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The classical view of how science should work

* You start with a hypothesis

- Branding with popular characters should cause children to
choose “healthy” food more often

* You do an experiment

*You offer children the choice between a cookie and an apple
with either an EImo-branded sticker or a control sticker

* You do statistics to test the null hypothesis

- “The preplanned comparison shows EImo-branded apples
were associated with an increase in a child’s selection of an

apple over a cookie, from 20.7% to 33.8% (42=5.158; P=.
02)* (Wansink, Just, & Payne, 2012, JAMA Pediatrics)
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How science actually works (sometimes)

Brian Wansink
Director, Cornell Food and Brand Lab Author, Mindless Eating
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How science actually works (sometimes)

...back in September 2008, when Payne was looking over the data soon after it
had been collected, he found no strong apples-and-Elmo link — at least not yet.

“I have attached some initial results of the kid study to this message for your
report,” Payne wrote to his collaborators. “Do not despair. It looks like stickers on
fruit may work (with a bit more wizardry).”

Wansink also acknowledged the paper was weak as he was preparing to submit it
to journals. The p-value was 0.06, just shy of the gold standard cutoff of 0.05. It
was a “sticking point,” as he put it in a Jan. 7, 2012, email.

“It seems to me it should be lower,” he wrote, attaching a draft. “Do you want to
take a look at it and see what you think. If you can get the data, and it needs some
tweeking, it would be good to get that one value below .05.”

Later in 2012, the study appeared in the prestigious JAMA Pediatrics, the 0.06 p-
value intact. But in September 2017, it was retracted and replaced with a version
that listed a p-value of 0.02. And a month later, it was retracted yvet again for an
entirely different reason: Wansink admitted that the experiment had not been
done on 8- to 11-year-olds, as he’d originally claimed, but on preschoolers.

https://www.buzzfeed.com/stephaniemlee/brian-wansink-cornell-p-hacking?utm_term=.gtAVwWLX2GM#.fep9L6pw 78



http://www.meta-systems.eu/nickbrown/duplication/Elmo/Wansink%20et%20al.%20-%202012%20-%20Original%20JAMA%20Pediatrics%20article.pdf
https://jamanetwork.com/journals/jamapediatrics/fullarticle/2654849
https://jamanetwork.com/journals/jamapediatrics/fullarticle/2659568
https://www.buzzfeed.com/stephaniemlee/who-really-ate-the-apples-though?utm_term=.xjme9545M#.cmebR9d9o
https://www.buzzfeed.com/stephaniemlee/who-really-ate-the-apples-though?utm_term=.xjme9545M#.cmebR9d9o
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Science in crisis (?)

Rigorous replication effort succeeds for just two of five
—— cancer papers

By JocelynKaiser | lan 1& 2017, T0ODFM

The
Economist JEEEEE politics Business & finance Economics Science & technology Culture

Problems with scientific research

How science goes wrong

298 | NATURE | VOL 485 | 17 MAY 2012

Scientific research has changed the world. Now it needs to change itself

Fllke (1a W Tweet <1388

BY ED YONG




RESEARCH ARTICLE SUMMARY

PSYCHOLOGY

Estimating the reproducibility of
psychological science

Open Science Collaboration*®

SCIENCE sciencemag.org 28 AUGUST 2015 « VOL 349 ISSUE 6251

We conducted replications of 100 experimental and correlational studies
published in three psychology journals using high-powered designs and
original materials when available.

Replication effects were half the magnitude of original effects,
representing a substantial decline. Ninety-seven percent of original
studies had statistically significant results. Thirty-six percent of
replications had statistically significant results
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Open Science Collaboration, 2015



FOOLING OURSELVES

HUMANS ARE REMARKABLY GOOD AT SELF-DEGEPTION.
BUT GROWING CONCERN ABOUT REPRODUCIBILITY ISDRIVING MANY
RESEARCHERS TO SEEK WAYS TO FIGHT THEIR OWN WORST INSTINCTS.

182 | NATURE | VOL 526 | 8 OCTOBER 2015
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Cognitive biases in statistical/scientific reasoning

1

'he first principle Is that you must not fool yourself
and you are the easiest person to fool”
- R. Feynman

We pay more attention to information that confirms

our hypotheses or biases versus those that
disconfirm thenr

We are more likely to overlook errors that confirm
our pre-existing ideas

We fall to consider alternative hypotheses that
could explain the data




Growth in a Time of Debt

By CARMEN M. REINHART AND KENNETH S. ROGOFF*

American Economic Review: Papers & Proceedings 100 (May 2010): 573-578
http://www.aeaweb.org/articles.php?doi=10.1257/aer.100.2.573

Reinhard & Rogoff have clearly exerted a major influence in

recent years on public policy debates over the management of
government debt and fiscal policy more broadly. Their findings
have provided significant support for the austerity agenda that
has been ascendant in Europe and the United States since 2010.
- Herndon et al., 2013



&he Washington Post

Wonkblog

Is the evidence for austerity based on an Excel spreadsheet
error?

By Brad Plumer April 16, 2013

“Reinhart and Rogoft appear to have made an error with one of
their Excel spreadsheet formulas. By typing AVERAGE(L30:L44)
at one point instead of AVERAGE(L30:1.49), they left out
Belgium, a key counterexample [to their claim]”

Debt, Growth and the Austerity Debate

By CARMEN M. REINHART and KENNETH S. ROGOFF APRIL 25, 2013

Last week, three economists at the University of Massachusetts,
Ambherst, released a paper criticizing our findings. They correctly
identified a spreadsheet coding error that led us to miscalculate
the growth rates of highly indebted countries since World War I1.



http://www.peri.umass.edu/236/hash/31e2ff374b6377b2ddec04deaa6388b1/publication/566/
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s NHST causing an epidemic of false results?
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John P. A. loannidis @ PLoS Medicine August 2005 | Volume 2 | Issue 8 | e124

“There Is Increasing concern that most current
published research findings are false. The prolbability
that a research claim is true may depend on study
power and bias, the number of other studies on the
same question, and, importantly, the ratio of true to
no relationships among the relationships probed Iin
each scientific field. ... Simulations show that for sl
most study designs and settings, it is more likely for o
a research claim to be false than true. Moreover, for JONN loannidis
many current scientific fields, claimed research

findings may often be simply accurate measures of

the prevalling bias. “




How likely is a true result”

- Positive predictive value (PPV)

number of true positives
PPV = Jtruep

number of true positives + number of false positives

pTrue x (1 — ()

PPV =
pl'ruex (1 —6)+ (1 — pTrue) x «

o = false positive rate
B = falsenegative rate = 1 — power

o True = prevalence of true relations amongst those tested
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pTrue x (1 — ()
pl'ruex (1 —6)+ (1 — pTrue) x «

PPV =

Take a field where most of the hypotheses being tested
are true (p True=0.8), and where the study is well

powered ($=0.2) with the standard alpha of 0.05

0.8 % (1 — 0.2)
0.8 % (1 — 0.2) + (1 — 0.8)  0.05

PPV = = 0.98

[f most hypotheses are true, then is the science interesting”?
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pTrue x (1 — ()

PPV =
pl'ruex (1 —6)+ (1 — pTrue) x «

Now take a field where most of the hypotheses being
tested are false (pTrue=0.1), and where the study is

poorly powered (=0.8) with the standard alpha of 0.05

0.1 % (1—0.8)

PPV =
0.1%(1—0.8)+ (1 —0.1) x0.05

= 0.307

In such a field, only 1/3 of statistically significant
results would actually be true!
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Statistical power remains low in many areas of science
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FIGURE 1. Average statistical power from 44 reviews of papers pub-
lished in journals in the social and behavioral sciences between 1960
and 2011. Data are power to detect small effect sizes (d = 0.2), as-
suming a false positive rate of &« = 0.05, and indicate both very low

power (mean = 0.24) but also no increase over time (R* = 0.00097).

Smaldino & McElreath, 2016, https://arxiv.org/abs/1605.09511
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=

e

ne winner’s curse: How the size of estimated

fects Is inflated by NHST

In economics:

For certain types of auctions (where the value is the
same for everyone, like a jar of quarters, and the bids
are private), the winner almost always pays more than
the good is worth

IN statistics:

- The effect size estimated from significant results (i.e.
the winners) is almost always an overestimate of the
true effect size
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Marc L. Molendijk,"** Boudewijn A.A. Bus, Philip Spinhoven,
Richard C. Oude Voshaar,® Brenda W.J.H. Penninx,*>® Marinus H. van IJzendoorn,

and Bernet M. EIzingal’2
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A new career in academia can be a

challenge. While academia's formal

rules are published in faculty

handbooks, its implicit rules are often

‘ difficult to discern. Like the first
> | edition, this new and expanded

: Comp/gat volume of The Compleat Academic is

3 d o filled with practical and valuable
Ca emlC advice to help new academics set
#1 (.(Iljt'tfl’ Gruide
ook f vibrant career.

the best course for a lasting and
John M. Darley, Mark P. Zyrfba, angd
Henry L. Roediger lrll %

https://www.apa.org/pubs/books/4316014.aspx

The
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Career advice from Daryl J. Bem

T/lt' —~
‘ &nn/(rimt
. Academic
HARKINg s
Which Article Should You Write?
There are two possible articles you can write: (a) the article you planned to Z

write when you designed your study or (b) the article that makes the most sense
now that you have seen the results. They are rarely the same, and the correct
answer is (b).

p-hacking

re Data Analysis: Examine them from every angle. Analyze the sexes separately.
Make up new composite indexes. If a datum suggests a new hypothesis, try to
find additional evidence for it elsewhere in the data. If you see dim traces of
interesting patterns, try to reorganize the data to bring them into bolder relief.
If there are participants you don’t like, or trials, observers, or interviewers who
gave you anomalous results, drop them (temporarily). Go on a fishing expedition
for something— anything —interesting.

http://neuroanatody.com/2017/11/oxford-reproducibility-lectures-dorothy-bishop/
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HARKING

- “Hypothesizing after the results are known” (Kerr, 1988)
+ Why is this a problem?
It can turn Type | errors into theory

- A post-hoc conclusion gets re-framed as an a priori
hypothesis

- a theory that Is re-written to fit the facts is not a very
powerful theory!

It becomes impossible to disconfirm bad ideas
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"P-hacking”

Doing many analyses and only reporting those that achieve
0<.05

- Ways to P-hack

- Analyze data after every subject, and stop collecting data
once p<.05

- Analyze many different variables, but only report those with
0<.05

+ Collect many different experimental conditions, but only
report those with p<.05

Exclude participants to get p<.05
- Transform the data to get p<.05

https://www.bitss.org/wp-content/uploads/2015/12/False-Positives-p-Hacking-Statistical-Power-and-Evidential-Value-Leif-Nelson.pdf
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Study 2: musical contrast and chronological
rejuvenation

...we asked 20 University of Pennsylvania undergraduates to
listen to either “When I’'m Sixty-Four” by The Beatles or
“Kalimba.” Then, 1n an ostensibly unrelated task, they indicated
their birth date (mm/dd/ yyyy) and their father’s age. We used
father’s age to control for variation 1n baseline age across
participants.

An ANCOVA revealed the predicted effect: According to their birth
dates, people were nearly a year-and-a-half younger after listening to

“When I’'m Sixty-Four” (adjusted M = 20.1 years) rather than to
“Kalimba™ (adjusted M = 21.5 years), F(1, 17) =4.92, p = .040.

-Simmons et al., 2011, Psychological Science
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Anything can become significant via p-hacking

Table 1. Likelihood of Obtaining a False-Positive Result

Significance level

Researcher degrees of freedom b <.l p<.05 p<.0l

Situation A: two dependent variables (r = .50) 17.8% 9.5% 2.2%

Situation B: addition of 10 more observations 14.5% 1.7% 1.6%
per cell

Situation C: controlling for gender or interaction 21.6% 1 1.7% 2.7%
of gender with treatment

Situation D: dropping (or not dropping) one of 23.2% 12.6% 2.8%
three conditions

Combine Situations A and B 26.0% 14.4% 3.3%

Combine Situations A, B,and C 50.9% 30.9% 8.4%

Combine Situations A, B, C,and D 81.5% 60.7% 21.5%

-Simmons et al., 2011, Psychological Science
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Sample size flexibility increases false positives

Minimum Sample Size
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Fig. |. Likelihood of obtaining a false-positive result when data collection
ends upon obtaining significance (p < .05, highlighted by the dotted line). The
figure depicts likelihoods for two minimum sample sizes, as a function of the
frequency with which significance tests are performed.

-Simmons et al., 2011, Psychological Science
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—Xercise

+ (Go to:
+ https://projects.fivethirtyeight.com/p-hacking/

- Center of the room:

+ FInd evidence that the U.S. economy is better when
Republicans are in office.

- Sides of the room:

+ FInd evidence that the U.S. economy is better when
Democrats are in office.

- Raise your hand once you have a significant effect


https://projects.fivethirtyeight.com/p-hacking/
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Bem'’s advice comes back to bite him...

© 2011 American Psychological Association
0022-3514/11/$12.00 DOI: 10.1037/a0021524

Journal of Personality and Social Psychology

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

Daryl J. Bem

Cornell University

The term psi denotes anomalous processes of information or energy transfer that are currently unexplained in
terms of known physical or biological mechanisms. Two variants of psi are precognition (conscious cognitive
awareness) and premonition (affective apprehension) of a future event that could not otherwise be anticipated
through any known inferential process. Precognition and premonition are themselves special cases of a more
general phenomenon: the anomalous retroactive influence of some future event on an individual’s current
responses, whether those responses are conscious or nonconscious, cognitive or affective. This article reports 9
experiments, involving more than 1,000 participants, that test for retroactive influence by “time-reversing”
well-established psychological effects so that the individual’s responses are obtained before the putatively
causal stimulus events occur. ... The mean effect size (d) in psi performance across all 9 experiments was 0.22,
and all but one of the experiments yielded statistically significant results. The individual-difference variable of
stimulus seeking, a component of extraversion, was significantly correlated with psi performance in 5 of the

experiments, with participants who scored above the midpoint on a scale of stimulus seeking achieving a mean
effect size of 0.43.
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Why don’t we believe in ESP (yet)?

Bem’s paper shows evidence of p-hacking

Sample sizes varied across studies

Different studies appear to have been lumped together or
split apart

The studies allow many different hypotheses, and it’s not
clear which were planned in advance

Uses one-tailed tests even when it’s not clear that there
was a directional prediction (so alpha is really 0.1)

Most of the p-values are very close to 0.5

It’s not clear how many other studies were run but not
reported

http://www.talyarkoni.org/blog/2011/01/10/the-psychology-of-parapsychology-or-why-good-researchers-publishing-good-articles-in-
good-journals-can-still-get-it-totally-wrong/
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How to do reproducible research

Don’t p-hack
pre-register your studies

publish positive or negative results

replicate studies whenever possible



Guidelines for reproducible research (Simmons et

al, 2011)

1. Authors must decide the rule for terminating data collection
before data collection begins and report this rule in the article.

2. Authors must collect at least 20 olbservations per cell or else
provide a compelling cost-of-data-collection justification.

3. Authors must list all variables collected in a study.

4, Authors must report all experimental conditions, including
failed manipulations.

5. If observations are eliminated, authors must also report what
the statistical results are it those observations are included.

o. If an analysis includes a covariate, authors must report the
statistical results of the analysis without the covariate.
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Study pre-registration

Describe the study before you start in a place where
others will be able to see it after the study

Many different platforms to do this

~or clinical trials: clinicaltrials.gov

-or other studies:
+ Open Science Framework: http://0sf.io

- AsPredicted.org
Let’s have a look:
- https://aspredicted.org/


http://clinicaltrials.gov
http://osf.io

Stanford University
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Fig 1. Relative risk of showing benefit or harm of treatment by year of publication for large NHLBI trials on pharmaceutical and dietary supplemen
interventions. Positive trials are indicated by the plus signs while trials showing harm are indicated by a diagonal line within a circle. Prior to 2000 when trial
were not registered in clinical trials.gov, there was substantial variability in outcome. Following the imposition of the requirement that trials preregister in

clinical trials.gov the relative risk on primary outcomes showed considerably less variability around 1.0. .
Kaplan & Irvin, 2015



Stanford University

Replication

- Any time you find an interesting and novel finding, you
should try to replicate it with another study

- That study should have sufficient power to find a
reasonable effect If it exists

- Often this will be larger than the original study.



Let's say you run a study with 80% power and a type | error rate

(alpha) of 0.05. What is the likelihood that another study with
the same power and alpha would replicate this result?

0.8

0.95

0.76

It is not possible to know
given this information.

.. Start the presentatior to see live centent. Stllro live content! Instzll tha app or get help at PollEv.com/app
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+ Power tells us the likelihood of finding a significant effect
assuming that the null hypothesis is false

Probabillity of replication requires that we know the
orobabillity that the first result is a true positive (PPV)

- Which depends on the probability of true effects in the
research area - which we rarely know!

Sut If PPV is low, then the likelihood of replication Is
even lower!
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Replication of the Bem ESP studies

Journal of Personality and Social Psychology
2012, Vol. 103, No. 6, 933-948

Correcting the Past: Failures to Replicate Psi

Jeft Galak Robyn A. LeBoeuf
Carnegie Mellon University University of Florida
Leif D. Nelson Joseph P. Simmons
University of California, Berkeley University of Pennsylvania

Across 7 experiments (N = 3,289), we replicate the procedure of Experiments 8 and 9 from Bem (2011),
which had originally demonstrated retroactive facilitation of recall. We failed to replicate that finding.
We further conduct a meta-analysis of all replication attempts of these experiments and find that the
average effect size (d = 0.04) is no different from 0. We discuss some reasons for differences between
the results in this article and those presented in Bem (2011).

Keywords: psi, precognition, ESP, researcher degrees of freedom, meta-analysis



If you want to further improve your statistical

poractices...

Improving your statistical inferences

https://www.coursera.org/learn/statistical-inferences

About this course: This course aims to help you to draw better statistical inferences from empirical
research. First, we will discuss how to correctly interpret p-values, effect sizes, confidence intervals, Bayes
Factors, and likelihood ratios, and how these statistics answer different questions you might be interested
in. Then, you will learn how to design experiments where the false positive rate is controlled, and how to
decide upon the sample size for your study, for example in order to achieve high statistical power.
Subsequently, you will learn how to interpret evidence in the scientific literature given widespread
publication bias, for example by learning about p-curve analysis. Finally, we will talk about how to do
philosophy of science, theory construction, and cumulative science, including how to perform replication

studies, why and how to pre-register your experiment, and how to share your results following Open
Science principles.

Taught by: Daniel Lakens, Associate Professor

Department of Human Technology Interaction

Commitment / weeks of study, 3 hours a week
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Recap

+ Science has a reproducibility problem
- NHST plays an important part

»You should always keep in mind how easy it is to fool
yourself

- Pre-register your studies
- Don’t view p<.05 like winning the lottery!



