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‘Fixing reproducibility for different data

Small samples

Low statistical power
Power of neuroscience studies
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'Neuroimaging data sharing

Limited sampling Extensive sampling
fromAmany subjects from many subjects
100,000

A
10,000 —: BioBank
@ ¢l
& 1,000
Ll
]
)
5 o« MOUS
> ~HCP 7T Retinotopy
[ ® Narratives
£ 100
] o Naturalistic Neuroimaging Database
=z traditional
fMRI studies
. e StudyForrest
10 - ¢ |BC e Midnight Scan Club NSD
; ric Object 4
Task ngpllng Ge.'g‘ic'oé?néec Extensive sampling -
2 o, «BOLDS5000 from a few subjects
®Vim-2 _eDynamic Natural Vision EEA L4 CAEEEE CNeuro
e Vim-1 MyConnectome S Mod
1 ® e Doctor Who
! : — -
0 10 20 30 40 50

Hours of fMRI data per subject

Current Opinion in Behavioral Sciences

: (Naselaris, Curr. Opin. Behav. Sci. 2021)




Opening up
neuroimaging data



................................................................................................................

Credits: Parcel CCO publicdomainpictures.net 19



http://publicdomainpictures.net

Sharing FAIR datasets - s

@; > 0.pe YXNAT]
6% T HANOIR

- A

Findable we can search for
open datasets in common
repositories

................................................................................................................

Credits: Parcel CCO publicdomainpictures.net



http://publicdomainpictures.net

‘Sharing FAIR datasets

&:’L} Donders Repository

P “‘\ OpennEURO '»XN AT
9 A\

f/:o‘t*\: _ e

o 3 ) hateoe L

.

A

= SHANOIR

Accessible Direct download

(e.g. Openneuro) or with Data
User Agreement (e.g.
Donders)

................................................................................................................

Credits: Parcel CCO publicdomainpictures.net 21



http://publicdomainpictures.net

Data sharing and privacy

Are neuroimages anonymous?

(Open Brain Consent, HBM 2021)
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Dealing with analytical variability
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