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A. The Advancement of Learning
A(71) An Iteration Between Theory and Practice
A(2) A Feedback Loop
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Emotnun Kol XtotiotiKn (2)

B. Data Analysis and Data Getting in the Process
of Scientific Investigation®
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* The experimental design is here shown as & movable window looking onto th
true state of nature. Its positicning at each atage is motivated by eurrent beliefs
hopes, and fears.

George E. P. Box Science and Statistics. Journal of the American Statistical Association, Vol. 71, No. 356 (Dec.,
1976), pp. 791-799



Frequentist or Bayesian???



Th €lvol 1] 6TOTIOTIKT] GUUTEPOUGUUTOAOYLU;

Y TOTIOTIKI] CUUTEPUGUOTOAOYLO EIVOL 1) ETLOTNUN 1 OTTOld £YEL
oTOY0 Vo EAYEl cuumEPACLOTA Yol Evay TANOLGLO UEAETMOVTOC
Eva Oty TOV TPOEPYETOL OO TOV TANOLGLUO OVTO.

H ototioTik cuunepacuatoroyio 00NnYel 6€ GLUTEPACLOTO Y10
TV TAPAUETPO 6 T0V TANOLGUOV UECH TNG TOPOATNPNONG TNG
uetaPAnc X, kou ta Poacikd cvounepdopato faciCovior oto 0Tl
ol TIWEG Tov 6 mov dlvovv pneydin mlavoTnTe GTNV TIUN TOL X
mov mapotnpNOnke, eival mo mOBaveEC am’ 0Tl EKEIVEC TOL divouv
oT0 X pkpn mbovotnTa (apyn TS péYretTng mlavopavelug).

[Tétpog Ashhamoptog — [avayiwtg Towapvpting, Znueuwoelc podnuotog “Xratiotikn) kotd Bayes”, Otkovoko
[Tavemotuo Anvov, Tuqua Ztatietikng (2004)



KAoowkn Vs MaevQuovi] ZToTIoTIKN

Khloown XtotioTik Mngiowovi] ZToTIoTIKN

H napduetpoc 8 (n omoia 0ev givat H napdpuetpoc 6 (n omoia dev eiva
YV®OOTY), ¥PNCLOTOIEITOL YVOOTY), Elvan Tuyoio petaAnTY).
TEPLOGOTEPO GOV VoL Eivar pio
otafepd Kot Oyl Gav TV,

HeTaPANTY.

Ta dedopéva oo mapatnpnOnkov Ta dedouéva Tov mapatnpriOnkav
gtvou Tuyoio. elvon otafepd.

O VToAOYIGUOC T®V O TNUAT®V H cvunepacuotoroyio yio v
EUTIGTOGVVIG KOl YEVIKOTEPQ T napapetpo 0 Bacileton o€ o
GUUTEPOUGLLATOAOYI OV Elvat KaTovoun mlavotnTog.
mBavobewpnTiK).

[Tétpog Ashhamoptog — [avayiwtg Towapvpting, Znueuwoelc podnuotog “Xratiotikn) kotd Bayes”, Otkovoko
[Tavemotuo Anvov, Tuqua Ztatietikng (2004)



Epunveila Tov 95% A.E. oty KLoGIKY)
GTUTIGTIKI)
—Tote 0 95% StGomio cimio 060V tov [0.08, U.12] vvoobjie mog vrdpye!

95% mBavotnta n wapduetpoc 8 va Bpicketar petacn 0.08 ko 0.12.

N

Oumg og avtv Vv TEPINTTOO™ VILAPYEL TPOPANUO epunveiac, 010TL To 6 dgv
etvan Tuyaio: eite O avnkel 6to oo, gite 0gv Ba aviKeL o€ oWTO, Kot Gpa,
N TOAVOTNTA OEV UTOPEL KOl OEV TPETEL VOL VITELGEPYETAL GAV TAPAYOVTOS GTNV

epunveia Tov.

To puoévo tuyaio otoryelo 610 povTEAD TBAvOTNTOG Elval TaL 0EOOUEVA, OTTOTE M
CMGTN EPUNVEIN TOL OLCTNUATOG Elvan TG av enavaidPooue v dadikacio
TOAAEC POPEC, TOTE TO OloioThUaTO OV Oa Kataokevdcove Ba meptiaufavouv
Vv nopduetpo 6 oto 95% tov tepumtcE®V.
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XopoKTNPLoTIKG TS Mmedluovng
apoccyyiong (1)

% A-priori ITAnpogopia (Prior Information): Kabe mpofAinua sivar povadikod kot
Exel To O1KO TOL TEPLEYOUEVO. ATO avTtd akplPmdc To mepieyduevo eEdyovrtor a-
priori mAnpogopieg Kot givar 1 S10THT®ON Kot 1) EKUETAAAEVLGT) TNC TPONYOVUEVNC
yvoong mov owywpilovv v Mnuedliovn Beswpia and avtiv ™S KAAGIKNG
GTOTIOTIKTG.

% Ymnoxkeipevikn IMBavotyro (Subjective Probability): H xhoacwkn ototiotikn
e€aptator and pio pokpoypovia cuyvotnta Kabopiopot tov mbavotnromv. Av ko
avtd eivonr emBountod, odnyel oe «dvokivnroy ocvunepdcuota. Avtifeta, 1
Mrebliovn otatiotikn B€tel pe caprnveln v 10€a 0Tt OAEG o1 mhavotnTES £ival
VTOKEWEVIKEG Kol eaptovion amd TIG mEMOONoES Tov KAOE ATOHOL KO TIG
YVAOGELS TOV UTOPEL va £xel KaBEVOS oo oG Yo po 0ed0UEVT «katdotaony. H
cvuumepacpatoroyia ¢ Poociletoar otnv a-posteriori katavopn (posterior
distribution) f(4|x), n popoen ¢ omoioc e€aptdtar (U€ow TOV BE®PNUATOC TOV
Bayes) and tov tpomo kabopiopov g a-priori katavoung f(6).

[Tétpog Ashhamoptog — [avayiwtg Towapvpting, Znueuwoelc podnuotog “Xratiotikn) kotd Bayes”, Otkovoko
[Tavemotuo Anvov, Tuqua Ztatietikng (2004)



XopoKTNPLoTIKG TS Mmedluovng
TPOcEYYIoNS (2)

% Xovémewn (Self-Consistency): Xpnowomolidvtog tnv mopauetpo 6 cov toyoda,
oA M avamtuén ™c Mnevliovig ocvumepacuatoroyiog mmydler ko eCaptdTon
uovo and v Bewpio mbBavotTNTOV. AVTO £XEl TOALG TAEOVEKTILOTO KO CTLLOIVEL
TOC OAO TO GCULUTEPACULOTO UTOPOVV VO TOPOVCLACTOVV UE TNV  UHOPPN
mavotnteV Yoo TNV mapduetpo 0, mpdyuoatt mpoxvITOvV dueca amd TNV a-
posteriori xatovouny.

<  Mn mpookdiinon og «ovvtayéoy. Emeidn n kKhooikn oTOTIGTIKN 0EV €lval o€
0éon va ypnowomomcel Opovg mBavoTHT®OV Yo, TNV TOopapeTpo 0, E€yovv
avortvyfel apkeTd KplTtpla pe okomd va kabopicovy mOTE £VOG CUYKEKPIUEVOC
EKTIUNTNG O UTOPOVGE VA YOPAKTNPIOTEL G «KAAOCY.

[Tétpog Ashhamoptog — [avayiwtg Towapvpting, Znueuwoelc podnuotog “Xratiotikn) kotd Bayes”, Otkovoko
[Tavemotuo Anvov, Tuqua Ztatietikng (2004)



To Ocopnua tTov Bayes (1)

2V Pacikn tov popen to Bewpnua tov Bayes eivar andd kot agopd vd cuvOn KN
mBavotntes. Av A xai B givar dvo evoeyoueva ue P(A)>0, tote:

~ P(A|B)P(B)

PB|A)=—— A

H ypnowdmmra tov Ocwpnuotoc tov Bayes ce epapuoyéc mbavortov sivar OTu
TOPEYEL TNV OLVOTOTNTA AVTIGTPOPNC TG «BEomney twv evogyouévav. Etol, yiveton
eueaveg tag M mbavotnta tov B|A oyetiCeton pe tnv mBavotnta tov AB. Mo pikpn
TPOoEKTAoT TOL Bewpnuatog Tov Bayes umopei va yivel, av Bempnoovpue ta evogyOUeVa,
Cy---,Cy, to omoia SrapepiCouv éva derypotiko ympo €2, €161 wote ta CiNC=2 yo kabe
I#] ka1 C,U...UC,=Q. e autnv TV mtepintwon Oa EYovE:

P(A | C,)P(C))
:

S P(A|C,)P(C))
=1

P(C; |A)=

[Tétpog Ashhamoptog — [avayiwtg Towapvpting, Znueuwoelc podnuotog “Xratiotikn) kotd Bayes”, Otkovoko
[Tavemotuo Anvov, Tuqua Ztatietikng (2004)



To Ocopnua tTov Bayes (2)

To Osopnuo tov Bayes oce Opovg tuyoimv peTaPAnTOV UE TUKVOTNTEG TOL
cvuporilovtar yevika pe f, maipver v e€ng nopoen:

£6]x) = LON(x[0)
[£©®)f(x|6)de

Ooa mpémel vo mpocEEovue  WlUTEPA TO  YEYOVOS OTL Oamd TNV  GTIYUN] TOVL
OALOKANpOVOLE ®OC TTPOG B, 0 Tapavouactng oto Bempnua Tov Bayes gival cuvaptnon
UOVO G TPOC X. ZVVEMMG, Y10 OEOOUEVEC TAPATNPNGES X, O TOPUVOUOUCTNG Elvar
otafepd kol ovoudletar otaBepd kavovikomoinoens. Me Pdoer avtd  €vag
EVOALOKTIKOC TPOTTOC TTapovaioemC Tov Bempnuatog tov Bayes ivor o e€nc:

f(8|x) = 1(6)f(x|0)

N oAmg Ba Aéyoue O0TL M a-posteriori keravoun (posterior distribution) siven
avaioyn g a-priori keravoung (prior distribution) mollhariacwalopevng pe v
cuvaptnon mbavopavewog (likelinood function).

[Tétpog Ashhamoptog — [avayiwtg Towapvpting, Znueuwoelc podnuotog “Xratiotikn) kotd Bayes”, Otkovoko
[Tavemotuo Anvov, Tuqua Ztatietikng (2004)



Hopaocrypa epopuoyns Tov cowpnquotog
T0oVL Bayes

"A patient goes to see a doctor. The doctor performs a test with 99 percent reliability--that is,
99 percent of people who are sick test positive and 99 percent of the healthy people test
negative. The doctor knows that only 1 percent of the people in the country are sick. Now the
guestion is: if the patient tests positive, what are the chances the patient is sick?

The intuitive answer is 99 percent, but the correct answer is 50 percent....«

The solution to this question can easily be calculated using Bayes's theorem. Bayes, who was
a reverend who lived from 1702 to 1761 stated that the probability you test positive AND are
sick is the product of the likelihood that you test positive GIVEN that you are sick and the
“prior" probability that you are sick (the prevalence in the population). Bayes's theorem allows
one to compute a conditional probability based on the available information.

p(A|B) - PFBIAPA)
P(B)
Diseased Mot Diseased
Test + a9 a9 198
Test - 1 9,801 9,802
100 9.900 10.000




Hopdaostypa epopuroyns Tov 0cmpPnuatog Tov
Bayes

What we want to know is P (A | B), i.e., the probability of disease (A), given that
the patient has a positive test (B).

We know that prevalence of disease (the unconditional probability of disease)
Is 1% or 0.01,; this is represented by P(A). Therefore, in a population of
10,000 there will be 100 diseased people and 9,900 non-diseased people.

We also know the sensitivity of the test is 99%, i.e., P(B | A) = 0.99; therefore,
among the 100 diseased people, 99 will test positive.

We also know that the specificity is also 99%, or that there is a 1% error rate in
non-diseased people. Therefore, among the 9,900 non-diseased people, 99
will have a positive test.

And from these numbers, it follows that the unconditional probability of a
positive test is 198/10,000 = 0.0198; this is P(B).

Thus, P(A | B) =(0.99 x 0.01) / 0.0198 = 0.50 = 50%.

From the table above, we can also see that given a positive test (subjects in the
Test + row), the probability of disease is 99/198 = 0.05 = 50%



i P(B|A)P(A)
PAAIB) = BrBIAYP(A) + P(Blnot A) Pluot )

0.99 x 0.001
P(AIB) = 0.99 x 0.001 + 0.001 x 0.999 )0,




Avtifeteg amowerg Yo tnv Magvliavn
Ocopia

X Ta ovunepacuorto e€optovTon Amo TNV EXLAOYT TNG a-Priorl KOTOVOUNG.
v H «lhooikny coumepacuatoroyio. ypnNoluonolel mione KATOEC TPOTYOVUEVES
YVOOELS OTTMG 1] KATAUOKELT] TOV KATAAANAOL LOVTELOL THUVOPAVELQGS.

K 2TNV KAOGIKT] GTOTIOTIKT], Ol EKTIUNTEG UEYIOTNG TOAVOPAVELNS TPOKVTTOLY (%\
TNV EMAOYT EKELVIG TNG TIUNG TTOV UeYIoTOTOLEL TNV TBavopdvela. Avtibeta, dcov
a@opd TNV Mmedllovr) GLUUTEPAGUATOAOYIO, YPNOLUOTOLEL Evav UEGO OPO TG
mavopaveloc. H aueiopfnimmon vy tmv OAn ocvumepacuatoroyia tov Bayes,
npokaleital e€aitiog Tov O0TL 0 UEcog Opo¢ avTdg otaduileTon pe faon tnv a-priori
KOTOvoun.

v TtV KAOOIKN OTATIOTIKY, €ivol miong apkeTd oOvnbec va divovTor d1opopeTIKd,
Bdépn o€ dLOPOPETIKA KOUUATIOL TANPOPOPLaG, OTMS YIVETAL Y10 TOPAOELY LD, TNV

K otaduicuEVN ToAvopounon. /

[Tétpog Ashhamoptog — [avayiwtg Towapvpting, Znueuwoelc podnuotog “Xratiotikn) kotd Bayes”, Otkovoko
[Tavemotuo Anvov, Tuqua Ztatietikng (2004)




I'oTl N KAOGIKT) GTOTIGTIKY
YPNOCLUOTOLELTUL TTEPLGGOTEPO GTNV TPACT;

Neyman-
Pearson-
Wald

1. Ease of use: Fisher's theory in particular is well se:t
up to yield answers on an easy and almost automatic :

2. Model building: Both Fisherian and NPW theory pay
more attention to the preinferential aspects of statistics.

3. Division of labor: The NPW school in particular al-
lows interesting parts of a complicated problem to be broken
off and solved separately. These partial solutions often make
use of aspects of the situation, for example, the sampling
plan, which do not seem to help the Bayesian.

4. Objectivity: The high ground of scientific objectivity
has been seized by the frequentists.

Efron B., Why Isn’t Everyone a Bayesian The American Statistician, 1986. 40(1).



ATOWYELS YL0. T PN OGT] TOV P-
value @¢ HETPo ekTiuNoNG NS
CTUTIOTIKNG GCNUOVTIKOTNTOS



P-value

p-value: gtvail 1 mBoavotnTa Vo ToPATPTCOVUE EVOL OTOTEAEGLOL TOGO 1) TEPIGGOTEPO
aKpaio OGO TO OMOTEAEGUA €VOC GLYKEKPLUEVOL OEIYUOTOG OEO0UEVOL OTL 1GYVEL M
uUnoevikn vwobeon

Muwkp6 p-value: ta amotedéopota amd to detypo dev lvan mbavd dedopévov g H,,
Xpnopomorovpe ¢ eninedo onuavtikdtntag a=0,05 (5%) (awbaipeto)

Av p-value < a, 10te amoppintovpe v Hy kot amodeyopacte v H.,.

Av p-value > a, 101e amotvyydvovue va amoppiyovue v H,

. . 0
10% 5% 1% 0.1%

M) 6TUTIGTIKA Acagiic TTOTI6TIKG  LTOTIOTIKG  ETaTi6TIKA Tdpa
GI|LaVTIKI) GIUAVTIKI] TOAD GI.  TOAD GCNNAVTIKI

-
"

L J




IpopAuata 1OV TPOKVTTOVY GTO TOV
opiopno tov p-value (1)

T T0 p-value dev £yet mANPOQOPIEC Y. TNV EVAARGKTIKY LTODEoT.
Ynoloyiletal Lovo vmd T Unoevikn vmobeon.

o Mo peydAn eniopacn WKPNG KAWVIKNG OOKIUNG 1| U0 [KPT] EMOPOOT
LEYAANC KAWVIKNG OOKIUNG Uopel va, odnynoovv oe ioto p-values.

% X210V voroyioud Tov P-values coppetéyovv kot ot mo “axpoiec’” TS ot
OTO1EC OUMC OEV £YOoVV TapaTnPnOELl.

% O1 Tipéc mov Bewpodvion mo “okpaiec” e€aptd®VTOL OO TO T EXEL
wpoyuotonon el to meipapLa.

% To p-values kabopiloviar amd VTOKEWEVIKA KPpLTHpLo. Tov gpgvvnti. T
TOPAOELYLO 1] ATTOPAGCT VO EQUPUOGOVUE LOVOTAEVPOVC 1) OUPITAELPOVC
OTATIOTIKOVG EAEYYOVG 00NYEL 0 TEAEIMG dLopopeTiKd P-Values.

Goodman, S.N. and R. Royall, Evidence and scientific research. Am J Public Health, 1988. 78(12): p. 1568-74.



Ipopinuoto Tov TPOKVATOVY UTTO TOV
oplono tov p-value (2)

Observed data

Figure 3. The bell-shaped curve represents the probability of every
possible outcome under the null hypothesis. Both « (the type | error
rate) and the P value are “tail areas” under this curve. The tail area for a is
set before the experiment, and a result can fall anywhere within it. The P
value tail area is known only after a result is observed, and, by definition, the
TESUIL W always Nle on the Dorder of that area.

Goodman, S.N. Toward Evidence-Based Medical Statistics. 1: The P Value Fallacy. Ann Intern Med.
1999;130:995-1004



R NUZZ0; SOURCE: T SELLKE ET AL AM. STAT. 55, 62-71 {2001}

PROBABLE CAUSE

A Pvalue measures whether an observed result can be attributed to chance. But it cannot answer a B Chance of real effect
researcher's real question: what are the odds that a hypathesis is correct? Those odds depend on how Chance of no real effect
strong the result was and, most impartantly, on how plausibile the hypaothesis is in the first place.

THE LONG SHOT THE TOSS-UP THE GOOD BET
19-to-1 odds against 1to-1 odds O-to-1 odds in favour

Before the experiment

The plausibility of the
hypothesis — the odds of I ¥~ 959 chance of - -

it being true — can be no real effect

estimated from previous Q 50% 20% X% 10%

experiments, conjecturad 5, chance

rnechanisms and other of real effect

expert knowledge. Three \ !
examples are shown here, \ \ \

| ]
L)

The measured Pvalue P=005 P=0.01 P=0.05 P=0.01 P=0.05 P=0.01
Avalue of 005 is
conventionally deemed
‘statistically significant’; a
value of 0.01 is considered 11% /
‘very significant’, chance of | / |

real effect { [

v

After the experiment ‘L v s

v v
A small Pvalue can make
a hypothesis more )\
o997, 1%

L Fa
plausible, but the
difference may not be 89% chanceof = 30% 0% 71% 29%  89% 11%  96% 4%

dramatic, no real effect



EvalloktikES mpooeyyloeis-IIniiko

IIBavopavewog (1)

@

&

O
§ X4

To mnAiko mBavoeavelog
ogv emmpedleTon and T
OlTIOL TEPULOTIGULOV ULOG
KAWIKNG OOKIUNG OVTE
amd Tov aploud TV
TOAATADV EAEYYWOV.

H egpunveia tov mnAikov
TOaVOPAVELOG OEV
e€optdTol oo 10
OYEOLOGLLO TNG LEAETNG T
10 u€yeboc Tov detypatog.

J

# Height under Hi = B
LR (o vs Hi) = A/B
Height under Ho= A

==

FIGURE 1—A Graphical Representation of the Calculation of the Likelihood
Ratio (LR) for Two Simple Hypotheses Given Experimental Data under a Single
Statistical Model

Even though these curves represent probability distributions, the likelihoods are
defined only at the observed data point, and this has arbitrary scale, hence the
¥y axis has no units. The one-sided p-value corresponding to these data wounld be
the proportion of the area under the H, curve to the right of the data point.
Different stopping rules can affect the shape of these curves and hence change that
area, but the ratio of heighis at the data point will remain the same.

Goodman, S.N. and R. Royall, Evidence and scientific research. Am J Public Health, 1988. 78(12): p. 1568-74.



Xx=4
p-value Support
ifor u=0 vs. u=10
}LR-R.iod
heights | p=27 0.75
(LR=2.1)
05, support=-1.6
p=12 1.5
{LR=4.3)
p=05, support=- 0.1
p=.03 3
(LR-20)
Average » .10
drup in BP
p=-05, suppor=4.3
FIGURE 2—P-Value and Likelihood Measures of Evidence Provided by the same Observed Difference
in Experiments of Three Different Sizes
The curves are the likelihood functions of the average fall in blood pressure from a drug given an observed
four-point average drop. The LR for any pair of hypotheses is the ratio of curve heights at those hypotheses
(it is calculated here for p = 0 vs p = 10). Positive support is evidence for no effect, a negative one is
evidence for a ten point effect. Support corresponding to the p = .05 point is also marked on each curve.
See text and Appendix for more details.

Goodman, S.N. and R. Royall, Evidence and scientific research. Am J Public Health, 1988. 78(12): p. 1568-74.




EvalloktikES mpooeyyloeis-IIniiko
IIBavopaverog (2)

0 units support
-1 unit support
-2 units support
-3 units support
-4 units support

No evidence for alternative vs null hypothesis
Weak evidence for the alternative vs null
Moderate evidence

Strong evidence

Extremely strong evidence

(LR=1)
(LR=1/2.7=0.37)
(LR=1/7.4=0.14)
(LR=1/20=0.05)
(LR=1/55=0.02)

Informal guide to interpretation of support of the null over the alternative hypothesis. The
range of negative units is displayed because this corresponds to the familiar situation when
we are measuring increasing statistical distance away from the null. Positive units of support
would indicate evidence for the null vs. the alternative hypothesis.

Goodman, S.N. and R. Royall, Evidence and scientific research. Am J Public Health, 1988. 78(12): p. 1568-74.



EvalloktikES mpooeyyloeis-To Osopnua
T0V Bayes

Final log odds = Initial log odds + Log Likelihood Ratio
(Final Beliefs)  (Initial Beliefs)  (Weight of Evidence, I:> Bayes Theorem

Support)
_— ) /E)ga VTOGTEL \
Prior odds of hypothesis being true Subjective o
(before seeing data) component KPNTIKN Kabwg
* OITTOLTELTAL VO
Bayes Factor Data - 0
i component — opwrsft po prior ’
("evidence’) mbavotnta n onola
Final {"posterior") odds of null hypothesis being true Probability of @VO&I DTEOKSUJSVLKT])
truth -

Figure 2. Bayes theorem, in words.

Goodman, S.N. and R. Royall, Evidence and scientific research. Am J Public Health, 1988. 78(12): p. 1568-74.
Goodman, S.N. Toward Evidence-Based Medical Statistics. 1: The P Value Fallacy. Ann Intern Med.

1999;130:995-1004



VALOYN ™M ETAOYY| OEQOUEVOV
OTATICTIKOV OVOAVGE®V UEXPL U
GTOTIGTIKO GTUOVTIKO OTOTE
va, YIiVOuv G UOVTIKA.

O

T civon To P-Hackin

Table 1. Tests for evidential value and p-hacking across disciplines, using p-values obtained from the Results section.

Discipline Number of p- Number of p- Binomial test for Number of p- Number of p- Binomial test
values between 0 values between evidential value values between values between forp-hacking
and 0.025 0.025 and 0.05 0.04 and 0.045 0.045 and 0.05

Agricultural and 375 125 <0.001 10 16 0.163

veterinary sciences

Biological sciences 11,074 3,562 <0.001 350 423 0.005

Chemical sciences 380 110 <0.001 14 17 0.360

Earth sciences 76 25 <0.001 0 4 0.063

Education 280 101 <0.001 9 8 0.685

Engineering 471 183 <0.001 16 12 0.828

Environmental 657 190 <0.001 10 19 0.068

sciences

Information and 790 266 <0.001 20 30 0.101

computing sciences

Mathematical 72 22 <0.001 3 0 1.000

sciences

Medical and health 45,460 16,537 <0.001 1,477 1,785 <0.001

sciences

Multidisciplinary 21,209 6,793 <0.001 638 750 0.001

Psychology and 1,355 487 <0.001 29 50 0.012

cognitive sciences

Studies in human 139 45 <0.001 8 3 0.967

society

Technology 94 37 <0.001 3 3 0.656

Number of p-values in each bin is the mean number based on 1,000 bootstraps of one p-value per Results section, rounded to the nearest whole number.
Disciplines (n = 8) for which we found fewer than 50 p-values below 0.05 in the Results section were excluded.

Head ML, Holman L, Lanfear R, Kahn AT, Jennions MD (2015) The Extent and Consequences of P-Hacking
in Science. PLoS Biol 13(3): €1002106
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Table 2. Tests for evidential value and p-hacking across disciplines, using p-values obtained from the Abstract.

Discipline Number of p- Number of p- Binomial test for MNumber of p- Number of p- Binomial test
values between 0  values between evidential value  values between values between for p-hacking
and 0.025 0.025 and 0.05 0.04 and 0.045 0.045 and 0.05

Agricultural and 96 35 <0.001 3 2 0.813

veterinary sciences

Biological sciences 1,787 632 <0.001 54 66 0.158

Chemical sciences 76 31 <0.001 3 4 0.500

Education 88 22 =0.001 2 0 1.000

Engineering 121 52 <0.001 2 1 0.875

Environmental 42 15 =0.001 2 2 0.688

sciences

Information and 251 105 <0.001 5 15 0.021

computing sciences

Medical and health 18,428 6,692 <0.001 633 692 0.056

sciences

Multidisciplinary 5,056 1,621 <0.001 123 174 0.002

Psychology and 98 37 <0.001 1 5 0.109

cognitive sciences

Number of p-values in each bin is the mean number based on 1,000 bootstraps of one p-value per Abstract, rounded to the nearest whole number.
Disciplines (n = 12) for which we found fewer than 50 p-values below 0.05 in the Abstract were excluded.

Head ML, Holman L, Lanfear R, Kahn AT, Jennions MD (2015) The Extent and Consequences of P-Hacking
in Science. PLoS Biol 13(3): €1002106
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A) Results section B) Abstract
Biological sciences K> | O |
Chemical sciences | <> | I > |
Engineering | O | | & |
Information and
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computing sciences

Medical and | |
health sciences ® ©®

Multidisciplinary o | > I

Psychology and l et |
|—<>—| | V' 1

cognitive sciences

0.25 0.5 0.75 1 0 0.25 05 0.75 1
Proportion of p values in upper bin + 95% Cls

Fig 3. Evidence for p-hacking across scientific disciplines. A) Evidence for p-hacking from p-values obtained from Results sections. B) Evidence for p-
hacking from p-values cbtained from Abstracts. The strength of p-hacking is presented as the proportion of p-values in the upperbin (0.045 < p < 0.05) with
one-tailed 95% confidence intervals (calculated following Clopper and Pearson [47] using the binom. test function in R). Only disciplines where text-mining of
the Results sections retured more than 25 p-values between 0.04 and 0.05 are presented. Marker colour is shaded according to the sample size: with white
indicating low samples sizes and red indicating larger sample sizes.

Head ML, Holman L, Lanfear R, Kahn AT, Jennions MD (2015) The Extent and Consequences of P-Hacking
in Science. PLoS Biol 13(3): €1002106



['oTl To TEPLOGOTEPH EVPNUUTA
ONUOGLEVUEVOV REAETOV ELVUL AGO0GS;

% The smaller the studies conducted in a scientific field, the less likely the
research findings are to be true.

¢ The smaller the effect sizes in a scientific field, the less likely the research
findings are to be true.

¢ The greater the number and the lesser the selection of tested relationships
In a scientific field, the less likely the research findings are to be true.

% The greater the flexibility in designs, definitions, outcomes, and analytical
modes in a scientific field, the less likely the research findings are to be
true.

¢ The greater the financial and other interests and prejudices in a scientific
field, the less likely the research findings are to be true.

¢ The hotter a scientific field (with more scientific teams involved), the less
likely the research findings are to be true.

loannidis, J.P., Why most published research findings are false. PLoS Med, 2005. 2(8): p. e124.



ALEPEVLVNON TOV YEVOMS OETIKOV
EVPNUATOV ONULOGLEVUEVOV pnereTOV (10)

1000 Hypotheses Tested

N
1% of Tested Hypotheses True

10 True 990 False
v
=80% Called a=5% Called
Significant Significant
v +
8 Significant 50 Significant

TS

50/(8 +50) = 86%
of Significant Results are False Positives

Fig. 1. The theoretical argument suggests that most published research is false. If the probability a research hypoth-
esis is true is low, then most tested hypotheses will be false. The definition of P-values and customary significance
cutoffs mean that (« - 100)% of false-positive hypotheses and (8 - 100)% of true-positive hypotheses will be called
significant. If only 1% of tested hypotheses are true and the customary values of @ = 0.05 and § = 0.8 are used, then
86% of reported significant results will be false positives. This final percent of published results corresponding to
false positives is the quantity that we estimate. A version of this figure appeared on the blog Marginal Revolution and
is reproduced with permission (Tabarrok, 1989).

Jager, L.R. and J.T. Leek, An estimate of the science-wise false discovery rate and application to the top
medical literature. Biostatistics, 2014. 15(1): p. 1-12.
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Figure 1. PPV (Probability That a Research
Finding Is True) as a Function of the Pre-Study
Odds for Various Levels of Bias, u

Panels correspond to power of 0.20,0.50,
and 0.80.
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Figure 2. PPV (Probability That a Research
Finding Is True) as a Function of the Pre-Study
Odds for Various Numbers of Conducted
Studies, n

Panels correspond to power of 0.20,0.50,
and 0.80.

loannidis, J.P., Why most published research findings are false. PLoS Med, 2005. 2(8): p. e124.




ALEPELVNION TOV YEVLOMS OETIKMV
SVPNUATOV ONULOGLEVUEVOV HeEAETOV (1)

odnyet og AaBo¢ cvunepdcuota 6to 30% TV TEPINTOGEWV.
% Eav ta mepduoto Eyovv younAn 1oyd  odnyodpoote o AdBog
GUUTEPAGLOTO TIC TEPIGGOTEPEC POPEG.

sensitivity = 0.8
80% detected

- (80 true pos tests)
1% =100 / P
people |
prevalence = 0.01 }c]g:i?lition !\ 20% not detected
Etm——

(20 false neg tests)

10000 people specificity = 0.95
tested :

___________ 95% give test neg
9% = | =90405 true neg
9900 do / tests

not have |

condition ."—\\_\ 5% pos tests

=495 false positives

Figure 1. Tree diagram to illustrate the false discovery rate in screening tests. This example is for a prevalence of 1%, specificity 95% and
sensitivity 80%. Out of 10 000 people screened, 495 + 80 = 575 give positive tests. Of these, 495 are false positives so the false discovery

rate is 86%.

Colquhoun D. 2014 An investigation of the false discovery rate and the misinterpretation of p-values. R.
Soc. open sci. 1: 140216.



ALEPEDYN O TOV YEVOMS OETIKOV
SUPNUATOV ONULOGLEVUEVOV UEAETOV (2)

power=0.8 | 80% test positive

(80 true pos tests)
real effect /

in 10% =
100 tests \\ 20% test negative
P(real)=0.1 (20 false neg tests)
1000 tests
\ L . 05% give negative
sig’level =0.05 ‘
c = 8535 true neg tests
no effect /
in 90% =

900 tests 3% pos tests
=435 false positives

Figure 2. Tree diagram to illustrate the false discovery rate in significance tests. This example considers 1000 tests, in which the prevalence
of real effects is 10%. The lower limb shows that with the conventional significance level, p = 0.05, there will be 45 false positives.
The upper limb shows that there will be 80 true positive tests. The false discovery rate is therefore 45/(45 + 80) = 36%, far bigger
than 5%.

Colquhoun D. 2014 An investigation of the false discovery rate and the misinterpretation of p-values. R.
Soc. open sci. 1: 140216.



ALEPEDYN O TOV YEVOMS OETIKOV
SUPNUATOV ONULOGLEVUEVOV HEAETOV (3)

(a) (b)
20000 A 50007 T H B 1 S
| L 4000 1
15000 A
=
% 3000 1
= 10000 1
E | ] 2000 1
5000 A
1000 A
T T T T T T 1 I T I T I ]
-1.5 -10 .05 0 05 1.0 15 0 0.2 0.4 0.6 0.8 1.0
value of difference between means value of p

Figure 3. Results of 100 000 simulated t-tests, when the null hypothesis is true. The test looks at the difference between the means of
two groups of observations which have identical true means, and a standard deviation of 1. (@) The distribution of the 100 000 ‘observed’
differences between means (it is centred on zero and has a standard deviation of 0.354). (b) The distribution of the 100 000 p-values. As
expected, 5% of the tests give (false) positives (p < 0.05), but the distribution is flat (uniform).

Colquhoun D. 2014 An investigation of the false discovery rate and the misinterpretation of p-values. R.
Soc. open sci. 1: 140216.



ALEPEVVNON TOV YEVOMS OETIKOV
SUPNUATOV ONULOGLEVUEVOV HEAETOV (4)

(a) (b)
0.4 -
1.5 (\ f\
> 0.3 -
% 1.0
=)
2 02
.'F-:
s’
e 0.5
= 0.14 \
ol N j A
T T T T T T T T ] T
—4 -2 0 2 4 — -2 0 2 4
distributions of observations distributions of means of 16 observations

Figure 4. The case where the null hypothesis is not true. Simulated t-tests are based on samples from the postulated true distributions
shown: blue, control group; red, treatment group. The observations are supposed to be normally distributed with means that differ by

1s.d., as shown in (a). The distributions of the means of 16 observations are shown in (b).

Colquhoun D. 2014 An investigation of the false discovery rate and the misinterpretation of p-values. R.
Soc. open sci. 1: 140216.



ALEPEDYN O TOV YEVOMS OETIKOV
SUPNUATOV ONULOGLEVUEVOV HEAETOV (5)

(a) (b)
15000 1 | M GO
o
(=
L
= 10000+ 40000 1
5000 20000 -
(04 —1_17 _l_‘— 0 —L—|_V—|‘
05 0 05 10 15 20 25 0 02 04 06 08 10
value of difference between means value of p

Figure 5. Results of 100 000 simulated t-tests in the case where the null hypothesis is not true, but as shown in figure 4. (a) The
distribution of the 100 000 ‘observed’ values for the differences between means of 16 observations. It has a mean of 1, and a standard
deviation of 0.354. (b) The distribution of the 100 000 p-values: 78% of them are equal to or less than 0.05 (as expected from the power
of the tests).

Colquhoun D. 2014 An investigation of the false discovery rate and the misinterpretation of p-values. R.
Soc. open sci. 1: 140216.



ALEPEDYN O TOV YEVOMS OETIKOV
SUPNUATOV ONULOGLEVUEVOV HEAETOV (6)
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Figure 6. Distribution of 100 000 p-values from tests like those in figure 5, but with only four observations in each group, rather than 16.
The calculated power of the tests is only 0.22 in this case, and it is found, as expected, that 22% are p < 0.05.

Colquhoun D. 2014 An investigation of the false discovery rate and the misinterpretation of p-values. R.
Soc. open sci. 1: 140216.



ALEPELVNION TOV YEVLOMS OETIKMV
EVPNUATOV ONULOGLEVUEVOV NEAETOV (7)
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power

Figure 7. The average difference between means for all tests that came out with p < 0.05. Each point was found from 100 000 simulated
t-tests, with data as in figure 4. The power of the tests was varied by changing the number, n, of ‘observations’ that were averaged for each
mean. This varied from n = 3 (power = 0.157) for the leftmost point, to n = 50 (power=0.9986) for the rightmost point. Intermediate
points were calculated withn = 4, 5, 6, 8,10, 12, 14, 16 and 20.

Colquhoun D. 2014 An investigation of the false discovery rate and the misinterpretation of p-values. R.
Soc. open sci. 1: 140216.



ALEPELVNION TOV YEVLOMS OETIKMV
SVPNUATOV ONULOGLEVUEVOV UEAETOV (8)

What can be done:

*»*Note that all statistical tests of significance assume that the treatments have been
allocated at random. This means that application of significance tests to observational
data, e.g. epidemiological surveys of diet and health, is not valid.

“*Never, ever, use the word ‘significant’ in a paper.

If you do a significance test, just state the p-value and give the effect size and
confidence intervals.

**Observation of a p~0.05 means nothing more than ‘worth another look’.

Do some rough calculations of the sample size that might be needed to show a
worthwhile effect.

If you want to avoid making a fool of yourself very often, do not regard anything
greater than p<0.001 as a demonstration that you have discovered something.

Colquhoun D. 2014 An investigation of the false discovery rate and the misinterpretation of p-values. R.
Soc. open sci. 1: 140216.



ALEPELVNION TOV YEVLOMS OETIKMV
SVPNUATOV ONULOGLEVUEVOV HEAETOV (9)

** Yi00etnOnkav pébodotl extipnong amd 10 YO®PO NG YOVIOI®UATIKNG Yl
TOV VTOAOYIGUO TOV TTOGOGTOV TV YELOWV OETIK®OV €upnuUdTOV GTNV
OTPIKT EPELVOAL.

% Amo éva ocvvoro 77,430 dnuUOCIELUEVOV HEAETOV oTo TePLodika The
Lancet, The Journal of the American Medical Association, The New
England Journal of Medicine, The British Medical Journal, and The
American Journal of Epidemiology oand 1o 2000-2010 éywve katoypaen
5322 p-values.

% Tov m060016 TV YeLd®V BeTik®V evpnudtev NTav 14% (s.d. 1%) katt
OV £PYETOL GE AVTIOESN LE TPONYOVUEVES EKTIUNGELC (loannidis, J.P., Why most
published research findings are false. PLoS Med, 2005. 2(8): p. e124.).

» Emninleov, Ppébnke Ot1 dev vmépyel oNUOVTIKY] OOENCT TOV YELOMS
DeTIKOV ELPNUATOV LLE TO TEPAUGLLO TOV YPOVOV.

Jager, L.R. and J.T. Leek, An estimate of the science-wise false discovery rate and application to the top
medical literature. Biostatistics, 2014. 15(1): p. 1-12.



ALEPEVLVNON TOV YEVOMS OETIKOV
EVPNUATOV ONULOGLEVUEVOV pnereTOV (10)

1000 Hypotheses Tested

N
1% of Tested Hypotheses True

10 True 990 False
v
=80% Called a=5% Called
Significant Significant
v +
8 Significant 50 Significant

TS

50/(8 +50) = 86%
of Significant Results are False Positives

Fig. 1. The theoretical argument suggests that most published research is false. If the probability a research hypoth-
esis is true is low, then most tested hypotheses will be false. The definition of P-values and customary significance
cutoffs mean that (« - 100)% of false-positive hypotheses and (8 - 100)% of true-positive hypotheses will be called
significant. If only 1% of tested hypotheses are true and the customary values of @ = 0.05 and § = 0.8 are used, then
86% of reported significant results will be false positives. This final percent of published results corresponding to
false positives is the quantity that we estimate. A version of this figure appeared on the blog Marginal Revolution and
is reproduced with permission (Tabarrok, 1989).

Jager, L.R. and J.T. Leek, An estimate of the science-wise false discovery rate and application to the top
medical literature. Biostatistics, 2014. 15(1): p. 1-12.



ALEPEVLVNON TOV YEVOMS OETIKOV
EVPNUATOV ONULOGLEVUEVOV pnereTOV (11)

Jager, L.R. and J.T. Leek, An estimate of the science-wise false
discovery rate and application to the top medical literature.

Biostatistics, 2014. 15(1): p. 1-12.
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Fig. 2. Major medical journal submissions are increasing over time. A plot of the number of submissions to the major
medical journals The Lancet, The Journal of the American Medical Association (JAMA), The New England Journal
of Medicine (NEJM), The British Medical Journal (BMJ) and the flagship epidemiological journal The American
Journal of Epidemiology (AJE) between the years 2000 and 2010. Submission data are available only for the years
20062010 for The Lancet and the years 2003-2010 for The BMJ.
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Fig. 3. Histogram of F-values = 0.05. The observed P-wvalue distributions for all # < 0,05 scraped from Pubbed for
AJE T4 AMA, NEIM, BAY, and The Lancet in the years 2000, 2005, and 200 0.



ALEPEVLVNON TOV YEVOMS OETIKOV
SUPNUATOV ONUIOGLEVUEVOYV peEreTOV (12)
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Fig. 4. Estimated false discovery rates for the years 2000-2010 by journal. The estimated false discovery rates for
AJE, JAMA, NEJM, BMJ, and The Lancet in the years 2000, 2005, and 2010. There is no significant trend in false
discovery rates over time or with increasing numbers of submissions.

Jager, L.R. and J.T. Leek, An estimate of the science-wise false discovery rate and application to the top
medical literature. Biostatistics, 2014. 15(1): p. 1-12.
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TABLE 1. Selected Evaluations Suggesting That Early Discovered Effects Are Inflated

Research Field

Theoretical Work or Empirical Evidence and References

Highly cited clinical research

Early stopped clinical trials

Clinical trials of mental health interventions
Clinical trials on heart failure interventions
Clinical trials on diverse interventions
Multiple meta-analyses on effectiveness
Epidemiologic associations

Pharmacoepidemiology

Gene-disease associations

Linkage studies in humans

Genetic traits in experimental crosses
Genome-wide associations

Ecology and evolution

Psychology

Early repeated data peaking in general
Prognostic models

Regression models in general

A quarter of most-cited clinical trials and 5/6 most-cited epidemiological studies were either fully
contradicted or found to have exaggerated results’

Early stopping results in inflated effects in theory™* and shown also in practice”
More likely for effect sizes of pharmacotherapies to diminish than to increase over time®

“Regression to the truth” in phase III trials for interventions with early promising results’

Effectiveness shown to fade over time®

Eleven independent meta-analyses on acetylcysteine show decreasing effects over time”

Expected to be inflated in multiple testing with significance threshold; empirical demonstration for
occupational carcinogens'®

“Phantom ship™ associations that do not stand upon further evaluation'"

Several empirical evaluations showing dissipation of effect sizes over time'> -

Theory anticipates large upward bias (“winner’s curse”™) in effects of discovered loci'®'®
As above (actually literature on the “Beavis effect” precedes literature on humans)'®**

Large winner's curse anticipated for discovered effects in underpowered conditions™**

Empirical demonstration that relationships fade over time*-®

Replication studies in psychology failing to confirm true effects because the new studies were
underpowered due to reliance on the estimate of effect from the original positive study™’

Simulations to model inflation of effects with repeated data peaking™”

Overestimated prognostic performance with stepwise selection of variables based on significance
thresholds™ 2

Exaggerated effects (coefficients) with stepwise selection based on significance thresholds and small
datasets®®**; may correct substantially if a very lenient alpha = 0.20 is used for selection™ [thus
having enough power]

loannidis, J.P., Why most discovered true associations are inflated. Epidemiology, 2008. 19(5): p. 640-8.
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Selection Thresholds
[ Inflated Effect Sizes N o
Suboptimal Power
L J

TABLE 2. Simulations for Effect Sizes Passing the Threshold
of Formal Statistical Significance (P = 0.05)

Observed OR in Significant

Associations

True Control Group Sample n Median Fold
OR Rate (") Per Group  Median (IQR) Inflation
1.10 30 1000 1.23(1.23-1.29) 1.11

1.10 30 250 1.51 (1.49-1.55) 1.37
1.25 30 1000 1.29 (1.26-1.39) 1.03
1.25 30 250 1.60 (1.50-1.67) 1.28

1.25 30 50 2.73 (2.60-3.16) 2.18

IQR mdicates interquartile range.

loannidis, J.P., Why most discovered true associations are inflated. Epidemiology, 2008. 19(5): p. 640-8.
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( )
Flexible Analyses
[ Inflated Effect Sizes h g
( )
Selective Reporting
| \ J
ANEDDD— ! 9
ADEODH — : &
AREODZ ‘i_H FIGURE 1. Vibration of an effect size: the odds ratio with 95%
: confidence interval is obtained for a simulated study, with or
i ADEADO— : & without adjustment (AD indicates no adjustment; Al, adjust-
- : ment for one randomly generated variable; A2, adjustment for
2 ADE200 : ® another randomly generated variable), application of various
3 | eligibility criteria (EQ indicates all participants included; E1,
A1EODO— : & excluding 6% of the participants according to high values on
i a random variable; E2, excluding 10% of the participants
AZEODO— E 9 according to high values on a random variable) and arbitration
E of 2% of the data on the exposure based on knowledge of
AIE201 — ' ® outcome (DO indicates no arbitration; D1, 2% of the exposure
i data [5 observations]| changed to be consistent with the direc-
AZE1DZ — _.'_.— tion of the association; D2, 2% of the exposure data [5
i observations| changed to be against the direction of the pos-
: i | | | | | tulated association).
0 1 2 3 4 5 6

Odds ratio (95% confidence interval)

loannidis, J.P., Why most discovered true associations are inflated. Epidemiology, 2008. 19(5): p. 640-8.



EmMAEKTIKI] TOPOVOLOGT] UTOTEAEGUATOV

* AforoynOnkoav 389 emidnuoroyikéc UEAETEC Ol OmMOieC OVEPEPAY OTNV
TEPIANYT TOVG TOLAAYLOTOV EVOL UETPO GYETIKOV KIVOUVOL Yol KATOLOV
cLVEYN TOPAYOoVTa.

% Xe 342 uerétec (87.9%) éva M meplocOTEPH. GTUTIOTIKA OCNUAVTIKA
OMOTEAEGLLOTO OVAPEPOVTAV GTNV TEPIANYT eved UOMC o€ 169 peAéteg
TOPOVGLALOTAV KATOLO LT CTUAVTIKO OTOTEAEGLAL.

 Avaueoca og 50 tuyoio emAEyYUEVEG UEAETEG OOV EEETAGTNKE TO TANPES
KEIUEVO, N OAUECOC TOV GTATIOTIKA CT|LAVTIKAOV GYETIKOV KIVOOVOV NTOV
9 (IQR=5-16) ka1 6 Twv un onuavtikov (IQR=3-16) (p= 0.25).

< TloapanpnOnke emAekTIKn TOPOLGINCT] TOV OTOTEAEGUATOV UETAED TMOV
T oKPOiOV OUAdMV GTIC TEPWTTMOGEIC OOV O GYETIKOC Kivouvog MrTav
EYYEVOC LELOWUEVOG.

Kavvoura, F.K., G. Liberopoulos, and J.P. loannidis, Selection in reported epidemiological risks: an empirical
assessment. PLoS Med, 2007. 4(3): p. e79.



Table 1. Characteristics of Analyzed Studies

Characteristic Journal or Category Articles

(n [%])

Mast frequent journals Cancer Epidemiology, Biomarkers, 29 (7.5)
and Prevention

American Journal of Clinical Nutrition 23 (59)

American Journal of Epidemiology 21 (54)

International Journal of Cancer. Journal 17 (4.4)
International du Cancer

Diabetes Care 18 (4.1)
Journal of the National Cancer [nstitute 12 (3.1)
Archives of Internal Medicine 12 (3.1)
Stroke 12 (3.1)
Circulation 10 (2.8)
Neurology 9 (2.3)
Impact factor > 7 90 (23.1)
US affiliation 199 (51.2)
Maore than one publication 152 (39.1)
from same cohort®
Structured abstract 268 (BE.9)
Design and metric Case-control, OR 72 (185)
Orther, OR 82 (21.1)
Cohort, other than OR 235 (p0.4)
Any significant relative risk 342 (87.9)
Any nonsignificant relative risk 169 (43.4)
First presented percentile Median 11 [2.8)
contrasts”
Extreme tertiles 75 (19.3)
Extreme quartiles 167 (42.9)
Extreme quintiles 110 (28.3)
Extremne tertile versus other 7 (1.8)
Extrerne quartile versus other 16 (4.1)
Extrerne quintile versus other 3 (0.8)

Kavvoura, F.K., G. Liberopoulos, and J.P. loannidis, Selection in reported epidemiological risks: an empirical
assessment. PLoS Med, 2007. 4(3): p. e79.



Table 3. Logistic Regressions for Presence of Significant Relative Risks and Nonsignificant Relative Risks

Variable Group Presence of Statistically Significant Presence of Statistically Nonsignificant
Relative Risks in the Abstract Relative Risks in the Abstract
n/N (%) Univariate Multivariate n/N (%) Univariate Multivariate
OR (95% Cl) OR (95% ClI) OR (95% Cl) OR (95% Cl)
Impact factor =7 83/90 (92.2) 183 (0.79-4.24) Mot selected 38/90 42.5) 0.94 (058-151) Mot selected
=7 259/209 (86.6) Reference Not selected 131/299 [43.8) Reference Not selected
Country United States 167/199 (83.9) 045 (0.26-0.86) 041 (0.20-0.86) 107/199 (53.8) 240 [159-363) 310 [184-524)
Other 175190 (92.1) Reference Reference 82/150 (32.6) Reference Reference
Cohort with more than one article Yes 126/152 (82.9) 047 (0.26-087) Not selected B6/152 (50.0) 242 159-367) Not selected
No 218/237 (91.1) Reference Not selected 83/237 (35.0) Reference Not selected
Design and metric Cohort, not OR 204/235 (B6.8) Reference Not selected 109/235 [46.4) Reference Not selected
Case-control, OR 60/72 (83.3) 072 [0.36-145) Not selected 3772 151.4) 1.22 [0.72-207) Mot selected
Other, OR 78/82 (95.1) 2594 (1.01-8.58) Not selected 23/82 (28.0) 0.45 (0.26-0.78) Not selected
Structured abstract Yes 245/208 (92.9) 408 (217-766) 225 (1.06-4.80) 8/268 (36.6) 0.41 (0.26-063) Not selected
Mo 93121 (7e.9) Reference Reference 1121 58.7) Reference Not selected
Tested risk factor® Dietary 103122 (84.4) Reference Mot selected 71/122 (58.2) Reference Reference
Towic exposures 10/12 (83.3) 0.92 (0.19-4.55) Not selected 8112 (66.7) 1.44 (041-503) 203 (051-B.10)
Biological markers 1341154 (B7.0) 1.24 (063-244) Not selected 85/154 142.2) 0.53 (0.32-0.85) (.78 (044-141)
Psychosocial 28/31 (90.3) 172 (0.48-6.24) Not selected 931 (29.0) 0.29 (0.13-069) 051 [0.34-2.40)
Physical activity 8/8 (100.0) Undefined Mot selected 4/8 (50.0) 0.72 [017-3.01) 173 (032-951)
Body compaosition 24/35 (96.0) 443 (057-34.7) Mot selected 7/25 [4.1) 0.28 (0.11-0.72) 031 (0.00-1.06)
Other 35/37 (94.6) 3.23 (0.72-1456) Mot selected 5/37 13.5) 0.11 [0.04-031) 0.12 (0.03-045)
Tested outcome® Mortality 40/45 (8B.9) 035 (0.10-1.21) 038 (0.10-1.47) 12/45 (26.7) 0.87 (0.41-1.86) 141 [059-369)
Nor-mortality Malignancies 79/109 (72.5) 012 (0.05-029) 019 {0.07-0.51) 83/109 (76.1) 7.68 [435-1356) 816 (417-159)
Vascular 86/92 (93.5) 063 (0.20-201) 0.56 [0.16-1.94) 32/92 (34.8) 1.28 (0.73-2.25) 232 (1.16-466)
Other 137/143 [95.8) Reference Reference 421143 (29.4) Reference Reference
SE of InRR (per 1) 466 (047-46.8) Not selected 0.54 (0.14-2.07) Not selected

n =389 studies.

OR, odds ratio; SE standard error; InRR, natural logarithm of relative risk.
*For the first presented relative sk in the abstract.

dot10.1371 fiournal omed 00400791003

Kavvoura, F.K., G. Liberopoulos, and J.P. loannidis, Selection in reported epidemiological risks: an empirical

assessment. PLoS Med, 2007. 4(3): p. e79.
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Figure 2. Box Plots for Relative Risks for Different Contrasts of the Values of the Postulated Risk Factor

All relative risks have been coined to be >=1.00 for consistency.
doi:10.1371/journal pmed.0040079.g002

Kavvoura, F.K., G. Liberopoulos, and J.P. loannidis, Selection in reported epidemiological risks: an empirical
assessment. PLoS Med, 2007. 4(3): p. e79.



Legarithm of odds ratio

Logarithm of total sample size

FIGURE 2. Relationship between total sample size and the
effect size (odds ratio) for 256 Cochrane meta-analyses with
formally statistically significant results (P < 0.05 according to
random effects calculations) and at least 4 included studies.
Both axes are in log10 scale. Also shown is a fit LOESS line. All
odds ratios have been coined to be >1.00 for consistency. The
median effect size for the 40 meta-analyses with at least
10,000 subjects is 1.53. Not shown are 5 outliers with extreme
sample size or effect size.

loannidis, J.P., Why most discovered true associations are inflated. Epidemiology, 2008. 19(5): p. 640-8.
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TABLE 3. Avoiding Being Misled on Effect Sizes of True
Associations in Early Discovery

Be cautious about effect sizes (and even about the mere presence of any
effect in new discoveries)

Consider rational down-adjustment of effect sizes

Consider analytical methods that correct for anticipated inflation

Ignore effect sizes arising from discovery research

Conduct large studies in discovery phase

Use strict protocols for analyses

Adopt complete and transparent reporting of all results

Use methodologically rigorous, unbiased replication (potentially ad infinitum)
Be fair with interpretation

TABLE 4. Tw

o Stances in Hunting Associations

Aggressive Discoverer

Reflective Replicator

What matters is ...

Databases are ...

A good

epidemiologist ...
One should report ...

Publication mode

After reporting ...

Discovery
Private goldmines not to
be shared

Can think of more
exploratory analyses

What is interesting

Publish each association
as a separate paper

Push your findings forward

Replication
Public commaodity

Iz robust about design
and analysis plan

Everything

Publish everything as
single paper

Be critical/cautious

loannidis, J.P., Why most discovered true associations are inflated. Epidemiology, 2008. 19(5): p. 640-8.
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Box 1. Some Research Practices that May Help Increase the
Proportion of True Research Findings

e Large-scale collaborative research
e Adoption of replication culture

Registration (of studies, protocols, analysis codes, datasets, raw data, and
results)

Sharing (of data, protocols, materials, software, and other tools)
Reproducibility practices

Containment of conflicted sponsors and authors

More appropriate statistical methods

Standardization of definitions and analyses

More stringent thresholds for claiming discoveries or “successes”
Improvement of study design standards

Improvements in peer review, reporting, and dissemination of research
Better training of scientific workforce in methods and statistical literacy

loannidis, J.P., How to make more published research true. PLoS Med, 2014. 11(10): p. e1001747.
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Table 1. Some major stakeholders in science and their extent of interest in research and its results from various perspectives;
typical patterns are presented (exceptions do occur).

Extent of interest in research results

Publishable Fundable Translatable Profitable

Scientists e e +

Industry — sales and marketing

IR

Industry -R & D e
Private investors, including hedge funds ++
Public funders — open (e.g. NIH, NSF) s
Public funders — closed (e.g. military)

i

Not-for-profit funders/philanthropists

+

Joumal editors

Professional and scientific societies

+H
e
For-profit publishers - e
+
Universities +
+H

Not-for-profit research institutions

A

Supporting non-scientific staff
Hospitals and other professional facilities offering services related to science +

Other financial entities that are affected by these services (eg. insurance)

R

Governments and state/federal authorities

Consumers of products and services e

doi:10.1371/joumnal.pmed.1 0017471001

loannidis, J.P., How to make more published research true. PLoS Med, 2014. 11(10): p. e1001747.



IIpotaocelg Yo tnv opO1 ektiunon
cVoYETIGEOV (4)

Table 2. An illustration of different exchange rates for various currencies and wealth items in research.
Different examples of reward systems
Current Change 1 Change 2

CURRENCIES
Publication (per unit) Win 1 Mo value No value

Replicated publication (per unit) Win 1 Win 2 Win 2

Successfully translated publication (per unit) Win 1 Win 5 Win 5

Refuted publication (per unit) Win 1 Lose 1 Lose 1
Sharing data, protocols, analysis codes (per unit) Mo value Win 2 Win 2
Contribution to peer-review (per unit) Mo value Win 2 Win 2
Contribution to education/training (per unit) Mo value Win 1 Win 1
Grant funding (per one RO1) Win 5 Win 5 Lose 5
OTHER WEALTH ITEMS
Assistant professor, title in good university Win 3 Win 3 Mo value
Associate professor, title in good university Win 10 Win 10 No value
Tenured professor, title in good university Win 20 Win 20 Mo value
Team leader/director

Per 1 doctoral student/post-doc Win 2 Win 2 Lose 2
Administrative power, networking, lobbying Win up to 200 No value Lose up to 200
doi:10.1371/joumal.pmed.1001747 1002

loannidis, J.P., How to make more published research true. PLoS Med, 2014. 11(10): p. e1001747.
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Meta-avaivon
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%

H peto-avaivon umopei yevik®dg vo OPIGTEL (G 1) TOGOTIKN OLVOGKOTNON
Kol GOVOEST TOV AMOTEAEGUATOV GYETICOUEVOV OAAQ KOl aveCApTNTOV
LEAETOV.

H pebodoroyio tomobeteiton ypovoroyikd oty emoyn tov Fisher.

Xav 6poc gppaviotnke yio tpmtn eopa otnv Youyoroyia (Glass, 1976).
2TV amAOVGTEPT] LOPPT] TPOKELTUL Yol €VO. GTOOUIOUEVO UEGO OPO TMV
EKTIUNCEDV TOV OTOTEAECUATOV TOV EMUEPOVS LEAETAOV.

I:=1og01q=1og(@], SI=\/l+l+l+l
By )

A.
A . WY, . 1
OmLE = Z’z.l with W, = — .
Z{t_l W, 52 EMOPACEWV.

AvEAvEL TN OTATIO!

Glass GV. Primary, secondary, and meta-analysis of research. Educational Researcher, 1976; 5:

3-8
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[Tl 0AEC O HETU-OVUAVGELS OEV
001 YOVV 6TO Lo atoTeELEopata; (1)

Example: corticosteroids for acute Dbacterial =

meningitis

0.
%

0.
%

K/
2 X4

K/
L X4

1994: no question about benefits, but beware of
harms;

1997: definite benefit only for some bacteria, limit
to 2 days to avoid harm,;

2003: definite benefit only for children, no
increase in harm;

2003 correction: actually benefit is seen also in
adults;

2007: benefit in high-income countries, but not in
low-income countries;

2009: clear benefit, give it to all, this is it;

2010: no benefit at all.

1. steroids are \
modestly beneficial,
2. steroids are
modestly harmful,

3. steroids are both
modestly beneficial

\and modestly 4

loannidis, J.P., Meta-research: The art of getting it wrong. Res. Syn. Meth. 2010, 1 169-184
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001 YOVV GTO LOL0 OTTOTEAEGUUTO; (2)

Table 1. Some reasons for discrepant meta-analyses on the same topic.

e Different study questions

¢ Different data sources

e Different search strategies

¢ Different timing (evolution/accumulation of evidence)

e Different inclusion/exclusion criteria for study designs

¢ Different inclusion/exclusion criteria for outcomes

e Different inclusion/exclusion criteria for eligible populations

¢ Different inclusion/exclusion criteria for settings, co-interventions, other features

e Errors in the primary data

e Errors in the data extraction

¢ Different disambiguation and arbitration processes in study selection and data cleaning.

¢ Differential retrieval of unpublished data

¢ Different definitions of outcomes

e Differential criteria for performing quantitative synthesis

e Different models of statistical analysis

¢ Differential use of subgroup analyses, meta-regressions, and other exploratory analyses

¢ Differential selective reporting of meta-analysis results

e Differential use and interpretation of heterogeneity metrics

¢ Differential use and interpretation of bias tests

¢ Differential qualitative interpretation of results

e |[nappropriate emphasis on seeming discrepancies that are not necessarily discrepancies (not beyond
chance)

loannidis, J.P., Meta-research: The art of getting it wrong. Res. Syn. Meth. 2010, 1 169-184
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Figure 1. Significance-chasing biases.

loannidis, J.P., Meta-research: The art of getting it wrong. Res. Syn. Meth. 2010, 1 169-184
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Table 4.1 Sources of bias affecting the search process.

Type of bias Definition

Publication bias Studies with statistically significant results are more likely to be
published than those with statistically non-significant or null results.

Time-lag bias Studies with statistically significant results are more likely to be
stopped earlier than originally planned and published quicker.

Language bias Studies with statistically significant results are more likely to be
published in English.

Duplication bias Studies with statistically significant results are more likely to be
published more than once.

Citation bias Studies with statistically significant results are more likely to be

cited by others.

Hannah R. Rothstein, Alexander J. Sutton , Michael Borenstein, (2005) Publication Bias in Meta-Analysis
Prevention, Assessment and Adjustments (ISBN: 978-0-470-87014-3)
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Figure 5.1 Hypothetical funnel plots: (a) symmetrical plot in the absence of bias (open
circles indicate smaller studies showing no beneficial effects); (b) asymmetrical plot in the
presence of publication bias (smaller studies showing no beneficial effects are missing);
(c) asymmetrical plot in the presence of bias due to low methodological quality of smaller

studies (open circles indicate small studies of inadequate quality whose results are biased
towards larger beneficial effects). (Based on figure from Sterne etal., 2001).

Hannah R. Rothstein, Alexander J. Sutton , Michael Borenstein, (2005) Publication Bias in Meta-Analysis
Prevention, Assessment and Adjustments (ISBN: 978-0-470-87014-3)



IIpotdocels neimong ™S HEPOAYLUS HECH
MPOCEKTIKNG avalntnong tns pipiroypagiog

7/
%*

Searching the Cochrane Central Register of Controlled Trials and C2-
SPECTR

Searching electronic databases and the merits of handsearching
Searching conference proceedings

Contact with researchers

Searching research registers

Searching the Internet

Taking account of differences in searching between the health and social
sciences

Including studies found in the grey literature

Y/ Y/ Y/ Y/ Y/ Y/
GUP 60 00 00 00 o0

Y/
L X4

Hannah R. Rothstein, Alexander J. Sutton , Michael Borenstein, (2005) Publication Bias in Meta-Analysis
Prevention, Assessment and Adjustments (ISBN: 978-0-470-87014-3)



Darvouevo «ykpiLos» Prpamoypagiog
(Grey literature bias)

4 No librarian who takes his job seriously can today deny that careful attention N
has also to be paid to the ‘litile literature’ and the numerous publications
not available in normal bookshops, if one hopes to avoid seriously damaging
science by neglecting these.

\_ (Minde-Pouet, 1920, cited by Schmidmaier, 1986) )

Table 4.2 Citations for grey literature in 513 Cochrane reviews
(a total of 6266 trials).

Grey literature source Number of trial references®
Unpublished information 1259 (55 %)
Conference abstracts 805 (35 %)
Government reports 78 (4 %)
Company reports 66 (3%)
Theses/dissertations 63 (3 %)

Total grey citations (in 1446 trials) 2271 (100 %)

Source: Mallett etal. (2000).

* Trials can be referenced by more than one grey literature source;:
4820/6266 trials were referenced only by published journal articles.
Seventeen trials had missing citations.

Hannah R. Rothstein, Alexander J. Sutton , Michael Borenstein, (2005) Publication Bias in Meta-Analysis
Prevention, Assessment and Adjustments (ISBN: 978-0-470-87014-3)



Darvopevo «EEvno» Prpmoypaeiog (Local
literature bias) (1)
T AlepeovnOnKe €0V [EAETEC YEVETIKNG OUGYETIONG OV E1YAV ONUOGIEVTEL OTO.

Kwélika mopoucstdlovv €MAEKTIKO OTOTEAECUOTO 1) DTOKELWVIOL GE UEPOANYiES
YAMGGOC ONUOGiELoNS TEPAV TNG AYYAIKNG.

s EmléyOnkav 13 yovidia mov €yovv cuoyetiotel pe kdmowo acBEvelo Kot yio To
omoia £x0ovV Yivel HETO-OVOAVGELS GTIC OTTOleC meplapuPavovial TovAdyietov 15 un
Kwélikec pedétec.

% IlpayuatoromOnke avalfmmon otnv Chinese Journal Full-Text Database yia
EMMAEOV UEAETEC.

s Bpénkav 161 Kwvélikeg peréteg yio 12 and ta yovidww. Movo ot 20 and avtéc
etyav kotayopndst otnv Pubmed.

o Me e povo elaipeon, m mpotn Kwélikn pelétn epeaviotnke pe o
ypovokabvotépnon (2-21 ypovia) petd tn onuocicvon e mpodtne un Kiwvélikng
LUEAETNG.

o Or Kwélikee pelétec mapovoiolav amoTeAEoUOTO UE HEYOADTEPYT) OTATIOTIKN
onuavtikotta Evavtt tov un Kwélikov, ue to 48% avtov va gival amd poveg
TOVG OTOTIGTIKA CMUOVTIKEG TaPpOTL Elyav LikpoTeEPO HEYEDOC detypotoc (01dnecog
146 évavti 268).

Pan, Z., et al., Local literature bias in genetic epidemiology: an empirical evaluation of the Chinese
literature. PL0oS Med, 2005. 2(12): p. e334.



Darvopevo «EEvno» Prpmoypaeiog (Local
literature bias) (2)

470 association studies
StatSig: 135 (29%)
N=207 (IQR, 130-372)

161 Chinese studies
StatSig: 78 (48%)
N=146 (IQR, 89-208)

309 non-Chinese studies
StatSig: 57 (18%)
N=268 (IQR, 157-478)

20 PubMed-indexed
StatSig: 13 (65%)
N=168.5 (IQR, 90.5-202.5)

141 not indexed in PubMed
StatSig: 65 (46%)
N=145 (IQR, 89-214)

44 Asian descent
StatSig: 12 (27%)
N=190 (IQR, 134.5-280.5)

265 non-Asian descent
StatSig: 45 (17%)
N=295 (IQR, 165-496)

Figure 1. Categorization of the Examined Genetic Association Studies




Darvopevo «EEvno» Prpmoypaeiog (Local
literature bias) (3)

Table 1. Eligible Meta-Analyses

ID Disease/Outcome Gene (Polymorphism) Genetic Contrast Studies (Total Sample) Studies with p < 0.05 (%) First Year Published

Chinese Non-Chinese Chinese Non-Chinese Chinese Non-Chinese

1 Myocardial infarction  ACE (insertion/deletion) DD versus DI + Il 27 (4,514) 15 (18,664) 17 (63) 6 (40) 1996 1992
2 Ischemic heart disease ACE (insertion/deletion) DD versus DI + |l 35 (6,586) 17 (21,876) 20 (57) 4 (23) 1998 1994
3 Cancer HRAS/HRAST (rare alleles) Rare versus common alleles 23 (1,559) 24 (8,542) 7 (30) 8 (33) 1994 1985
4 Bladder cancer NATZ (slow acetylation Slow/slow versus others 3(417) 20 (5,836) 1(33) 6 (30) 2000 1979
alleles)
5 Diabetic nephropathy ACE (insertion/deletion) Il versus ID + DD 25 (3,857) 20 (5,393) 8 (32) 6 (30) 1997 1994
6 Coronary artery disease /TGB3 (L33P) A2A2 versus ATA2 + ATAT 1 (152) 31 (17,315) 0 (0) 4(13) 1999 1996
7 Bladder cancer GSTM1 (gene deletion) Null/null versus others 2 (400) 20 (5,795) 1 (50) 7 (35) 2002 1992
8 SLE nephritis FCGR2A (R131H) RR versus RH + HH 1 (86) 24 (2,801) 0 (0) 2(8) 2003 1995
9 SLE FCGR2A (R131H) RR versus RH + HH 2 (261) 21 (4,708) 2 (100) 4 (19) 2000 1995
10 Coronary heart disease MTHFR (677C/T) TT versus CC 14 (1,778) 40 (23,922) 8 (57) 7 (18) 1998 1996
11 Schizophrenia DRD3 (Bal1) Ser/Ser + Gly/Gly 4 (1,527) 39 (8,556) 0 (0) 1(2) 1993 1993
versus Ser/Gly
12 Lung cancer GSTMT1 (gene deletion)  Null/null versus others 24 (5,909) 38 (16,119) 14 (58) 3 (6) 1997 1991

ACE, angiotensin converting enzyme; DRD2/DRD3, dopamine receptor D2/D3; FCGR24, low-affinity receptor of the Fc domain of immunoglobulin G; GSTM1, glutathione S-transferase M1; HRAS, Harvey rat sarcoma viral oncogene homolog;
ITGB3, platelet glycoprotein receptor llla; MTHFR, methylenetetrahydrofolate reductase; SLE, systemic lupus erythematosus.
DOI: 10.1371/journal.pmed.0020334.t001



Darvopevo «EEvno» Prpmoypaeiog (Local
literature bias) (4)

Table 2. Genetic Effects in Chinese and Non-Chinese Studies

ID Random Effects Odds Ratio (95% Cl) Discrepancy in Effect (p-Value) I? for Heterogeneity (%)
Chinese Non-Chinese Chinese Non-Chinese

1 2.21 (1.84-2.66)* 1.28 (1.09-1.50)° —4.42 (<0.01) 35 65

2 2.02 (1.66-2.47)% 1.20 (1.06-1.36)° —4.36 (<0.01) 60 54

3 7.66 (4.51-13.0) 1.84 (1.54-2.21) —4.99 (<0.01) 0 7

4 3.06 (0.95-9.87)° 1.43 (1.20-1.71)° —1.26 (0.21) 81 48

5 0.53 (0.41-0.69) 0.68 (0.55-0.84)° 1.43 (0.15) 66 50

6 0.83 (0.02-44.4) 1.10 (0.99-1.21)° 0.14 (0.89) NP 45

7 1.58 (1.02-2.43) 1.44 (1.25-1.67) —0.38 (0.70) 0 27

8 0.83 (0.34-2.03) 1.11 (0.88-1.41) 0.63 (0.53) NP 26

9 2.87 (1.50-5.50) 1.29 (1.10-1.52) —2.33 (0.02) 0 19
10 2.03 (1.44-2.86)° 1.14 (1.01-1.30)* —3.09 (<0.01) 59 50
1 0.95 (0.76-1.17) 1.11 (1.01-1.22) 1.33 (0.18) 0 8
12 1.63 (1.38-1.92)° 1.14 (1.07-1.22) —3.54 (<0.01) 52 0

The ID numbers correspond to Table 1. The discrepancy between the Chinese and non-Chinese studies is expressed as a z-score and the corresponding p-value.

*Significant between-study heterogeneity (p < 0.10 for the Q statistic)
Cl, confidence interval; NP, not pertinent (only one study available).
DOI: 10.1371/journal.pmed.0020334.1002



ACE (Insertion/Deletion) DD vs DI + Il
for myocardial infarction

ACE (Insertion/Deletion) DD vs DI + Il
for ischemic heart disease

1
|
[
\
|
\
\

———

4.——_!:'_:
-

.-
|

e ——

—
—
| ———

G

-

e

I

T T T T T

0.3 0.5 1 2 5
QOdds ratio, 95% CI

HRAS/HRAS1 rare alleles vs others
for cancer

5
R —
-
1
.8 1

T T
2 10

Qdds ratio, 95% CI

ACE (Insertion/Deletion) Il vs DI + DD
for diabetic nephropathy

;‘:’

T T T
10 03 0.5 0

e —

——

_— i
B
e

\
\
|
L
1
1
:
{
\

i -
|

— |
|

—'i:T;—;

—-—{

10
QOdds ratio, 95% CI

MTHFR (C677T) CCvsTT
for coronary heart disease

T T 1T T T T
50 100150 250 0.05 0.1 0.2 0.5 1 2

T T

QOdds ratio, 95% CI

GSTM1 (gene deletion) null/null vs other
for lung cancer

\ N
\ —
: : ‘
[ —_— 1 =
r — 1 = —-—:—
\ —
| ‘ ———
T = [
% p——=
T T T r— T J- T T
03 04 06

1 2
Odds ratio, 95% CI

1'0 0!4 0,‘5 0!8 1 é 3 4
QOdds ratio, 95% CI

M Chinese, PubMed-indexed M Chinese, not indexed in PubMed  m Non-Chinese Asian B Non-Chinese, non-Asian

Figure 2. Meta-Analyses of Gene-Disease
Associations in a Large Number of Both Non-
Chinese and Chinese Studies Each study is shown
by its odds ratio and 95% confidence intervals (CIs).
The box of the point estimate is proportional to the
study weight. Also shown are summary estimates by
random effects calculations (diamonds). Summary
estimates are obtained separately for Chinese
studies indexed in PubMed (red), Chinese studies
not indexed in PubMed (pink), non-Chinese studies
of Asian descent populations (green), and studies of
persons of non-Asian descent (blue). An odds ratio
of 1 means no genetic effect, odds ratios larger than
1 mean genetic predisposition, and odds ratios less
than 1 mean genetic protection.
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Figuring the odds—How probability is Calculated

BY ARTHUR BEMJAMIMN

Probability Is a more preclise mathamatical tool for determining If results are random.
The exact probability that a person guesses the correct ESP symbol exactly x times out of 25 is:

Px = (zxs) [2)* (B

where (Eﬂ ;[Eiﬁ'x}.

is the number of ways to choose x different numbers between 1 and 25 (order not impo rtantl.

Avery good approximation can be obtained by approximating the histogram by a normal distribution
with a mean 25(.2) + 5 and standard deviation ¥/25(.2) (8] = 2. The probability of guessing 2

to 7 correct is approximately the area undear the normal curve betwesen 2.5 and 7.5 ... about 799,

Probability predicts
these test results for a
test of 25 questions
with five possible
answers if chance is
operating:

Mast people (79%) will get
between 3 and 7 carmect
(probability is a more precize
calculation),

The prabability of gueiiing B
ar more corractly is 10.9% (in
a greup of 25, you can akwrays
expact several scores in this
range purely by chance,)

The chances of getting 15
correct is about 1 in 90,000,

Guessing 20 out of 25 has a
prabability of abaut 1 in 5
billian.

Guessing all 25 cormect has a
chance of [.2) = 3.3 x 10, or
about 1 in 300 quadrillion|
[A wager against such an
unusual eccurrence would
be & tafe bet)




Hopaoeryna 0To TIGUIKPOGVGTOLYLES

[Mapadeiyua: Ac uttoBsooupue ot ecetalovTal 10000 yovidia TOTE YE p-
value<0.05, 500 yovidia avauéveTal va BpeBouv oTATIOTIKA
onMavTika kaTtd Tuxn (by chance)

Avaykn XpnoipgoTtroinong Twv PeBodwy d16pBwaoNnc yia TTOANATTAEC
OUYKPIOEIC

- *
Bonferroni: pcor(i) — p(i) n
1

Sidak: Peor i) =1-(1- p(i))n
Holm: Peoriy = (n—1)* Pay
Holland: Peory = (N=T1+1)* p;,
FDR: N

Peoriy = — Paiy

n—i



darwvopevo tov «Ilpotéa» (Proteus
phenomenon-Molecular bias) (1)

N/
L X4

(7
L X4

20V TOPOTNPEITOL TO QOIVOUEVO TPMOIUES ONUOGIEVGEIS TOL OPOPOLV TN
OCLUCYETION EVOC YEVETIKOU TOpPAyovia He o acBéveln M v emidpacn €vOg
QOPUAKOV GE o KMVIKT] OOKIUN vo Oglyvouv Ha 1oyvpn BTk 1 opvnTikn
GUGYETIOT, TUPOJOTOVTOS TNV EMAKOAOLON avinon ueiet®v oto 1010 OEua
TPOKEUEVOL VO, ETAANOELTOVV Kot va. avamapoyfovv TopOLOLd ATOTEAEGLLOTO.

Oplouéveg POPES OLMG, 1| TPDIUN LOYVPT] GLOYETION POIVETOL VO UV 1oYVEL (0TTOTE
N uerétn yopoktnpiletor amd c@dipo tomov I) Ko GLVERMS, TO GLVOAIKO
OATOTEAEGUO TNG META-OVAAVLONG OAAACEL pE TO YPOVO, KOTOOEIKVOOVTOS TNV
TPOYLATIKY] GLGYETIGT TOV TTOPAYOVTIA, LE TNV TOAVOTNTO EUPAVIONS TNG VOGOV.
To @awvopevo avtd kaAeitonr eoawvouevo tov [lpmtéa (‘Proteus phenomenon’) ko
eneaviCeton ovyva ot Mopakr) Eronuioroyia.
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darwvopevo tov «Ilpotéa» (Proteus
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Neural tube defect - MTHFR (677C/T), mother: TT vs. CT + CC
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protection susceptibdity

Qdds ratio for the genetic association

Fig. 1. Extreme differences in the results of a first study vs. a
study published shortly thereafter. In both presented examples,
studies are ordered chronologically and their results are shown by
the odds ratio and 95% confidence intervals. All studies
published in the same calendar year are packed together, unless
one was clearly the first study. The study with the most
favorable-ever results for the presence of an association is shown
by a square, and the study with the least favorable-ever results is
shown by a triangle, while all other studies are shown by circles.
The white line corresponds to the summary odds ratio and the
shaded area shows the 95% confidence interval. Also shown is
the vertical line of no association (odds ratio=1). (a) The first
published study on the relationship  between the
methylenetetrahydrofolate reductase (MTHFR) TT genotype in
the mother and the risk of neural tube defects in the child found a
very strong, statistically significant association (odds ratio 3.67,
95% confidence interval 1.47— 9.07) and was published in The
Lancet. The following year, data reported in the same journal
showed only a minor nonsignificant trend. Subsequent studies
provided intermediate results between these two extremes.

loannidis, J.P. and T.A. Trikalinos, Early extreme contradictory estimates may appear in published
research: the Proteus phenomenon in molecular genetics research and randomized trials. J Clin Epidemiol,

2005. 58(6): p. 543-9.
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darwvopevo tov «Ilpotéa» (Proteus
phenomenon-Molecular bias) (3)

IgA nephropathy - ACE (insertion/deletion): DD vs. DI + I

-

1995
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1998 - 3
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< protoction susceptibility —>

Odds ratio for the genetic association

Fig. 1.(b) The first conducted study on the
relationship between the angiotensin converting
enzyme (ACE) DD genotype and IgA nephropathy
showed a highly statistically significant association
and was published in the Journal of Clinical
Investigation. Two other studies published in the
same year in nephrology journals found no
significant association; a study published the
following year found no association at all and
between-study  variance was  maximized.
Subsequent studies had intermediate results. The
overall data are still inconclusive, but exclude the
effect observed in the first study.

loannidis, J.P. and T.A. Trikalinos, Early extreme contradictory estimates may appear in published
research: the Proteus phenomenon in molecular genetics research and randomized trials. J Clin Epidemiol,

2005. 58(6): p. 543-9.
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s Ilpayuatomombnke peta-avédivon 370 peietddv or omoieg aloloyovv 36
oLCOYETIGELS YOVIOT®V e O1bpopeg acOEvVELEC.

 H etepoyéveln petald Tov HEAET®V NTOV GUYVY EVD TO, ATOTEAEGLOTA TNE TPADTNG
LEAETNG GLGYETILOVTOL EAAPPDC LLE EKEIVOL TV ETOUEVOV.

s Tooo n puepoinyia 660 Kot 11 TANBLGUIOKT] TOTKIAOUOP®io UTOPOVV Vo EENYHCOLV

YOTL Ol TPOIUEC UEAETEG TEIVOLV VA EKTILOVV OTATICTIKA CNUAVIIKEC GLOYETIGELS
yYovidlwv pe acBEvelec.

loannidis, J.P., et al., Replication validity of genetic association studies. Nat Genet, 2001. 29(3): p. 306-9.
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i

L=

odds ratio in subsequent research
odds ratio in subsequent research
£

odds ratio in first study(ies) odds ratio in first study(ies)

Fig. 1 Correlation between the odds ratio (OR) in the first study/studies and in subsequent research. OR>1
suggests predisposition towards the disease, whereas OR<1 suggests protection from the disease. Blue diamonds
denote statistically significant discrepancies beyond chance between first and subsequent studies (a, fixed
effects; b, random effects).

loannidis, J.P., et al., Replication validity of genetic association studies. Nat Genet, 2001. 29(3): p. 306-9.
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Fig. 2 Evolution of the strength of an association as more information is accumulated. The strength of the
association is shown as an estimate of the odds ratio (OR) without confidence intervals. a, Eight topics in which
the results of the first study or studies differed beyond chance (P<0.05) when compared with the results of the
subsequent studies. b, Eight topics in which the first study or studies did not claim formal statistical significance
for the genetic association but formal significance was reached by the end of the meta-analysis. Each trajectory
starts at the OR of the first study or studies. Updated cumulative OR estimates are obtained at the end of each
subsequent year, summarizing all information to that time (random effects). The horizontal axis (total genetic
information) shows the total number of subjects genotyped with one of the contrasted genotypes, or the total
number of typed alleles when specificallele frequencies are compared between disease cases and controls.

loannidis, J.P., et al., Replication validity of genetic association studies. Nat Genet, 2001. 29(3): p. 306-9.
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 IlpayuoatomomOnkov 55 aBpoloTiKég UETA-AVAADGELS LEAETDV YEVETIKNG

cvoyEtong (Le 579 peAéteg) yio va depevvndel GV Ta TPOLN, GTOTIGTIKA

ONUOVTIKG OMTOTEAEGUOTO  UTOPOVYV VO  OTOTEAECOVV  TPOYVMOGTIKO

TopAyovto NG e€ykafiopuone e GLOYETIONG €VOC YOVIOIOL uE o

acOsvera.

Ye 35 UETA-OVOAVGEIS 1| TPMOTN UEAETN ElYE OTATICTIKA GMUOVTIKA

OMOTEAEGUOTO EVD YO AVTEC O PLOUOC OMNUOGIELOTC TOV UEAETOV TOV

akolovOncav avéninke koatd 1,71 popéc.

* Amo ™ oOYKPIoN TOV OTOTEAECUATOV TNG TPMOTNG UEAETNG EVOVTL TMV
VTOAOIT®V VvToAoyioTnKe evaicOncio kot €wdwdmra 0.65 o 0.38
avTicTOTY .

K/
%

Trikalinos, T.A., et al., Establishment of genetic associations for complex diseases is independent of early
study findings. Eur J Hum Genet, 2004. 12(9): p. 762-9.
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Figure 1 Summary ORs (dots) and corresponding 95% Cls (vertical bars) for research published after the first studies (a)
or after at least 3 early-published studies (b) for each one of the eligible meta-analyses (55 for (a) and 48 for (b)).
Arrowheads imply that the upper or lower boundary of the 95% CI extend beyond the edges of the graph. Meta-analyses
with ORs greater than 1.00 are showing effects in the direction proposed by the first studies, or the synthesis of at least
three early-published studies. Meta-analyses with ORs less than 1.00 are showing effects in a direction opposite to that of
the first studies, or the synthesis of at least three early-published studies. Ordering is by ascending OR values. Inclusion
of the first or early-published studies in the summary OR calculations yielded largely similar results (not shown). OR:
odds ratio.

Trikalinos, T.A., et al., Establishment of genetic associations for complex diseases is independent of early
study findings. Eur J Hum Genet, 2004. 12(9): p. 762-9.
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Table 3 Diagnostic performances of first and early-published studies against the statistical significance of the meta-analysis

Assessment Sensitivity (95% Cl) Specificity (95% CI) LR+ LR-
First or early-published studies excluded from the meta-analysis
First study with P<0.05 (35/55) 0.65 (0.43, 0.84) 0.38 (0.21, 0.56) 1.1 092
At least half of early-published studies with P<0.05 (15/48) 0.40 (0.16, 0.68) 0.73 (0.54, 0.87) 1.5 0.82
Very low P-values in early-published studies® (9/48) 0.20 (0.04, 0.48) 0.82 (0.65, 0.93) 1.1 098
Attributable fraction in first study > 2% based on 95% CI coverage (19/55) 0.39 (0.20, 0.61) 0.69 (0.50, 0.84) 1.3 088
All studies included in the meta-analysis
First study with P<0.05 (35/55) 0.67 (0.46, 0.83) 0.39 (0.22, 0.59) 1.1 0.85
At least half of early-published studies with P<0.05 (15/48) 0.52 (0.31,0.72) 0.91 (0.72, 0.99) 58 0.53
Very low P-values in early-published studies® (9/48) 0.47 (0.23,0.72) 096(0.78,1.000 N 0.55
Attributable fraction in first study > 2% based on 95% Cl coverage (19/55) 0.44 (0.25, 0.65) 0.75 (0.55, 0.89) 1.8 0.75

*Refers to the presence of = 2 studies with P-values < 0.01, or the presence of = 2 statistically significant studies, one of which has P<0.001 among the

early-published studies.
Cl: confidence interval; LR+: positive likelihood ratio; LR—: negative likelihood ratio.
Cls were derived using exact methods.

Trikalinos, T.A., et al., Establishment of genetic associations for complex diseases is independent of early

study findings. Eur J Hum Genet, 2004. 12(9): p. 762-9.
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Table 1. Examples of Some Reported Reproducibility Concerns in Preclinical Studies

Author Field Reported Concerns
loannidis et al (2009)* Microarray data 16/18 studies unable to be reproduced in principle from raw data
Baggerly et al (2009)% Microarray data Multiple; insufficient data/poor documentation

Sena et al (2010)*

Prinz (2011)'

Begley & Ellis (2012)?
Nekrutenko & Taylor(2012)%
Perrin (2014)%

Tsilidis et al (2013)”
Lazic & Essioux (2013)%
Haibe-Kains et al (2013)*
Witwer (2013)*

Elliott et al (2006)*"
Prassas et al (2013)¥
Stodden et al (2013)%
Baker et al (2014)*

Vaux (2012)%

Stroke animal studies
General biology
Oncology

NGS data access
Mouse, in-vivo
Neurological studies
Mouse VPA model
Genomics/cell line analysis
Microarray data
Commercial antibodies
Commercial ELISA
Journals

Journals

Journals

Overt publication bias: only 2% of the studies were negative

75% to 80% of 67 studies were not reproduced

90% of 53 studies were not reproduced

26/50 no access to primary data sets/software

0/100 reported treatments repeated positive in studies of ALS

Too many significant results, overt selective reporting bias

Only 3/34 used correct experimental measure

Direct comparison of 15 drugs and 471 cell lines from 2 groups revealed little/no concordant data
93/127 articles were not MIAME compliant

Commercial antibodies detect wrong antigens

ELISA Kit identified wrong antigen

Computational biclogy: 105/170 journals noncompliant with National Academies recommendations
Top tier fail to comply with agreed standards for animal studies

Failure to comply with their own statistical guidelines

ALS indicates amyotrophic lateral sclerosis; MIAME, minimum information about a microarray experiment; NGS, next generation sequencing; and VPA, valproic acid

{model of autism).

Begley, C.G. and J.P. loannidis, Reproducibility in science: improving the standard for basic and preclinical
research. Circ Res, 2015. 116(1): p. 116-26.
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Table 2. Additional Basic Science Fields Where Concerns Regarding Reproducibility Have Been Raised

Discipline Issues Raised Author

Neuroscience Low statistical power; small sample size Button et al (2013)*

Pharmacology Lack of training, lack of statistical power, blinding, hypothesis, requisite PK studies, Henderson et al(2013)%; Kenakin et al (2014)%;
randomization, dose-response, controls, prospective plan, validation, independent McGonigie et al (2014)*; Winquist et al (2014)*7;
replication, and selection of doses that are not tolerable in humans Marino (2014)*

Genomics/bicinformatics Irreproducibility of high-profile studies Sugden et al (2013)*

Stem cell biology Lack of reliable, quality data Plant & Parker (2013)*

Oncology, in vitro testing Use of clinically unachievable concentrations Smith & Houghton(2013)*

Chemistry lead-discovery  Artifacts; false positives and negatives Davis & Erlanson (2013)*

Computational biology 10 common errors Sandve et al (2013)*

Pathology/Biomarkers Biospecimen quality Simeon-Dubach et al (2012)*7

Organizational psychology  Suppression of negative studies Kepes & McDonald (2103)*%

Observational research 0/52 hypotheses confirmed in randomized Trials Young & Karr (2011)"

Begley, C.G. and J.P. loannidis, Reproducibility in science: improving the standard for basic and preclinical
research. Circ Res, 2015. 116(1): p. 116-26.



Table 3. Some Proposals to Improve Experimental Rigor and

Quality in Preclinical Research

Proposal

Author

Editors solicit replication bids
Plea to improve editorial standards

Reward quality rather than quantity
Emphasis on hypothesis testing research
Prospective, rigorous experimental plan
Improved understanding of statistics
Improved experimental design
Systematic reviews of animal studies

Use clinically relevant concentrations
Consider litter effects

Recommendations to improve
computational biology

Focus on reproducibility in training,
grants, journals

Pathology: Biospecimen quality control
Microarray analyses: Provide data access

Psychology: open data, methods and
workflow

Meta-analyses of animal data

Judge academics on quality,
reproducibility, sharing

Greater institutional responsibility

Apply greater skepticism to new
technologies

Wagenmakers and Forstman
(2014)™

Multiple, eq, Kraus (2014),™ and
Refs. 56-72

Kraus (2014)

Winquist et al (2014)*
Kenakin et al (2014)%

Marino (2014)": Vaux (2012)®
Henderson et al (2013)"

Hooijmans & Ritskes-Hoitinga
(2013)%

Smith & Houghton (2013)*
Lazic & Essioux (2013)*
Sandve et al (2013)*

LeVeque et al (20125

Simeon-Dubach et al {2012)"
Witwer (2013)®
Nosek et al (2012)7#

Macleod et al (2004
loannidis et al (2014)F

Chan et al (2014)°
Glaeser (2008)™

Begley, C.G. and J.P. loannidis, Reproducibility in science: improving the standard for basic and preclinical
research. Circ Res, 2015. 116(1): p. 116-26.
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Table 4. Issues That Could Be Addressed by a Policy of Good Institutional Practice for Basic Research

Focus

Proposal

Students/post-doctoral fellows

Investigator

Institution

Core training in experimental methods and experimental design; data selection; data analysis; blinding; inclusion of controls;
statistical interpretation; reagent validation; experimental replicates and repeats

Mentoring provided by senior colleague from independent department
Requirement that subjective end points are assessed by blinded investigators

Compulsory refresher courses on experimental design; data selection; inclusion of controls; data analysis; statistical interpretation;
reagent validation; issues in emerging technologies

Requirement to comply with Federal and Scientific community guidelines and recommendations

Guidelines for dealing with fraud

Independent committee to review compliance

Requirement that raw data will be made available on request

Guidelines for recording of laboratory notebooks

Random reviews of laboratory notebooks

Transparent promation process that weighs quality above flashy, nonreproducible research; rewards mentoring and training

Begley, C.G. and J.P. loannidis, Reproducibility in science: improving the standard for basic and preclinical
research. Circ Res, 2015. 116(1): p. 116-26.



Table 5. Some Potential Recommendations

Funding Agencies, Investigators, Institutions, Journals
* Houtine application of good scientific method (blinding, controls, repeats, presentation of representative data, reagent validation, adequate powering, etc)

¢ Demand and monitor compliance with consensus-based, peer-endorsed guidelines (eg, recommendations for animal pharmacology; MIAME; neuroscience
studies, etc)

* Demand and monitor compliance with National Science Foundation and the National Institutes of Health requirements regarding data access
Funding agencies
* Provide more longer-term funding (people rather than projects)
* Fund projects to evaluate effect of compliance interventions
* Support reagent validation projects (antibodies; small molecules; siRNA, etc)
* Provide courses on scientific method for training junior investigators
* Monitor and reward reproducible, robust rather than flashy studies
Institutions
* Monitor and reward investigator-compliance with peer-generated guidelines and funding-agency requirements
* Monitor and reward reproducible, robust rather than flashy studies
* Support studies to evaluate effect of compliance interventions
* Provide compulsory courses on scientific method for junior and senior investigators
Journals
» |abel exploratory investigations for what they are (ie, the equivalent of a phase 1 clinical study)
» Give greater weight to hypothesis-testing studies (the equivalent of a phase 2,3 dlinical study)
* Encourage prepublication (eg via arXiv.org)

MIAME indicates minimum information about a microarray experiment.

Begley, C.G. and J.P. loannidis, Reproducibility in science: improving the standard for basic and preclinical
research. Circ Res, 2015. 116(1): p. 116-26.



Eniopaon neletov pikpov peysdovg
octypotoc (1)

7/
%

Amd €va GOVOAO D5 UETA-OVOADCE®MV HEAETMOV YEVETIKNG OGULGYETIONG
OlEPELVNONKE EAV M ENMIOPAGT TOV YEVETIKOV TTOPAYOVTO AAAOLE avaAoya
le 1o p€yeboc tov oelyuatog kabe peAéng.

2TOTIGTIKA OTUOVTIKT] ETEPOYEVELD, UETOED TOV HEAETOV EKTIUNONKE Yo
26 peta-avarvoelc (47%).

Ov peydleg peAETEC ©E  YEVIKEC TYPOUUEC Elyov TO  GLVINPNTIKA
AMOTEAEGUOTO GE GYECT UE TIS UETO-OVAADCELS TOL TEPLEAQUPavay 10
GUVOAO TV UEAETDV.

e 14 peto-avalOoELS 1N TPAOTH UEAETN VTOOEIKVLE QVENUEVN GLGYETION
TOL VO UEAETN YOVIOlOL pe TNV acOéveld oe oYEoM UE TIC LEAETEC MOV
ETOVTOV.

Mbévo oe 9 peta-avaldoelg mopatnpnOnKe EMAVOANYILOTNTA TV
OMOTEAECUATOV TOV ETUEPOVS UEAETOV KOl OTOVGIO, ETEPOYEVELNG-

uepoAnyiog.

loannidis, J.P., et al., Genetic associations in large versus small studies: an empirical assessment. Lancet,
2003. 361(9357): p. 567-71.



Eniopaon neletov pikpov peysdovg
oelynotog (2)

Slgnificant Feemragansty

Hr=l vs subsaquenit (HE)

Hrsl vs subsagquent (FE)

Heterogeneity and bias

Total sample size (participants or alleles): 0-1000 (white), 1001-5000 (grey), and >5000 (black). Heterogeneity
and tests of bias and heterogeneity are black if significant. Also shown are presence of significant association in
the overall meta-analysis by random effects (RE) and by fixed effects (FE): black=significance both in the
overall meta-analysis and when the first studies are excluded; grey=significance in the overall meta-analysis that
Is lost when the first studies are excluded. Var=variance.

loannidis, J.P., et al., Genetic associations in large versus small studies: an empirical assessment. Lancet,
2003. 361(9357): p. 567-71.



Iepapymon TS aSlomTIeTLOS HOPLEKOV EVPNUATOV
GE TOAVTUPAYOVTIKES cOévereg (1)

. = . Fi
Table 1 Effect sizes in the pre-molecular era and in the molecular era

Effect sizes Putative frequency Typical examples of postulated risk factors
Pre-molecular era Molecular era
Large (RR = 5) Rare Smoking and lung cancer APOE and Alzheimer’s disease”
BRCA1 and breast CEI'iCETu
Moderate (RR 2-5) Uncommon Moderate obesity and NOD2 and Crohn’s disease>

cholesterol gallstones

HLA shared epitopes and
rtheumatoid arthritis

Small (RR 1.2-2) Common Racial descent and hyperension FcyRIlla and SLE>’

GSTMI and bladder cance:rm

Very small (RR 1-1.2) Unclear frequenq-'a Passive smoking and lung cancer GSTMI and lung cancer>’

MTHFR and ischaemic stmkem

RER: relative risk.

d - . - - - - -
Presented examples reflect current state of knowledge and are subject to possible refutation in the future; for small and very small effect sizes, it is uncertain
whether these risk factors are rue, even when evidence is based on large sample sizes from several studies.

loannidis, J.P., Commentary: grading the credibility of molecular evidence for complex diseases. Int J
Epidemiol, 2006. 35(3): p. 572-8; discussion 593-6.



Iepapymon ™S aSloToTIOS HOPLOKOV EVPUATOV
GE MOAVTUPAYOVTIKES c0évereg (2)

Table 2 Typical credibility of research findings according to effect size
and extent of replication

Effect size Typical
(relative risk) Replication credibility (%)
Large (=5) None 1 0—60
Limited 30-80
Extensive 70-95
Moderate (2-5) None 5=20
Limited 10—40
Extensive 50-90
Small (1.2-2) None =5
Limited 2-20
Extensive 10-70
Very small (1-1.2) None =]
Limited 1-5
Extensive 2-30

loannidis, J.P., Commentary: grading the credibility of molecular evidence for complex diseases. Int J
Epidemiol, 2006. 35(3): p. 572-8; discussion 593-6.



Table 3 Proposed grading of credibility in molecular
evidence

First axis: Effect size
1.1 Very small or small effect size (relative risk < 2)
1.2 Moderate effect size (relative risk 2-5)
1.3 Large effect size (relative risk = 5)
Second axis: Amount and replication of evidence
2.1 Single or few scattered studies
2.2  Meta-analyses of group data
2.3 Large-scale evidence from inclusive networks
Third axis: Protection from bias
3.1 Clear presence of strong bias in the evidence
3.2 Uncentain about the presence of bias
3.3 (lear strong protection from bias
Fourth axis: Biological credibility
4.1 No functional/biological data or negative data
4.2 Limited or controversial functional/biological data
4.3 Convindng functional/biological data
Fifth axis: Relevance
5.1 No clinical or public health applicability
5.2 Limited dinical or public health applicability

5.3 Considerable clinical/public health applicability

loannidis, J.P., Commentary: grading the credibility of molecular evidence for complex diseases. Int J
Epidemiol, 2006. 35(3): p. 572-8; discussion 593-6.
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