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Credits: Examples of activations maps from Neurosynth https://neurosynth.org/ (Yarkoni et al, 2011) 3
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Many-analyst project: NARPS
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Variability across
neuroimaging software
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Goal 1: Investigate the variability observed in brain imaging results
when using different domain software packages
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Goal 1: Investigate the variability observed in brain imaging results
when using different domain software packages

e Reproduced 3 studies from the literature

e Using 3 brain imaging software: AFNI, FSL, SPM
(used in 80% literature [Carp, 2012])

e Pipelines aligned using available configurations.
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HCP many pipeline

Elodie _ Pierre Elisa
Germani Maurel Fromont

e 1 dataset
o Human Connectome
Project (HCP) Young
Adult
e 24 pipelines
o FSL, SPM/2HRF/
2 smoothing / 3 motion
regressors
e 1080 participants and 1000
groups (50 subjects)
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Shared data (in compliance with GDPR)

[Germani et al, preprint hal:inserm-04356768]
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