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Disclosures

The NeuroDataScience-ORIGAMI lab created the Nipoppy and Neurobagel projects.
| am a core maintainer of Nipoppy.

| am a user of Fed-BioMed and collaborate with their development team.
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Reality check: Federated learning (FL) is not
commonly used in neurolimaging

(("Federated analysis" OR "Federated learning") AND
(Neuroimaging)) NOT (Review[Publication Typel)

Pubmed ® (("Federated analysis" OR "Federated learning") AND (Neuroimaging)) NO* X m
Advanced Create alert Create RSS User Guide

<48 results / ~ 28,818

———

Save Email Send to Sort by: | Best match $ Display options 3§

MY CUSTOM FILTERS

= 1 «s> »  Primarily methods development
RESULTS BY YEAR D A federated learning architecture for secure and private neuroimaging (S i m u I ated fed e rated Setu pS)

analysis.

Cite  Stripelis D, Gupta U, Saleem H, Dhinagar N, Ghai T, Anastasiou C, Sanchez R, Steeg GV, Ravi S,
Naveed M, Thompson PM, Ambite JL
Patterns (N Y). 2024 Aug 1;5(8):101031. doi: 10.1016/j.patter.2024.101031. eCollection 2024 Aug 9.
. PMID: 39233693 Free PMC article.
H-. However, collecting data from multiple sites for joint analysis remains challenging due to security,
2020 2026 privacy, and regulatory concerns. To overcome this challenge, we use federated learning, which

enables distributed training of neural network models over multiple da ...
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Technical hurdles for FL adoption in neuroimaging

Site 1 Experiment orchestrator

Local > K\

data ; Parameter
| aggregation
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Local Local
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Technical hurdles for FL adoption in neuroimaging
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Technical hurdles for FL adoption in neuroimaging

Site 1 Experiment orchestrator
K\ Several software frameworks
'-°ca'_) provide infrastructure for FL
data ~ Parameter
aggregation  Thege frameworks assume
' that all sites have prepared
data in an identical way

\, "; Site 3

Local
<«

data
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Neuroimaging data preparation challenges

Filesystem organization

e Where are raw and
derived data stored?

e How are files named?

Site 1 @
01-T1w.nii.gz |EE1 processed]
01-diffusion.nii.gz| <pipeline>]
Site2 @
] i

derivatives

<pipeline-name>|

T1.nii.gz |

<pipeline-versionﬂ
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Neuroimaging data preparation challenges

Filesystem organization Data processing

e Where are raw and e How to ensure the same
derived data stored? processing at each site?

e How are files named? e How to launch pipelines in

different environments?
Site1 @

01-T1w.nii.gz | ?{ processed ] a (B\ APPTAINER
01 -diffusion.nii.gz| |—(<pipeline>] g

Site2 @

T1.nii.gz |

er1vat1ves
<p1pe11ne name> w dOCker
<p1pe11ne ver31on>]
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Neuroimaging data preparation challenges

Filesystem organization Data processing
e Where are raw and e How to ensure the same
derived data stored? processing at each site?
e How are files named? e How to launch pipelines in
different environments?
Site 1 @
01-T1w.nii.gz | ? processed ] a 7 APPTAINER
01 -diffusion.nii.gz| <pipeline>] a
Site2 @
= i
_derivatives 0
T1.nii.gz | <pipeline—name>] D w dOCker:
./

<pipeline-version>]
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Variable semantics

e What measures do the
columns contain?

e How are the values coded?

=

Age: 50.0; 62.3; ...
Sex: F; M

Diag: HC; PD
MoCA

age: 78,1; 58,3; ...
sex: 0; 1

diag: 0; 1
moca_score



Challenge 1: Filesystem organization

Filesystem organization

e Where are raw and
derived data stored?

e How are files named?

Site1 @

? 01-T1w.nii.gz | ? processed ]

01 -diffusion.nii.gz| <pipeline>]

Site2 @
. ]

<pipeline-name>|

T1.nii.gz |

<pipeline-vers:i.on>]
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Challenge 1: Filesystem organization

Filesystem organization Standardized layout for phenotypic and imaging study files

e Where are raw and " (=sTupv_root>
) 1 .
derived data stored? 5 B I DS -nipoppy

B 5RAIN IMAGING DATA STRUCTURE manifest.tsv /|

= Common principles & Q

Site1 @ Study dataset

1N

e How are files named?

dataset_description. json/|

BIDS allows one to organize the source, raw, and derived data for
the entire study as a valid BIDS dataset (see study
01-T1w.nii. gz | processed ] DatasetType ) in the following way phenotype
e1 -diffusion.nii.gz| <pipeline>] L study-1/
— sourcedata/
}: dicoms/ fmriprep
. - rawt;iéls/ 23.1.3
Site 2 a I sub-e1/ (:
|~ sub-02/ output
(N [— }_
L dataset_description.json
derivatives I derivatives/

T1.nii.gz | <pipeline—name>] e e Lnez

— dataset_description.json

<pipeline-version>] Lo
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Challenge 2: Data processing

Data processing

e How to ensure the same
processing at each site?

e How to launch pipelines in
different environments?
Site1 @

g (A\ APPTAINER
Site2 @
D % docker.
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Challenge 2: Data processing

Data processing Consistent derivatives processed with identical pipelines
e How to ensure the same with parameters shared (e.g. via Zenodo)

processing at each site?
Upload

e How to launch pipelines in
different environments?
@Search

Site1 @

=B
APPTAINER
=

Site2 @
D % docker.
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Challenge 3: Variable semantics

Variable semantics

e What measures do the
columns contain?

e How are the values coded?

Site1 @
e Age: 50.0;62.3; ..
e Sex:F;M
e Diag: HC; PD
e MoCA
Site2 @
e age: 78,1;58,3; ..
o sex:0;1
e diag: 0; 1
e moca_score
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Challenge 3: Variable semantics

Variable semantics Semantically harmonized data annotated with a

e What measures do the common vocabulary

columns contain?

e How are the values coded? 208, | Age, ——
’ Diagnosis, B ’
Site 1 @ dx, . «— 3 group,
o Age: 50.0;62.3; .. ’ ’
e Sex:F;M
e Diag: HC; PD cSV
e MoCA
Site2 @ Dataset A Dataset B
e age: 78,1;58,3; ..
° :0; 1 £
. diag:; 1 ™ neurobagel annotate.neurobagel.org
® moca_score
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https://annotate.neurobagel.org/

Together: FAIR ecosystem for FL-ready data

Standardized layout Consistent derivatives Semantically harmonized data

9 = o 8 EEE B

manifest phenotypic imaging

N®poppy ) neurobagel

nb:Age: 50.0; 62.3; 78.1; 58.3...

nb:Sex: snomed:248152002; snomed:248153007
nb:Diagnosis: ncit:C94342; snomed:49049000
snomed:859351000000102
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Together: FAIR ecosystem for FL-ready data

Standardized layout Consistent derivatives Semantically harmonized data

9 = o 8 EEE B

manifest phenotypic imaging

N®poppy ) neurobagel

nb:Age: 50.0; 62.3; 78.1; 58.3...

nb:Sex: snomed:248152002; snomed:248153007
nb:Diagnosis: ncit:C94342; snomed:49049000
snomed:859351000000102

Machine-understandable data Federated learning engine
ready for decentralized analysis O

Site1@®  Site2@  Site3 @ O O

OO
g g g e.g., Fed-BioMed
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Proof-of-concept use-case
N®poppy ¢)neurobagel %Og Fed-BioMed

Setup Train data Model

e Alzheimer’s and Parkinson'’s disease datasets

Siloed (PPMI) PPMI

Siloed (Calgary) Calgary Msitoed, calgary
Stoed @) e From FreeSurfer measures, predict
Siloed (ADNI) ADNI Msitoed, adni

Siloed (PREVENT-AD)  PREVENT-AD

o Diagnosis (case vs control)
- o Future cognitive decline
Mgy o Age

Siloed (COGTIPS) COGTIPS

PPMI
Calgary

QPN
Federated

PO L[

== o Siloed (no sharing) vs federated vs mega-analysis

PREVENT-AD —» Mprevent -ad

COGTIPS —>  Meogtips

e Hypothesis: Siloed < Federated < Mega-analysis

Calgary

Mega-analysis QPN Mnega - analysis
ADNI

PREVENT-AD
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Proof-of-concept use-case
O °
N?poppy ) neurobagel E&YFed-BioMed

Setup Train data Model . . .
Sioes G e e Siloed (no sharing) vs federated vs mega-analysis
Siloed (Calgary) Calgary —> Msitoed, calgary
Sled QP — P e Hypothesis: Siloed < Federated < Mega-analysis
Siloed (ADNI) ADNI —> Msitoed, adni
Siloed (PREVENT-AD) ~ PREVENT-AD —  Msitoed, prevent-ad Diagnosis Cognitive decline
Siloed (COGTIPS) COGTIPS — Msiloed, cogtips 0.7 0.7
PPMI —>  Mopms b * 9 }
v © o ©
Calgary —>  Mcaigary g S 0.6 % 5 0.6
— M < O {_ < O
Federated Mtederated o © 05 T TTT T oo © o5 T
ADNI — Madni (neighred avs. . ]
L . n T T ] L T T )
PREVENTZAD == Threvent=ac Siloed Federated Mega-analysis Siloed Federated Mega-analysis
COGTIPS  —  Meogrips
— 10 Age
Calgary
Mega-analysis QPN Mnega - analysis 8
c - e ==
ADNI s % g 5 ¢ ¢
PREVENT-AD E .r.‘: v
T : AVBORIGAM O ! !
MM MCGlll neuro b R Siloed Federated Mega-analysis
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Thank you!
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Fed-BioMed team

Francesco Cremonesi
Sergen Cansiz

Lucie Chambon

Ali Tolga Dinger
Jhonatan Torres
Marc Vesin

Marco Lorenzi
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Data collaborators
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Yuan Song
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