 0.05 to di"erentiate in black-and-
Idence intervals, Bayesian methods, changing #hevalue white fashion between OsignilcantO and OnonsignilcantO results.
threshold); (4.2) attempts to model the selection process (tExceptions do occur, for example, the usePofalue thresh-
P value curve and meta-analysis of publication selection); (4.8lgs of 3! 10 7 (5 sigma) in high-energy physics of 510 8
examples of alternatives based on context and goals; and, Ingtignome-wide signilcance) in genome epidemiology, but they
(4.4) how reproducible research practices might o"er the beate relatively uncommon when the scienti!c literature is seenin
solution. A concluding section o"ers some !nal thoughts. its total volume.

CONTACT John P. A. Ioanni(®jioannid@stanford.e@ Departments of Medicine, of Health Research and Policy, of Biomedical Data Science, and of Statis
Stanford University, !&)% Welch Road, Medical School O*ce Building Room X$"), Stanford CA +'$"%.

The paper is based on the opening keynote on the same topic at the American Statistical Association Symposium on Statistical Inferengéaibt@esdbeMar
&"I(.
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The remainder of this section !rst describes a databa$®iogP value) is around 9, the othd? values have an average
of published biomedical literature, then summarizes resul®logP value) of 2, corresponding 8= 0.01.
obtained from text mining of this database (Chavalarias et al. Why should the widespread and growing relianceRoralues
201|6. be such a concern? A main reason is selection bias. As described
* The database from PubMed and PubMed Central in the next section, selection operates at many levels, and the
The results presented in this section are based on a survegulting bias substantially in#ates the rate of false alarms in the
of the entire biomedical literature published during the quarterpublished literature.
century from 1990 to 2015. Text mining was used to assess
the presence dP values in the abstracts of 16.2 million items
(23.0 million of which had an abstract). Similar text mining wa . . . o
performed in PubMed Central (PMC) for 844,000 full-text arti-%' SleIfeCFlon(5E$e(t:ts.S'fhe_;5yp|cal Direction is Toward
cles. For details, see ref. 3. Across this large corpus of biomedicaIC aiming Lreater signizocance
literature, when abstracts uBalues 96% of them ha®values OSelectionO refers here to the collection of choices that lead
of 0.05 or less. The same percentage (96%) applies for full-tBwim the planning of a study to the reporting éfvalues. The
articles. This is too good to be true. Dissecting the use and mgremise of this section is that such selection occurs in many

use orPvalues may explain why. ways, at many steps in the analysis of a data set or study. At
The use of null hypothesis signilcance testing amech step, there are choices to be made, and with each choice,
P value thresholds is widespread there is an opportunity to shape the presentation of results.

The proportion of PMC papers witRvalues in their abstract Section3.10"ers simple empirical evidence of selection bias,
or textis 51.1% for all papers. However, this !gure is an underesamely, a tendency to choose smaller (more signilcant)
timate, because the text mining could not capture nf@salues values for inclusion in a paperOs abstract. Expanding on this
embedded in tables and !gures. Manual evaluation of the fulheme, SectiorB.2 describes four expanding sets of choices,
articles (including tables and !gures) in a sample of 100 rarfeur layers of selection, as a frame for thinking about sources
domly selected articles from PubMed, found 55 that reg®rt of bias in the analysis of data. These sets of choices are rarely
values. The use of other tools of statistical inference is rare mported in full transparency, and so remain hidden from the
nonexistent: of the 100 papers, four report con!dence intervaleader. However, the placement®¥alues within the sections
for all the reported e"ect sizes, none uses Bayesian methods, afidn article (3.3) provides a way to track some of the selection
none uses methods based on false discovery rates. bias. Cherry-picking is more pronounced in the most compet-

* The rate is higher in clinical journals and in meta-analysegive journals (3.4). Big data sets, which o"er greater scope for

Although the use oP values is widespread, there are catggattern searching, are correspondingly at greater risk for false
gories of studies for which the percentage reporting p-valuessitives (3.5).
is substantially higher than the overall rate. Among these cat-

egories are:
1.". P Values in the Abstracts are More OSigni#cantO than
Overall (all papers) %6!.1% P Values in the Full Text
Articles published in core clinical journals (#.'%
Meta-analyses #&.#% Abstracts o"er authors the best opportunity to say they have

Randomized controlled trials

)."% . : . . .
Other clinical trials (excluding randomized controlled trials) (%.($}(?methlng important to present. If there is a selection bias at

work in the choice of whichP values to highlight, we would

To the extent thaP values are misused, or are used in placexpectto Ind that bias to show up in a comparison®¥alues in
of other more suitable methods, these high percentages are ghe abstract withP values in the full text. Speci!cally, we would
ticularly concerning. expect an author to select for the abstract some of the more

* Reliance on P values is increasing over time impressive of thd® values reported in the full text. As a mea-

The same survey (Chavalarias et2411§ suggests that the sure of the selection e"ect, we use the ratio of papers/abstracts
use ofP values has increased over the 25 years covered by taporting P values at 0.05 to those reportifgvaluest 0.001.
sample. For all Pubmed abstracts, the percentage of abstr&aisthe papers in the full text sample (Chavalarias e2@1.9,
reportingP values doubled from 8% in 1990 to 17% in 2015; ththe number of P values at 0.05 exceeds by 11% the number
rate tripled for meta-analyses. For some types of designs swéhP values at 0.001 or less. However, the opposite in seen in
as randomized controlled trials, about 60% of articles currenttiie abstracts of these papers, whErealues of 0.05 are 41%
have somé value(s) in their abstracts. Of note, the proportiorfewer thanP values of 0.001 or less. Clearly, there is conscious
of articles that hav® values in the full-text is much larger (asor subconscious selection of more impresdt/galues in the
shown above) than the proportion of those that ha¥galues abstracts.
in the abstract. Abstracts are, of course, highly prominent as The selection gradientis more steep in the Core Clinical Jour-
they represent the fasade of articles in terms of what thayals category where in the abstra&twvalues of 0.05 are 73%
corr|1munigate. ) fewer than theP values of= <0.001, while in the full text they

* The Otypical sizeO of reported P values is 0.01, more or Egsonly 16% fewer.

Most of the reportedP values are modest. An exception is The comparisons here are based on observable data, but they
the tiny fraction (0.4%) of those presented with exponents of Hie merely the visible manifestation of a multilayered selection
(e.g., 2 10B8) or OEXPO of OEO notation, for which the mgartess.
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1.$. Layers of Selection for P Values: Which P Values Get
Reported

One can think of layers of selection that are applied in the pre-
sentation and highlighting of results throudtvalues.

* The universe of aPvalues obtained in all the analyses con-
ducted during a scientilc process. Unless everything is rig-
orously prespeciled (an uncommon scenario) there can be
many trail-and-error e"orts at di"erent analyses, a Ogarden
of forking pathsO as Andrew Gelman has characterized the

(b)

(©

cherry-picked from among several analyses of the data.
Unfortunately, as noted before, text mining is not con-
sistently able to recognize values reported in tables
and !gures.

P values chosen for discussion in the text constitute a
subset of alPvalues, and are typically chosen for discus-
sion either because of interest, but occasionally because
of some anomaly.

P values chosen for the abstract are even more likely to
be chosen for impressive signilcance (Chavalarias et al.

process (Gelma019. With few exceptions, these itera-
tions and forking paths are not yet documented anywhere.
The next layer:

All the P values that other analysts that other authors
may obtain, if the original authors can make the data and
script/code for their analysis available. If only the data are
available without the guidance of a specilc analysis plan,
one can explore still more options:

All possible analyses that might be run, for example, using Th

di"erent modeling choices, di"erent adjustments for mul-__. !
nilcance as one moves through these selection steps. Of course,

tivariable models, or di"erent de!nitions for variables of . : . L

. . . . there can be exceptions to this rule, as in some cases nonsigni!-
interest. This can give a sense of the magnitude of the : : . 3
cantP values are more attractive, for example, in noninferiority

Ovibration of e"ects,O thatis, by how much results can vay dies, but these tend to be the minority. Also, the exact use

depending on the endorsed exact analytical choices (Paﬁ? and selection bias oR values at these di"erent steps may
et al. 15). This layer of variability is of course conditiona? S )

. : depend on the type of discipline and the journal where research
on the data made available, and does not take into accoun

whatever tailoring the authors may have done to arrive fli% published.

the version of the data made available to others. Thus, there

is a !nal layer: 1.%. Cherry Picking in the More Competitive Basic Science
All possible results from pre-processing of the data, for  Journals

example, trying multiple covariates but only making availy or most journals, the tabulated results are likely to be more

able in public those included in the Onicesto model (tcgmplete and less selective than the one or Revalues high-
one presented in the paper). In the absence of full pre-

registration (Chamberg013, there is no obstacle to such |ghted |n.the abstract. However, forex_tremely competitive basic
an approach. science journals such as Nature, Science, and PNAS, we have

Empirical evaluations (Patel et &015 of the vibration of observed (Cristea and loannid?919 that when authors use

e"ects (obtained with di"erent analyses) has shown that if ther\(/aallues in a Figure or Table (somethl_ng they do !ngreasmgly over
) : . time) theseP values are almost uniformly statistically signi!-
is su$cient data and degrees of freedom for choices of models

almost any result can be obtained. This results in the OJanus p aen_t. This uniformity of signi'canPvalues suggests that cherry
nomenonO where totally opposite results are possible to obtg\n

201§ and are sometimes accompanied by implausible
e"ect sizes (G¢ tzscizd09.
Finally, at the top of the hierarchy, are tRevalues taken
most seriously by the authors in reaching their conclu-
sions. Conclusions have been documented empirically to
depend very often on OspinO (Boutron e2@14. With
spin, results that fail to register formally as statistically
signilcant can still be taken as OsignilcantO

e typical direction of bias is towards claiming more sig-

(d)

Icking has already happened at the step where results are tab-
. . ) ulated. It is reasonable to infer that Oartilcial scarcityONthe
routinely provided there are su$cient degrees of freedom (Pate Jability of limi . . . . IsK
etal.2015. availability of very limited print space in prestigious journalsN

Most of the time data and script/code are not available, Scoreates pressure to reportimpressive results (Young 2085,

these selection dilemmas are hidden from an outsider examin-
ing a report of a study. However, what can still be visible is tHe&. P Values, Big Data, and False Positives

extent of selection within di"erent sections of a published papeg . emerging compounding problem is the increasing availabil-

ity of massive databases that can be analyzed in many scientilc
lelds. While the typical challenge for most scientilc work to
date has been the conduct of underpowered studies (Szucs and
Sectior.1compared the set d? values reported in the full text loannidis20178, Obig dataO is bringing the reverse challenge of
of an article with the set d?values reported in the abstract. Theoverpowered studies. Massive data sets expand the number of
main !nding was thatP values chosen for the abstract tendednalyses that can be performed, and the multiplicity of possible
to show greater signilcance than those reported in the text, arahalyses combines with lenieRtvalue thresholds like 0.05 to
that the gradient was more pronounced in some types of jougenerate vast potential for false positives. As just one extreme
nals and types of designs. It is useful to extend this approachéxample, an analysis of the entire Swedish population might
de!ning a hierarchy of prominence for the location of reportedconcludeNif results are taken at face value using lenient
Pvalues within an article. value thresholdsNthat three quarters of medication classes
(a) Tables and !gures tend to o"er the most comprehenare associated with cancer risk: obviously an impossible result
sive recording of results, although even these may Ratel et al201§.

1.1, Selection Within Sections of a Paper
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Table !.1Is NHST a good choice for various research applications?

Research application Is NHST a good choice?

Developing a prognostic score for CVD? No, selection of variables should not use NHST or use very lenient Type ! error
Assessing a diagnostic test for depression? No, absolute magnitude of improvement in diagnostic performance matters more
Evaluating medical therapies in randomized trials? Mostly no, the O& igl&.¥9itkd rule has modest discriminating performance

Mining electronic health records? No, specib &ty tf'% in searching for genuine e,ects is very low

Mining big data from metabolomics? No, except for screening, and only with multiplicity-cradetsathresholds

Assessing whether to exclude women athletes No, magnitude of the competitive advantage

with high testosterone should from the Olympics? Is what matters

Unfortunately, it is easier to document the problem than tahreshold is likely to do more good than harm. The bene!t may
o"er a simple, e"ective solution. We next consider some proapply both to the (generally more appropriate) interpretation of
posed remedies. past literature and the generation and reporting of new studies
(loannidis2018. All the same, changing the threshold cannot
directly address the threat of selection bias.

So far, we have considered only broad-brush changes:
This section summarizes four sets of proposed remedies: alt@feater use of e"ect sizes and con!dence intervals, methods
native approaches to inference (4.1); examples of !t-to-purpo$@sed on false discovery rates, Bayesian methods, and more
measures (4.2); attempts to model the selection process (4s®jingent thresholds for declaring a result signilcant. For a
and standards for reproducible research (4.4). great many applied problems there is a !t-to-purpose measure

that is more suitable than the observed signilcance level for
NHST.

&. Some Proposed Remedies

%.". Alternatives Approaches to Inference and

Complements to P Values .
) ) %.%$. Speci#c Examples Based on Context and Goals
We mention here well-known alternatives to null hypothesis

testing viaP values at the 5% level: e"ect sizes, con!dence intel? Most lelds and with most types of study designs, NHST
vals, methods based on false discovery rates, Bayesian methgtauld not be the default choice for analysiable 1lists a
and a change to far more stringent thresholdsForalues. (nonrandom) sample of some common questions that arise in
Within the frequentist framework, some have proposefiomedical research.
more extensive and routine use of e"ect sizes and con!dence one of these applications seems to be agood 'tto for NHST:
intervals as alternatives or complements to null hypothesis * A prognostic score should be developed either with-
testing usinQD values. Sure|y, such a Change could help many out USing statistical Signi!cance for ChOOSing variables to
papers become more understandable and less often misleading include, or else using a very lenient Type | error rate such
for both experts and users, especially for decision-making | @s alpha 0.2 or even higher rather than 0.05.
in medical applications. Across the biomedical literature the * For estimating diagnostic performance metri€syalues
proportion of abstracts (11%) that report at least one e"ect size ~ from testing against the null are not meaningful. The mag-
is a bit less but roughly the same as the proportion of abstracts Nitude of the improvement in sensitivity and specilcity
(12.5%) that report at least ofevalue (Chavalarias et &016. is what matters, not whether the null hypothesis of no
For large-scale inference, methods based on the false discovery improvement can be rejected. _ _
rate may be more appropriate in many if not most papers that - Randomized trials have us&ivalues routinely, but sim-
currently useP values, and, of course, Bayesian methods o"er  ulations suggest (van Ravenzwaaij and loanniid7
yet another approach. However, it is not clear that greater use that they are suboptimal and the rule of OTwo trials with
of these alternative approaches would substantially diminish | P< 0.050 forlicensing is problematic.

bias from selective reporting of the sort described in Secdion  * In the big data environment of electronic health records of
because similar biases can be present regardless of the approach©mics,P< 0.05 makes no sense: It has negligible specilcity
to inference used. | and can lead to myriad false positive results.

Meanwhile the widespread and expanding useéPofalues * Finally, a recent consultation concerned the question,
suggests the urgency of our need for change. The recent proposal OShould women athletes with high testosterone be
(Benjamin et al2017 to lower the traditional threshold for excluded from the Olympics?O The proponents of this

declaring signilcance from 0.05 to 0.005 should be seen mostly ~exclusion use results from a paper (Bermon and Garnier
as a temporizing measure, a dam to contain the #ood. Many 201§ that shows a barely signi'cant di"erence between
caveats exists for such an approach, most of them raised in the Women with high and low testosterone (details omitted).

original paper (Benjamin et a2017; their discussion is beyond However, the magnitude of the di"erence is tiny. Taking
the scope of the current paper. If applied across the biomedical 99% con!dence intervals into account, the possibility of
literature of 1990D2015 surveyed in (Chavalarias 2048, the a 10% advantage (the disqualifying limit) can be clearly

proposed threshold of 0.005 will change the characterization of | exc_:luded.

about one third of theP values that are reported in the abstract * Neither the broad-brush changes of 4.1 nor the more nar-
and considered statistically signilcant. To the extent that the  rowlytailored statistical inference tools address directly the
large majority of thesd® values re#ect spuriously signilcant  threatof selection bias. We turn next to proposals for mod-
associations due to selection bias, a change to the more stringent €ling the selection process.
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%.!. Attempts to Model the Selection Process data exploration that remains unshared. Selection biases may be
The large-scale availability d® values that can be readily mane_tgeable mostly with improvements in reprqdum_ble resea rch
ractices, such as better transparency, pre-registration, availabil-

extracted has led to interesting models that try to di"erentiat !
o : : ity of all raw data and software code, greater collaboration and
(a) distributions ofPvalues in a body of literature commensurate

e . : " gpenness among scientists, and the adoption of rewards and
with bias (e.g., p-hacking for passing traditional thresholds fhcentives that can facilitate such behavior (Munaf” et?8117
statistical signilcance (Szu2€16 from (b) those distributions '

that are most compatible with genuine discoveries of non-null
associations and e"ects in the absence of such bias. The assump- _
tions of each of these modeling approaches need to be carefully-°ncluding Thoughts

considered. An increasingly popular approach are P-curveg, conclusion, the use oP values has become an epidemic
curves that plot the distribution oP values in a set of studies.a"ecting the majority of scientilc disciplines. Decisive action is
It is speculated that a P-curve analysis (Simonsohn 2029 needed both from the statistical and wider scientilc community
may di"erentiate between bias and genuine discoveries. Suchfasserstein and Laza01§. Strong selection biases can make
curves (Simonsohn et &014 may indeed work quite well for aimost everything (seem) statistically signilcant and it is very
randomized experimental studies with no other sources of biggely that these biases do operate in many, probably most sci-
However, P-curves are sensitive to even tiny bias, correspogghtilc lelds that useP values, especially with lenieRt< 0.05
ing to distortions of the e"ect sizes by 0.01 standard deviatiofigresholds for claiming success. Implausibly, 96% of the biomed-
in a setting of observational studies with confounding. Suchijga literature that useB values in the abstract or in the full text
bias, through tiny, can generate a spurious P-curve that reseglaims statistically signilcant results (Chavalarias etalL§.
bles genuine discoveries when in fact it is a mere artifact of coAmpirical data combined with plausible argument show that
founding and omitted variable bias (Bruns and loannidl§. selection e"ects occur at multiple steps in the process of analyz-
Other approaches that can bene!t from large-scale availabikg data and presenting the results, and that these strongly bias
ity of Pvalue data aim to model the publication selection procesge selection dPvalues in the direction of greater signilcance. It
over time. When data from large collections of studies or fromas even been argued (Fangli1( that !elds with the highest
hundreds or thousands of meta-analyses are available one gaghortion of signilcant claims may be least reliable, and that
assess the average pattern of selection. Consider, for exampig.ecological relationship can serve as the basis for a hierarchy
the potential strength of publication bias for initial studies, earlgf scientilc lelds.
replication, and later replications (Pfei"er etaD1]). The selec- ~ NHST and P values are inherently most suitable/optimal
tion forces may depend on the circumstances and the availabiligt only a minority of current research. Using a more strin-
of prior evidence on the same question, as, for example, in tgent threshold is a temporizing measure to avoid death-by-
OProteus phenomenonO (loannidis and TrikalR@3, where = sjgnilcance. NHST andP values may be replaced in many
once a highly signi'cant result is prominently published, theree|ds by other inferential methods that will be more !t for
is a window of opportunity in the next year or two to publish areading the results, understanding what they mean, and (when
result that is totally opposite to the original. Furthermore, on@eeded) acting on them. However, curtailing selection biases
can model average biases in sets of multiple studies, but, unf@it still require additional drastic measures rather than just a
tunately, it is not possible to apply the averages to correct t@fange in inferential method. Changes in the choice of inferen-
results of any one particular study. tial methods do not necessarily address the threat of selection
Meta-analyses can !x only a part of the problem of selectiiias head-on. The only direct protection against selection bias
reporting. Sometimes di"erent selection e"ects will have oppgs to embrace reproducible research practices, including careful
site directions and may cancel out, but more frequently, theyhoice and layout of study design and hypotheses with speci-
may become more prominent. In this sense, meta-analyses may and registered in advance methods and analyses, whenever
be useful in that a large body of literature can show the bias gppropriate.
sharper relief (Fanelli, Costas, and loanni@817.
None of the proposed changes considered so far in this
section can o"er a head-on challenge to the threat of selecti@fhferences
bias. In long term, the only direct protection must come from . )
standards for reproducib|e research. Benjamin, D. J., et al201§, ORede!ne Statistical Signi!cancBlgture
Human Behaviour2, 6©10.23]
Bermon, S., and Garnier, P. 2(1§, OSerum Androgen Levels and their
. . . . Relation to Performance in Track and Field: Mass Spectrometry Results
%.%. Reproducible Researchis Key to Addressing Selection  from 2127 Observations in Male and Female Elite AthletBsih
E'ects Head-On Journal of Sports Medicingl, 1309913123
. . . Boutron, I., Altman, D. G., Hopewell, S., Vera-Badillo, F., Tannock, I., and
Given the shortcomings of proposed remedies and the vulner- Ravaud, P2019, Olmpact of Spin in the Abstracts of Articles Report-
ability to selection bias present in all approaches to inference, ing Results of Randomized Controlled Trials in the Field of Cancer: the
that bias cannot be prevented even by requiring authors to make SPIIN Randomized Controlled Trialfournal of Clinical Oncolog$2,

; ; ; _ 4120D41262p]
av.a"aj)kla bOt?ht.helr d.aia ar(]jd thg script or COde.utsed gorct:?]e anb%lruns, S. B., and loannidis, J20(§, Op-Curve and p-Hacking in Obser-
ysis. Unless this script and code were preregistered (Chambers, .. Research®hoS Onel1, e01491442f]

2013 it is not possible to tell whether the analysis plan Waghambers, C. D.2013, ORegistered Reports: a New Publishing Initiative
pre-speciled or that it represents the Inal step of an extreme at Cortex@ortex 49, 609D6102p,24]
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Chavalarias, D., Wallach, J. D., Li, A. H., and loannidis, 2016, OEvo- ] Instability of Observational Associationd@irnal of Clinical Epidemi-
lution of Reporting P Values in the Biomedical Literature, 1990920150 ology 68, 1046D10587]
JAMA 315, 1141D11480,21,22,2324] Patel, C. J., Ji, J., Sundquist, J., loannidis, J. P., and Sundqui291§, (

Cristea, . A., and loannidis, J. Rq189, OP-values in Display ltems are Ubig- ~ OSystematic Assessment of Pharmaceutical Prescriptions in Associ-
uitous and Almost Invariably Signilcant: A Survey of Top Science Jour- ation with Cancer Risk: a Method to Conduct a Population-wide

nals,PLoS ONE13, €01974402p] Medication-wide Longitudinal Study&’):ienti!c‘ReportsLO, 3130872
Fanelli, D. 2019, OOPositiveO Results Increase Down the Hierarchy offfei"er, T., Bertram, L., and loannidis, J. PO1]), OQuantifying Selective
SciencesPL0S Ong5, 10068 244 Reporting and the Proteus Phenomenon for Multiple Datasets with

Fanelli, D., Costas, R., and loannidis, J2B1(j, OMeta-assessment of Bias ~ Similar Bias©LoS Ongs, 18362 24] .
in Science Proceedings of the National Academy of Sciences U18 A Simonsohn, U., Nelson, L. D., and Simmons, J2B1§, OP-curve: a Key
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ABSTRACT ARTICLE HISTORY

It is widely recognized by statisticians, though not as widely by other researchers, that frvalue cannot ~ Received March 2018
be interpreted in isolation, but rather must be considered in the context of certain features of the design Revised September 2018
and substantive application, such as sample size and meaningful elect size. | consider the setting of the

normal mean and highlight the information contained in thep-value in conjunction with the sample size KFYWQRPS o
and meaningful elect size. Thep-value and sample size jointly yield 95% con"dence bounds for the elect g'ec.ts.'zel' Sample size;
of interest, which can be compared to the predetermined meaningful elect size to make inferences about tatistical signi“cance.
the true elect. | provide simple examples to demonstrate that although the-value is calculated under the

null hypothesis, and thus seemingly may be divorced from the features of the study from which it arises,

its interpretation as a measure of evidence requires its contextualization within the study. This implies that

any proposal for improved use of theg-value as a measure of the strength of evidence cannot simply be a

change to the threshold for signi“cance.

1. Introduction et al. 019 can lead to di#erent inferences depending on the

. . ombination of sample size and context-speci!c magnitude of
Seventy-two prominent researchers proposed changing tﬁﬁ

L s interesting or important e#ect size. These examples rely
defaultp-value threshold for statistical signi'cance from 0.05 to : . :
. . ; . n a functional relationshi ween th r | n
0.005 for claims of new discoveries (Benjamin e2@l.9. They on a functional relationship between the obseryedalue and

were motivated to address a leading cause of nonre roducibilﬁampIe size, and the lower endpoint of a one-sided con!dence
9 P idterval. A second pair of exampleSéction 3 shows how data

of scientilc studies; standards of evidence such as the usual rv % . . .
: N ) o ding to a larg@-value can also lead to di#terent inferences,
for formal inference, Orejecpik 0.05,0 are toolow. Thisis not a g ge

new concern and was raised several years ago by lonla also depending on the combination of sample size and context-
who oresented data and analvsis ir¥su o%t Olyhis title Clair%peci!c magnitude of an uninteresting or inconsequential e#ect

P . ysis PP . Size. These examples similarly rely on a relationship between
that most published research !ndings are false. The soluti

o) : .
oroposed by Benjamin et al2g14 is simple, but surprisingly {he observegh-value and sample size, and the upper endpoint

. ) .of a one-sided conldence interval. Although | rely on a simple
does not implement some of the basic tenets put forth g y P

. ; ... setting for examples, the informal principles for interpreting
the recent statement published by the American Statistic lues extend in a natural way to more general settings. The

Association (ASA) on the topic of statistical signilcance and. .. . . . .
) . o article concludesection 3 with a summary and discussion.
p-values (Wasserstein and Laza01§. The third principle 4 ) y

listed in the ASA statement asserts that scientilc conclusions
should noF bg based on whethempavalue passes a thre;hold.z_ Interpreting a Small p-Value
The !"h principle acknowledges that the-value, in isolation,
does not measure the e#tect size or the importance of a resdiheé Benjamin et al.201§ proposal calls for reducing the-
A better solution is not to change the threshold, as suggest&dlue threshold from 0.05 to 0.005 as a solution to nonre-
by Benjamin et al.Z019, but to !nd an alternative to exclusive producibility in science. This section presents two examples,
reliance on threshold alone. Context matters. both with p = 0.005. For the !rst examplgy = 0.005 is

In this article, | use the terms design and context to refer ttoo stringent of a threshold for detecting a meaningful signal.
characteristics of experiments such as sample size and subsfamr- the second example, = 0.005 is not stringent enough.
tively meaningful e#ect size, which impact the interpretatioWhat distinguishes the two examples is the context, namely, the
of ap-value and the conclusions that are drawn. | then rely ogombination of sample size, and sized, of the e#ect judged
examples from the simple setting of a single normal sample witb be meaningful. Here, | assume ththhas been identiled; in
variance one to articulate and illustrate two informal principlesgractice, the identi!cation of clinically or substantively mean-
for interpreting p-values. A !rst pair of examplesSgction 2  ingful e#ects is complicated and may not be consistent across the
shows how data leading tofavalue of 0.005 as in Benjaminvarious stakeholders, including patients, clinicians, regulators,
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investors, and payers (Keefe etz013 Rosnow and Rosenthal 0.1317 (Table 1). Thus, with 95% con!denqe, = 0.005
2003. By de!nition, d is nonzero. excludes values qf that are less than or equal to 0.1317, and
It is well-known that there is a duality relating hypothesighus certainly those that are less than 0.10. In this context,
tests and conl!dence intervals: we reject the null hypothesip,= 0.005 identiles meaningful signals, but potentially misses
Ho at level! if and only if the null value of the parameter liessome signals (i.e., those between 0.10 and 0.1317). The optimal
outside the corresponding!l! level con!dence interval. I rely (i.e., maximum)p-value threshold corresponding {or = 0.1
here on a di#ferent correspondence, that betweengvalue in this context is 0.0093.
calculated for a one-sided testldf) : @ = 0 versus the one-  Example 1(b)For a contrasting example, | increase the sam-
sided alternative hypothesid; : 1 > 0, and the endpoinfi+  ple size ta = 200 and maintain the same e#ect sizd f 0.10.
of a one-sided con!dence interval for of the form (u-,# ). The sameg-value yields a lower 95% con!dence limit of 0.0658,
The extension to two-sided tests and conldence intervals ighich includes values qf less thard. Here,p = 0.005 is not a
straightforward. BrowneZ010 also elucidated the relationship useful threshold relative to the meaningful e#ect size as it admits
between the-value and the observed e#ect. He did not, howvalues ofi less than 0.10. In this example, the optimal threshold
ever, relate the interpretation of the 95% con!dence interval tois 0.0011.
predetermined meaningful e#ect size as the basis for inference.Generalizing from these examples suggests a strategy for
For the simple case of a random samKlg X, ..., X, from  Inding the p-value threshold for concluding a meaningful e#ect
a normal distribution with known variance 1 and unknown for any given sample size:
meany, the value of the sample meadetermines both the
p-value, denoted bp, and the lower endpoint of the interval,
p» . For exampleX might be the measured standardized change
in systolic blood pressure from baseline to one year a"er some
treatment andu is the expectation oK. Of interest is the test
of the hypothesis that the drug has a positive e#ect on blood

1. Based on substantive knowledge about the applied con-
text, select a valufor the smallest e#ect size considered
meaningful. While ideally this is the value that is used
to design the study to achieve a !xed power, practical
considerations 0"en do not permit this.

pressureHo : i = @versuHy : 1> 0. Thep-valueis given 2 Take as the uppgp-value threshold that valug’, for
byp = Pugo(Z > ~ ng), whereZ is standard normali- = whichp» = d. Thatis, rejectg if and only ifp< p’, or
w! Z]_! 1 / n, andZ]_! | is the 1! ! quantile of the standard equivalently, the 95% con!dence interval fpr (p " ,# )
normal distribution. Inverting the equation that de!neséma excludes.

value and solving fowyields thatp: = (Zy p! Zu 1) n.

Note that smallep are associated with larggr , and thus there ~ The principle: Reject the null in favor of a meaningful e#ect

is a thresho|q3" such tha‘[p-va|ues that are be|0\'yII provide if and Only if the lower 95% con!dence bound exceeds the
evidence thaf > d, that is, of a non-null meaningful e#ect. In smallest e#ect size considered meaningful. Thus, rejecting the

the systolic blood pressure examplenight be 1@" , where"  hullmeans we can be 95% con!dent that the true e#ect size is at

is the standard deviation of the change in blood pressure frofgast as large as the size considered to be clinically meaningful.
baseline to one year. (These calculations follow from the fact As an example, consider the 1993 GUSTO-I study of strep-
that the sample meaif ig normally distributed with meamq  tokinase plus intravenous heparin versus rt-PA (recombinant
and variance /In and so” n(®! ) is standard normal). In tissue plasminogen activator) plus intravenous heparinthrom-
the settigg of a two-sided test, with positige- = (Z1 2! bolytic drugs for acute myocardial infarction, as discussed by
Z1u y 2)/ " nand ap-value threshold can likewise be derived. Lesa#re 2009. The primary endpoint was 30-day mortality.

Given the observeg-value, it is possible to calculate theThere were approximately 10,300 subjects in each of these treat-
lower endpointu~ of aone-sided IL ! % con!dence interval for ment arms, and the observed percentages of 30-day mortality
u. In particular, ifp = 0.005, the corresponding 0.995 quantilevere 7.4% and 6.3%. The two-sideualue testing the equality

of a standard normal i€g g95= 2.576, and the Iovy’gr endpoint of the percentages was 0.0028, with a 95% con!dence interval
of a 95% one-sided intervaljis = (2.576/«Z005/ N, where for the di#erence of (0.36%, 1.73%). The conclusion was that

Zo.os= 1.645. Thugy» = (2.576 1.645/  n. there was a signilcant reduction in 30-day mortality advantage
Now consider two examples, both with= 0.005. | take as for the rt-PA group versus the streptokinase plus intravenous
context the combination of sample size,and the meaningful heparin group. This conclusion implies that a di#erence as small
ettect sized, delned as the smallest value pf> 0 judged @as 0.36% is considered to be clinically meaningful @es
to be meaningful. Note that the sample size might have be@&0036). If this is not the case, add> 0.0036, then even the
selected to attain a certain level of power to detect a particul§allp-value of 0.0028 does not provide strong evidence of a
value of. Ifitis important to Ix the power at a certain level, for meaningful e#ect.
practical considerations such as availability of subjects and cost
of the trial, this value oft is frequently larger thad, the smallest 3
meaningfulalue ofy. However, if it is important to design the
study to detect the meaningful e#edtjt may be underpowered In the previous section, | illustrated that a smadValue relative
given the constraints of subject availability and cost. to a !xed threshold has di#erent meanings depending on the
Example 1(a)Suppose that an e#ect size@f= 0.10 is context. | now consider what can be learned from Igpgalues.
considered meaningful, and that the sample siza is 50. Students of introductory statistics courses are taught that no
Given thatp = 0.005, the lower endpoint of the one-§id_ed 95%onclusions can be drawn from largevalues. This maxim
conl!dence interval is equal ta+ = (2.576! 1.645/ 50 = was reiterated in the ASA statement (Wasserstein and Lazar

. Interpreting a Large p-Value
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2019. In this section, I illustrate that largp-values relative to of dabigatran relative to warfarin; that is, if the upper two-sided
a !xed threshold also have di#erent meanings depending on tt#5% con!dence limit (i.e., the upper one-sided 97.5% limit) for
context. the relative risk fell below 1.46, noninferiority could be declared.
Just as the lower con!dence limit for the normal mean has @he upper one-sided 97.5% limit was used to account for the
direct relationship with thgs-value for the same one-sided testtwo dabigatran dose groups that were tested versus warfarin and
Ho : 1 = OversudH; : i > 0, so does the upper limit of a because superiority was tested, as well. The relative risk for the
one-sided conldence intervdl# | )eIn particular, simple 6015 subjects in the 110 mg dabigatran group versus the 6022
algebrayields that" = (Zy pt Zu1)l n. Note that largep  subjects in the warfarin group was 0.91, with a 95% con!dence
are associated with smallgr, and thus there is a threshofgd  interval of (0.74,1.11) and@value of 0.34. Because the upper
such thatp-values that excega provide evidence that < d, limit of 1.11 is below 1.46, this dose group of dabigatran could
that is, of a nonmeapingful e#ect. In the s@ting of a two-sidetle concluded to be noninferior to warfarin. In this setting, the
test, with positives i = (Zy w2+ Z1u y 2)/  nand ap-value largep-value of 0.34 (and associated con!dence interval) is large
threshold can likewise be derived. enough to declare noninferiority of dabigatran.
Now consider two examples, both wih= 0.6286. Again, |
take as context the combination of sample siz@nd the e#fect 4. Summary
size,d, delned as the smallest value pf > 0 judged to be ] ) ] )
meaningful. In conjunction with the design and context of the study, such
Example 2(a)Suppose that an e#ect sizedot 0.10 is con- aS s_ample size and the minimum meaningf_ul _e#ect size, which
sidered meaningful, and that the sample size is 50. Given &€ inputs to the calculation of con!dence limits for measures
thatp = 0.6286 andZy , = ! 0.328, the calculations aboveof g#ect, theo-value may indeed be informative about the e#ect
yield that the upper endpoint of the one—sidgd 95% con!denc@f interest and/or about the nu!l. Howe_ver, absplute thresholds
interval is equal tqi- = (! 0.328+ 1.645/ 50 = 0.1862. for the p-value do not render it meaningful with regard to a
Thus, with 95% con!dencey = 0.6286 excludes values|of positive or r_1uII ettect; the thresholds depend mandd. This_,
that are greater than or equal to 0.1862, but is uninformativénderstanding expands on the ASA statement (Wasserstein and
about whetheq is less tham = 0.10 or not. In this example, a L8zar2019, which enumerates truisms about tpevalue, but
lowerp-value threshold of = 0.8259 would provide evidenced0€s not provide guidance regarding best uses ofptalue,
of a nonmeaningful e#ect (i.a,< d). and proyldgs nuance to the simple stringent threshqld suggested
Example 2(b)Eor a contrasting example, | increase the sarf2y Benjamin et al.2019. In summary, | have elucidated the
ple size ton = 200 and maintain the same e#fect size ofmportance of contextualizing the-value within the salient fea-
d = 0.10. The samp-value yields an upper 95% con!dencelures of t_hg study when formal hypothesis testing is_undertaken.
limit of 0.0931, which excludes valuesjofgreater thand = When this is done, it can be a useful measure of evidence for the
0.10. Here, the largp-value of 0.6286 is useful in providing truth.
evidence against a meaningful e#ect. In this example, a lower
p-value threshold ofr = 0.5913 would be sus$cient to provide Funding
evidence O.f f?‘ nonmeaningful e#ect. This work was supported in part by NIH Grant UL1TR001102.
Generalizing from these examples suggests a strategy for
Inding the p-value threshold for concluding a nonmeaningful
ettect for any given sample size:

1. Based on substantive knowledge about the applied cdpeniamin, D. J., Berger, J. O, Johannesson, M., Nosek, B. A., Wagenmakers,
text, select a valugfor the smallest e#ect size considered E. J., Berk, R, Bollen, K. A., Brembs, B., Brown, L., Camerer, C., and

. o T ; Cesarini, D. (2018), ORede!ne Statistical Signilcari¢aiGre Human
meaningful. While ideally this is the value that is used pgenavious2, é_ ﬂlS)llﬂ 9

to design the study to achieve a !xed power, practicarowne, R. H. (2010), OTh@estp Value and Its Relationship to the E#tect
considerations 0"en do not permit this. Size and®(X > Y) OThe American Statisticia®4, 30D33.1[L§
. Connolly, S. J., Ezekowitz, M. D., Yusuf, S., Eikelboom, J., Oldgren, J.,
2. T?ke as a lowgrvalue threshold that valug; , for which Parekh, A., Pogue, J., Reilly, P. A., Themeles, E., Varrone, J., and Wang, S.
M = d. Thatis, acceptlg, thatis, conclude no meaning-  (2009) ODabigatran Versus Warfarin in Patients With Atrial Fibrillation,O
ful e#tect, if and only ifo > p-, or equivalently, the 95%  New England Journal of Medicjr&61, 1139D1151. [Erratum, N Engl J

- " Med 2010;363:1877.117
I I | .
conldence intervalfoy, (b ') excludesd. lonnidis, J. P. A. (2005), OWhy Most Published Research Findings Are False O

The principle: Accept the null with respect to a prespeciled PLoS Medicine?, e124.115
dif and only if the upper 95% con!dence bound falls below theékeefe, R. S. E., Kraemer, H. C., Epstein, R. S., Frank, E., Haynes, G., Laugh-
smallest e#tect size considered meaningful. Thus, accepting théen: T- P, and Leon, A. C. (2013), ODelning a Clinically Meaningtul

. #ect for the Design and Interpretation of Randomized Controlled
o ] .
null means we can be 95% conldent that the true e#ect size Trials Gnnovations in Clinical Neurosciend®, 4SD19S11q

is no larger than the minimal size considered to be clinicallyesa#re, E. (2008), OSuperiority, Equivalence, and Non-inferiority TrialsO
meaningful. Bulletin of the NYU Hospital for Joint Diseasi#s 1500154116
As an example in the di#erent context of a two-sided tedtosnow, R. L., and Rosenthal, R. (2003), OE#ect Sizes for Experimenting

of a relative risk, the RE-LY trial of atrial !brillation compared ;gc?lol"égiﬁsoa”adia” Journal of Experimental Psychalagy 2218
dabigratran to warfarin with respect to risk of stroke or systemig. <o ctein R. L. and Lazar. N. A. (2016), OThe ASAGs Staterpent on

embolism (Connolly etaR009. Arelative risk of 1.46 wasiden-  vajues: Context, Process and Purpo3ti® American Statisticiar0,
tiled as the clinically meaningful threshold for noninferiority  1299133.115117
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Moving to a World Beyond b < 0.050

Some of you exploring this special issudb& American Statis- special issue afhe American Statisticiauthors were explic-
tician might be wondering if itOs a scolding from pedantic statigtly instructed to develop papers for the variety of audiences
ticians lecturing you about whaitto do with p-values, without interested in these topics. If you use statistics in research, busi-
olering any real ideas of whab doabout the very hard problem ness, or policymaking but are not a statistician, these articles
of separating signal from noise in data and making decisiongere indeed written with YOU in mind. And if you are a
under uncertainty. Fear not. In this issue, thanks to 43 innovativ&atistician, there is still much here for you as well.

and thought-provoking papers from forward-looking statisti- The papers in this issue propose many new ideas, ideas that
cians, help is on the way. in our determination as editors merited publication to enable
broader consideration and debate. The ideas in this editorial are
. ~ 2 likewise open to debate. They are our own attempt to distill the
1. ODonOtOIs Not Enough wisdom of the many voices in this issue into an essence of good

There®s not much we can say here about the perisvalues Statistical practice as we currently see it: some doGs for teaching,
and signi“cance testing that hasnOt been said already for dec&¥8g research, and informing decisions. _
(Ziliak and McCloske2008 Hubbard2018. IfyouOre justarriv-  Yet the voices in the 43 papers in this issue do not sing as

ing to the debate, here®s a sampling of what not to do: one. At times in this editorial and the papers youOll hear deep
dissonance, the echoes of Ostatistics warsO still simmering today

¥ Dondtbase your conclusions solely on whether an associatidayo2019. At other times youOll hear melodies wrapping in a
or elect was found to be Ostatistically signi”"cantO (i.e ptherich counterpoint that may herald an increasingly harmonious
value passed some arbitrary threshold sucp €s0.05). new era of statistics. To us, these are all the sounds of statistical

¥ DonOt believe that an association or elect exists just becanference in the 21st century, the sounds of a world learning to
it was statistically signi“cant. venture beyondx 0.050

¥ DonOt believe that an association or elect is absent justThisis aworld where researchers are free to trpat ©.0510
because it was not statistically signi"cant. and @ = 0.0490 as not being categorically dilerent, where

¥ Donlt believe that yopsvalue gives the probability that authors no longer "nd themselves constrained to selectively
chance alone produced the observed association or elect publish their results based on a single magic number. In this
the probability that your test hypothesis is true. world, where studies withpO< 0.050 and studies witlp ©

¥ DonOt conclude anything about scienti“c or practical impoB.050 are not automatically in con%ict, researchers will see their
tance based on statistical signi“cance (or lack thereof).  results more easily replicatedNand, even when not, they will

. . L . better understandavhy. As we venture down this path, we will

DonQt. DonOt. JustEdonOt. Yes, we talk a lot about don@&AThgegin to see fewer false alarms, fewer overlooked discoveries,

Statement on p-Values and Statistical Signi'cafvéasserstein and the development of more customized statistical strategies.

and LazaR016 was developed primarily because a#er decadagesearchers will be free to communicate all their "ndings in all

warnings about the donOts had gone mostly unheeded. Their glorious uncertainty, knowing their work is to be judged

statement was about what not to do, because there is widespregahe quality and elective communication of their science, and

agreement about the donOts. not by their p-values. As Ostatistical signi"canceO is used less,
Knowing what not to do withp-values is indeed necessarystatistical thinking will be used more.

but it does not su$ce. It is as though statisticians were asking The ASA Statement on P-Values and Statistical Signilcance

users of statistics to tear out the beams and struts holding wgarted moving us toward this world. As of the date of publi-

the edi"ce of modern scienti"c research without olering solid cation of this special issue, the statement has been viewed over

construction materials to replace them. Pointing out old, rottingp94,000 times and cited over 1700 timesNan average of about

timbers was a good start, but now we need more. 11 citations per week since its release. Now we must go further.
Recognizing this, in October 2017, the American Statistic&hatOs what this special issudloé American Statisticiasets

Association (ASA) held the Symposium on Statistical Infefeut to do.

ence, a two-day gathering that laid the foundations for this To getto the doOs, though, we must begin with one more donOt.
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2 EDITORIAL

2. DonOt Say OStatistically SignilcantO To be clear, the problem is not that of having only two

labels. Results should not be trichotomized, or indeed catego-

The ASA Statement on P-Values and Statistical Signi!can@ged into any number of groups, based on arbitraryalue

e o non 5o . v o oo gshold. Sy, e need to icp using condence e
g ' P ' as another means of dichotomizing (based, on whether a

: ; o Vi
We conclude, based on our review of the articles in this Spe.C'ﬁEII value falls within the interval). And, to preclude a reap-

issue and the broader literature, that it is time to stop usin earance of this problem elsewhere, we must not begin arbi-

the term Ostatistically signi"cantO entirely. Nor should variarfs. .. - o
L . P b . _ arily categorizing other statistical measures (such as Bayes
such as Osigni“cantly dilerent < 0.05,0 and Ononsigni“cant acto):s) g 9 ( y

survive, whether expressed in words, by asterisks in a table, OrDespite the limitations ofp-values (as noted in Princi-

in some other way. pl?s 5 and 6 of the ASA statement), however, we are not

N Rgga_trdlegs Of whethpr it was ever useful, a dEf‘(:l‘rjlrat'onrgcommending that the calculation and use of continuous
Ostatistical signi“"canceO has today become meaningless. I\é)_e\g

. - - i i . Wh I , th
broadly known by FisherOs use of the phra824, EdgeworthOs dlues be discontinued erpvalues are used, they

S : . L : should be reported as continuous quantities (epgs 0.08).
(1885 original intention for statistical signi“cance was S|mply.|.hey should also be described in language stating what

as atool to indicate when a result warrants further scrutiny. BUhe Value means in the scienti"c context. We believe that
that idea has been irretrievably lost. Statistical signi“cance w, Sreasonable prerequisite for reporting a.pyvalue is the

never meantto imply scienti"c importance, and the confusion o bili : : - e
. N ility to interpret it appropriately. We say more about this in
the two was decried soon a#er its widespread use (BAidig). Sect?i)n 33 P pprop 4 y

Yet a full century later the confusion persists. To move forward to a world beyondp®< 0.050 we must

_ And so the tool has become the tyrant. The problem is NGt qnize afresh that statistical inference is notRiand never has
simply use of the word Osigni“cantO although the statistical adsJequivalent to scienti"c inference (Hubbard, Haig, and
ordinary language meanlng.s of the word are indeed now hoF’%’arsaZOlQ Ziliak 2019. However, looking to statistical signif-
lessly confused (Ghosz®13; the term should be avoided for joance for a marker of scienti"c observations® credibility has

that reason alone. The problem is a larger one, however: usig@ated a guise of equivalency. Moving beyond Ostatistical sig-

bright-line rules for justifying scienti"c claims or conclusionsyincance® opens researchers to the real signi“cance of statistics,

can lead to erroneous beliefs and poor decision making (ASgich is Othe science of learning from data, and of measuring,

statement, Principle 3). A label of statistical signi"cance ad%ntrolling, and communicating uncertainty® (Davidian and

nothing to what is already conveyed by the valugoih fact, Louis20132.

this dichotomization op-values makes matters worse. In sum, Ostatistically signi"cantONdonOt say it and donOt use
For example, n@-value can reveal the plausibility, presencey

truth, or importance of an association or elect. Therefore, a

label of statistical signi"cance does not mean or imply that an

association or elect is highly probable, real, true, or important. o

Nor does a label of statistical nonsigni“cance lead to the assoéi- 1here Are Many DoOs

ation or elect being improbable, absent, false, or unimportaniyith the donOts out of the way, we can "nally discuss ideas for
Yet the dichotomization into Osigni“cantO and Onot signi“caniQecic, positive, constructive actions. We have a massive list of
is taken as an imprimatur of authority on these characteristicgem in the seventh section of this editorial! In that section, the
In a world without bright lines, on the other hand, it becomes,thors of all the articles in this special issue each provide their
untenable to assert dramatic dilerences in interpretation fromyyn short set of doOs. Those lists, and the rest of this editorial,
inconsequential dierences in estimates. As Gelman and Ste)j| help you navigate the substantial collection of articles that
(2009 famously observed, the dilerence between Osigni"cani§lows.
and Onot signi“cantO is not itself statistically signi“cant. _Because of the size of this collection, we take the liberty here
Furthermore, this false split into OworthyO and Ounworthyfjistilling our readings of the articles into a summary of what
results leads to the selective reporting and publishing of resufgn be done to move beyong € 0.050 You will "nd the rich
based on their statistical signi”"canceNthe so-called O"le drawggtails in the articles themselves.
problemO (RosenthdB79. And the dichotomized reporting  what you will NOT !Ind in this issue is one solution that
problem extends beyond just publication, notes Amrheinmajestically replaces the outsized role that statistical signilcance
Tra'mow, and Greenland 2019: when authors usg-value has come to plajthe statistical community has not yet con-
thresholds to select which "ndings to discuss in their papergerged on a simple paradigm for the use of statistical inference
Otheir conclusions and what is reported in subsequent newsscienti"c researchNand in fact it may never do so. A one-
and reviews will be biasedESuch selective attention based @fye-"ts-all approach to statistical inference is an inappropriate
study outcomes will therefore not only distort the literature buiexpectation, even a#er the dust settles from our current remod-
will slant published descriptions of study resultsNbiasing theling of statistical practice (Tor@019. Yet solid principles for
summary descriptions reported to practicing professionals anfle use of statistics do exist, and they are well explained in this
the general publicO For the integrity of scienti"c publishingpecial issue.
and research dissemination, therefore, whethewalue passes  We summarize our recommendations in two sentences total-
any arbitrary threshold should not be considered at all wheihg seven words:A2cept uncertainty. Behoughtful,open, and
deciding which results to present or highlight. modestO Remember OATOMO
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3.1. Accept Uncertainty turn give us more precise overall estimates for our elects and
tﬁssociations. And thisis what will lead to the best research-based
8uidance for practical decisions.

Accepting uncertaintyleads us tte thoughtful, the second
our four principles.

Uncertainty exists everywhere in research. And, just like wi
the frigid weather in a Wisconsin winter, there are those wh
will %ee from it, trying to hide in warmer havens elsewhere&f
Others, however, accept and even delight in the omnipresent
cold; these are the ones who buy the right gear and bravely
tqke 'fuII advantage of a'II the quders of a challenging cIimatg.Z_ Be Thoughtful
Signi“cance tests and dichotomizeeralues have turned many
researchers into scienti"c snowbirds, trying to avoid dealingvhat do we mean by this exhortation to Obe thoughtful®?
with uncertainty by escaping to a Ohappy placeO where resultdesearchers already clearly put much thought into their
either statistically signi“cant or not. In the real world, data pro-work. We are not accusing anyone of laziness. Rather, we
vide a noisy signal. Variation, one of the causes of uncertaingfe envisioning a sort of Ostatistical thoughtfulnessO In this
is everywhere. Exact replication is di$cult to achieve. So it igerspective, statisticallthoughtful researchersbegin above
time to get the right (statistical) gear and Omove toward a greadt else with clearly expressed objectives. They recognize when
acceptance of uncertainty and embracing of variationO (Gelmtiey are doing exploratory studies and when they are doing
2019. more rigidly pre-planned studies. They invest in producing solid
Statistical methods do not rid data of their uncertaintydata. They consider not one but a multitude of data analysis
OsStatisticsO GelmaR0{§ says, Ois o#en sold as a sotechniques. And they think about so much more.
of alchemy that transmutes randomness into certainty, an
Ouncertainty laundering® that begins with data and conclugis.l. Thoughtfulness in the Big Picture

with success as measured by statistical signi“"cance O To acg Jost scienti"c research is exploratory in nature O Tangg

uncertainty requires that we Otreat statistical results as bel tends. O[T]he design, conduct, and analysis of a study are
much,more |ngomplelt'e and uncertain than is currently thqﬁecessarily %exible, and must be open to the discovery of unex-
normo (Amrhein, Tra mow, and Grt_ae_nlanZDlQ. We must pected patterns that prompt new questions and hypotheses. In
Ocountenance uncertainty in all statistical conclusions, seekmgs context, statistical modeling can be exceedingly useful for
ways to quantify, visualize, and interpret the potential for errorg} jgating patterns in the data, and researcher degrees of free-
(Calin-Jageman and CummirgD19. S . dom can be helpful and even essential, though they still carry the
OAccept unce_rtamty gnd embra_ce vqna’qon In elects O advjag of over"tting. The price of allowing this %exibility is that the
McShane et al. in Section 7 of this editorial. O[W]e can leapyjigity of any resulting statistical inferences is undermined O
much (indeed, more) about the world by forsaking the false Calin-Jageman and Cummin@@19 caution that Oin prac-
promise of certainty olered by dichotomous declarations ofjce the dividing line between planned and exploratory research
trutAh or faIsityl!binary statements about there being Oan eleqSh pe discult to maintain. Indeed, exploratory "ndings have
or Ono electONbased on sgmalue or other statistical thresh- 5 gjippery way of Otransforming® into planned "ndings as the

old being attained.O _ research process progresses.O At the bottom of that slippery slope
We can make acceptance of uncertainty more natural to 0@ne o#en "nds results that don8t reproduce.

thinking by accompanying every point estimate in our research Anderson Q019 proposes three questionthoughtful
with a measure of its uncertainty such as a standard error @ssearchersasked thoughtful researchers evaluating research
interval estimate. Reporting and interpreting point and intervatesults: What are the practical implications of the estimate? How
estimates should be routine. However, simplistic use of conprecise is the estimate? And is the model correctly speci'ed? The
dence intervals as a measurement of uncertainty leads to tlger question leads naturally to three more: Are the modeling
same bad outcomes as use of statistical signi“"cance (especialigumptions understood? Are these assumptions valid? And
a focus on whether such intervals include or exclude the Ongb the key results hold up when other modeling choices
hypothesis valueO). Instead, Greenla?dlQ and Amrhein, are made? Anderson further notes, OModeling assumptions
Tra"mow, and Greenland4019 encourage thinking of con”- (including all the choices from model speci'cation to sample
dence intervals as Ocompatibility intervals,O whiclpwsdues selection and the handling of data issues) should be su$ciently
to show the elect sizes that are most compatible with the daidocumented so independent parties can critique, and replicate,
under the given model. the work O

How will accepting uncertaintychange anything? To begin,  Drawing on archival research done at the Guinness Archives
it will prompt us to seek better measures, more sensitive desigisDublin, Ziliak (2019 emerges with ten®valuesO he believes
and larger samples, all of which increase the rigor of researake all wish to maximize in research. That is, we want labge
It also helps use modest(the fourth of our four principles, values, not smajp-values. The ten principles of ZiliakOs OGuin-
on which we will expand in Section 3.4) and encourages Omet@ssometricsO are derived primarily from his examination of
analytic thinking® (Cumming014. Accepting uncertainty as experiments conducted by statistician William Sealy Gosset
inevitable is a natural antidote to the seductive certainty falselyhile working as Head Brewer for Guinness. Gosset took an
promised by statistical signi“cance. With this new outlookeconomic approach to the logic of uncertainty, preferring bal-
we will naturally seek out replications and the integration oanced designs over random ones and estimation of gambles
evidence through meta-analyses, which usually requires poimter bright-line OtestingO Take, for example, Zili@ki2due
and interval estimates from contributing studies. This will in10: OConsider purpose of the inquiry, and compare with best
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practice O in the spirit of what farmers and brewers must do. TBe2.3. Thoughtful Alternatives and Complements to
purpose is generally NOT to falsify a null hypothesis, says Ziliak. P-Values
Ask what s at stake, he advises, and determine what magnitudgsoughtful researchconsiders multiple approaches for solving
of change are humanly or scienti"cally meaningful in context. problems. This special issue includes some ideas for supple-
Pogrow @019 olers an approach based on practical bene"tmenting or replacing-values. Here is a short summary of some
rather than statistical or practical signi"cance. This approach isf them, with a few technical details:
especially useful, he says, for assessing whether interventiongmrhein, Tra"mow, and Greenland2019 and Greenland
in complex organizations (such as hospitals and schools) @019 advise that nulp-values should be supplemented with a
elective, and also for increasing the likelihood that the observeglvalue from a test of a pre-speci'ed alternative (such as a min-
bene"ts will replicate in subsequent research and in clinicanal important elect size). To reduce confusion with posterior
practice. In this approach, Opractical bene"tO recognizes tpasbabilities and better portray evidential value, they further
reliance on small elect sizes can be as problematic as relyiagvise thatp-values be transformed ints-values (Shannon
on p-values. information, surprisal, or binary logworttd =" logy(p). This
Thoughtful researchprioritizes sound data production by measure of evidence a$rms other arguments that the evidence
putting energy into the careful planning, design, and executioagainst a hypothesis contained in tpevalue is not nearly as
of the study (Tong2019. strong as is believed by many researchers. The change of scale
Locascio 2019 urges researchers to be prepared for a nealso moves users away from probability misinterpretations of
publishing model that evaluates their research based on tiige p-value.
importance of the questions being asked and the methods usedBlume et al. 2019 oler a Osecond generatiop-value
to answer them, rather than the outcomes obtained. (SGPV)0 the characteristics of which mimic or improve upon
those ofp-values but take practical signi“cance into account.
The null hypothesis from which an SGPV is computed is a
3.2.2. Thoughtfulness Through Context and Prior composite hypothesis representing a range of dilerences that
Knowledge would be practically or scienti"cally inconsequential, as in
Thoughtful researchconsiders the scienti"c context and prior equivalence testing (Wellek0173. This range is determined
evidence. Inthis regard, a declaration of statistical signi"canceiis advance by the experimenters. When the SGPV is 1, the
the antithesis of thoughtfulness: it says nothing about practicdhta only support null hypotheses; when the SGPV is 0, the
importance, and it ignores what previous studies have comlata are incompatible with any of the null hypotheses. SGPVs
tributed to our knowledge. between 0 and 1 are inconclusive at varying levels (maximally
Thoughtful researchlooks ahead to prospective outcomesnconclusive at or near SGPV = 0.5.) Blume et al. illustrate how
in the context of theory and previous research. Researchehe SGPV provides a straightforward and useful descriptive
would do well to askyhat do we already know, and how certairsummary of the data. They argue that it eliminates the problem
are we in what we knowAnd building on that and on the of how classical statistical signi"cance does not imply scienti"c
"eldOs theorwhat magnitudes of di"erences, odds ratios, or otheslevance, it lowers false discovery rates, and its conclusions are
e"ect sizes are practically importarfilese questions would more likely to reproduce in subsequent studies.
naturally lead a researcher, for example, to use existing evidenceThe Oanalysis of credibilityO(AnCred) is promoted by
from a literature review to identify speci“cally the "ndings thatMatthews 2019. This approach takes account of both the width
would be practically important for the key outcomes undenf the con"dence interval and the location of its bounds when
study. assessing weight of evidence. AnCred assesses the credibility
Thoughtful researchincludes careful consideration of the of inferences based on the con"dence interval by determining
de"nition of a meaningful elect size. As aresearcher you shoulthe level of prior evidence needed for a new "nding to provide
communicate this up front, before data are collected and anaredible evidence for a nonzero elect. If this required level of
lyzed. A#erwards is just too late; it is dangerously easy to justifyior evidence is supported by current knowledge and insight,
observed results a#er the fact and to overinterpret trivial eledtlatthews calls the new result Ocredible evidence for a non-zero
sizes as being meaningful. Many authors in this special issaectO irrespective of its statistical signi“cance/nonsigni“cance.
argue that consideration of the elect size and its Oscienti"c Colquhoun Q019 proposes continuing the use of continu-
meaningfulnessO is essential for reliable inference (e.g., Blwus p-values, but only in conjunction with the Ofalse positive
et al.2019 Betensky2019. This concern is also addressed inrisk (FPR).O The FPR answers the question, OIf you observe a
the literature on equivalence testing (Wel2817. Osigni"cant®value a#er doing a single unbiased experiment,
Thoughtful researchconsiders Orelated prior evidence, plauvhat is the probability that your result is a false positive?O It tells
sibility of mechanism, study design and data quality, real worlgou what most people mistakenly still think thevalue does,
costs and bene"ts, novelty of "nding, and other factors thaColquhoun says. The problem, however, is that to calculate the
vary by research domainEwithout giving priority tp-values FPR you need to specify the prior probability that an elect is
or other purely statistical measuresO (McShane 20a8. real, and its rare to know this. Colquhoun suggests that the FPR
Thoughtful researchersOuse a toolbox of statistical techcould be calculated with a prior probability of 0.5, the largest
niques, employ good judgment, and keep an eye on devehlue reasonable to assume in the absence of hard prior data.
opments in statistical and data scienceO conclude Heck aftte FPR found this way is in a sense the minimum false positive
Krueger 019, who demonstrate how thevalue can be useful risk (mFPRY); less plausible hypotheses (prior probabilities below
to researchers as a heuristic. 0.5) would give even bigger FPRs, Colquhoun says, but the
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mFPR would be a big improvement on reporting-&alue alone. simple on paper, requiring a con"dence index would entail a
He points out thatp-values near 0.05 are, under a variety oprofound overhaul of scienti"c and statistical practice O
assumptions, associated with minimum false positive risks of In a similar vein, Hubbard and Carriquiry2019 urge that
20B30%, which should stop a researcher from making too bigsearchers prominently display the probability the hypothesis
a claim about the Ostatistical signi"canceO of such a result. is true or a probability distribution of an elect size, or provide
Benjamin and Berge2019 propose a dilerent supplement su$cient information for future researchers and policy makers
to the null p-value. The Bayes factor bound (BFB)Nwhichto compute it. The authors further describe why such a probabil-
under typically plausible assumptions is the valuegidp p)N ity is necessary for decision making, how it could be estimated
represents the upper bound of the ratio of data-based oddhy using historical rates of reproduction of "ndings, and how
of the alternative hypothesis to the null hypothesis. Benjamithis same process can be part of continuous Oquality controlO for
and Berger advise that the BFB should be reported along wisicience.
the continuousp-value. This is an incomplete step toward Being thoughtful in our approach to research will lead
revising practice, they argue, but one that at least confronts tlus to be openin our design, conduct, and presentation of it
researcher with the maximum possible odds that the alternaties well.
hypothesis is trueNwhich is what researchers o#en think they
are getting with g-value. The BFB, like the FPR, o#en clari"es
that the evidence against the null hypothesis contained in t
p-value is not nearly as strong as is believed by many researchers.
Goodman, Spruill, and Komaro! Z019 propose a two- We envisionopennessas embracing certain positive practices
stage approach to inference, requiring both a snpadlalue in the development and presentation of research work.
below a pre-speci'ed level and a pre-speci“ed su$ciently large
elect size before declaring a result Osigni"cantO They argue
that this method has improved performance relative to use &.3.1. Openness to Transparency and to the Role of
dichotomizedp-values alone. Expert Judgment
Gannon, Pereira, and Polp@@19 have developed a testingFirst, we repeat o#-repeated advid@e opento Oopen sci-
procedure combining frequentist and Bayesian tools to providenceO practices. Calin-Jageman and Cumn2ifigg, Locascio
a signi“cance level that is a function of sample size. (2019, and others in this special issue urge adherence to prac-
Manski 2019 and Manski and Teteno\2019 urge areturn tices such as public pre-registration of methods, transparency
to the use of statistical decision theory, which they say has largalyd completeness in reporting, shared data and code, and even
been forgotten. Statistical decision theory is not baseg-on pre-registered (Oresults-blindO) review. Completeness in report-
value thresholds and readily distinguishes between statistidad), for example, requires not only describing all analyses per-
and clinical signi“cance. formed but also presenting all "ndings obtained, without regard
Billheimer @019 suggests abandoning inference aboulo statistical signi"cance or any such criterion.
parameters, which are frequently hypothetical quantities Opennessalso includes understanding and accepting the
used to idealize a problem. Instead, he proposes focusirge of expert judgment, which enters the practice of statistical
on the prediction of future observables, and their associatédference and decision-making in numerous ways (OOHagan
uncertainty, as a means to improving science and decisiof019. Olndeed, there is essentially no aspect of scienti"c inves-
making. tigation in which judgment is not required O OOHagan observes.
OJudgment is necessarily subjective, but should be made as
carefully, as objectively, and as scienti"cally as possible O

Be Open

3.2.4. Thoughtful Communication of Con!dence Subjectivity is involved in any statistical analysis, Bayesian
Be thoughtful and clear about the level of con"dence or credi-or frequentist. Gelman and Henni®2(17 observe, OPersonal
bility that is present in statistical results. decision making cannot be avoided in statistical data analysis

Amrhein, Tra"mow, and Greenland2019 and Greenland and, for want of approaches to justify such decisions, the pursuit
(2019 argue that the use of words like Osigni"canceO in coof objectivity degenerates easily to a pursuit to meegpear
junction with p-values and Ocon"denceO with interval estimatebjective.O One might say that subjectivity is not a problem; it is
misleads users into overcon"dent claims. They propose thagrt of the solution.
researchers think op-values as measuring the compatibility =~ Acknowledging this, Brownstein et aR@19 point out that
between hypotheses and data, and interpret interval estimategert judgment and knowledge are required in all stages of
as Ocompatibility intervals.O the scienti"c method. They examine the roles of expert judg-

In what may be a controversial proposal, Goodmad18§ mentthroughout the scienti"c process, especially regarding the
suggests requiring Othat any researcher making a claim in a stirttggration of statistical and content expertise. OAll researchers,
accompany it with their estimate of the chance that the claim isrespective of their philosophy or practice, use expertjudgment
true O Goodman calls this the con"dence index. For exampie,developing models and interpreting results O say Brownstein
along with stating OThis drug is associated with elevated riskaifal. OWe must accept that there is subjectivity in every stage
a heart attack, relative risk (RR) 2.4,p = 0.030 Goodman of scienti"c inquiry, but objectivity is nevertheless the funda-
says investigators might add a statement such as OThere isr@mtal goal. Therefore, we should base judgments on evidence
80% chance that this drug raises the risk, and a 60% chance thatl careful reasoning, and seek wherever possible to eliminate
the risk is at least doubled O Goodman acknowledges, OAlthopgtential sources of bias.O
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How does one rigorously elicit expert knowledge andlaims attached to such quantities (con"dence levels, nhominal
judgment in an elective, unbiased, and transparent way®Pype | errors, and so on), there is no longer any reason to
OOHagan2019 addresses this, discussing protocols to elicjirivilege such quantities over descriptive statistics that more
expert knowledge in an unbiased and as scienti"cally sourdirectly characterize the data at handO He further states,
was as possible. It is also important for such elicited knowledg¥Methods with alleged generality, such as phealue or
to be examined critically, comparing it to actual study resultBayes factor, should be avoided in favor of discipline- and

being an important diagnostic step. problem-speci“c solutions that can be designed to be "t for
purpose O
Failing to be openin reporting leads to publication bias.
3.3.2. Openness in Communication loannidis 2019 notes the high level of selection bias prevalent

Be openin your reporting. Reportp-values as continuous, in biomedical journals. He de"nes OselectionO as Othe collection
descriptive statistics, as we explain in Section 2. We realize tlsfthoices that lead from the planning of a study to the reporting
this leaves researchers without their familiar bright line anchorsf p-valuesO As an illustration of one form of selection bias,
Yet if we were to propose a universal template for presentirigannidis compared Othe setw¥alues reported in the full text
and interpreting continuoug-values we would violate our own of an article with the set op-values reported in the abstractO
principles! Rather, we believe that the thoughtful use and inteffhe main "nding, he says, Owas tipatalues chosen for the
pretation ofp-values will never adhere to a rigid rulebook, andabstract tended to show greater signi“cance than those reported
will instead inevitably vary from study to study. Despite thesi the text, and that the gradient was more pronounced in some
caveats, we can oler recommendations for sound practices, types of journals and types of designs O loannidis notes, however,
described below. that selection bias Ocan be present regardless of the approach

In allinstances, regardless of the value takepdryany other to inference usedO He argues that in the long run, Othe only
statistic, consider what McShane et a0(9 call the Ocurrently direct protection must come from standards for reproducible
subordinate factorsONthe factors that should no longer be sutesearchO
ordinate to @ < 0.050 These include relevant prior evidence, To be open remember that one study is rarely enough. The
plausibility of mechanism, study design and data quality, andords Oa groundbreaking new studyO might be loved by news
the real-world costs and bene"ts that determine what electwriters but must be resisted by researchers. Breaking ground
are scienti"cally important. The scienti"c context of your studyis only the "rst step in building a house. It will be suitable for
matters, they say, and this should guide your interpretation. habitation only a#er much more hard work.

When usingp-values, remember not only Principle 5 of the Be openby providing su$cient information so that other
ASA statement: Op-valueEdoes not measure the size of anresearchers can execute meaningful alternative analyses. van
elect or the importance of a resultO but also Principle 6: OBngen et al. 2019 provide an illustrative example of such
itself, ap-value does not provide a good measure of eviden@ternative analyses by dilerent groups attacking the same prob-
regarding a model or hypothesis O Despite these limitations|eifn.
you presentp-values, do so for more than one hypothesized Being opengoes hand in hand witheing modest.
value of your variable of interest (Fra119 Greenland2019,
such as 0 and at least one plausible, relevant alternative, such as
the minimum practically |rr_1portant elect size (which should be3.4. Be Modest
determined before analyzing the data).

Betensky 2019 also reminds us to interpret thp-value in  Researchers of any ilk may rarely advertise their personal mod-
the context of sample size and meaningful elect size. esty. Yet the most successful ones cultivate a practioeiofy

Instead ofp, you might consider presenting thevalue modestthroughouttheir research, by understanding and clearly
(Greenland2019, which is described in Section 3.2. As note@xpressing the limitations of their work.
in Section 3.1, you might present a con"dence interval. Sound Being modestrequires a reality check (Amrhein, Tra"mow,
practices in the interpretation of con"dence intervals include (1ind Greenland019. OA core problemO they observe, Ois that
discussing both the upper and lower limits and whether theloth scientists and the public confound statistics with reality.
have dilerent practical implications, (2) paying no particularBut statistical inference is a thought experiment, describing the
attention to whether the interval includes the null value, and (3predictive performance of models about reality. Of necessity,
remembering that an interval is itself an estimate subjectto errtihese models are extremely simpli“ed relative to the complex-
and generally provides only a rough indication of uncertaintyties of actual study conduct and of the reality being studied.
given that all of the assumptions used to create it are correct arfstatistical results must eventually mislead us when they are used
thus, for example, does not Orule outO values outside the interaatl communicated as if they present this complex reality, rather
Amrhein, Tra"mow, and Greenland019 suggest that interval than a model for it. This is not a problem of our statistical
estimates be interpreted as OcompatibilityO intervals rather tlaethods. It is a problem of interpretation and communication
as Ocon"denceQ intervals, showing the values that are nudsesults O
compatible with the data, under the model used to compute Be modestin recognizing there is not a Otrue statistical
the interval. They argue that such an interpretation and thenodelO underlying every problem, which is why it is wise to
practices outlined here can help guard against overcon"dencéhoughtfully consider many possible models (Lavigg19.

It is worth noting that Tong 2019 disagrees with using- Rougier 019 calls on researchers to Orecognize that behind
values as descriptive statistics. ODivorced from the probabiktyery choice of null distribution and test statistic, there lurks
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a plausible family of alternative hypotheses, which can providé the Many Labs project and Registered Replication Reports
more insight into the null distribution.O rather than the Omany phenomena, one studyO approach of the
p-values, con"dence intervals, and other statistical measur&pen Science Collaboration project. In doing so, they should
are all uncertain. Treating them otherwise isimmodest overcorsystematically vary method factors across the laboratories
"dence. involved in the projectO This approach helps achieve the goals

Remember that statistical tools have their limitations. Ros&# Amrhein, Tra"mow, and Greenland2019 by increasing
and McGuire 019 show how use of stepwise regression iunderstanding of why and when results replicate or fail to do
health care settings can lead to policies that are unfair. S0, yielding more accurate descriptions of the world and how it

Remember also that the amount of evidence for or againsteorks. It also speaks to signi“"cant sameness versus signi“cant
hypothesis provided bp-values near the ubiquitoys < 0.05 dilerence a la Hubbard, Haig, and Parsz0(19.
threshold (Johnsor2019 is usually much less than you think  Kennedy-ShalerO8(19 historical perspective on statistical
(Benjamin and Bergez019 Colquhoun2019 Greenland®019. signi“cance reminds us tbe modest by prompting us to recall

Be modestabout the role of statistical inference in scienti"chow the current state of alairs ip-values has come to be.
inference. OScienti"c inference is a far broader concept thanFinally,be modestby recognizing that dilerent readers may
statistical inference O says Hubbard, Haig, and P&8&9( have very dilerent stakes on the results of your analysis, which
OA major focus of scienti"c inference can be viewed as theeans you should try to take the role of a neutral judge rather
pursuit of signilcant samenesgmjeaning replicable and empir- than an advocate for any hypothesis. This can be done, for
ically generalizable results among phenomena. Regrettably, themple, by pairing every nyltvalue with ap-value testing an
obsession with users of statistical inference to repigmilcant equally reasonable alternative, and by discussing the endpoints
di"erencesn data sets actively thwarts cumulative knowledgef every interval estimate (not only whether it contains the null).
developmentO Accept that both scienti"c inference and statistical inference

The nexus ofopennessand modesty is to report every- are hard, and understand that no knowledge will be e$ciently
thing while at the same time not concluding anything from aadvanced using simplistic, mechanical rules and procedures.
single study with unwarranted certainty. Because of the stromgcept also that pure objectivity is an unattainable goalNno
desire to inform and be informed, there is a relentless demandatter how laudableNand that both subjectivity and expert
to state results with certainty. Agaiaccept uncertaintyand judgment are intrinsic to the conduct of science and statistics.
embrace variation in associations and elects, because they Aecept that there will always be uncertainty, andbeughtful,
always there, like it or not. Understand that expressions afpen, andnodest. ATOM.
uncertainty are themselves uncertain. Accept that one study is And to push this acronym further, we argue in the next
rarely de"nitive, so encourage, sponsor, conduct, and publisgiection thatinstitutional change is needed, so we put forward
replication studies. Then, use meta-analysis, evidence reviethst change is needed at the ATOMIC level. LetOs go.
and Bayesian methods to synthesize evidence across studies.

Resist the urge to overreach in the generalizability of claims,

Watch out for pressure 'to'embell|sh the abstracF or the pre§,[s)_ ditorial, Educational and Other Institutional
rele_ase. If the studyOs limitations are expressed in the paper bu ractices Will Have to Change
not in the abstract, they may never be read.

Be modestby encouraging others to reproduce your worklInstitutional reform is necessary for moving beyond statistical
Of course, for it to be reproduced readily, you will necessarilsigni“cance in any contextNwhether journals, education, aca-
have beerthoughtful in conducting the research armmpenin  demic incentive systems, or others. Several papers in this special
presenting it. issue focus on reform.

Hubbard and Carriquiry (see their Odo listO in Section 7) Goodman 019 notes considerable social change is needed
suggest encouraging reproduction of research by giving Oa bylimecademic institutions, in journals, and among funding and
status for researchers who reproduce studiesO They would ligulatory agencies. He suggests (see Section 7) partnering
to see digital versions of papers dynamically updated to displ@with science reform movements and reformers within disci-
OReproduced byE O below original research authorsO namesines, journals, funding agencies and regulators to promote
Onot yet reproducedO until it is reproduced. and reward OreproducibleO science and diminish the impact of

Indeed, when it comes to reproducibility, Amrhein, Tra"- statistical signi"cance on publication, funding and promotion.O
mow, and Greenland2019 demand that webe modestin  Similarly, Colquhoun 2019 says, Oln the end, the only way to
our expectations. OAn important role for statistics in researaolve the problem of reproducibility is to do more replication
is the summary and accumulation of information O they say. @Hd to reduce the incentives that are imposed on scientists to
replications do not "nd the same results, this is not necessarifyroduce unreliable work. The publish-or-perish culture has
acrisis, but is part of a natural process by which science evolvdamaged science, as has the judgment of their work by silly
The goal of scienti"c methodology should be to direct this evometrics.O
lution toward ever more accurate descriptions of the world and Tra"mow (2019, who added energy to the discussionpef
how it works, not toward ever more publication of inferencesyalues a few years ago by banning them from the journal he
conclusions, or decisions O edits (Fricker et aR019, suggests "ve Ononobvious changesO to

Referring to replication studies in psychology, McShane et &ditorial practice. These suggestions, which demand reevaluat-
(2019 recommend that future large-scale replication projectig traditional practices in editorial policy, will not be trivial to
Oshould follow the Gone phenomenon, many studiesO appripaglement but would result in massive change in some journals.
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Locascio 2017 2019 suggests that evaluation of manu- Campbell and Gustafsor2(19 propose a statistical model
scripts for publication should be Oresults-blindO That i®r evaluating publication policies in terms of weighing novelty
manuscripts should be assessed for suitability for publicatiasf studies (and the likelihood of those studies subsequently
based on the substantive importance of the research witholieing found false) against pre-speci'ed study power. They
regard to their reported results. Kmet2q19 supports this observe that Ono publication policy will be perfect. Science is
approach as well and says that it would be a huge benettherently challenging and we must always be willing to accept
for reviewers, Ofreeing [them] from their o#en thanklesthat a certain proportion of research is potentially false O
present jobs and instead allowing them to review research Statistics education will require major changes at all levels to
designs for their potential to provide useful knowledge O (Se®ve to apost< 0.050 world. Two papers in this special issue
also Oregistered reportsO from the Center for Open Scientke a speci“c start in that direction (Maurer et 2019 Steel,
(https://cos.iolrr/?_ga=2.184185454.979594832.154775551Biermann, and Guttor2019, but we hope that volumes will be
1193527346.1457026) &hd Oregistered replication reports@ritten on this topic in other venues. We are excited that, with
from the Association for Psychological Scienbé&ps://www. supportfromthe ASA, the US Conference on Teaching Statistics
psychologicalscience.org/publications/repligaitiorelation to  (USCOTS) will focus its 2019 meeting on teaching inference.
this concept.) The change that needs to happen demands change to edi-

Amrhein, Tra"mow, and Greenland2019 ask if results- torial practice, to the teaching of statistics at every level where
blind publishing means that anything goes, and then answérference is taught, and to much more. HoweverE
a$rmatively: OEverything should be published in some form
if whatever we measured made semhsdore we obtained the
data because it was connected in a potentially useful way
some research questionO Journal editors, they say, Oshould
proud about [their] exhaustive methods sectionsO and base their
decisions about the suitability of a study for publication Oon théit were easy, it would have already been done, because as we
quality of its materials and methods rather than on results antlave noted, this is nowhere near the "rst time the alarm has been
conclusions; the quality of the presentation of the latter is onlgounded.
judged a#er it is determined that the study is valuable based on Why is eliminating the use op-values as a truth arbiter
its materials and methods.O so hard? OThe basic explanation is neither philosophical nor

A Ovariation on this theme jse-registered replicationhere  scienti"c, but sociologic; everyone uses them0O says Goodman
areplicationstudy, rather than the original study, is subject to(2019. OItOs the same reason we can use money. When everyone
strict pre-registration (e.g., Gelm&015,0 says Ton@019. OA believes in somethingOs value, we can use it for real things;
broader vision of this idea (Mogil and Macle@@17 isto carry money for food, angb-values for knowledge claims, publication,
out a whole series of exploratory experimewttghout any for-  funding, and promotion. It doesnOt matter if thealue doesnOt
mal statistical inference, and summarize the results by descrimrean what people think it means; it becomes valuable because
tive statistics (including graphics) or even just disclosure of thef what it buys.O
raw data. When results from this series of experiments converge Goodman observes that statisticians alone cannot address
to a single working hypothesis, it cahen be subjected to a the problem, and that Oany approach involving only statisticians
pre-registered, randomized and blinded, appropriately poweresiill not succeedO He calls on statisticians to ally themselves
con"rmatory experiment, carried out by another laboratory, inOboth with scientists in other "elds and with broader based, mul-
which valid statistical inference may be made O tidisciplinary scienti"c reform movements. What statisticians

Hurlbert, Levine, and Utts3019 urge abandoning the use of can do within our own discipline is important, but to electively
Ostatistically signi"cantO in all its forms and encourage journalisseminate or implement virtually any method or policy, we
to provide instructions to authors along these lines: OThereed partners.O
is now wide agreement among many statisticians who have OThe loci of in%uence 0 Goodman says, Oinclude journals,
studied the issue that for reporting of statistical tests yielging scienti"c lay and professional media (including social media),
values itisillogical and inappropriate to dichotomize fiiecale research funders, healthcare payors, technology assessors, reg-
and describe results as Osigni“"cantO and Ononsigni“cantO Authans, academic institutions, the private sector, and profes-
are strongly discouraged from continuing this never justi"edsional societies. They also can include policy or informational
practice that originated from confusions in the early history oéntities like the National AcademiesEas well as various other
modern statistics O science advisory bodies across the government. Increasingly,

Hurlbert, Levine, and UttsZ019 also urge that theASA they are also including non-traditional science reform organi-
Statement on f/alues and Statistical Signi'canObe sent to the zations comprised both of scientists and of the science literate
editor-in-chief of every journal in the natural, behavioral anday publicEand a broad base of health or science advocacy
social sciences for forwarding to their respective editorial boarggoupsEO
and stables of manuscript reviewers. That would be a good It is no wonder, then, that the problem has persisted for so
way to quickly improve statistical understanding and practiceléng. And persist it has! Hubbard2019 looked at citation-
Kmetz 2019 suggests referring to the ASA statement wheneveount data on twenty-"ve articles and books severely critical of
submitting a paper or revision to any editor, peer reviewethe elect of null hypothesis signi"cance testing (NHST) on good
or prospective reader. Hurlbert et al. encourage a Ocommundiyience. Though issues were well known, Hubbard says, this did
grassroots elortO to encourage change in journal proceduresnothing to stem NHST usage over time.

It Is Going to Take Work, and It Is Going to Take
ime
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Greenland (personal communication, January 25, 2018)rther steps will need to be taken to reach the ultimate
notes that cognitive biases and perverse incentives to oldestination: a holistic interpretation of statistical evidence that
"rm conclusions where none are warranted can warp the use &illy conforms to the principles laid outin the ASA StatementEO
any method. OThe core human and systemic problems are notYet, like the authors of this editorial, not all authors in
addressed by shi#ing blamepevalues and pushing alternativesthis special issue support gradual approaches with transitional
as magic curesNespecially alternatives that have been subjeetthods.
to little or no comparative evaluation in either classrooms Some (e.g., Amrhein, Tra"mow, and Greenla®@19 Hurl-
or practiceO Greenland said. OWhat we need now is to mbeet, Levine, and Utt2019 McShane et al2019 prefer to
beyond debating only our methods and their interpretations, toip o! the bandage and abandon use of statistical signi“cance
concrete proposals for elimination of systemic problems such attogether. In short, no more dichotomizingvalues into cat-
pressure to produce noteworthy "ndings rather than to producegories of Osigni"cance O Notably, these authors do not suggest
reliable studies and analyses. Review and provisional acceptanaening the use op-values, but rather suggest using them
of reports before their results are given to the journal (Locascibescriptively, treating them as continuous, and assessing their
2019 is one way to address that pressure, but more ideas aseight orimport with nuanced thinking, clear language, and full
needed since review of promotions and funding applicationsnderstanding of their properties.
cannot be so blinded. The challenges of how to deal with So even when there is agreement on the destination, there
human biases and incentives may be the most di$cult we mus disagreement about what road to take. The questions around
face O Supporting this view is McShane and G2D§ 2017 reform need consideration and debate. It might turn out that
empirical demonstration of cognitive dichotomization errorsdilerent "elds take dilerent roads.
among biomedical and social science researchersNand evenThe catalyst for change may well come from those people
among statisticians. who fund, use, or depend on scienti"c research, say Calin-

Challenges for editors and reviewers are many. HereOsJageman and Cumming2019. They believe this change has
example: Fricker et al2019 observed that whep-values were not yet happened to the desired level because of Othe cognitive
suspended from the journ&asic and Applied Social Psychologypacity of the NHST approach: the counter-intuitipealue (itOs

authors tended to overstate conclusions. good when itis small), the mysterious null hypothesis (you want
With all the challenges, how do we get from here to therdt to be false), and the eminently confusable Type | and Type Il
froma @ < 0.050 world to a posp® 0.050 world? errorsO

Matthews Q019 notes that OAny proposal encouraging Reviewers of this editorial asked, as some readers of it will,
changes in inferential practice must accept the ubiquity df ap-value threshold ever okay to use? We asked some of the
NHST.EPragmatism suggests, therefore, that the best hope afithors of articles in the special issue that question as well.
achieving a change in practice lies in olering inferential tool#\uthors identi"ed four general instances. Some allowed that,
that can be used alongside the concepts of NHST, adding valuhile p-value thresholds should not be used for inference, they
to them while mitigating their most egregious features O might still be useful for applications such as industrial quality

Benjamin and Berger2019 propose three practices to helpcontrol, in which a highly automated decision rule is needed
researchers during the transition away from use of statistand the costs of erroneous decisions can be carefully weighed
cal signi"cance. OE[O]ur goal is to suggest minimal changeshen specifying the threshold. Other authors suggested that
that would require little elort for the scienti"c community such dichotomized use gf-values was acceptable in model-
to implementO they say. OMotivating this goal are our hofttng and variable selection strategies, again as automated tools,
that easy (but impactful) changes might be adopted and ouhis time for sorting through large numbers of potential models
worry that more complicated changes could be resisted siror variables. Still others pointed out thptvalues with very low
ply because they are perceived to be too di$cult for routinghresholds are used in "elds such as physics, genomics, and
implementation.O imaging as a "lter for massive numbers of tests. The fourth

Yet there is also concern that progress will stop a#er a smatistance can be described as Ocon"rmatory setting[s] where the
step or two. Even some proponents of small steps are clear tisaidy design and statistical analysis plan are speci“ed prior to
those small steps still carry us far short of the destination.  data collection, and then adhered to during and a#er itO (Tong

For example, Matthews2019 says that his proposed 2019. Tong argues these are the only proper settings for formal
methodology Ois not a panacea for the inferential ills of trsatistical inference. And Wellek2Q17 says at present it is
research communityO But that doesnOt make it useless. It ssential in these settings. O[B]inary decision making is indis-
Oencourage researchers to move beyond NHST and exploreghasable in medicine and related "elds,O he says. O[A] radical
statistical armamentarium now available to answer the centregjection of the classical principles of statistical inferenceEis
question of research: what does our study tell us?0 he saysef Kirtually no help as long as no conclusively substantiated
Oprovides a bridge between the dominant but %awed NH&Ternative can be olered.O
paradigm and the less familiar but more informative methods Eliminating the declaration of Ostatistical signi"canceO based
of Bayesian estimation.O onp < 0.05 or other arbitrary thresholds will be easier in

Likewise, Benjamin and Bergetq19 observe, OlIn researchsome venues than others. Most journals, if they are willing,
communities that are deeply attached to reliancepr @.050 could fairly rapidly implement editorial policies to elect these
our recommendations will serve as initial steps away frorohanges. Suggestions for how to do that are in this special issue of
this attachment. We emphasize that our recommendationBhe American Statisticiatdowever, regulatory agencies might
are intended merely as initial, temporary steps and that mamgquire longer timelines for making changes. The U.S. Food and
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Drug Administration (FDA), for example, has long establishe@. Do not favor Ostatistically signi"cantO results.
drug review procedures that involve comparipevalues to 3. Do be highly skeptical about Ostatistically signi“cantO results
signi“cance thresholds for Phase Ill drug trials. Many factors at the 0.05 level.
demand conS|derat|on_, _not_the least of which is how to avo'%oodman, S., Why Is Getting Rid ofalues So Hard? Mus-
turning every drug decisioninto a court battle. Goodmao(9 . . -

. N ngs on Science and Statistics
cautions that, even as we seek change, Owe must respec[ 2
reason why the statistical procedures are there in the "rst placdOPartner with science reform movements and reformers
Perhaps the ASA could convene a panel of experts, internal andwithin disciplines, journals, funding agencies and regulators
external to FDA, to provide a workable new paradigm. (See to promote and reward reproducible science and diminish
Ruberg et al2019 who argue for a Bayesian approach that the impact of statistical signi“"cance on publication, funding
employs data from other trials as a OpriorO for Phase 3 trials.) and promotion.

Change is needed. Change has been needed for decade$peak to and write for the multifarious array of scienti"c dis-
Change has been called for by others for quite a while. SOE  ciplines, showing how statistical uncertainty and reasoning
can be conveyed in non-Obright-line® ways both with con-
ventional and alternative approaches. This should be done
not just in didactic articles, but also in original or reanalyzed
In 1991, a con%uence of weather events created a monster storifgsearch, to demonstrate that it is publishable.
that came to be known as Othe perfect storm©O entering popdafP’romote, teach and conduct meta-research within many
culture through a book (\]unge_lgg'a and a 2000 movie Starring individual scienti'c diSCipIineS to demonstrate the adverse
George Clooney. Concerns about reproducible science, fallinge'ects in each of over-reliance on and misinterpretatiopeof
public con"dence in science, and the initial impact of the ASA Vvalues and signi“cance verdicts in individual studies and the
statement in heightening awareness of long-known problems bene"ts of emphasizing estimation and cumulative evidence.
created a perfect storm, in this case, a good storm of motivati¢h Require reporting a quantitative measure of certaintyNa
to make lasting change. Indeed, such change was the intent ofocon“dence indexONthat an observed relationship, or claim,
the ASA statement, and we expect this special issue of TAS willls true. Change analysis goal from achieving signi“cance to
inject enough additional energy to the storm to make its impact appropriately estimating this con"dence.
widely felt. 5. Develop and share teaching materials, so#ware, and pub-

We are not alone in this view. O60+ years of incisive criticism lished case examples to help with all of the doOs above, and
has not yet dethroned NHST as the dominant approach to to spread progress in one discipline to others.

inference in many "elds of science,O note Calin-':]ageman AGobard, R., Will the ASAOs E"orts to Improve Statistical Prac-
Cumming (2019. OMomentum, though, seems to "nally be oR;ce pe Successful? Some Evidence to the Contrary

the side of reform O . o This list applies to the ASA and to the professional statistics
Goodman Q019 agrees: OThe initial slow speed of Progregdmmunity more generally.

should not be discouraging; that is how all broad-based social
movements move forward and we should be playing the lonk Specify, where/if possible, those situations in whichghe
game. But the ball is rolling downhill, the current generation is Value plays a clearly valuable role in data analysis and inter-
inspired and impatient to carry this forward O pretation.

So, letOs do it. Let®s move beyond Ostatistically signi"canfntemplate issuing a statement abandoning the uge of
even if upheaval and disruption are inevitable for the time being. Values in null hypothesis signi“cance testing.
ItOs worth it. In & world beyon G 0.05,0 by breaking freexmet; 3. Correcting Corrupt Research: Recommendations for
from the.bonds of statlstlcql S|gn|"cance, statistics in science afgk profession to Stop Misuse oMalues
policy will become more signi“cant than ever.

6. Why Will Change Finally Happen Now?

1. Refer to the ASA statement gavalues whenever submit-
5 ting a paper or revision to any editor, peer reviewer, or
7. AuthorsO Suggestions prospective reader. Many in the "eld do not know of this
statement, and having the support of a prestigious organiza-

The editors of this special TAS issue on statistical inference X s

asked all the contact authors to help us summarize the guidanceti®" When authoring any research document will help stop
they provided in their papers by providing us a short list of do®s. CO'TUPt research from becoming even more dominant than
We asked them to be speci”c but concise and to be activeN it IS. i
start each with a verb. Here is the complete list of the authorgéTram graduate students and future researchers by having

responses, ordered as the papers appear in this special issue. €M reanalyze published studies and post their “ndings to
appropriate websites or weblogs. This practice will bene"t not

only the students, but will bene"t the professions, by increas-
7.1. Gettingto a Post Op< 0.050 Era ing the amount of replicated (or nonreplicated) research
available and readily accessible, and as well as reformer orga-
nizations that support replication.
3. Join one or more of the reformer organizations formed or
1. Do not usep-values, unless you have clearly thought about forming in many research "elds, and support and publicize
the need to use them and they still seem the best choice. their elorts to improve the quality of research practices.

loannidis, J., What Have We (Not) Learnt From Millions of
Scientilc Papers With p-Values?
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4. Challenge editors and reviewers when they assert that¥ Co-own the subject matterNunderstand a su$cient
incorrect practices and interpretations of research, consistent amount about the relevant science/policy to meld sta-
with existing null hypothesis signi“cance testing and beliefs tistical and subject-area expertise.
regardingp-values, should be followed in papers submitted ¥ Promote the expectation that your collaborators co-own
to their journals. Point out that new submissions have been  statistical issues.
prepared to be consistent with the ASA statement Bn ¥ Write a statistical analysis plan for all analyses and track

values. any changes to that plan over time.
5. Promote emphasis on research quality rather than research¥ Promote co-responsibility for data quality, security, and
guantity in universities and other institutions where pro- documentation.

fessional advancement depends heavily on research Opro¥ Reduce unplanned and uncontrolled modeling/testing
ductivityO by following the practices recommended in this  (HARK-ing, p-hacking); document all analyses.

special journal edition. This recommendation will fall most _ o o _
heavily on those who have already achieved success in tHéfPHagan, A., Expert Knowledge Elicitation: Subjective but Sci-
"elds, perhaps by following an approach quite dilerent fromentilc

that which led to their success; whatever the merits of that gicjt expert knowledge when data relating to a parameter of
approach may have been, one objectionable outcome of itjnerest is weak ambiguous or indirect.

has been the production of voluminous corrupt research and \yse a well-designed protocol, such as SHELF, to ensure expert

creation of an environment that promotes and protects it. We knowledge is elicited in as scienti"c and unbiased a way as
must do better. possible.

Hubbard, D., and Carriquiry, A., Quality Control for Scientilc Kennedy-Sha"er, L., Before g 0.05 to Beyond p< 0.05:
Research: Addressing Reproducibility, Responsiveness and Ré$ing History to Contextualize p-Values and Signilcance
evance Testing

: . - 1. Ensure that inference methods match intuitive understand-
1. Compute and prominently display the probability the ings of statistical reasoning.

hypothesis is dtrue éof atpr%babm;cy d'ft”fbutt'on of an eheCtZ. Reduce the computational burden for nonstatisticians using
size) or provide sugcient information for future researchers ol e o

5 ir;drgoltlcy mglllrelrs(;? C(I)mpgte it lit ntrol metri within3' Consider changing conditions of statistical and scienti"c
- rromote publicly displayed quality control metrics inference in developing statistical methods.

your "eldNin partlcglar, support tragklng of rep(oductlor] 4. Address uncertainty quantitatively and in ways that reward
studies and computing the Olevel 10 and even Olevel 20 PrQIS o 2sed precision

as required for #1 above.
3. Promote a byline status for researchers who reprodu¢gpbard, R., Haig, B. D., and Parsa, R. A., The Limited Role

studies: Digital versions are dynamically updated to displayt Formal Statistical Inference in Scientilc Inference

OReproduced byE O below original research authorsO names _ . _
or ONot yet reproducedO until it is reproduced. 1. Teach readers that although deemed equivalent in the social,

management, and biomedical sciences, formal methods of

Brownstein, N., Louis, T., O9Hagan, A., and Pendergast, J. Thestatistical inference and scienti"c inference are very dilerent

Role of Expert Judgment in Statistical Inference and Evidence- animals. .
Based Decision-Making 2. Show these readers that formal methods of statistical infer-

ence play only a restricted role in scienti"c inference.
Instruct researchers to pursue signi'"caamenegse., repli-
cable and empirically generalizable results) rather than sig-
ni"cant di"erencesn results.

1. Sta! the study team with members who have the necessa%y
knowledge, skills and experienceNstatistically, scienti"cally,
and otherwise. . _ .

2. Include key members of the research team, including staté‘— Demonstrate how the pursui of signi®cant dilerences

ticians, in all scienti"c and administrative meetings. actively impedes cumulative knowledge development.
3. Understand that subjective judgments are needed in all stag@Sshane. B. Tackett. J.. Bickenholt. U.. and Gelman. A.

of a study. _ _Large Scale Replication Projects in Contemporary Psychologi-
4. Make all judgments as carefully and rigorously as possﬂgsl Research

and document each decision and rationale for transparency

and reproducibility. 1. When planning a replication study of a given psychological
5. Use protocol-guided elicitation of judgments. phenomenon, bear in mind that replication is complicated in
6. Statisticians speci“cally should: psychological research because studies can never be direc~t or
exact replications of one another, and thus heterogeneityN
¥ Re"ne oral and written communication skills. elect sizes that vary from one study of the phenomenon to
¥ Understand their multiple roles and obligations as collab- the nextNcannot be avoided.
orators. 2. Future large scale replication projects should follow the Oone

¥ Take an active leadership role as a member of the scienti"cphenomenon, many studiesO approach of the Many Labs
team; contribute throughout all phases of the study. project and Registered Replication Reports rather than the
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Omany phenomena, one studyO approach of the Open Sciena@ssociations to examine the between-sex dilerence. Simi-
Collaboration project. In doing so, they should systematically larly, if an early study reported a con"dence interval which
vary method factors across the laboratories involved in the excluded the null and then a subsequent study reported a
project. con"dence interval which included the null, that does not
3. Researchers analyzing the data resulting from large scalemean the studies gave con%icting results or that the second
replication projects should do so via a hierarchical (or multi- study failed to replicate the "rst study; instead, one needs
level) model "t to the totality of the individual-level observa- a p-value and con"dence interval for the dilerence in the
tions. In doing so, all theoretical moderators should be mod- study-speci'c associations to examine the between-study dif-
eled via covariates while all other potential moderatorsNthat ference. In all cases, dilerences-between-dilerences must be
is, method factorsNshould induce variation (i.e., heterogene- analyzed directly by statistics for that purpose.
ity). 5. Supplement a focg@valuep with its Shannon information
4. Assessments of replicability should not depend solely on esti-transform &value or surprisaly="! logx(p). This measures
mates of elects, or worse, signi"cance tests based on them.the amount of information supplied by the test against the
Heterogeneity must also be an important consideration in tested hypothesis (or model): Rounded o!, the s-value s
assessing replicability. shows the number of heads in a row one would need to see
when tossing a coin to get the same amount of information
against the tosses being OfairO (independent with OheadsO
7.2. Interpreting and Using p probability of 12) instead of being loaded for heads. For

Greenland, S., Valid p-Values Behave Exactly as They Should: €X@mple, ifo = 0.03, this represents BIg.03) = 5 bits of

Some Misleading Criticisms of p-Values and Their Resolution nformation against the hypothesis (like getting 5 heads in
With s-Values a trial of OfairnessO with 5 coin tosses); apd=if0.25, this

represents only Ble¢p.25) = 2 bits of information against the

1. Replace any statements about statistical signi"cance of ahypothesis (like getting 2 heads in a trial of OfairnessO with
result with thep-value from the test, and present thevalue only 2 coin tosses).
as an equality, not an inequality. For exampl@,if0.03 then .

C)Ewasqstatis?fcically signi'(‘]cant?)/ would be Peﬁlaced by OEnSS tensky, R., Thevalue Requires Context, Nota Threshold
p=0.030 andp& 0.050 would be replaced y© 0.030 1. Interpret thep-value in light of its context of sample size and
(An exception: lfpis so small that the accuracy becomes very meaningful elect size.

poor then an inequality re%ecting that limit is appropriate?. Incorporate the sample size and meaningful elect size into a
e.g., depending on the sample sig&alues from normal or decision to reject the null hypothesis.

! # approximations to discrete data o#er_1 Ia_ck even 1'd"‘:]',&nderson, A., Assessing Statistical Results: Magnitude, Preci-
accuracy whem < 0.0001.) In par@llel, ipb = 0.25 then sion and Model Uncertainty

OEwas not statistically signi"cantO would be replaced by
OEhadp = 0.250 andpO> 0.050 would be replaced byl. Evaluate the importance of statistical results based on their
®=0.250 practical implications.

2. Presenp-values for more than one possibility when testing?2. Evaluate the strength of empirical evidence based on the
a targeted parameter. For example, if you discusspthe  precision of the estimates and the plausibility of the modeling
value from a test of a null hypothesis, also discuss alongsidechoices.
this null p-value anothemp-value for a plausible alternative 3. Seek out subject matter expertise when evaluating the impor-
parameter possibility (ideally the one used to calculate power tance and the strength of empirical evidence.
in the study proposal). As another example: if you do a
equivalence test, present thevalues for both the lower and
upper bounds of the equivalence interval (which are used fdr. Use thep-value as a heuristic, that is, as the base for a tenta-
equivalence tests based on two one-sided tests). tive inference regarding the presence or absence of evidence

3. Show con"dence intervals for targeted study parameters, against the tested hypothesis.
but also supplement them with-values for testing relevant 2. Supplement thegp-value with other, conceptually distinct
hypotheses (e.g., thevalues for both the null and the alter-  methods and practices, such as elect size estimates, likeli-
native hypotheses used for the study design or proposal, as inhood ratios, or graphical representations.

#2). Con"dence intervals only show clearly what is in or ouB. Strive to embed statistical hypothesis testing within strong
oftheinterval (i.e., a 95% interval only shows clearly what has a priori theory and a context of relevant prior empirical
p> 0.050rp" 0.05), but more detail is o#en desirable for evidence.

key hypotheses under contention.

4. Compare groups and studies directly by showingalues
and interval estimates for their dilerences, not by comparing.. Be transparent in the number of outcome variables that were
p-values or interval estimates from the two groups or studies. analyzed.

For example, seeing = 0.03 in males angp = 0.12 2. Reportthe number (and values) of all test statistics that were
in females doesot mean that dilerent associations were calculated.

seen in males and females; instead, one neeps/alue 3. Provide access to protocols for studies involving human or
and con"dence interval for the dilerence in the sex-speci’c animal subjects.

?—|eck, P., and Krueger, J., Putting the p-Value in Its Place

Johnson, V., Evidence From Marginally Signi!cant t-Statistics
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4. Clearly describe data values that were excluded from analyGisodman, W., Spruill, S., and Komaro", E., A Proposed
and the justi“cation for doing so. Hybrid E"ect Size Plus p-Value Criterion: Empirical Evidence
5. Provide su$cient details on experimental design so th&upporting Its Use

other researchers can replicate the experiment.

6. Describe onlyp-values less than 0.005 as being Ostatisticaty P&termine how far the true parameterOs value would have to
signi"cantO be, in your research context, from exactly equaling the con-

ventional, point null hypothesis to consider that the distance
Fraser, D., The pValue Function and Statistical Inference is meaningfully large or practically signi“cant.
) . . . . 2. Combine the conventiongl-value criterion with a mini-
1. Determine a primary variable for assessing the hypothesis aty,m elect size criterion to generate a two-criteria inference-

issue. _ o _ _indicator signal, which provides heuristic, but nonde"nitive
2. Calculate its well de"ned distribution function, respecting oyidence. for inferring the parameter®s true location.

continuity. _ . 3. Document the intended criteria for your inference proce-
3. fSub?tltug the observed data value to obtain pealie g e such asmvalue cut-point and a minimum practically
unction

_ ., ., . signi"cant elect size, prior to undertaking the procedure.

4. Extract the available well de"ned con"dence bounds, con’z - gnsyre that you use the appropriate inference method for the
dence intervals, and median estimate. , ~ datathat are obtainable and for the inference that is intended.

5. Know that you donOt have an intellectual basis for decisions. Acknowledge that every study is fraught with limitations

Rougier, J., pvalues, Bayes Factors, and Sufciency from _u_nknowns regNarding true data distributions and other

conditions that oneOs method assumes.

1. Recognize that behind every choice of null distributionand = | i
test statistic, there lurks a plausible family of alternativBeniamin, D., and Berger, J., Three Recommendations for
hypotheses, which can provide more insight into the nullProving the Use of p-Values

distribution. 1. Replace the 0.05 Ostatistical signi“"canceO threshold for claims

Rose, S., and McGuire, T., Limitations of-@alues and R- of novel discoveries with a 0.005 threshold and refepto

Squared for Stepwise Regression Building: A Fairness Demop- Values between 0.05 and 0.005 as Osuggestive.O _
stration in Health Policy Risk Adjustment 2. Report the data-based odds of the alternative hypothesis to

the null hypothesis. If the data-based odds cannot be calcu-
1. Formulate a clear objective for variable inclusion in regres- lated, then use thp-value to report an upper bound on the

sion procedures. data-based odds: 14pin p).
2. Assess all relevant evaluation metrics. 3. Report your prior odds and posterior odds (prior odds *
3. Incorporate algorithmic fairness considerations. data-based odds) of the alternative hypothesis to the null

hypothesis. If the data-based odds cannot be calculated, then
use your prior odds and thg-value to report an upper bound

7.3. Supplementing or Replacing p on your posterior odds: (prior odds) * (1pln p)).
Blume, J., Greevy, R., Welty, V., Smith, J., and DuPont, W., Ancgiquhoun, D., The False Positive Risk: A Proposal Concerning
Introduction to Second Generation p-Values What to Do About pValues

1. Construct a composite null hypothesis by specifying th¢ continue to providep-values and con"dence intervals.
range of elects that are not scienti"cally meaningful (do this Although widely misinterpreted, people know how to

before looking _?t the _c'jlata). Why: Eliminating thf’ con%ict caiculate them and they arenOt entirely useless. Just donOt eve
between scienti“c signi"cance and statistical signi“cance has s the terms Ostatistically signi“cant® or Ononsigni“cantO

numerous statistical and scienti"c bene’ts. 2. Provide in addition an indication of false positive risk (FPR).
2. Replace classicpivalues with second-generatigavalues 1y is the probability that the claim of a real elect on the

(SGPV). Why: SGPVs accommodate composite null hypothe-pagis of thep-value is in fact false. The FPR (not thealue)
ses and encourage the proper communication of "ndings. s the probability that your result occurred by chance. For

3. Interpret the SGPV as a high-level summary of what the data gy ample, the fact that, under plausible assumptions, obser-
say. Why: Science needs ? simple indicator of when the data 4o of ap-value close to 0.05 corresponds to an FPR of at
support only meaningful elects (SGPV = 0), when the data o551 0.290.3 shows clearly the weakness of the conventional
support only trivially null e'ects (SGPV = 1), or when the  riterion for Ostatistical signi"cance O

data are inconclusive (@ SGPV< 1). _ 3. Alternatively, specify the prior probability of there being a
4. Reportaninterval estimate of elect size (con"dence interval, (o5 elect that one would need to be able to justify in order
support interval, or credible interval) and note its proxim- ;4 achieve an FPR of say, 0.05.

ity to the composite null hypothesis. Why: This is a more
detailed description of study "ndings. Notes:

5. Consider reporting false discovery rates with SGPVs of O or There are many ways to calculate the FPR. One, based on
1. Why: FDRs gauge the chance that an inference is incorrectpoint null and simple alternative can be calculated with
under assumptions about the data generating process atite web calculator atttp://fpr-calc.ucl.ac.uk/However other
prior knowledge. approaches to the calculation of FPR, based on dilerent


http://fpr-calc.ucl.ac.uk/

14 (&) EDITORIAL

assumptions, give results that are similar (Table 1 in Colquhoulh Use numerical methods to handle hypothesis-testing prob-
2019. lems with high-dimensional sample spaces or parameter
To calculate FPR it is necessary to specify a prior probability spaces.

and this is rarely known. My recommendation 2 is based orF1) S How E"ect Size (Practical Sianil Mislead
giving the FPR for a prior probability of 0.5. Any higher priorC?g.rOV;”P N .OV\_/ Thec(t: |zef( rSact_|cr;1f |gn|.|;:anc§) | IIBS eal s
probability of there being a real elect is not justi"able in the Inical Practice: The Case for Switching to Practical Benelt

absence of hard data. In this sense, the calculated FPR is the nliﬂf_ﬁ\ssess Applied Research Findings

imum that can be expected. More implausible hypotheses would Switch from reliance on statistical or practical signi"cance
make the problem worse. For example, if the prior probability of to the more stringent statistical criterion of practical bene-
there being areal elect were Only 0.1, then Observatiop of "t for (a) assessing whether app“ed research "ndings indi-
0.05 would imply a disastrously high FRR0.76, and in order  cate that an intervention is elective and should be adopted
to achieve an FPR of 0.05, youOd need to obperv€.00045.  and scaledNparticularly in complex organizations such as
Others (especially Goodman) have advocated giving likelihood schools and hospitals and (b) determining whether relation-
ratios (LRs) in place gf-values. The FPR for a prior of 0.5 is  ships are su$ciently strong and explanatory to be used as a
simply 1/(1+ LR), so to give the FPR for a prior of 0.5 is simply  pasis for setting policy or practice recommendations. Practi-
a more-easily-comprehensible way of specifying the LR, and soca| bene"tincreases the likelihood that observed bene'ts will

should be acceptable to frequentists and Bayesians. replicate in subsequent research and in clinical practice by
Matthews, R., Moving Toward the Postf 0.05 Eraviathe  avoiding the problems associated with relying on small elect
Analysis of Credibility sizes.

2. Reform statistics courses in applied disciplines to include the

1. Report the outcome of studies as elect sizes summarized byPrinciples of practical bene"t, and have students review in%u-
con"dence intervals (Cls) along with their point estimates. ~ ential applied research articles in the discipline to determine
2. Make full use of the point estimate and width and location Which "ndings demonstrate practical bene"t.
of the ClI relative to the null elect line when interpreting 3. Recognize the need to develop dilerent inferential sta-
"ndings. The point estimate is generally the elect size best tistical criteria for assessing the importance of applied
supported by the study, irrespective of its statistical signi”- research "ndings as compared to assessing basic research
cance/nonsigni“cance. Similarly, tight Cls located far from “ndings.
the null elect line generally represent more compelling evi4. Consider consistent, noticeable improvements across con-

dence for a nonzero elect than wide Cls lying close to that texts using the quick prototyping methods of improvement
line. science as a preferable methodology for identifying elective
3. Use the analysis of credibility (AnCred) to assess quantita- Practices rather than on relying on RCT methods.
tively the credibility of inferences based on the Cl. AnCre&. Require that applied research reveal the actual unadjusted
determines the level of prior evidence needed for a new means/medians of results for all groups and subgroups, and
“nding to provide credible evidence for a nonzero elect. that review panels take such data into accountNas opposed
4. Establish whether this required level of prior evidence is to only reporting relative dilerences between adjusted
supported by current knowledge and insight. If it is, the Means/medians. This will help preliminarily identify whether
new result provides credible evidence for a nonzero elect, there appear to be clear bene"ts for an intervention.
irrespective of its statistical signi"cance/nonsigni“cance.

7.4. Adopting More Holistic Approaches
Gannon, M., Pereira, C., and Polpo, A., Blending Bayesian

and Classical Tools to Delne Optimal Sample-Size-DependerlIcShane, B., Gal, D., Gelman, A., Robert, C., and Tackett, J.,
Signilcance Levels Abandon Statistical Signilcance

1. Treatp-values (and other purely statistical measures like

1. Retain the useful concept of statistical signi"cance and the con"dence intervals and Bayes factors) continuously rather
same operational procedures as currently used for hypothesisthan in a dichotomous or thresholded manner. In doing
tests, whether frequentist (NeymanbPeansealue tests) or ~ so, bear in mind that it seldom makes sense to calibrate
Bayesian (Bayes-factor tests). evidence as a function gkvalues or other purely statistical

2. Use tests with a sample-size-dependent signi“cance levelNmeasures because they are, among other things, typically
ours is optimal in the sense of the generalized Neymanb de"ned relative to the generally uninteresting and implau-
Pearson lemma. sible null hypothesis of zero elect and zero systematic

3. Use atesting scheme that allows tests of any kind of hypothe-error.
sis, without restrictions on the dimensionalities of the param2. Give consideration to related prior evidence, plausibility of
eter space or the hypothesis. Note that this should include mechanism, study design and data quality, real world costs
OsharpO hypotheses, which correspond to subsets of lowemd bene"ts, novelty of "nding, and other factors that vary by
dimensionality than the full parameter space. research domain. Do this alwaysNnot just once sqmelue

4. Use hypothesis tests that are compatible with the likelihood or other statistical threshold has been attainedNand do this
principle (LP). They can be easier to interpret consistently without giving priority to p-values or other purely statistical
than tests that are not LP-compliant. measures.
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3. Analyze and report all of the data and relevant results rather (i) Free your Opositive resultsO by allowing them to
than focusing on single comparisons that attain sgmalue be dilerent. Most studies with smalp-values
or other statistical threshold. or interval estimates that are not near the null

4. Conduct a decision analysig:value and other statistical should be considered provisional, because in
threshold-based rules implicitly express a particular tradeo! replication studies the-values could be large
between Type | and Type Il error, but in reality this tradeo! and the interval estimates could show very
should depend on the costs, bene"ts, and probabilities of all dilerent elect sizes.
outcomes. (i) There is no replication crisis if we donOt expect

5. Accept uncertainty and embrace variation in elects: we can replication. Honestly reported resultsustvary
learn much (indeed, more) about the world by forsaking the from replication to replication because of vary-
false promise of certainty olered by dichotomous declara- ing assumption violations and random variation;
tions of truth or falsityNbinary statements about there being excessive agreement itself would suggest deeper
Oan electO or Ono electONbased on spwedue or other problems such as failure to publish results in
statistical threshold being attained. con%ict with group expectations.

6. Obtain more precise individual-level measurements, use ) o
within-person or longitudinal designs more o#en, and givé-alin-Jageman, R., and Cumming, G., The New Statistics for
increased consideration to models that use informativBetter Science: Ask How Much, How Uncertain, and What Else
priors, that feature varying treatment elects, and that ardS Known

multilevel or meta-analytic in nature. 1. Ask quantitative questions and give quantitative answers.

Tong, C., Statistical Inference Enables Bad Science; Statistical Countenance uncertainty in all statistical conclusions, seek-

Thinking Enables Good Science ing ways to quantify, visualize, and interpret the potential for
error.
1. Prioritize elort for sound data production: the planning, 3. Seek replication, and use quantitative methods to synthesize
design, and execution of the study. ~ across data sets as a matter of course.
2. Build scienti"c arguments with many sets of data and multi4. Use Open Science practices to enhance the trustworthiness
ple lines of evidence. of research results.

3. Recognize the dilerence between exploratory and con"rma. Avoid, wherever possible, any usgefalues or NHST.
tory objectives and use distinct statistical strategies for each. .
4. Use %exible descriptive methodology, including disciplingdliak, S., How Large Are Your G-Values? Try GossetOs Guin-
data exploration, enlightened data display, and regularize@essometrics When a Little OpO Is Not Enough
robust, and nonparametric models, for exploratory research. _ _ _
5. Restrict statistical inferences to con“rmatory analyses fo G-10 Consider the Purpose of the Inquiry, and Compare with

which the study design and statistical analysis plan are pre- B€st PracticeFalsi“cation of a null hypothesis is not the
speci“ed prior to, and strictly adhered to during, data acqui- Main purpose of the experiment or observational study. Mak-
ing money or beer or medicineNideally more and better

stion. than the competition and best practiceNis. Estimating the
Amrhein, V., Tralmow, D., and Greenland, S., Inferential importance of your coe$cient relative to results reported by
Statistics as Descriptive Statistics: There Is No Replication others, is. To repeat, as the 2016 ASA Statement makes clear,
Crisis If We DonOt Expect Replication merely falsifying a null hypothesis with a qualitative yes/no,

exists/does not exist, signi"cant/not signi“cant answer, is not

itself signi“cant science, and should be eschewed.

(a) Report and interpret inferential statistics like tpe ¥ C-9 Estimate the Stakes (Or Eat Thelstimation of mag-
value in a continuous fashion: do not use the word Nitudes of elects, and demonstrations of their substantive
Osigni“cant® meaning, should be the center of most inquiries. Failure to

(b) Interpretinterval estimates as Ocompatibility intervals O SPECifY the stakes of ahypothesis is the "rst step toward eating

showing elect sizes most compatible with the data, them (Qulp).
under the model used to compute the interval; do nott G-8 Study Correlated Data: ABBA, Take a Chance on
focus on whether suchintervalsinclude or exclude zero. Me. Most regression quels assume O||~dO error termsN
(c) Treat inferential statistics as highly unstable local independently and identically distributedNyet most data
descriptions of relations between models and the N the social and Ilfe sciences are correlated by systematic,
obtained data. nonrandom electsNand are thus not independent. Gosset
solved the problem of correlated soil plots with the OABBAO
(i) Free your Onegative resultsO by allowing them to layout, maximizing the correlation of paired dilerences
be potentially positive. Most studies with large between the As and Bs with a perfectly balanced chiasmic
p-values or interval estimates that include the arrangement.
null should be considered Opositive O in the senéeG-7 Minimize OReal ErrorO with the 3 ROs: Represent, Replicat
that they usually leave open the possibility of ReproduceA test of signi“cance on a single set of data is
important elects (e.g., the elect sizes withinthe  nearly valueless. Fishep{Btudent®sand other tests should
interval estimates). only be used when there is actual repetition of the experi-

1. Do not dichotomize, but embrace variation.
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ment. OOne and doneO is scientism, not scienti"c. Randdanski, C., Treatment Choice With Trial Data: Statistical
error is not equal to real error, and is usually smaller and le€3ecision Theory Should Supplant Hypothesis Testing

Important ft handt_he sum of"no?random erroc;sk;_Mea?E[Jr:emen&_ Statisticians should relearn statistical decision theory, which
error, confounaing, Specr'cation error, and ias of the aus- - o -y considerable attention in the middle of the twentieth
pices are frequently larger in all the testing sciences, agron—Century but was largely forgotten by the century®s end.

omy to_med!cme. GUInnEssometncs m|n|m|zes.real error b%. Statistical decision theory should supplant hypothesis testing
repea.tmg trials on stral ed. and balanced yet mdependent when statisticians study treatment choice with trial data.
experimental units, controlling as much as possible for IOC%]. Statisticians should use statistical decision theory when ana-

"xed elects . L . .
" A . P lyzing decision making with I Ily.
¥ G-6 Economize with OLess is MoreO: Small Samples of Ind¥a- g aking with sample data more generally

pendent ExperimentSmall sample analysis and distributionManski, C., and Tetenov, A., Trial Size for Near Optimal
theory has an economic origin and foundation: changing-hoice between Surveillance and Aggressive Treatment:
inputs to the beer on the large scale (for Guinness, enormofgeconsidering MSLT-1I

global scale) is risky, with more than money at stake. BUt gtatisticians should relearn statistical decision theory, which
smaller samples, as Gosset showed in decades of barleygceived considerable attention in the middle of the twentieth
and hops experimentation, does not mean Oless thanQentyry but was largely forgotten by the century®s end.
and Big Data is in any case not the solution for many - giaistical decision theory should supplant hypothesis testing
problems. _ _ when statisticians study treatment choice with trial data.

¥ G-5Keep Your Eyes on the Size Matters/How Much? Questipnsiagisticians should use statistical decision theory when ana-

There will be distractions but the expected loss and pro"t lyzing decision making with sample data more generally.
functions rule, or should. Are regression coe$cients or dif-

ferences between means large or small? Compared to whis@ine. M., Frequentist, Bayes, or Other?

How do you know? 1. Look for and present results from many models that "t the
¥ G-4 VisualizeParameter uncertainty is not the same thingas data well.

model uncertainty. Does the result hit you between the eyeg? Evaluate models, not just procedures.

Does the study show magnitudes of elects across the entire .
distribution? Advances in visualization so#ware continu uberg, S., Harrell, F., Gamalo-Siebers, M., Lavange, L., Lee J.,

to outstrip advances in statistical modeling, making mor ”Cf K"Snd F:Deck ? Infertencz an Dec:smn-Makmg for 21st
visualization a no brainer. entury Drug Development and Approva

¥ G-3 Consider Posteriors and Priors too (Olt pays to go Bay&s®@pply Bayesian paradigm as a framework for improving sta-
The sample on hand is rarely the only thing that is Oknown Otistical inference and regulatory decision making by using
Subject matter expertise is an important prior input to sta- probability assertions about the magnitude of a treatment
tistical design and alects analysis of OposteriorO results. Foe'ect.
example, Gosset at Guinness was wise to keep quality assurincorporate prior data and available information formally
ance metrics and bottom line pro"t at the center of his into the analysis of the con"rmatory trials.
inquiry. How does prior information "t into the story and 3. Justify and pre-specify how priors are derived and perform
evidence? Advances in Bayesian computing so#ware make itsensitivity analysis for a better understanding of the impact
easier and easier to do a Bayesian analysis, merging prior andbf the choice of prior distribution.
posterior information, values, and knowledge. 4. Employ quantitative utility functions to re%ect key consid-
¥ G-2 Cooperate Up, Down, and Across (Networks and Valueerations from all stakeholders for optimal decisions via a
Chains) For example, where would brewers be today without probability-based evaluation of the treatment elects.
the continued cooperation of farmers? Perhaps back on tlte Intensify training in Bayesian approaches, particularly for
farm and not at the brewery making beer. Statistical science decision makers and clinical trialists (e.g., physician scientists
is social, and cooperation helps. Guinness "nanced a largein FDA, industry and academia).

share of modern statistical theory, and not only by supporting

G t and other b ith demi bbaticals (Zili n Dongen, N., Wagenmakers, E.J., van Doorn, J., Gronau,
osset and other brewers with academic sabbaticals ( IIEf%,vanRavenzwaaij,D.,Hoekstra,R.,Haucke,M.,Lakens,D.,

and McCloskey009. i
. o ) N ennig, C., Morey, R., Homer, S., Gelman, A., and Sprenger, J.,

¥ G-1 Answer the BrewerCs Original Question (OHow Shou"ﬁ@ﬂple Perspectives on Inference for Two Simple Statistical
set the odds?®)o bright-line rule of statistical signi“cance Scenari
| _ . ios
can answer the brewerOs question. As Gosset said way bagk _ - . .
in 1904, how you set the odds depends on Othe importankeClarify your statistical goals explicitly and unambiguously.
of the issues at stakeO (e.g., the expected bene"t and cdsf§onsider the question of interest and choose a statistical

together with the cost of obtaining new material. approach accordingly.
3. Acknowledge the uncertainty in your statistical conclusions.

Billheimer, D., Predictive Inference and Scientilc Repro-4. Explore the robustness of your conclusions by executing
ducibility several dilerent analyses.
5. Provide enough background information such that other

1. Predict observable events or quantities that you care about. résearchers can interpret your results and possibly execute
2. Quantify the uncertainty of your predictions. meaningful alternative analyses.
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7.5. Reforming Institutions: Changing Publication Policies 2. Give primary emphasis in abstracts to the magnitudes of
and Statistical Education those elects most conclusively demonstrated and of greatest

. . . o . import to the subject matter.

|

;I(')r? g:j(i)'c\:)V}sDé’r]EI\lgeeyig\j\?ebr\g?: i:gr?;gg??/\meidg?/gﬁ:aﬁifcgcuebs' Report precisp-values or other indices of evidence against
9 null hypotheses as continuous variables not requiring any

missions in a Post R 0.05 Universe

labeling.
1. Tolerate ambiguity. 4. Understand the meaning of and rationale for neoFisherian
2. Replace signi“cance testing with a priori thinking. signi“cance assessment (NFSA).
3. Con5|de_r the nature of the contr_lbutlon, on multiple levels. Campbell, H., and Gustafson, P., The World of Research
g' Emphasize thinking and execution, not results. Has Gone Berserk: Modeling the Consequences of Requiring

- Consider that the assumption of random and independeGreater Statistical StringencyO for Scientilc Publication
sampling might be wrong.
1. Consider the meta-research implications of implementing new

Locascio, J., The Impact of Results Blind Science Publishing on puplication/funding policiedournal editors and research fun-
Statistical Consultation and Collaboration ders should attempt to model the impact of proposed policy
For journal reviewers changes before any implementation. In this way, we can antic-
ipate the policy impacts (both positive and negative) on the
types of studies researchers pursue and the types of scienti"c
yarticles that ultimately end up published in the literature.

1. Provide an initial provisional decision regarding acceptance
for publication of a journal manuscript based exclusively on
the judged importance of the research issues addressed b
the study and the soundness of the reported methodologlricker, R., Burke, K., Han, X., and Woodall, W., Assessing the
(The latter would include appropriateness of data analys@tatistical Analyses Used in Basic and Applied Social Psychol-
methods.) Give no weight to the reported results of the studygy A$er Their p-Value Ban
per se in the decision as to whether to publish or not. - N . .

2. To ensure #1 above is accomplished, commit to an initi&l‘ Use measures of §ta§|.|st|cal signicance c?mbmeq with mea-
decision regarding publication at#ter having been provided sures of practical signi“cance, such as con"dence intervals on

. . . | i i i
with only the Introduction and Methods sections of a %?acz;{ss'liziz,sg]a?ss?sjrl]t%:}ssg'?r:gr]éesﬁ)“r?a{tor or con“rmator
manuscript by the editor, not having seen the Abstracg' "y u ' xp y Y

Results, or Discussion. (The latter would be reviewed only 3ggu?r?§;?;?§:ely describe them as such in all published

if and a#er a generally irrevocable decision to publish h . . . . .
9 y P a§ De"ne precisely the population of interest in research studies

already been made. .
y ) and carefully assess whether the data being analyzed are
For investigators/manuscript authors representative of the population.
4. Understand the limitations of inferential methods applied

1. Obtain consultation and collaboration from statistical con- {5 gpservational, convenience, or other nonprobabilistically
sultant(s) and research methodologist(s) early in the devel- sampled data.

opment and conduct of a research study. ] o .
2. Emphasize the clinical and scienti"c importance of a studylaurer, K., Hudiburgh, L., Werwinski, L., and Bailer J., Con-
in the Introduction section of a manuscript, and give a cleafent Audit for p-Value Principles in Introductory Statistics

explicit statement of the research questions being addressgdg, guate the coveragemfalue principles in the introduc-
and any hypotheses to be tested. o tory statistics course using rubrics or other systematic assess-
3. Include a detailed statistical analysis subsection in the Meth- ment guidelines.

ods section, which would contain, among other things, aju$  piscuss and deploy improvements to curriculum coverage of
ti"cation of the adequacy of the sample size and the reasons p-value principles.

various statistical methods were employed. For example,3f veet with representatives from other departments, who have
null hypothesis signi“cance testing amelvalues are used,  mgajors taking your statistics courses, to make sure that infer-
presumably supplemental to other methods, justify why those gnce is being taught in a way that "ts the needs of their
methods apply and will provide useful additional informa-  gjsciplines.

tion in this particular study. 4. Ensure that the correct interpretationpfvalue principles is

4. Submit for publication reports of well-conducted studies on 5 noint of emphasis for all faculty members and embedded
important research issues regardless of "ndings, for example,yithin all courses of instruction.

even if only null elects were obtained, hypotheses were not _ )
con"rmed, mere replication of previous results were foundSteel, A., Liermann, M., and Guttorp, P., Beyond Calculations:
or results were inconsistent with established theories. A Course in Statistical Thinking

Hurlbert, S., Levine, R., and Utts, J., Coup de Grioce foraTou&h Design curricula to teach students how statistical analyses
old Bull: OS,tatistice,lIIy ’Signi!can’tO’Expires are embedded within a larger science life-cycle, including

steps such as project formulation, exploratory graphing, peer
1. Encourage journal editorial boards to disallow use of the review, and communication beyond scientists.
phrase Ostatistically signi"cantO or even Osigni"cant(.ifeach thep-value as only one aspect of a complete data
manuscripts they will accept for review. analysis.
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3. Prioritize helping students build a strong understanding ogillheimer, D. (2019), OPredictive Inference and Scienti"c Reproducibility,O

what testing and estimation can tell you over teaching statis- The American Statisticia73. ]
tical procedures Blume, J., Greevy, R., Welty, V., Smith, J., and DuPont, W. (2019), OAn
4 Explicitly teach etatistical communication. Elective commu Introduction to Second GeneratignValue (The American Statistician

nication requires that students clearly formulate the bene"tgrownstein, N., Louis, T., OOHagan, A., and Pendergast, J. (2019), OThe

and limitations of statistical results. Role of Expert Judgment in Statistical Inference and Evidence-Based
5. Force students to struggle with poorly de"ned questions and Decision-Making Jhe American Statisticia3. b
real, messy data in statistics classes. Calin-Jageman, R., and Cumming, G. (2019), OThe New Statistics for Better

Science: Ask How Much, How Uncertain, and What Else Is KnoWwhg
5. Encourage students to match the mathematical metric American Statisticiar3. 8,5,9,10
(or data summary) to the scienti"c question. TeachmgCampbell H., and Gustafson, P. (2019), OThe World of Research Has Gone

tudents t t tomized statistical tests f t Berserk: Modellng the Consequences of Requiring OGreater Statistical
sludents 1o create customized statistical tests for cus OmStrlngencyO for Scienti"c Publicatioftf@ American Statisticia@3. B

metrics allows statistics to move beyond the mean angbiquhoun, D. (2019), OThe False Positive Risk: A Proposal Concerning
pinpoint speci“c scienti"c questions. What to Do Aboutp-Value (OThe American Statisticiai3. §,7,14
Fraser, D. (2019), OTipeValue Function and Statistical Inferenca@fe
American Statisticiar/3. []
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