
Camille Maumet
8 février 2024

Rapportrice Carole Lartizien, CNRS, France
Rapportrice  Jeanette Mumford, Stanford University, USA
Rapporteur Adam Thomas, NIMH, USA
Examinatrice Sarah Cohen-Boulakia, University Paris Saclay, France
Examinatrice Anne-Laure Boulesteix, LMU Munich, Germany
Présidente Elisa Fromont, Rennes University, France

Towards reproducible neuroimaging
Solutions for sharing and re-using brain imaging data

Soutenance pour l'obtention de l'Habilitation à Diriger les Recherches



A crisis in experimental research

2

The reproducibility crisis has led to reduced 
confidence in research findings

Low reproduction rates in many fields
Cancer research: <11% Psychology: 36%
Medicine: 44%

(Begley & Ellis 2012) (Open Science Collab 2016) (Ioannidis 2005)
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Cancer research: <11% Psychology: 36%
Medicine: 44%
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Power of neuroscience studies

Fixing irreproducibility with different data

High rate of false positives 
in the literature

Small samples 
Low statistical power

X-ray: Lung opacity detection
Model trained on male images, tested on female 
images

Lack of representativity and 
diversity of the samples

Lack of generalisability 
and fairness

Solution: Data 
Sharing
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Data User Agreement
Signed by researchers

“[...] I will not attempt to [...] 
retrieve the identity of the 
study participants."

Consent form
Signed by participants

“[...] data might also be 
used for other future 
research projects in the 
field of medical and 
cognitive neuroscience.”
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Input data Results

A multiplicity of analysis pipelines
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effects in 
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Variability across 
neuroimaging software 

[Bowring Maumet* Nichols*, HBM 2019]
[Bowring Nichols* Maumet*, HBM 2021]
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Principles of functional MRI

Data preparation

Input data Results

Statistical analysis

Derived 
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fMRI results: Activations maps

    Visual ✋ Hand motion 🎵 Music

Credits: Examples of activations maps from Neurosynth https://neurosynth.org/ (Yarkoni et al, 2011)21
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Goal 1: Investigate the variability observed in fMRI results 
when using different software packages
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Data preparation

Principles of functional MRI

Input data Results

Statistical analysis

Derived 
data

��

● Reproduced 3 studies from the literature
● Using 3 fMRI software: AFNI, FSL, SPM  

(used in 80% literature (Carp, 2012))
● Pipelines aligned using available configurations. 

Goal 1: Investigate the variability observed in fMRI results 
when using different software packages
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[Bowring Maumet* Nichols*, HBM 2019]

● Variability in the activation maps

AFNI 
software

study ds001 study ds109 study ds120

FSL 
software

SPM 
software

Original
paper
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● Variability in the activation maps
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AFNI 
software

study ds001 study ds109 study ds120

FSL 
software

SPM 
software

● Variability in the unthresholded statistic maps

AFNI vs. FSL 0.62

AFNI vs. SPM 0.61

FSL vs. SPM 0.68

Correlations

Conclusion: The choice of 
software impacted both the final 
activation and statistic maps.
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can explain the observed differences
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Conclusion: 1 main contributing factor was found but different for each study
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A consequence of a more reproducible research

3- Reusing 
neuroimaging data



Meta-analyses

[Maumet* and Nichols, in prep]

Leveraging large datasets

[Germani Fromont* Maumet*, Gigascience 2023]

Reusing neuroimaging data

28

Validity of mega-analyses

[Rolland Maurel Maumet, ISBI 2022]

Reference

Multiverse analyses

[Lefort-Besnard Nichols* Maumet*, OHBM 2024]



Meta-analyses

[Maumet* and Nichols, in prep]

Leveraging large datasets

[Germani Fromont* Maumet*, Gigascience 2023]

Reusing neuroimaging data

Validity of mega-analyses

[Rolland Maurel Maumet, ISBI 2022]

Reference

Multiverse analyses

[Lefort-Besnard Nichols* Maumet*, OHBM 2024]
28



Validity of neuroimaging
mega-analyses
Multi-stage functional MRI analysis

Data preparation

Input data Results

Statistical analysis

Derived 
data

Xavier 
Rolland

Pierre 
Maurel

29



Multi-stage functional MRI analysis

Data preparation

Subject 3 Results

Statistical analysis

Derived 
data 1

Xavier 
Rolland

Pierre 
Maurel

Data preparation

Subject 2 Derived 
data 2

Data preparation

Subject N Derived 
data N

Subject-Level Group-Level

Validity of neuroimaging
mega-analyses

29



Multi-stage functional MRI analysis

Results

Statistical analysis

Derived 
data 1

Xavier 
Rolland

Pierre 
Maurel

Derived 
data 2

Derived 
data N

Validity of neuroimaging
mega-analyses

30

Subject-Level Group-Level



Multi-stage functional MRI analysis

Data preparation

Subject 3 Results

Statistical analysis

Derived 
data 1

Xavier 
Rolland

Pierre 
Maurel

Data preparation

Subject 2 Derived 
data 2

Data preparation

Subject N Derived 
data N

Validity of neuroimaging
mega-analyses

30

Subject-Level Group-Level



Goal: Investigate the 
validity of group 
statistics using 

subject data prepared 
with different pipelines

Multi-stage functional MRI analysis

Data preparation

Subject 3 Results

Statistical analysis

Derived 
data 1

Xavier 
Rolland

Pierre 
Maurel

Data preparation

Subject 2 Derived 
data 2

Data preparation

Subject N Derived 
data N

Validity of neuroimaging
mega-analyses
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● HCP Young-Adult (1000 subjects)
● 3 pipeline variations 

○ Spatial smoothing: 5 or 8 mm
○ Modelling of the brain response: with/out derivative
○ Correction for subject motion: 0,6, 24 covariates  

Goal: Investigate the validity of group statistics using 
subject data prepared with different pipelines

Validity of mega-analyses
in neuroimaging Xavier 

Rolland
Pierre 
Maurel

Group-level 
statistics

Subject-level 
data preparation

Empirical false 
positive rate

31



Conclusion: Invalidity of the mega-analyses for multiple variations 
studied (e.g. different smoothing, 1+ variation)

"Reference" pipeline :
○ canonical HRF
○ smoothing 5mm
○ 24 motion 

regressors

[Rolland Maurel Maumet, ISBI 2022]

Validity of mega-analyses
in neuroimaging Xavier 

Rolland
Pierre 
Maurel

Reference

Reference

● P-p plots (Bland-Atlman)
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Meta-analyses

[Maumet* and Nichols, in prep]

Leveraging large datasets

[Germani Fromont* Maumet*, Gigascience 2023]

Reusing neuroimaging data

Validity of mega-analyses

[Rolland Maurel Maumet, ISBI 2022]

Reference

Multiverse analyses

[Lefort-Besnard Nichols* Maumet*, OHBM 2024]
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Leveraging large and open 
datasets
Shared data with limited metadata

Elodie 
Germani

Elisa 
Fromont

500 000+ images 
A variety of fMRI tasks, preprocessing and analysis 
Minimal metadata required.
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Leveraging large and open 
datasets
Shared data with limited metadata

Elodie 
Germani

Elisa 
Fromont

500 000+ images 
A variety of fMRI tasks, preprocessing and analysis 
Minimal metadata required.

Goal: Can we take advantage of a large pool of unlabelled data to help 
answer new research questions?

● Step 1: Build a model-agnostic representation of fMRI statistic maps

● Step 2: Fine-tune a classifier (predicting cognitive process: )

Latent 
space

Original Reconstructed

Encoder Decoder

��✋
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[Germani Fromont* Maumet*, Gigascience 2023]

Leveraging large and open 
datasets Elodie 

Germani
Elisa 

Fromont
● Tested on two datasets:

○ Single large study (HCP Young adult) 23 tasks x 787 subjects
○ Collection of studies (Brainpedia) 29 studies, 36 tasks, 826 subjects

Collection of studiesSingle study

Conclusion: The pre-trained classifier always performed better especially 
when the problem was complex (small samples, heterogeneity).
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Validity of meta-analyses

[Maumet* and Nichols, in prep]

Leveraging large datasets

[Germani Fromont* Maumet*, Gigascience 2023]

Reusing neuroimaging data

Validity of mega-analyses

[Rolland Maurel Maumet, ISBI 2022]

Reference

Multiverse analyses

[Lefort-Besnard Nichols* Maumet*, OHBM 2024]
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Open Science



Step 1
More 
reproducible 
research

Step 2
More 
collaborative 
research

Step 3
More 
inclusive 
research

A journey into Open Science
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Future research

THIS WAY



A very large analysis landscape

40

10ˆ30 alternative pipelines…

≠ software ≠ software version≠ algorithm ≠ parameters ≠ environment

… and many more…

Input data Results



Research program

Aex GRASP (ongoing) ANR JCJC VICUNA PEPR ShareFAIR

Status quo Future neuroimaging studies

Main axes of 
variability

Stability

Over 10ˆ30 pipelines 5-20 representative pipelines

Practitioner reports results for
a single analysis

Objective 1: Modelling 
the analytical space

Objective 2: Recording 
and sharing provenance

Objective 3: Exploring the 
analytical space
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Collaborators



Towards reproducible neuroimaging
Solutions for sharing and 

re-using brain imaging data

Credit: Presentation template and icons by SlidesCarnival, adapted

Camille Maumet

Open Science

Opening up 
neuroimaging data

On the vibration of 
effects in 
neuroimaging

Reusing 
neuroimaging data

Soutenance pour l'obtention de l'Habilitation à Diriger les Recherches

http://www.slidescarnival.com/

