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olyfou are foolish enough
signi fi cant 0 pa0s05tahneyyibéhhava g
a 29% chance (at least) of making a fool of yoursetft.

Who would taka risk like that? Judging by the medica
literature, most people would. No wonder there is a
probl embod

Colquhoun D. 201An investigationf the false discovery rated themisinterpretation of-palues. R. Soc.
Open scil:140216. hty/dx.doi.org/10.1098/rs0s.140216



P values by way of an example

Two groups, one with a placebo, one with the treatm
Random allocation to groups (+more!)

The differencé between the means of the two group:
tested (is it different from zero?)

p=0.05mplies that if there were no effect the
probability of observing a value equdldohigher
would bes%

o To T Ix



0 Afirst sight, it might be thought that this procedure
would guarantee that you would make a fool of
yourself only once in every 20 times that you de g t

Colquhoun D. 2014 An investigation of the false discovery rate and the misinterpretatduresf R. Soc.
Open sci. 1: 140216. http://dx.doi.org/10.1098/rs0s.140216



O T Itlassicalwalue does exactly what it says. But it i
statement about what would happen if there

were no true effect. That cannot tell you about yow lo
term probability of making a fool of yourself,

simply because sometimes there really is an effect. Ir
order to do the calculatiome need to know a few

more thingso

Colquhoun D. 2014 An investigation of the false discovery rate and the misinterpretatduresf R. Soc.
Open sci. 1: 140216. http://dx.doi.org/10.1098/rs0s.140216



A classic exercise In screening

You test positive for AIDS (one test only). Time for
despair?

Only one 1 in 100,000 has AIDS in your population
The test has a 5% false positive rate

Already one can say: in a population of say 100,000 ¢
will have AIDS and 5,000 (5% of 100,000) will test
positive

4

CDonot despair (yet)



Another exercise streeningdolquhoun 2014)

You test positiveor mild cognitive impairment (MGHne test only).
Time to retire?

MCI prevalence in the population 1%, i.e. in a sample of 10,00C
100 have MCI and 9,900 dono

The test has a 5% fal se posi
MCI 495 test (false) positive and the remaining 9,405 (true) neg

The test does not pick all the 100 MCI but only 80; there will be

false negative. So we see 80+495=575 positive of which only 8
14%) are true and the remaining 86% false

C It does not make sense to screen the population for MCI!



The number 86% = 495/(495+80) is our false discovery

sensitivity =0.8

80% detected
(80 true pos tests)
1% = 100 /
people
e T h
prevalence =0.01 cggflition \ % not detected
(20 false neg tests)

WOUL) peepie specificity = 0.95

tested
95% give test neg
\ 999 = / = 9405 true neg
tests
\

9900 do
not have
condition

5% pos tests
=495 false positives

ColquhourD. 2014 An investigation of the false discovery rate and the misinterpretatratue$.@R. Soc. Open sci. 1:
140216. http://dx.doi.org/10.1098/rs0s.140216



The same concept of false discovery rate applies to 1
problem of significance test



We now consider tests instead of individuals

power=0.8 | 80% test positive

/ (80 true pos tests)
real effect

in 10% =

KR 20% test negative
P(real)=0.1 (20 false neg tests)

1000 tests

e o 05% o1ve negative
‘sig’level = 0.05 2 A

/ =855 true neg tests
no effect

in 90% =

900 tests \ 5% pos tests

=45 false positives

ColguhourD. 2014 An investigation of the false discovery rate and the misinterpretatraiues.R. Soc.
Open sci. 1: 140216. http://dx.doi.org/10.1098/rs0s.140216



I Unlikely results
How a small proportion of false positives can prove very misleading The false discovery rate is ~the

False B True B False negatives B False positives divided by the light green
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1. Of hypotheses 2.The tests have a 3. Not knowing
interesting false positive rate whatis false and
enough to test, of 5%. That means whatis not, the
perhaps onein they produce 45 researcher sees
ten will be true. false positives (5% 125 hypotheses as
Soimagine tests of 900). They have true, 45 of which
on 1,000 a power of 0.8, so are not.
hypotheses, they confirm only The negative
100 of which 80 of the true results are much
are true. hypotheses, more reliable—but
producing 20 false unlikely to be
negatives. published.

Source: The Economist




C We see 125 hypotheses as true 45 of which are nc
the false discovery rate is 45/125 = 36%
Significancp=0.05C false discovery rate of 36%

We now know thg=0.05 did not correspond to a
chance In twenty of being wrong but in one in three

How many numbers did we need to know to reach this
conclusion?




Unreliable research
Washington's lawyer surplus
The How 10 doa nucear deal withhan Trouble at the lab
| SEOL0) S L0N 00D EA M  Investment tips from Nobel economists
Junk bonds are back

S . P «  The meaning of Sachin Tendulkar Scientists like to think of science as self-correcting. To an alarming degree, it is not
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Open access, freely available online

ey
Why Most Published Research Findings

Are False
John P. A. loannidis SRS e -
field. In this framework, a research finding
is less likely to be true when the studies
3. P. A. loannidis, Why Most cond uc.ted in a field are smaller; wh_en
Published Research effect sizes are smaller, when there is a
Findings Are False, PL0S greater number and lesser preselection

Medicine, August 2005,
2(8), 696 - 701.

of tested relationships; where there is

greater flexibility in designs, definitions,
outcomes, and analytical modes; when
there is greater financial and other
interest and prejudice; and when more
teams are involved in a scientific field
in chase of statistical significance.

@ PLoS Medicine | www.plosmedi
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Statisticians issue
warning on Pvalues

Statement aims to halt missteps in the quest for certainty.

O Mi suse o0 fi acommonRest¥orjudgirsg
the strength of scientific evidencas contributing to
the number of research findings that cannot be
reproduced?o

Baker, M., 2016, Statisticians issue warning on P values, Nature, 531, 151
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Prnmnring the Practice and Profession of Statisticss
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AMERICAN STATISTICAL ASSOCIATION RELEASES STATEMENT ON

STATISTICAL SIGNIFICANCE AND P-VALUES

Provides Principles to Improve the Conduct and Interpretation of Quantitative

Science
March 7, 2016
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é and twenty O0di ssent.

Wasserstein, R. L. and Lazar-valuesi.cohtext, 2016. 0Tl
process, and purposed, The American Stati st/

See also Christhesschwandeat http://fivethirtyeight.com/features/negvenscientists
caneasilyexplainp-values/
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There Is no universal method of scientiftf er e n

e It Is better to have no beliefs than to embrace
fal sehoods é

Statisticanethods are not simply applied to a disciplir
they change the discipline itself,

Journal of Management

Special Issue: Vol. 41 No. 2, February 2015 421-440
Bayesian Probability and Statistics DOL: 10.1177/0149206314547522
in Management Rescarch © The Author(s) 2014
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How was it possible that this important statistical
tool was misused for several decades with grave
conseguences for science?



The Great Endarkenment.
Philosophy for an Age of Hyperspecialization
By Elijah Millgram

Describes a world in which all knowledge and products are the result of

some form of extremely specialized expertise, and in which expertise is

itself highly circumscribed, since experts depend in turn on other experts

whose knowledge claims and styles of argumentation cannot be exported

from one discipline to the next. C ~ @ E xhiyp&sbdcializers ~ d | Or d v z m

~ ~ ~ ~ ~
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Reconstruction of a Train
Wreck: How Priming
Research Went off

the Rails

@ February 2, 2017 & Kahneman, Priming, r-index, Statistical Power, Thinking Fast and Slow

Authors: Ulrich Schimmack, Moritz Heene, and Kamini Kesavan



THINKING,

FAST..SLOW

Reconstruction of a Train

A s —
Wreck: How Priming : S
Research Went off DANIEL
the Rails

KAHNEMAN

“ A A OUE @avk leeéndaised about the robustness
of priming x E @ U N yb@r diéldds now the poster child
for doubts about the integrity of psychological
research”

https://replicationindex.wordpress.com/2017/02/02/reconstruction

- of - a- train - wreck - how - priming -
research - went - of- the- rails/comment - page- 1/



THINKING,

FAST..SLOW

Reconstruction of a Train =~ WRR—
Wreck: How Priming : St
Research Went off DANIEL
the Rails

KAHNEMAN

" 7 people have now attached a question mark to the

ET ENEpd Z£ZOEdI UdT @dbPOUxdxH@ZOOOC
recently wrote a book that emphasizes priming

research = dMy reason for writing this letter is that |

see a train wreck N O O O (Kdhnemhan, 2012)

https://replicationindex.wordpress.com/2017/02/02/reconstruction - of - a- train - wreck - how - priming -
research - went - of- the- rails’comment - page- 1/



P- hacking; a smoking gun?

® Published Studies
I\ Replication Studies
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. . , . . L -
Scienceisn’t as solid as it should be - but Why so much science research is flawed - and
science can fixit what todo about it
Unconscious biases and data-tgrturing are \Afeakening our knoxn,{edge base - but unlike DOC'SV resultsare fuel!ingﬂaw-:d policy decisions and undc-rmining medical advances. They
politicians and bankers, scientists aren't covering up their failings could even make us lose faith in science. New Scientist investigates

An alarming amount of research s flawed
Crisis? Fix it... Brett Ryder
Stanislav ChernivehanvEyeEm
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Just It just about statistics?



What if even she is wrong?




On TV series over series wherebased
forensics (science) adjudicates case

Forensics [as well as medicine, biolog\\Z @ ¢4
economics, heal t hg=
produced serious misdiagnoses B At 7,

National Academy of Sciences (NA®)p or t 0 SFRorerssin §cterice in then g
United States: APahor war d 6,
https//www.ncjrs.gov/pdffiles1/nij/grants/228091.pdf



THE CONVERSATION

Arts + Culture Business + Economy Education Environment + Energy Health + Madicine Politics + Society Science + Technology

Science in crisis: from the sugar scam to Brexit, our
faith in experts is fading

September 27, 2016 4 43pm AF

https://theconversation.com/scienaecrisisfrom-the-sugaiscamto-brexitour-faith-in-expertas-fading65016



Ccontext:
A matter
of opinion



1.Science is in a deep existential crisis which has
ethical, epistemological, methodological and
even metaphysical dimensions

2. Likewise democracy which has with science a
legitimacy arrangement

3. Science and Its Institutions are committed to
the status quo & attempt to evade a critical
reflection
4., ONUUIT O0O@d AxEO~” UdEOxUI EC
50 1l ExXEdAXxEdPEUdEEUd £x E £Dd
where science and society work together



Firstthesis: Science is in a deep existential crisis
which has ethical, epistemological, methodological
and even metaphysical dimensions. This was neatly
predicted by E. de Solla Price, Jerome R. Ravetz
and others five decades ago

\‘!ﬂ*# W AREN SRR
;; Jerome

Jerome R.

Derek J. de Ravetz

Solla Price

de Solla Price, D.J., 1963, Little science big science, Columbia University Press.
Ravetz, J., 1971, Scientific Knowledge and its Social Problems, Oxford University Press.



In 1963 Derek J. de
Solla Price prophesized
that Science would
reach saturation (and
In the worst case
senility) under its own
weight, victim of its
own success and
exponential growth (pp
1- 32).

Derek J. de Solla
Price

de Solla Price, D.J., 1963, Little science big
science, Columbia University Press.




Science/knowledge degenerates
when it becomes a commodity
for Ravetz (1971), Lyotard
(1979) and Mirowski (2011).

Ravetz, J., 1971, Scientific Knowledge and its Social Problems,
Oxford University Press, p. 22.

Lyotard , J.- F. 1979. La Condition postmoderne . Rapport sur le
savoir, Paris : Minuit, Chapter 10.

Mirowski, P. 2011. Science - Mart: Privatizing American Science,
Harvard University Press.
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