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All remaining due dates



All remaining due dates

Note: We will be instituting class-wide no-penalty extensions for ALL 
CourseKata modules. That means that so long as you complete any 
missing modules by **Friday 11:59PM on June 4**, you will receive 
full credit. (However, no extensions granted beyond that!)
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All remaining due dates

Released Thursday at 
5PM & due by 4:59PM 

on Friday



All remaining due dates

Due by 11:59PM PT on 
DataHub. 



All remaining due dates

Thank you to everyone who has already submitted a CAPE! :)  
We're at 18/85 (~22% of the class) now. If we reach > 80% of the class, 
everyone's lowest quiz score will be automatically dropped. 



All remaining due dates

Due by 11:59PM PT on 
DataHub. 
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In the same Zoom room 
we are in right now!



All remaining due dates

Due by 11:59PM PT on 
DataHub. 



Every time someone fills  
out a CAPE, an actual  

unicorn does a little dance.
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Last Time
Lab 5b: Hypothesis Testing

Break out  
into 

lab groups

Return to main 
room and  

debrief

General 
announcements

Everyone come back at 
2:10pm PT

Want real-time help?  
(1) Post to #lab-assignments, 
mention both your TA & Room 
(2) "Asking for help" in Zoom 

(#2 is a bit less reliable!)
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How does correlation  
relate to causation?

Problems with status  
quo: p-hacking, 

HARK-ing

Open science 
and computational 

reproducibility

Lecture 20: broader methodological trends in psychology



How does correlation relate to causation?1
Correlation and causation

https://xkcd.com/552/



How does correlation relate to causation?

Correlation and causation

➤ So many of you might be familiar with the mantra: 
"correlation doesn't imply causation."  

➤ It's a useful reminder because as human beings, we are 
extremely good at detecting patterns and finding meaning in 
the patterns we see. 
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Correlation and causation

https://www.forbes.com/sites/erikaandersen/2012/03/23/true-fact-the-lack-of-pirates-is-causing-global-warming/

http://www.tylervigen.com/spurious-correlations

How does correlation relate to causation?1



How does correlation relate to causation?

Correlation and causation

➤ So many of you might be familiar with the mantra: 
"correlation doesn't imply causation."  

➤ It's a useful reminder because as human beings, we are 
extremely good at detecting patterns and finding meaning in 
the patterns we see.  

➤ How should we think about the relationship between 
correlation and causation? Oftentimes observational data is 
the only kind available.
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““Correlation does not imply 
causation, but it’s a pretty good hint.”

-Edward Tufte
18



Understanding causation using causal graphs

A causal graph describes the latent causal relations that give 
rise to the variables that we measure

study 
time

exam 
grades

exam 
finish times

arrows reflect  
causal relations

Causal relations mean 
that manipulating one 

variable will change 
another 

Increasing study time 
will increase knowledge, 
which increases grades 

and reduces exam 
finishing time

+-
knowledge 

(latent)+

How does correlation relate to causation?1



Correlation and causation

Correlations may reflect causal relations or the effects of 
common causes

lines 
reflect  

correlation 
(positive/negative)

study 
time

exam 
grades

exam 
finish times

How does correlation relate to causation?1



Correlation and causation
➤ Correlations can sometimes 

imply the wrong causal 
relation 

➤ Negative correlation 
between exam grades and 
exam finishing time 
➤ Might be interpreted to 

mean that finishing the 
exam faster will improve 
grades! 

➤ So if we only measured 
exam grades & finish times 
in this study, we might fool 
ourselves! 

lines 
reflect  

correlation 
(positive/negative)

study 
time

exam 
grades

exam 
finish times
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Natural experiments 

➤ Ideally, if we want to be able to draw stronger inferences about 
causal relationships between variables, we would run a 
randomized controlled experiment. 

➤ But this isn't always possible! (e.g., randomly assigning smoking 
habits to individuals and tracking them over a long time) 

➤ Instead, a still-powerful alternative is a natural experiment. 
➤ A natural experiment is an empirical study in which 

individuals (or clusters of individuals) are exposed to the 
experimental and control conditions that are determined by 
nature or by other factors outside the control of the 
investigators. 

How does correlation relate to causation?1



Example: Natural experiment exposing relationship 
between smoking and heart disease
➤ In Helena, Montana a smoking ban was in effect in all public spaces, 

including bars and restaurants, during the six-month period from June 2002 
to December 2002.  

➤ Helena is geographically isolated and served by only one hospital. The 
investigators observed that the rate of heart attacks dropped by 40% while 
the smoking ban was in effect.  

➤ Opponents of the law prevailed in getting the enforcement of the law 
suspended after six months, after which the rate of heart attacks went back 
up.  

➤ This study was an example of a natural experiment, called a case-crossover 
experiment, where the exposure is removed for a time and then returned.  

➤ However, the inability to control variables in natural experiments can impede investigators from 
drawing firm conclusions. Critics argued that the particularly large percentage fluctuation in the 
rate of myocardial infarction was likely due to chance, given the small population size.

How does correlation relate to causation?1
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Problems with status  
quo: p-hacking, 
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errordata +model=
what we 
actually 
observe

what we 
expect to 
observe

difference 
between 
expected and 
observed

Problems with the status quo: p-hacking, HARK-ing2



What is the General Linear Model (GLM)?
A general linear model is a specific type of statistical model in which 
the values of a dependent/outcome variable is determined by a linear 
combination of independent predictor variables that are each multiplied 
by a weight (often represented by the letter b or Greek letter "beta," β).

value of 
explanatory 

variable
e.g., height

errorslopeintercept

Yi = b0 + b1Xi + ei
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e.g., thumb length
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predicted value of outcome variable

observed value of outcome variableYi

<latexit sha1_base64="nkZ3pBXv3YMIfPKnv96zqWCU0MM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9kPaUDbbTbt0swm7E6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuLaiFg94DjhfkQHSoSCUbTS/WNP9MoVt+rOQJaJl5MK5Kj3yl/dfszSiCtkkhrT8dwE/YxqFEzySambGp5QNqID3rFU0YgbP5udOiEnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8MrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2nZEPwFl9eJs2zqndevbg7r9Su8ziKcATHcAoeXEINbqEODWAwgGd4hTdHOi/Ou/Mxby04+cwh/IHz+QMz7o3B</latexit>

Problems with the status quo: p-hacking, HARK-ing2
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Problems with the status quo: p-hacking, HARK-ing2

Have you heard about 
a "replication crisis" in 

psychology?
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Problems with the status quo: p-hacking, HARK-ing2

Journal of Personality and Social Psychology (2011)

Failures of traditional NHST to provide strong evidence against 
pseudoscientific discoveries (e.g., precognition, clairvoyance)
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Problems with the status quo: p-hacking, HARK-ing2

Psychological Science (2011)

Renewed scrutiny of typical procedures used during data 
collection and analysis in psychology
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Problems with the status quo: p-hacking, HARK-ing2
Cognitive biases in statistical/scientific reasoning

➤ “The 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 them. 

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

➤ We fail to consider alternative hypotheses that could explain 
the data.
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Essay

Open access, freely available online

August 2005  |  Volume 2  |  Issue 8  |  e124

Published research fi ndings are 
sometimes refuted by subsequent 
evidence, with ensuing confusion 

and disappointment. Refutation and 
controversy is seen across the range of 
research designs, from clinical trials 
and traditional epidemiological studies 
[1–3] to the most modern molecular 
research [4,5]. There is increasing 
concern that in modern research, false 
fi ndings may be the majority or even 
the vast majority of published research 
claims [6–8]. However, this should 
not be surprising. It can be proven 
that most claimed research fi ndings 
are false. Here I will examine the key 

factors that infl uence this problem and 
some corollaries thereof. 

Modeling the Framework for False 
Positive Findings 
Several methodologists have 
pointed out [9–11] that the high 
rate of nonreplication (lack of 
confi rmation) of research discoveries 
is a consequence of the convenient, 
yet ill-founded strategy of claiming 
conclusive research fi ndings solely on 
the basis of a single study assessed by 
formal statistical signifi cance, typically 
for a p-value less than 0.05. Research 
is not most appropriately represented 
and summarized by p-values, but, 
unfortunately, there is a widespread 
notion that medical research articles 

should be interpreted based only on 
p-values. Research fi ndings are defi ned 
here as any relationship reaching 
formal statistical signifi cance, e.g., 
effective interventions, informative 
predictors, risk factors, or associations. 
“Negative” research is also very useful. 
“Negative” is actually a misnomer, and 
the misinterpretation is widespread. 
However, here we will target 
relationships that investigators claim 
exist, rather than null fi ndings. 

As has been shown previously, the 
probability that a research fi nding 
is indeed true depends on the prior 
probability of it being true (before 
doing the study), the statistical power 
of the study, and the level of statistical 
signifi cance [10,11]. Consider a 2 × 2 
table in which research fi ndings are 
compared against the gold standard 
of true relationships in a scientifi c 
fi eld. In a research fi eld both true and 
false hypotheses can be made about 
the presence of relationships. Let R 
be the ratio of the number of “true 
relationships” to “no relationships” 
among those tested in the fi eld. R 

is characteristic of the fi eld and can 
vary a lot depending on whether the 
fi eld targets highly likely relationships 
or searches for only one or a few 
true relationships among thousands 
and millions of hypotheses that may 
be postulated. Let us also consider, 
for computational simplicity, 
circumscribed fi elds where either there 
is only one true relationship (among 
many that can be hypothesized) or 
the power is similar to fi nd any of the 
several existing true relationships. The 
pre-study probability of a relationship 
being true is R⁄(R + 1). The probability 
of a study fi nding a true relationship 
refl ects the power 1 − β (one minus 
the Type II error rate). The probability 
of claiming a relationship when none 
truly exists refl ects the Type I error 
rate, α. Assuming that c relationships 
are being probed in the fi eld, the 
expected values of the 2 × 2 table are 
given in Table 1. After a research 
fi nding has been claimed based on 
achieving formal statistical signifi cance, 
the post-study probability that it is true 
is the positive predictive value, PPV. 
The PPV is also the complementary 
probability of what Wacholder et al. 
have called the false positive report 
probability [10]. According to the 2 
× 2 table, one gets PPV = (1 − β)R⁄(R 
− βR + α). A research fi nding is thus 

The Essay section contains opinion pieces on topics 
of broad interest to a general medical audience. 

Why Most Published Research Findings 
Are False 
John P. A. Ioannidis

Citation: Ioannidis JPA (2005) Why most published 
research fi ndings are false. PLoS Med 2(8): e124.

Copyright: © 2005 John P. A. Ioannidis. This is an 
open-access article distributed under the terms 
of the Creative Commons Attribution License, 
which permits unrestricted use, distribution, and 
reproduction in any medium, provided the original 
work is properly cited. 

Abbreviation: PPV, positive predictive value

John P. A. Ioannidis is in the Department of Hygiene 
and Epidemiology, University of Ioannina School of 
Medicine, Ioannina, Greece, and Institute for Clinical 
Research and Health Policy Studies, Department of 
Medicine, Tufts-New England Medical Center, Tufts 
University School of Medicine, Boston, Massachusetts, 
United States of America. E-mail: jioannid@cc.uoi.gr

Competing Interests: The author has declared that 
no competing interests exist.

DOI: 10.1371/journal.pmed.0020124

Summary
There is increasing concern that most 

current published research fi ndings are 
false. The probability 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 in each scientifi c 
fi eld. In this framework, a research fi nding 
is less likely to be true when the studies 
conducted in a fi eld are smaller; when 
effect sizes are smaller; when there is a 
greater number and lesser preselection 
of tested relationships; where there is 
greater fl exibility in designs, defi nitions, 
outcomes, and analytical modes; when 
there is greater fi nancial and other 
interest and prejudice; and when more 
teams are involved in a scientifi c fi eld 
in chase of statistical signifi cance. 
Simulations show that for most study 
designs and settings, it is more likely for 
a research claim to be false than true. 
Moreover, for many current scientifi c 
fi elds, claimed research fi ndings may 
often be simply accurate measures of the 
prevailing bias. In this essay, I discuss the 
implications of these problems for the 
conduct and interpretation of research.

It can be proven that 
most claimed research 

fi ndings are false.
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of tested relationships; where there is 
greater fl exibility in designs, defi nitions, 
outcomes, and analytical modes; when 
there is greater fi nancial and other 
interest and prejudice; and when more 
teams are involved in a scientifi c fi eld 
in chase of statistical signifi cance. 
Simulations show that for most study 
designs and settings, it is more likely for 
a research claim to be false than true. 
Moreover, for many current scientifi c 
fi elds, claimed research fi ndings may 
often be simply accurate measures of the 
prevailing bias. In this essay, I discuss the 
implications of these problems for the 
conduct and interpretation of research.

It can be proven that 
most claimed research 

fi ndings are false.

John Ioannidis

“There is increasing concern that most current 
published research findings are false. The probability 
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 in each 
scientific field. … Simulations show that for most study 
designs and settings, it is more likely for a research 
claim to be false than true. Moreover, for many current 
scientific fields, claimed research findings may often 
be simply accurate measures of the prevailing bias. “ 
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Statistical power (our ability to detect real effects) remains  
low in many areas of social science

THE NATURAL SELECTION OF BAD SCIENCE 13
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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 a = 0.05, and indicate both very low
power (mean = 0.24) but also no increase over time (R2 = 0.00097).

methods achieve broader scientific goals will have a competitive edge, by crowd-

ing out alternative traditions in the job market and limited journal space. Vankov

et al. provide some evidence for this among psychologists: Widespread misun-

derstandings of power and other statistical issues. What these misunderstandings

have in common is that they all seem to share the design feature of making positive

results—true or false—more likely. Misunderstandings that hurt careers are much

less commonplace.

Reality is probably a mix of these explanations, with some individuals and groups

exhibiting more of one than the other. Our working assumption is that most

researchers have internalized scientific norms of honest conduct and are trying

their best to reveal true explanations of important phenomena. However, the evi-

dence available is really insufficient. Analyses of data in evolutionary and histori-

cal investigations are limited in their ability infer dynamical processes (Smaldino,

Calanchini & Pickett, 2015), particularly when those data are sparse, as with inves-

tigations of scientific practices. To really investigate such a population dynamic

hypothesis, we need a more rigorous demonstration of its logic.

Smaldino & McElreath, 2016, https://arxiv.org/abs/1605.09511
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The winner's curse: how the size of estimated effects is 
inflated by Null Hypothesis Significance Testing
➤ 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.



36

Problems with the status quo: p-hacking, HARK-ing2
The winner's curse: how the size of estimated effects is 
inflated by NHST

Simulated example 
True effect size = 0.2 w/ random variation 
Mean effect size of significant effects: 0.33
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How much NHST inflates effect size estimates lessens as 
the power of individual studies increases.
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How much NHST inflates effect size estimates lessens as 
the power of individual studies increases.

Cumulative meta-analysisConventional meta-analysis

10

Pezawas et al., 2004
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Frodl et al., 2007 
Miyajima et al., 2008
Takahashi et al., 2008
Chepenik et al., 2009
Dutt et al., 2009 
Gatt et al., 2009 
Jessen et al., 2009 
Joffe et al., 2009 
Schofield et al., 2009
Toro et al., 2009 
Benjamin et al., 2010 
Karnik et al., 2010 
Koolschijn et al., 2010 
Cole et al., 2011 
Gerritsen et al., 2011 
Gonul et al., 2011 
Gruber et al., 2011 
Kanellopoulos et al. 2011
Richter-Schmidinger et al., 2011
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FIG. 2. Forest plots for random effect meta-analyses on differences in total hippocampal volumes between BDNF val/val homozygotes and
carriers of a met allele. In panel A, the forest plot for the conventional meta-analysis. In panel B, the forest plot for a cumulative meta-analysis
(i.e., a meta-analysis that calculates an aggregated effect size for each study that is added). aPositive effect-sizes favor the hypothesis that
val/val homozygotes have larger hippocampal volumes as compared to carriers of a met allele.

Ef
fe

ct
 si

ze
, C

oh
en

’s
 d

1.2

1.0

0.8

0.6

0.4

0.2

0.0

-0.2

-0.4

2004       2005       2006       2007       2008       2009 2010       2011       e-pub 

FIG. 4. Scatter plot showing the relation between year of
publication and standardized Cohen’s d (weighted by the inverse
of the variance) on the association of BDNF val66met and total
hippocampal volume (Pearson’s r¼"0.54, P< 0.01). Dashed
bordered circles indicate studies that included healthy subjects
only (r¼"0.49). Solid bordered circles indicate studies that
included both healthy control subjects and patients (i.e., major
depressive disorder, schizophrenia, and bipolar disorder; r¼
"0.55). e-pub, e-pub ahead to print (January 1, 2012).
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FIG. 3. Funnel plot and trim-and-fill estimation showing the typical
pattern of publication bias. Black data points depict observed
values, white data points depict imputed values. The black
diamond depicts the aggregated point estimate (d¼ 0.13,
P¼ 0.02) and the white diamond the aggregated point estimate
after imputation of two studies (d¼ 0.09, NS).
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Inconsistenties have been reported with regard to an association
between val66met, a polymorphism on the BDNF gene, and
hippocampal volume. We performed a systematic review and
ameta-analysis to determine themagnitude and direction of this
putative association and estimated the potential influence of
demographic, clinical, and methodological characteristics of
studies. Tests of publication bias and time-related trends were
performed and statistical power of the included studies was
calculated. The literature search for MRI studies on differences
in total hippocampal volume as a function of BDNF val66met
returned 25 records that fulfilled our criteria (total N¼ 3,620).
Meta-analysis showed that carriers of a met allele had lower
hippocampal volumes relative to val/val homozygotes (d¼ 0.13,
P¼ 0.02). Between-study heterogeneity in effect size estimates
was substantial (Q¼ 54.47, P< .001) and this could not be
explained by demographic, clinical, and methodological differ-
ences across studies. Funnel plot inspection and trim-and-fill
estimations suggested evidence for publication bias and effect
sizes decreased substantially over the years (Pearson’s r¼"0.54,
P< .01). All included studies were underpowered. This meta-
analysis shows that carriers of a met allele have lower total
hippocampal volumes relative to val/val homozygotes. However,
effect sizes converged closer to null with virtually each attempt at
replicationandwerebasedonunderpowered studies.Altogether,
this may call into question whether the observed effect is a
genuine biological effect of the met allele or whether it is subject
to a winners curse, with large effect sizes found in a few early
studies and increasingly smaller effect sizes in later studies.
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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 volume of The 
Compleat Academic is filled with 
practical and valuable advice to 
help new academics set the best 
course for a lasting and vibrant 
career.

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

What is the status quo? Advice for early-career psychologists. 
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https://www.apa.org/pubs/books/4316014.aspxhttp://neuroanatody.com/2017/11/oxford-reproducibility-lectures-dorothy-bishop/

"HARKing"

"p-hacking"

Career advice from Daryl J. Bem:
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"HARKing"

➤ “Hypothesizing After the Results are Known” (Kerr, 1988) 
➤ Why is this a problem? 

➤ It can turn false positives 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, and not expected to generalize well 
to new observations. 

➤ It becomes impossible to disconfirm bad ideas
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The idealized scientific process and how common practices undermine it. 

where 
statistical 
practices 
intervene
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This is why we asked you all to  
pre-register your research question 

and analysis approach before seeing the data 
for your final projects. 
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Play the "p-hacking game:" find a significant effect & win!

➤ Go to: https://projects.fivethirtyeight.com/p-hacking/ 
➤ Last names starting with letters A-L: 

➤ Find evidence that the U.S. economy is better when 
Republicans are in office. 

➤ Last names starting with letters M-Z: 
➤ Find evidence that the U.S. economy is better when 

Democrats are in office. 
➤ Tell us on PollEverywhere once you have a significant 

effect!

https://projects.fivethirtyeight.com/p-hacking/
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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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Today

2 3

How does correlation  
relate to causation?

Problems with status  
quo: p-hacking, 

HARK-ing

Open science 
and computational 

reproducibility

Lecture 19: broader methodological trends in psychology
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Open science and computational reproducibility3
How do we overcome these problems with the status quo?

➤ Don't p-hack 
➤ Pre-register your research questions & analysis plan 
➤ Publish both positive and negative results (do not make 

publication dependent on the results) 
➤ Replicate studies whenever possible 
➤ Make your code and data available so your future self & 

other researchers can verify and build upon your work 
➤ You've been learning the foundations of 

"computational reproducibility" throughout the 
quarter by writing your analysis workflows in R!

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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https://figshare.com/articles/Publishing_a_reproducible_paper/5440621

DATA

Same Different

CODE

Same Reproducible Replicable

Different Robust Generalizable

What does reproducibility mean? 

https://figshare.com/articles/Publishing_a_reproducible_paper/5440621
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Open science and computational reproducibility3

What is "open science?"

Open science refers to the 
set of beliefs, research 
practices, and policies 
organized around the central 
roles of transparency and 
verifiability in scientific 
practice. ("Take nobody's word for it")
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Mertonian scientific norms

➤ Communism: all scientists own all science  
➤ Universalism: scientific validity is  

independent of individuals or institutions 
➤ Disinterestedness: scientific gains are for the common 

good, not the good of the individuals 
➤ Skepticism: claims should be subject to organized 

scrutiny prior to being adopted 
➤ These values are fundamentally aligned with openness!

Robert Merton
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Open science and computational reproducibility3

Preregistration
➤ Pre-registration entails writing up the goals of study, testable 

hypotheses, analysis approach ahead of actually working with 
data & seeing the results.  

➤ Helps to protect self against inadvertent p-hacking and 
HARKing. 

➤ More detailed plans help reduce "researcher degrees of 
freedom." 

➤ Distinguishes between "exploratory" and "confirmatory" 
research. 
➤ Exploratory research is data-driven. 
➤ Confirmatory research is theory-driven.



53

Open science and computational reproducibility3

https://figshare.com/articles/Publishing_a_reproducible_paper/5440621

DATA

Same Different

CODE

Same Reproducible Replicable

Different Robust Generalizable

What does reproducibility mean? 

https://figshare.com/articles/Publishing_a_reproducible_paper/5440621
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Foundations of computational reproducibility
➤ Use and share data formats that are easy to open across 

different computing environments 
➤ e.g., CSV files that can be imported as tidy data frames. 

➤ Write your data analysis pipeline using a scripting language 
that can be executed in the same way by any computer 
every time (rather than using a point-and-click interface) 
➤ e.g., RMarkdown Notebooks 

➤ In this class, you have learned the foundational tools for 
computationally reproducible statistical analyses!



Science is an iterative process, not a 
collection of facts. 

3

Statistics gives us tools for turning our research 
questions and hypotheses into testable 
predictions, and for evaluating the strength of the 
evidence we have.

A single study generally doesn't close the 
door on a research question, but rather open 
up new questions for future research.

In carrying out your final project, you are 
participating in this process! Congrats!

Open science and computational reproducibility

🙌
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Recap

2 3

How does correlation  
relate to causation?

Problems with status  
quo: p-hacking, 

HARK-ing

Open science 
and computational 

reproducibility

Lecture 20: broader methodological trends in psychology

Inflate the actual 
false-positive rate 

above the presumed 
one of 0.05.

"Correlation does not 
imply causation, but it's 

a pretty good hint!"

Share your data in tidy 
format & use scriptable 
analysis workflows to  
ensure computational 

reproducibility!
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🙏


