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A brain imaging study
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A Waste of 1,000 Research Papers

Decades of early research on the genetics of depression were built on
nonexistent foundations. How did that happen?

ED YONG MAY 17 2019

SEAN NEL / SHUTTERSTOCK

In 1996, a group of European researchers found that a certain gene, called

SLC6A4, might influence a person’s risk of depression.

It was a blockbuster discovery at the time. The team found that a less active
version of the gene was more common among 454 people who had mood
disorders than in 570 who did not. In theory, anyone who had this particular

gene variant could be at higher risk for depression, and that finding, they said, (I r) = ReprOd U.Ci bi l.ity

might help in diagnosing such disorders, assessing suicidal behavior, or even

The Atlantic Science, ‘A waste of 1000 research papers’, Ed Yong.



https://www.theatlantic.com/science/archive/2019/05/waste-1000-studies/589684/

Why are middle-aged marathon
runnetrs faster than
twentysomethings?

According to new data from the running app Strava, runners in
their 40s are streets ahead of younger rivals

Faster in their forties
than twenties?

A 'Middle-aged runners outperform runners in the 20s ... Photograph: FatCamera/Getty

ccording to data released by the running app Strava, middle-aged
runners consistently average faster marathon times than their
younger rivals, apparently defying the usual rules of athletic
performance. Men in the 40-49 age bracket clock an average time
of four hours and 17 minutes for a marathon, according to the recent figures.
Women in the same age range typically come in at just under the five-hour

mark. Selection bias

The Guardian, “Why are middle-aged marathon runners faster than twenty somethings?”. Oliver Balch



https://www.theguardian.com/lifeandstyle/shortcuts/2019/apr/22/why-are-middle-aged-marathon-runners-faster-than-twentysomethings
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Open data

Unique study
30 participants
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&he New York Times

Many Facial-Recognition Systems Are
Biased, Says U.S. Study

Algorithms falsely identified African-American and Asian faces

10 to 100 times more than Caucasian faces, researchers for the
National Institute of Standards and Technology found.

Lack of diversity of the
input data

Morning at Grand Central Terminal. Technology for facial recognition is frequently . . .

biased, a new study confirmed. Timothy A. Clary/Agence France-Presse — Getty Images Algorlth micC blaS

The New York Times, "Many Facial-Recognition Systems Are Biased, Says U.S. Study’, By Natasha Singer &
Cade Metz,. 2019



https://www.nytimes.com/2019/12/19/technology/facial-recognition-bias.html

OPT-OUT CULTURE

Using a fitness app taught me the
scary truth about why privacy
settings are a feminist issue
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The social fitness app Strava is meant to help people compare data on their workouts.

FROM OUR SERIES

Ideas >

Our home for bold arguments and big thinkers.

9 By Rosie Spinks

August 1, 2017 - This article is more than 2 years old. Data p riva cy

Quartz, "Using a fitness app taught me the scary truth about why privacy settings are a feminist issue” R.
Spinks, 2017.



https://qz.com/1042852/using-a-fitness-app-taught-me-the-scary-truth-about-why-privacy-settings-are-a-feminist-issue/
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A new level of
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Analytic variability
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Analytic variability
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Analytic variability
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Statistical

modelling of
analytic var.

Variations across software

Reproduced 3 published functional MRI studies
Using 3 different software

AN &
Alex Bowring Tom Nichols

Software 1 Software 2 Software 3
£ ) )
[ ¥ “ ' , ¥ l" . ’ y " .

\ 35 \ 30 h 30
Pipeline Pipeline & Pipeline
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Statistical

modelling of
analytic var.

Variations across software

ds000001 ds000109 ds000120 45000001 ds000109 45000120

AEN

z=15

b

Comparison of the statistic maps

Comparison of the final results

[Bowring et. al, HBM 2019]
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Sharing more research outputs
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Standards for
data sharing

Brain Imaging Data Structure
(BI DS) Traffic to bids.neuroimaging.io

Used in over 60 labs around the

world
E o

e Adopted by: FCP-INDI, Developing . .4
Human Connectome, SchizConnect
and Donders Data repository.  —l

e Extensions: MEG, [EEG, EEG By _dataseV
@ participants.tsv

B sub-01/
BB anat/
2 sub-01_T1w.nii.gz
Krys B func/
Gorgolewski [ sub-01_task-rest_bold.nii.gz

2 sub-01_task-rest_bold.json

[Gorgolewski et al., Sci. Data 2016]
Slide by R. Poldrack & K. Gorgolewski (CC BY), adapted.


https://figshare.com/articles/Towards_a_robust_data_organization_scheme_for_neuroimaging_the_Brain_Imaging_Data_Structure_BIDS_/6949577/1
https://creativecommons.org/licenses/by/4.0/
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Sharing more research outputs
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Standards for

data sharing

NIDM-Results pack

NIDM-Results

ClusterLabels.nii.gz

Contrast.nii.gz

i ContrastStandardError.nii.gz
DesignMatrix.csv

|'# DesignMatrix.png

i ExcursionSet.nii.gz

== ExcursionSet.png

¥ GrandMean.nii.gz

i Mask.nii.gz

) nidm.json

nidm.ttl

ParameterEstimate_001.nii.gz

ParameterEstimate_002.nii.gz

ResidualMeanSquares.nii.gz

SearchSpaceMask.nii.gz

TStatistic.nii.gz

ZStatistic.nii.gz

[Maumet et al.,
Sci. Data 2016]
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ClusterLabels.nii.gz
Contrast.nii.gz
ContrastStandardError.nii.gz
DesignMatrix.csv

i DesignMatrix.png
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el

| oaw | aw | aw | am | am

ExcursionSet.png
GrandMean.nii.gz
Mask.nii.gz
nidm.json

: | Neuroimg

‘| Software

nidm.ttl
ParameterEstimate_001.nii.gz
ParameterEstimate_002.nii.gz
ResidualMeanSquares.nii.gz
SearchSpaceMask.nii.gz
TStatistic.nii.gz
ZStatistic.nii.gz

[Maumet et al.,
Sci. Data 2016]
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Sharing more research outputs
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