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) - A Naturesurvey lifts the lid on
how researchers view the ‘crisis’

Low statistical power or poor analysis

Not replicated enough in original lab

Insufficient oversight/mentoring DRI e

: Incentives for better practice
Methods, code unavailable

Incentives for formal
reproduction

rocking science and what they
think will help.

Poor experimental design
More external-lab vahdation
Raw data not available from original lab BY MONYA BAKER
More time for mentoring
Fraud
Journals enforcing standards

Insufficient peer review
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Pro¢ sedm (ne)smrtelnych hrichu moderni statistiky?

Ladislav Baloun, FTK UP

ladislav.baloun@upol.cz

Baker, M. (2016). Reproducibility crisis. Nature, 533(26), 353-66
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7 hrichu statistické inference

1. Malo Casove dotace pro vyuku statistiky

2. Spatné predstavy o tom jak data vznikaji

3. Smal sample size

4. Predpoklad objektivnich vysledku: subjektivni analyza objektivnich dat.
5. Dichotomizace vysledku — obsese pro pozitivni vysledky

6. P hacking

/. Harking

8.

Selektivni reportovani



Palacky University
Olomouc

\%

Predpoklad objektivnich vysledku: subjektivni
analyza objektivnich dat.

- ....data analysts should recognize that subjectivity and potential bias are
Inherent in all data analysis, exploratory or otherwise.

— ...datovi analytici by si meli uvedomit, ze subjektivita a potencialni zkresleni
jsou vlastni veskere analyze dat, pruzkumne i jiné.

— One great danger in overmathematizing data analysis is believing that the
reliability and precision of mathematics itself imbue reliability and precision
to the data and the data analysis.

- Jednim velkym nebezpecim pri prematematizaci analyzy dat je vérit, ze
spolehlivost a presnost matematiky sama o sobe dodava spolehlivost a
presnost datum a analyze dat.

Behrens, J. T. (1997). Principles and procedures of exploratory data analysis. Psychological methods, 2(2), 131.
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AT Reproducibility - How do we work with data?

Silberzahn et al. (2018): different approaches, different type of analysis.

Same Data, Different Conclusions

Twenty-nine research teams were given the same set of soccer data and asked to determine if
referees are more likely to give red cards to dark-skinned players. Each team used a different
statistical method, and each found a different relationship between skin color and red cards.

Referees are

three times as Statistically
likely to give red significant results (6] O
cards to showing referees are
dark-skinned more likely to give red
players cards to dark-skinned
players ‘ 95% CONFIDENCE INTERVAL
Twice as likely t | ONE RESEARCH TEAM f
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Equally likely ®) .O T

any hands
make tight work

&7 FIVETHIRTYEIGHT SOURCE: BRIAN NOSEK ET AL

Zdroj obrazku:https://fivethirtyeight.com/features/science-isnt-broken/#part2
Silberzahn, R., & Uhlmann, E. L. (2015). Crowdsourced research: Many hands make tight work. Nature, 526(7572), 189-191.



There are two primary explanations for variation in forking
decisions. The competency hypothesis posits that researchers
may make different analytical decisions because of varying levels
of statistical and subject expertise that lead to different judg-
ments as to what constitutes the “ideal” analysis in a given
research situation. The confirmation bias hypothesis holds
that researchers may make reliably different analytical choices
because of differences in preexisting beliefs and attitudes, which
may lead to justification of analytical approaches favoring cer-
tain outcomes post hoc. However, many other covert or idio-
syncratic influences, large and small, may also lead to unreliable
and unexplainable variation in analytical decision pathways
(10). Sometimes even the tiniest of these differences may add
up and interact to produce widely varying outcomes.

73 vyzkumnych tymu (identicka
data z mezinarodniho Setreni)

Avg. Marginal Effects
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al variance
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hypotéza: vétsi imigrace snizi
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poskytovani socialnich politik
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n variance

Subjective Conclusions

Between-team deviance

How do we work with data?

fyinm 2
Observing many researchers using the same
data and hypothesis reveals a hidden
universe of uncertainty

B, Eike Mark Rinke
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Breznau, N., Rinke, E. M., Wuttke, A., Nguyen, H. H., Adem, M., Adriaans, J., ... & Van Assche, J. (2022). Observing many researchers using the same data and hypothesis reveals a hidden universe of
uncertainty. Proceedings of the National Academy of Sciences, 119(44), e2203150119.
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Fig.1|Fraction of teamsreporting asignificant result and prediction 70 teams to several aspects of analysis methodology. Notably, a meta-analytical approach that
marketbellefs. The observed fraction of teams reporting significant results aggregated information across teams yielded a significant consensus in activated

(fundamental value, pink dots; n =70 analysis teams), as well as final market 9 hypot h eses

prices for the team members markets (blue dots; n =83 active traders) and the regions. Furthermore, prediction markets of researchersinthe field revealed an
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value). Confidence intervals were constructed by assuming convergence of the have substantial effects on scientific conclusions, and identify factors that may be

binomial distribution towards the normal. related to variability in the analysis of functional magnetic resonance imaging. The

results emphasize the importance of validating and sharing complex analysis
workflows, and demonstrate the need for performing and reporting multiple analyses
ofthe same data. Potential approaches that could be used to mitigate issues related to

analytical variability are discussed.
Botvinik-Nezer, R., Holzmeister, F., Camerer, C.F. et al. Variability in the analysis ot a single neuroimaging dataset by many teams. Nature 582, 84-88 (2020). https://doi.org/10.1038/s41586-020-2314-9
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Zahrada rozvétvenych cesticek

Researcher degrees of freedom (Stupné volnosti vyzkumnika)

The Garden of Forking Paths
by Jorge Luis Borges A dataset can be analyzed

in so many different ways
(with the choices being
not just what statistical
test to perform but also
decisions on what data to
exclude or exclude, what
measures to study, what
interactions to consider,
etc.),

Gelman, A., & Loken, E. (2013). The garden of forking paths: Why multiple comparisons can be a problem, even when there is no “fishing expedition” or “p-hacking” and the
research hypothesis was posited ahead of time. Department of Statistics, Columbia University, 348(1-17)
http://neuroanatody.com/2017/11/oxford-reproducibility-lectures-dorothy-bishop/
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Zahrada rozvétvenych cesticek

Researcher degrees of freedom (Stupné volnosti vyzkumnika)

Large population
database used to explore
link between ADHD and
handedness

Handedness:

ADHD vs Typical

No restrictions.

1 contrast

Probability of a
‘significant’ p-value
<.05=.05

{

Large population
database used to explore
link between ADHD and
handedness

Focus just on Young
subgroup:
2 contrasts at this level

Probability of a
‘significant’ p-value < .05
=.10

ADHD vs Typical

Analysis restricted to:
Young.

/
: &
Large population 3\ 4/ o
database used to explore o/° LI 2. R
link between ADHD and d\ @z
handedness —F
/
o / Lo
&
Handedness:
ADHD vs Typical
Focus just on Young, - e "
Urban, Females on orivon \§> 0
measure of hand skill: ~ vran
16 contrasts at this level 4
! { L
Probability of a dé N o
‘significant’ p-value < .05 >Fuo
=.56 "

Gelman, A., & Loken, E. (2013). The garden of forking paths: Why multiple comparisons can be a problem, even when there is no “fishing expedition” or “p-hacking” and the

research hypothesis was posited ahead of time. Department of Statistics, Columbia University, 348(1-17)

http://neuroanatody.com/2017/11/oxford-reproducibility-lectures-dorothy-bishop/
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Zahrada rozvetvenych cesticek pstontang,

Urban, Females on

Researcher degrees of freedom (Stupné volnosti vyzkumnika) e s

16 contrasts at this level

Probability of a
‘significant’ p-value < .05
=.56

- Vyzkumnici nezkousi vice testu, aby zjistili, ktery ma nejlepsi p-
hodnotu; spiSe pouzivaji svuj védecky zdravy rozum, aby
formulovali své hypotézy rozumnym zpusobem, s ohledem na
data, ktera maji.

— Chyba je v domnéni, ze pokud konkrétni cesta, ktera byla
zvolena, poskytuje statistickou vyznamnost, ze je to silny dukaz
ve prospech hypotézy.

Gelman, A., & Loken, E. (2013). The garden of forking paths: Why multiple comparisons can be a problem, even when there is no “fishing expedition” or “p-hacking” and the

research hypothesis was posited ahead of time. Department of Statistics, Columbia University, 348(1-17)
http://neuroanatody.com/2017/11/oxford-reproducibility-lectures-dorothy-bishop/
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Zahrada rozvétvenych cesticek

Researcher degrees of freedom (Stupené volnosti vyzkumnika)

Large population @
database used to explore e/e’T< %-—Re
link between ADHD and o RS
handedness »—E
/ :
Handedness:

ical
Focus just on Young, S bt
Urban, Females on i vy
measure of hand skill: vt

16 contrasts at this level

% o)
Probability of a F%u
‘significant’ p-value < .05 Py

= .56 &

Chceme objasnit, Ze vicenasobné srovnani muze byt velkym

problémem, aniz by to znamenalo, ze dotyCni vyzkumnici podvadeji

nebo jsou hloupi nebo se snazi systém manipulovat.
Kdyz jsme tyto druhy vyzkumu popsali jako rybarske vypravy, udélali

jsme chybu.

Fishing a p-hacking znamenaji aktivni snahu o statistickou

vyznamnost, zatimco to, o co by se zde mohlo stat, je soubor
moznosti analyzy dat, které by mohly byt rozumné, nebyt problému s
malou velikosti vzorku a chybou méreni, kvuli kterym jsou vysledky

hlucnejsi, nez si lide uvedomuiji.

Gelman, A., & Loken, E. (2013). The garden of forking paths: Why multiple comparisons can be a problem, even when there is no “fishing expedition” or “p-hacking” and the

research hypothesis was posited ahead of time. Department of Statistics, Columbia University, 348(1-17)
http://neuroanatody.com/2017/11/oxford-reproducibility-lectures-dorothy-bishop/



Increasing Transparency Through a
Multiverse Analysis

- . .
Palac I(y Un IVEI‘SIty Sara Steegen’, Francis Tuerlinckx', Andrew Gelman?, and
Wolf Vanpaemel®
Olomo uc KU Leuven, University of Leuven and 2Columbia University
Abstract
Empirical research inevitably includes constructing a data set by pre

analysis. Dara pre choices among several rea
rming only one an ysi
ss the whole set g to
and political

ng an example fo 1g on the effect of
ingle data set can be misleading and propose a multiver:
an idea of how much the conclusions change because
construction and gives pointers as to which choices are most consequential in the fragility of the result.

Multiverse Analysis

attitudes, we show that
practice. A multiverse a

an alternative
oices in data

: : . The Garden of Forking Paths
A multiverse analysis starts from the observation that by Jorge Luis Borges

data used in an analysis are usually not just passively
recorded in an experiment or an observational study.

Rather, data are to a certain extent actively constructed.

Data construction occurs when the raw data are
converted into a form ready for analysis.

When preparing their data for analysis, researchers
often take several processing steps, such as
discretization of variables into categories, combination of ;
variables, transformation of variables, data exclusion,

and so on.

These processing steps typically come with many In the light of this problem of selective

researcher degrees of freedom. reporting, we propose to usea
multiverse analysis as an alternative to a

single data set analysis.
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v Multiverse Terms

Analyzed  Reported Analyzed  Reported Analyzed  Reported
LN 6 o o o
L LT‘ F F ey
1 i l \ ’ ‘ ‘
a. traditional analysis b. planned analysis  c. multiverse analysis
ﬁa&lgan behﬂVlour https;;:;faoi.urg;"u!?oE’.,fssaEs)szL-ngJE}Ez

M) Check for updates
Specification curve analysis

Uri Simonsohn®'%, Joseph P. Simmons? and Leif D. Nelson 3

Webcast Lecture Highlight - Multiverse Analysis with Dr. Aaron Hill
https://www.youtube.com/watch?v=Q9bbCi6bV8Q
Multiverse analysis

https://www.youtube.com/watch?v=QfvjZL7jY 24
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Déekuji za pozornost

— The numbers have no way of speaking for themselves. We speak for
them. We imbue them with meaning.

- Cisla nemohou mluvit sama za sebe. Mluvime za né. Davame
Jim vyznam.
Nate Silver, The Signal and the Noise
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Prvotni hrich — malo ¢asu
Vice durazu a éasové dotace na statistiku a analyzu dat

120 PROBABILITY

\ B: O0L11I0001I0010000100 01000101001100010100
econo eon 0010001000 LOCOCOCND 1 1110100110001 1110100
00110010101100001111 O1110100011000110111

11001100010101100100 1000100101 1011011100

1O001000000011111001 011001000100 10000100

Fig. 8.1 Two binary sequences produced by students in an eighth grade class for the
demonstration of Section 8.3.2. Can you figure out which is the actual sequence of 100
coin flips and which is the fake? The answer appears on page 366.

autor prezentace, datum prezentace, univerzitni oddéleni, fakulta, adresa
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IPod Shuffle Problems: How
Random is the iPod Shuffle?

Humans are not good at identifying randomness: our minds naturally
look for patterns, even when there are none.

Furthermore, we are poor at creating random data. Famously, as a
result of listener complaints, the first iPod ‘shuffle function’ had to be
changed to make it less random, but appear more random to the
human ear

https://electronics.howstuffworks.com/ipod.htm
Pandit, J. J. (2012). On statistical methods to test if sampling in trials is genuinely random. Anaesthesia, 67(5), 456-462.
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SCIENCE

Meet Yoshitaka Fuijii, the most prolific fraudster in
modern science

By Joseph Stromberg | May 21, 2015, 1:10pm EDT The new retraction record
holder is a German

- Those wishing to invent data have a hard anesthesiologist, with 184

task. They must ensure that all the data

satisfy several layers of statistical cross- The German anesthesiologistfoachin
examination e
...It is therefore always so much easier emtom
actually to do the experiment than to I ——
invent its results. ol e

work, particularly studies involving

Ludwigshafen Hospital, via Wikimedia

https://www.vox.com/2015/5/21/8636569/retraction-yoshitaka-fujii
https://retractionwatch.com/2023/07/12/the-new-retraction-record-holder-is-a-german-anesthesiologist-with-184/#more-127491
Pandit, J. J. (2012). On statistical methods to test if sampling in trials is genuinely random. Anaesthesia, 67(5), 456-462.
https://nautil.us/how-the-biggest-fabricator-in-science-got-caught-235421/



https://www.vox.com/2015/5/21/8636569/retraction-yoshitaka-fujii
https://retractionwatch.com/2023/07/12/the-new-retraction-record-holder-is-a-german-anesthesiologist-with-184/#more-127491

Univerzita Palackého
v Olomouci

Vtipek na zaver
Jak ucéime statistiku?

Statistical Rethinking 2023 - 01 - The Golem of Prague
https://www.youtube.com/watch?v=FdnMWdICdRs&list=PLDcUM9US4AXdPz-KxHM4XHt7uUVGWWVSus
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Vtipek na zaver
Jak uéime statistiku?

Statistical Rethinking 2023 - 01 - The Golem of Prague
https://iwww.youtube.com/watch?v=FdnMWdICdRs&list=PLDcUM9US4XdPz-KxHM4XHt7uUVGWWVSus
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Prostor na vase dotazy




