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Reproducing an MRI study

Image credits: Questions (CC BY-SA)
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Definitions of reproducible

neuroimaging (COBIDAS)

Levels of generalization Participants MRI acquisition Experiment Analysis Personnel
Stimulus Stimulus Experimenter

Population Sample Scanner Visit Data population sample Method Code analyst Data

Generalization over measurements

ISO repeatability (e.g., 30-min intrascanner reliability) . . . . . . . . . .

ISO intermediate reproducibility (e.g., 7-d intrascanner . . . D . . . . . .

reliability)

ISO reproducibility (e.g., 7-d interscanner reliability) . . D D D . . . . . .

Generalization over analyses ‘

Analysis replicability . . . . . . . . . . .

Collegial analysis replicability . . . . . . . . . .

PengS5 reproducibility . . . . . . . . D D

Generalization over materials and methods

Near replicability (different subjects) . . - - . . . . . .

Intermediate replicability (different labs) . - - . . . . D

Far replicability (different experimental & analytical . - - . D D D D

methods)

Hypothesis generalizability (different subject populations D D D - - D D D D D D

& types of stimuli)

Table 1. A partial taxonomy of reproducibility in neuroimaging

[Nichols et. al, Nature Neuroscience 2017]
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Solutions: Sharing code,
containerization, etc.
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1. False positive finding

.

A Waste 0f 1,000 Research Papers Low statistical power

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,
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/
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Power of neuroscience studies

Power = Prob. to correctly find a significant effect when a the
alternative hypothesis is true.
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2. Lack of generalizability and
Ehe New Pork imes equitability

Many FaciaI-Recognition Systems Are Lackofrepresentativity and diversity

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.

Morning at Grand Central Terminal. Technology for facial recognition is frequently
biased, a new study confirmed. Timothy A. Clary/Agence France-Presse — Getty Images

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
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Biased, Says U.S. Study

Algorlthm? falsely identified Afrlca}n—Amerlcan and Asian faces X-ray: Lung opacity detection
10 to 100 times more than Cauca81an faces, researchers for the Model trained on male images, tested on

National Institute of Standards and Technology found. female images

[Larrazabal et. al, PNAS 2020]

Morning at Grand Central Terminal. Technology for facial recognition is frequently
biased, a new study confirmed. Timothy A. Clary/Agence France-Presse — Getty Images

The New York Times, "Many Facial-Recognition Systems Are Biased, Says U.S. Study’, By Natasha Singer &
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We need representative
and diverse data

‘ * *
Morning at Grand Central Terminal. Technology for facial recognition is frequently an d tea ms
biased, a new study confirmed. Timothy A. Clary/Agence France-Presse — Getty Images

The New York Times, "Many Facial-Recognition Systems Are Biased, Says U.S. Study’, By Natasha Singer &
Cade Metz,. 2019
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Many analysts project : NARPS
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[Botvinik-Nezer et. al, Nature 2020]
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Many analysts project : NARPS
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Many analysts project : NARPS
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Many analysts project : NARPS

Results over the 70 post-processing pipelines:
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[Botvinik-Nezer et. al, Nature 2020]



Many analysts project : NARPS

Results over the 70 post-processing pipelines:

Actual or predicted fraction of teams reporting a significant result
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Results over the 70 post-processing pipelines:

Actual or predicted fraction of teams reporting a significant result

1.0

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

© Fundamental value
@ Non-team members

© Team members

Significant finding
o (>80% of teams agree)

Contradictory results
(Teams disagree)

Non-significant finding
(>80% of teams agree)

H7

H8

H9

H2 H3 H4
Hypothesis number

Hé H1 H5

[Botvinik-Nezer et. al, Nature 2020]



Different levels of variability In
post-processing pipelines

Different end-to-end pipelines [Carp 2013]
Different Software Version [Gronenschild 2012]
Different operating system [Glatard 2015]

Different post-processing software packages
[Bowring 2019, 2021]



Variability across software

Reproduced 3 published functional MRI studies
ds001, ds109, ds120 (from Openneuro)

Using 3 different software packages - 4
AFNI. FSL. SPM Alex Bowring Tom Nichols

Software 1 Software 2 Software 3
£R £R £R
&y &y &y

Pipeline Pipeline & Pipeline

v v v
£ £ £
% Re7 Ra7


https://openneuro.org/

Software Comparison Project
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Comparison of the final results

[Bowring et. al, HBM 2019]

Comparison of the statistic maps




Code overview

https://github.com/nisox-bdi/Software_Comparison/



https://github.com/nisox-bdi/Software_Comparison/

Conclusions

Observed differences with aligned pipelines across
software packages

More pronounced with thresholded maps

How to explain those variations



Software Comparison Project 2

Alex Bowring Tom Nichols
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[Bowring et. al, HBM 2021]



Software Comparison Project 2

ds000001
AFNI/FSL
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[Bowring et. al, HBM 2021]



Code overview

https://github.com/NISOx-BDI/SC2



https://github.com/NISOx-BDI/SC2

Main sources of variations

Different across datasets
dso01: software's first-level signal model
ds109: preprocessing and first-level noise model

ds120: group-level model and inference

ds000001
AFNI/FSL
1st-level signal a: 1A . SAF o 6AF N 7F
model E & & £ _

Preprocessing to MNI
1*!-level Signal Model
15"-level Drift Model
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Going further to
understand analytical
variability



Va

Ny studying analytical

ability?

Impacts the reliability of existing
findings

Impacts the reusability of derived
datasets
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Explaining analytical variability..
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uncertainty
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Unwanted
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Variability
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On our way...

Sharing a variety of research artefacts and in
particular code along with paper

Storing and sharing provenance (BIDS-Prov)
Benchmarking different methods
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