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Background Méthode 
0 Données PPMI multi-centriques [4] (Fig 2): 1 0 Hausse des maladies 

neurodégénératives comme la 
maladie de Parkinson [1]. 

- 43 batch (centre+ protocole) - 1609 sujets (V1) : 104 HC / 878 PRodromaux / 
- Contrôle qualité des IRM T1. 591 PD (65,2 ± 8,3 ans; 916 H / 693 F). 

1 La détection précoce est 
difficile, notamment lorsque les 
symptômes sont discrets [2]. 

1 De nouveaux biomarqueurs sont 
nécessaires au-delà des mesures 
structurelles classiques [3]. 

1 Ouverture des sillons (Fig. 1) 
testée comme biomarqueur de la 

1 
malad!e de Parkinson sur des 
donnees harmonisées. 

l=f;f~ 
1 . ouverture 

sulcale 

0 Ouverture de 55 groupes de sillons 
(Morphologist) [5] (Fig. 3). 

0 Correction des effets de batch par 
ComBat [6]. 

0 Analyses statistiques : MLM et Ng~; 
avanVaprés harmonisation, avec A 
et post-hoc Tukey [7]. 

1 Resultats 
O Harmonisation: ComBat" OLS/ MLM _, effets de batch contrôlés (Fig. 4). 

Covanates: Age, sex, groupe. 

1 0 Ouverture sulcale : --,-~~ =■• -·· 1,,. 
• ANOVA: Sillons significativement différents • •1 

da.ns l'hémisphère gauche, FOR-corrigé , u :J'~ .'n 

1 (Fig.SA): 

- F.C.L.a (scissure latérale antérieure) 
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✓ Effet batch corrigé 

1 Conclus ions . . fficacement les effets de batch. 
0 L'harmonisation est indispensable: ComBat corrige e 

I 
ur rometteur de la maladie de Parkinson. 

:::i L'ouverture des sillons apparait comme un bl~m:~qu:ran~ des altérations précoces des régions motrices (ex. l'aire de Broca). 

1 -S.F.sup et S.Pe.C.inf augmentent chez PR et P ' bl~~ indicateurs du sous-groupe à risque chez les PR. 
PR - PD changements précoces et stables. poss, . . 

- - . à d'autres données cliniques pour évaluer leur valeur pred1cllve. 
'.J Perspecttves . corréler ces marqueurs 
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FROM UNIVERSITY HOSPITALS TO A LARGE SCALE IMAGING DATASET FOR CLINICAL RESEARCH 

lntracrarual aneurysms are mon often d1soovered incidentally. ln the event of rupture, they cause subarachnoid hemorrhage w1th a mortauty rate of 30-50% 
1 
· A 

better understandîng of their ~thophysiology is crucial to detect aneurysms, predict their evolution and 10 optimize therapeutlc strategies. The objectt\le of the 
PEPR Sonti Nvmlrlque Neurovuc is to set an optimal digital ecosvstem to deve1op predictlve tools and models for clinical research on intracranial aneurysms and 
stroke outcomes. Gathering a group of 29 University hospitoills as contributon for the lmoilglng dataset, we face the challenge of facilitating, filtering and 
monitoring this data collection to ensure qua1ity and re1iab1lity, key factors for the effective training of predictive models. 

COLLECTING THE DATA 

lmaglng examinations are collected durlng 
care routine from different hosp1tals. The 
diversity of pract1ces and acquisit1on devfces 
among tht'se contr1buting centers produces 
heterogeneous lmaging data. This data source, 
stored in hospitals storage systems called 
PACS, contains clinical and persona! 
informations at this point. 
Collecting those data requires querying the 
PACS and performing de•ldentifK.ation 
Moreover, a quality control at import 1s 
required to ensure that only imaging data 
meet ing the usage requirements are uploaded 
to the research database. Il aims at savmg 
storage resources as well as avoid1ng costly 
data curation efforts 

THE DICOM STANDARD 

The Digital lmaging and Communications in 

Medicine (DICOM) standard deflnes both a file 

format and a communkat 1on protocol. lt is the 

worldwide reference for the storage, e,ichange, and 
interoperabllity of medicat imaging data. 

A DfCOM study is organized as foUows: 

• it contains one folder for each acquisition, with 

each folder identifled by a unique identifier. 

• each acqwsit ion folder stores the Image data 

together w1th associated metadata, inde11:ed bv 
standardized klentifying codes known as DICOM 

tags. 

lmt rnol ndwcxk a/1ht Unlvt1siry Hosp{1a/ Wflltr 

SETTING THE QUALITY CONTROL RULES 

The quahty control filters e11:ecuted at import by ShanoirUploader are based on 

~quatity rules~ set by the adminisirator o f the cllnical study Each rule can be 

composed of many conditions definlng the status of the data : 

VAUD, WARNIN1 or ERROR. 

Each status can then be targeted afterwards uslng t he Shanolr search engine. 

The ru1es can be applied to DICOM tags values, acquisition and datas-et fields as 

in the e,iample below : 

SHANOIR SOFTWARE -· 

Shanoir2 ls an open-source database software 

developed by INRIA with the resources and 

support from France Li~ lmaglng. 

lt is composed of: 

• Shanoir : a web plat form to adminlsler medical 

lmag1ng data. Il supports OICOM, BIOS, Bruker 

& EEG formats and allows d inical study 

promoters 10 manage users rights, set 

partic1pat1ng centers informations, acqumt1on 

equipments and other features. 

• ShanolrUploader · a cross platform client made 

to uplo11d lmaging dat;, from a PACS to the 

Shanoir server after pseudonymizat1on1• Shanoir 

Uploader can run a quatity f1lter at import llS 

described below. 

shanC'ir 
Oatabas-e 

OODI IXll'.>i'i ·-r.<sw.r ✓• 
tt'9DIC0Mr.ekl OODIOOM-~.-..• "fi. 

da~<1.set o f the e xdminat.1on, lt'9acQUtt,JUOnlield \. OOOII0058- F~.....-P: < 
lhlldllasecfteld cmemm.-.,..s.wo,, " 

v,t,lueSpe 1fled8yUserl 

-.-1.~ ............. -
+ Add•oondobon -OOSJ.~•-.... t-

~ edd a.s trniny condit,on.s a.s needed and set a value if condrt,on.s are met --------

MONITORING THE IMAGING DATASET 

ln addition to the quality con1r<H, we developed a secured API exposing reat-tlrne statlstlcs 
from Shanoir database for the benefit of s1udy adm1n1strators and contnbutors. 

➔ Follow progression of the studies, detect issues or delays 

➔ Ensure consistency of the collected data 

➔ Statistics are enriched w11h JSON-LO annotations to enhance discoverabllitv 



~ =-
Devecl1)Pmental 1 ·1pr11 ,. ~nrl Lat er-1 ifr 

!Vit 
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,akin3.4,S and J.-F. Mangin1•2 

CNRS, Gif•sur•Yvette, fr;mce 

~• • li J .,,. """'.'.t'l, ICM, CEA, INSERM, CNRS, APHP, Sorbonne ur,;vers1té, Pans, France 

Methods 

We!lcom 

traduction 

a Sciences 1 ver 1ty of Cambridge, Cambridge, UK 

Un1~rs1ty Colltgf> 1 don, London WClN )AR, United Kingdom 

maginE., UCL ln'>tllute or Neurology, London, UK 

wlcus (CS) ,sa rr r:.btP aniit..,.,, ,1! land mark whose- morphology and fur.ctional 
n are sensitive to tx ntal influences and age-re!ated change . A key 

the CS is 1he hond knob, a robust marker of IÎM' hand are a in mot or cartel!: tVouww 
CS begins to form ,i,ound 10--12 weeks of gestation, establishing early 

-toonJI specializa11on.1n aa,ng, w1den1ng of the sukal opening, 

nd reduced functional spectflcity in motor and somatosensory cortices are 

cOJ1s1stently observed. Tht> studv of congemtal one handers and amputees provides a unique 

opportun1tv to examine two key questions: whether sulcal form is sens1t1Ve to earty 
d~elopmen,al deprivat1on, and whether lt remains stable following later-hfe input Joss. 
Hence, addressmg the stability of CS morphology is part1cularly important, as atypical sulcal 
panerns ln genetic neurodegenerative diseases mav reflect subtle developmental alteratlons 
long before clmical onset, offenng a potent1al biomarker fo, early de1ect10n and patient 
strat ification. 

Ill 

The dataset was composed of three groups: controls (CTR; n=24), congenital one-handel'$ (CONG; n=2S}, and 
amputees (AMP; n.,,16). F,rst, the two central sulc.1 were eKtracted automat1cally using the -Morpholog1st 2012" 
toolbox of BrainVisa (http://brainvisa.info) and brought 10 Tala1rach space w1th an affine transform. Righi sulCI were 
ftipped to become comparable w1th left sulci. Then, the shape similanty between two sulci was coded by the average 
quadrahc: distance between theu 30 representat1ons after pa1rw1se ng1d ahgnment. Finatly, from the resultmg 
similatity matrix, we eJCamined CS morphology ~mg flOfllinear dimensionality reduc:tion altorithms; lsoma p 
~ ie1 .i 20001 and UMAP (M<.1,,~ et .a1. 2011) Hence, locallzation of a spec,fic: sulcus m the manifold provides a 
summary of it5 shape: (Sun'" al, 2012) 

, ___ /_ 

Results 
C:l~,Dlm:l 

ln the hemisphere contralateral to the missms hand, corceflllal one-handeD showed a flatter 

CS rel..itive to both amputtts and controls. This alteration was not observed in amputeM. ln 
addition, a distinct CS conf,1urat1on-a ventrally d!splaced, curvilinear, and deeply inflected 

omega-shape:d hand knob-wu selectro/\"ly preserved 1n the right hemlsphere of congenital 
one-ho1ndeB. There ~s no shape dlffereoce fourni ln the hemi~here fpsHatlffill to the 

m1ssing hand. Exploratory analyses furiher revealed assoc1at1ons between CS shape in 

coneen1tal one-haodtB and funmonal activation of the m,ssing hand are a for hps, feet and 
um contral..iteral 10 the missirc hand 

1 IJ Il Il ·~~- -• 
; Il!/! JjJJ !/Ill/ J -- • • 
ltlllll I Ill/ J ::..--
1/ III II/II =-=-

These f1nd1ngs suggest that ftatter fold1rc m c:ong-en,tal o~handeB reflects the early absence 

of sensorrmotor input, wh,le the preserved morphology ,n amputees h,ghhghts the stablhty Î D llfflilp, Dwn• l 

~grosssulc:alstruc:tureofl..iterlofedeprMtlOn _ #/J'!,f/) 

r ·---==-~-:i [=:"-=..-::-.::=..-1 J'IIIJII JW 
1 

) ) i i i i))) I = /' i i i I)) III :_ I /;IH/N//11 !J 
IJ!))!))))) =)Viijilllli 3 li/Ill/li ----

1 ) Dctailcd diSlribulion 2) l.inking function and CS hand rcgion 3) CS thid.ncss and opcning 
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Mult1modal class1f1cat1on: problem statement 

9 --(KG) Vt-nlnt\Mf 
•ntl'unwnsk? 

If __ 
Motivation 

• Capture complementary information coming from different modalities in 
and increasing dimension setting. 

Oefinitions 

Fusion is the method for combîning data from multiple modalities. 

Constraînt-Based models involves incorporating explicit rules, logîcal 
constraints, or demain knowledge into the learning process. 

Sequential Fusion. Novel fusion technique for 
mult1modal class1hcat10n 

0 

$tqueopalf1r;œModPl·œner,Jse:a,ao 

A first classifier is trained only with the first modality (the prior modality). 
The classification result on the prior modality is used to compute the prior 
modality constraint (sample weights): 

This constraint is added into the learning process with the second modality 
to get the final output. 

Main idea be hind the sample weights (wl) computing 

More importance is given to misclassified samples by the prior modality so 
that the final classifier is more focused on these samples. 

Y1 is the true label of the l·th sample and plis the predicted probability of 
the 1-th sample belonging to the positive class 

This formulation can be generatised in multi-class classification. 

TAt>I,~ 2 ~lodrl pM"fum\&IU-"t' n--ult~ ~t 1mon11a.11c,-._, mt-trir.. iu bold. 

\h:1.-1 :\•Tuta,Cy FI S«,re ~,1tnit, Sp«ilic:11, 

'.\) ~Uil'Tllâal fll:,luQ 0.833: rl>04 0.731: -::O.~ 0.807: :r0.{H 0.84◄: :-0.0I> 
..!!_~~ _ 0,90:003 0_631 - ~00b Ot.jj;:::t:Ol~-(l~ 
((") \1~ 1.,,,.,. \1.JdaJ.itr O.;-;-:J ±0 o.i o 60i. :u.Uj 0.629. ± .Oti ~of 
0 Pno, moda.Lt, 0 fr•:! i0.Ot 0 >.?1. :0 06 0 6l"- :rl> 10 o 70-1 ::t:0 05 
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Earty, lntermediate 01' Late FUSIOO 

~ - "91':-- c=+ 
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1 1 

~ ----► ... :_- ..=..-----_: 

At the moment in t raditionnal machine learning, early features 
concatenation is mainly used. 

ln deep learning. late network and score concatenation are mainly used 
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Myocardial Stiffness Quantification Usin_g_ Ult_rasou~d Shear Wave Elastography . 
and Reduced Modeling for Subject-Spec1f1c S1mulat1ons l!:Ï~~ 
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•
3

, Olivier Villemain2•3, Maxime Sermesant1-3 Fullpaper! 
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Motivation and clinical context 

Myocardial stiffness (MS) is the resistance of the heart muscle to deformation, 
combining passive elasticity and active cont raction. lt regulates filling and ejection 

and is a hallmark of many cardiac pathologies (21[3). 

Push (ARF) 

A focused ultrasound 
pulse generates waves in 

the septum 

Materials and Methods 
CUNICAL DATA ACQUISITION 

Track (UUI) Quantify (SWE) 

Ultrafast ultrasound 
tracks shear waves (SW) 

propagation 

SWvetoc,ty 

[mm ) 

SW velocity c, yields MS [2]13): 

µ "'PCs 2 

OPTIMIZATION USING CMA-ES ALGORITHM 

+ 

Sampling Estim ation New distribution 

Why? 

Stochast ic, gradient 
free optimizer that 

adapts its sampling 
toward promising 

regions (7) 

CMA-ES estimates maximum stiffness, contract ion and relaxation rates (ko, k ATP• ksR) 
by minimizing the m ismatch between simulated and clinical MS curves. 

To address the ill-posed parameter identification problem, we plan to apply the IUP 
algorithm [B], which iteratively updates population priors and guide parameters toward 
a consistent low-dimensional subspace. 

Results 

From SWE to personalized heart mechanics 
We fit SWE•derived MS curves by optimizing active-stiffness 

parameters in a personalized 0D cardiac model [1 ]. 

CLOSED-LOOP 0D CARDIOVASCULAR MODEL 

R[~,f,~l:ui PI:/~; 
î'" î"H• 

LA fumped-psrsmeter circulation is cou pied 
with a BCS-based EM heart [4] to simulate 

flow and pressure dynam ics via OOEs. 

Circulation: Windkessel models 
Ventrictes: hollow spheres [SJ 

1 

\ 

~~1/Zfs 
T'·· 

Myofiber 

~~ 
Z dise M Lme Sarcomere 

l~ ~:!'"~ 
W e rheotogical system [51[6): 

-r-1VVV\/\/~ · Active cross-bridge (XB) contraction 
~ " • Passive hyperelastic/viscous response 

• Active stitfness • Contrat signal 

,·,(/) = ko J. 11(.s. t ) ds 
{

kATP• I E 'T, . T, + .\PD], 

u(t ) = kus, t E jTd + A PD. 'f,.J. 

O. othC'rwi">(' 

• Active stiffness rate 

• 20 healthy volunteers (HV) • 20 patients with hypertrophie cardiomyopathy 
(HCM) • 5 patients with aortic stenosis (AS) 

- - Chnical Data Main takeaways 

CLINICALGAP 

Gro up 
Il\ 

ID 
Il \ •+I 

k,.M • 
1:1 17 

IUnn 
IIC'\I m·\lo, 1~1 :tir wn; ;·,'.1 

11(.'\I J , fil :Il l(lLi ; ! , 
\", \\tu ~,;; 111 1 •► llltr! 

[21V,....W.,,.-' .C. 2022 "'.i ~,K.Rn 
[l)Vi ,_~ll'lal.,202'0 IN:.C~..:.lmac,ns 
!<l]i!M • •à 2001 M-CC-.1 

- S1mulallon Output 
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~40 
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ASo, 

ASos 

0.2 0.4 -0 6 08 1.0 
Card1ac cycle 

P nrameter IIV HCIÏI --- -----
~ li t'( t:-.) ___ 20'-- 20 

\1.-\E kPa 2.29 ... 1.O.":I t-1.69 ± J:?.0~ 

ku JPil -h . 7!1 ± Hl. 10 j2.22 ± 29. l:J 

k ,1p -, 
11 17.66 ± 1.99 l t.i . lü ± 9_79• 

k:-n ~ 1i IU.>;\ ± 1.9:J 7.:3fi ± 0. 11· 

AS 

3.3;)± l.ï l 

72. 19 ± .j.0 1· · 

12.0 1 ± 1 12 

o.9!1 ± 1.91 

MS is cl1mcally relevant but no1 routme ly quan11f1ed; 
0lust1ng tools are indirect or invasive. 

FAST SWE-DRIVEN SIMULATIONS 
SWE-informed 00 model enabtes fast, interpretable 
in1t1ahzat1on of 30 s1mulat1ons. 

BRIDGING IMAGING & MECHANICS 
SWE has the poten11al 10 move from descriptive 
1maging to a quantitative driver of predict1ve simulation 

PATH-READY PIPELINE 
k ATP (XB cyctmg) and k sR {Cai-re-uptake) ensurmg 
phys1olog1cat mterpretab1hty 

Building on our previous w:;,~ f1~1trssound 

Myocsrd1ol 5r,f(ness Quamifici;r:::iced t odelmg for 
Shear w ave Etasrogra::::,

0
~:~ c .e f errario, JR. Pad1lla, 

SubJec t-Spec1f1c S,m M sermesant. International 
M. Venet. o. v,uema•~·al imaging and Madelin& of the 

Confe rence o~=:~~:
1
:_54_ Spnnger 2025. 
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Bioinformatics Workflows: Representation and Query ShareFAIR 
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ShareFAIR project aims to develop a biomedical data 
analysis platform for the sharing and reuse of 
scientific workflows, with a query engine designed to 
address the findable aspect of FAIRness. 

■ Scenario 
From the user's query to relevant workflows. 

Platfonn 

■ Problematic 

.,..., 
Wortllowt~ 

wl'hWlowModel• 

"' 
~1'+ 

• How to sufficiently describe scientific workflows 
for reuse and sharing ? 
How to write and build queries to retrieve 
relevant workflows ? 

■ BioFlow-Model 

■ State of the art 
overview of the features of the Bioflow-Model, compared to the 
CWL and P-Plan models, and WRROC profiles of RO-Crate. 

S u bc-,kgor y CWL P P b11 WRllOC ll10Fluw·MoJd 

Sctrn1 ,flccon1cxl c"":::••:;:kf:;:l•c:.w.:.J~::;',::'':...' _______ _ 

Workn._,w c,u,c:uhon ann 

D111a ul,-nhl'ka1ion 

r .. r,.mclrr m,.pp111g 

Sùflwan, Soflwuc W('11(1fio1t100 

.., 

.., 

Sof\w,,.rr lk>cu11K"11t"tw1::_• _.:_.., ____ _;_ _____ _ 

Soflw...-o,a,:,;cr, .,. .; 

Wurkllow Wurkfluw ..:>ftw;:,Jc 

\\.'urkflow p;;.ramcl"r~ 

Wurldluw •~u,n,m<:nl) 

Cwn1><11 .1uorn1I Soflwilrc cn111r0tnn,:n1 

F.xe,;uh on 

C'ontn,I now 

1 l.orJw.arc cnv,rm,m,:-nt 

r.xrcullun hn...-~t.unp;; 

C'on~umrd rc,;ourc,rs 

Wurklluw rugm<: 

lhmun "8"'"' 

Legend: ..,, fully represented, ... partially represented, - not covered 

A structured model to describe workflows using metadata and 
provenance in a generic and workflow engine independent format. 

Query: Find the workflows having an RNA-Seq 
step followed by a Sequence analysis step. 

FINDwf ____.___,,_.,__------_l- -~--, 

■ Perspectives 

-
..... j ' • 

tlllol~-

Experimental validation of BioFlow-Model 

FROM Workflow wf, Step stepl , Step step2 
WHERE stepl IN wf 
AND step2 IN wf 
AND stepl.toplc XLIKE 'RNA-Seq• 
AND step2.toplc XLIKE "Structure analysis" 
AND slepl ISJUSTBEFORE step2; 

Graph of the workflow matching to the query: 

.,.._T_ 
~--•--111,/-1'1] 

E,. __ _....__,a} ··- · 
r--L .,l.P .. ~-,-~~,~ 

·----· ··----! --~ 1 L,--11N111-· 

• Rewrite the queries to extract workflows that closely match the user's querv 
Rank the workflows returned by query execution based on their relevance 

INM - univers~Té 
-- Lum1ere 
- Lvon2 

ij 
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Unsupervised Anomaly Detection of MRI brain lesions using denoising.diffusion 

probabilistic models 

J
~ Théotime Fehr o.1~ 1

• Loiclegril1-',lenpnln........._1, IIIIIIICIIINl..,....1 

f bnln !--------•_c"_"_G_,._.-_ .. _ ... _·_"_""'_·_c;,......., _____ 38000 __ G<onoble __ ·_""_= _______ _. Gin 
!.., 1

Univ.GreoobleAlpes, lnserm U1216,Gt.noble lnstitutdes~.Grenoble, Fronce, , 

J' !:!: ones: .., 
Context 
The obility ta bette, quantify the Broin Heolth Stotvs could leod to a mot'e p,"ecise 
pred,ct,on of 11s Broin Heollh Troieclory. Unsuperv,sed segmentot,on of broin 
lesions leveroges lorge datosels of heolthy b,ain MRI imoges to detect novel 
anoma l,es witho,.;1 the need for lro1n1ng for specific lesions vsing monuol vround 
!n.,th labeting 

Unsupervised Anomoly Oetedion 

= • -·-1J:t:J,1'0',,,_ ;, :;':. , 
1-o y-- 0 I / 

,., , "' """ Anomo • .., ., --1• 0 ,,,
1 

\ L0J _,, 

■---=, 
"'-"<>;r ""'» 

At train lime, 1he distribo11on of o heol!hy brain MRI dotoset is leorned. At test 
lime, on onomolous broin MRI is reconslrvcted to ,tt ne<llthy equivolent. The 
d1fference between the two gi.,es on onomoly mop which con reveol lesions. 

Material & Methods 
Denoising Diffvsion Probabilistic Mode ls (11 
Troimng 

Two models -e devek,ped 0 T2 FLAIR MRI model troined on 1331 heolthy bro11, 
MRls obtoinod from the OASIS, The 0otlos Lifespon Broin Study and The Mow. Pfondr. 
lnstiMe LEMON dotosets and on AOC model troined on 1952 heolthy bro,n MRls 
from The Dollos Lifespon Broin Study, the Humon Cooectome pro1ed ond the IXI 
dotosets Both models went tro1ned on the 72 20 middle axial slices of every 
128K128x128 MRI volumes registered to on MNI templole and horn,onited by 
inteflsity. 

){,g -K, 

OOl'MT•~nr,gpn:,ce<1 
>te•att,yT2FWll:br•~~ 

-- C,; 
At train lime, denoising diffvsiOfl - ~- - - Simplex noise wos u~ for ils 
probobilishc: models successively ., j •-- .,Ü low lreqoency components thot 
oddnoiselooninputimoge ond .. - _

11
r better caver onomol,es 01 les! :e~:1:e7m::•;:v:::: to ~ :J t,me with less needed noise [2). 

copob,lity of eoch model wos ossessed using LPIPS, SSIM ond PSNR imoge similori1y 

~----------------------; metncs~lhe origmol imoge ond rhefinol denolted imoge. 

Experiments & Results 
BraTS 2018 brain tumor segmentation 

o,.....,,ot 1ro1s ~ Segmentation performom;e on the T2 FLAIR imoges of the Bra TS [3] 
2018 broin tumor segmentation chollenge dotoset 

T2 FlAlR AOC 
o,, .,..,,_ ., ............ 1 Segmentation perlormonce on the.2 a 

FLAIR ond AOC images of the 
ISLES 2022 [4J ocute ond $ubocute 

1schem1c stroke les1oris segmenlot1on 

-• • ., '"'""' . chollengedolo~I •• 

•• 

Lo,gele"on,(> 450mm3) •• 
DICE (%) : 44 48 ~ 18.63 

Med,um le.,on, 1'00-450mm3), 

--~- _ •, ~1CE (%) 26.97 , 15.98 ■■ 

■ Lo,ge le.,on, (>450mm3) -

"-"••■•- DICE (%), 12.79 • 06.9•11•-"- • 
- Medium lesiorii (100-450mm3): a DICE (%): 03.33 !:. 03.91 

lnference • ~ -•.r-===- /ill u---111 
~-- lll 
"l=o·· 

The T2 FLAIR model WOl tend on 
the BroTS 2018 bro,n lumof 
segmentation datoset ond on The 
ISLES.2022 ischemic stt-oke lnion 
segmentohon datoset. The AOC 
model wos tested on the ISLES-20 22 
dotostet. At inference hme noise is 

odded to the image to COYef 

onamolies, then the UNel denc,;ses 
the irnoge 1o reconstnJcT o heohhy 
equivulent of the input imoge. The 
difference gives on onomoly mop. 

A final 30 onomol)I mop 1s 
obtoined by stocking the 20 infered 
slicn which ore the thresholded to 
abtoin a b1nory mosk. The rlôlse 
level aod iegmentatian threshold 
-re choHn for the best 
perlo,-monce on a seporote 
subdivision of the lfll dahlset The 
f inal iegmentotion performance 
wos evoluoted using the DtCE 

··l 

Future works & Conclusion 
The onamoly defection frornr,,on; will •-• ---=--· 
be refined to worlc bette, on smoller :;.: -
lesions, will be eicteoded to other MRI _ / • 

conttosb (Tlw ond DWI) and will be 1 :1/ :-:• 
cholienged on other typeS of lesions with _.2_ •.~•\ ... / • 
the oim of leverog,ng mulhporometnc ~- : ••• ~-
ocquisitions for mutl,ple onomoly mops'lllfa-fl' .,••: .. ::; :•::• 
per pot,e nt The end gool ,s ta creote ~ • ....__, ·.-: v -
tools thot encompo" o large YOr1e,ty of , - ;--=-.i 
lesionol ond non-lfiionol morkers of - ...!- _:. 
bt"oin heolrh s.fotus which con then be 

1 
;r ~ = =~~:;':~=n~o: ~:!; 1 ~ -lfll 

1ro1ectory. 

The compvtotiOflt .......-e peffi)f"med u,ing lhe GRICAO ,nfrostn.x:tvre 
jhttps,//gricod.uni'>'-grenoble-olpes.fr) 



d'innovation de l'Union Européenne. Dans ce cadre, l'apprentissage fédéré: est mis en avant comme une technique protectrice de la 

confidentiahté des donné:es. C'est aussi un instrument politique pour certains acteurs de la recherche. Des réseaux de recherche hospitallers 

qui promeuvent la réutilisation de ces données sont pourtant réticents à participer auN Infrastructures dédiées et développent des 
alternatives Ils mveshssent l'apprennssage fédéré comme un moyen de ne pas recourir à des plateformes nationales. 

Pourquoi cette défiance envers les politiques de rêut1hsation des données de santé? 

En quoi invesnr rapprentissage fédéré est une position à la fois scientifique et politique? 

levier et enjeu du travail médical 

Produore dei donnifl de unté et les tr;,du11e en donnfp,; de re<he,che 

u t un trwMl sovvent Invisible (Oems, 2018) qui nknme une upertise 

O.ns lei h6p•t<1u•, dei. médecins ~i.Jh~·es en inlormAtique méd,c;,le 

Prenne!\! tn charge us t,d1H, QUI SMt peu re.:onnuei (Assa,11',' & 
Thomu, 20241 lb et elles n'ont pas d'xt111,t é d,tnque. Prendre so,n de~ 

clor,~eei. d6 p1~nt e'i el 1~,urer le wcrel méd,c;,t à rhlip,ul 'ltructure 

INif ldtntllé profn'llonnelle 

Ces médecins 110>en1 don<: ln politiques publlques qu, 111stnt à b,re 

ùrCulef ln donnffl llt1'1 dtt plateforme1 n;,non~ltt comme une menace 

ln dét;,ch;,nt lei données de rh6pit,1, ceNe infrntn.,cture peut le'l 

~derduprodu,t d t leu, t•-•I 

CMôonotts sont cepend;,nt r,péclflque-s à rlnf,.stn.,cture hosp11.<1llère ou 

el!M \ont ufffl, ln réunh1e, en ,eche,,;he nf:l:en,ie I;, p;,rt1c1p;,non 

des Spk,ili<.ttt loc:lu• dtt données. ,fin de les rendre ll'lteU,g,blelà pou, 

d"1ulrt'l uHge1. hr leur e~p,erfüe wtutt, les méde<,n1 rt!.l)O<l11bles des 

donnttl; holop,t;,ltèrn disposent d'..me c,iu,dté d',«ion $0dotechnlque 

tM,tchen, 2017) nns leur,,.,.,.,~ de t!"'lduo;tlon, MCéOer <1u11 donnff1 ne 

!.Uffit Pils à lei compre-n-dre ou li lei reutlli~ 

Infrast ructure d'agrégation de données 

Mun1,"1e~, 

.-:.-
\t:f ::=.- • \ • 

• • • ,. .. •· ... 
CHU1 CHU] 

Infrastructure fédérée 
S..~non ou refus loa,) IU'~donn~s m,~ en,a,,n 

Mt.tillw1'ur 

/ \ ', \, R.tuut'«reuux 

ettul :cHu1'',CHIJl donnH, :)( 
~ ~ -)( 

(~,~ ~ 
•• •• •• 

L., 11;,lori~tion - ,,, s.,;iennhque - de donnffl nfCHS.lt Uri tri111<1d Cel;, 

crétt dtt tenslons quand les p~son~ qui les produis.en! n, ,;ont p;,~ 

celles qu, en nrent Mnefiee. Or, le p;,ruge de I;, 11<1lom<1tlon dépend de 

l',nfr<1strue1ure SQ(lotechnlque en p!;,,:e. ln outils et ,nfr;,st,uc;turt'l 

Jnformatiqun sont det lni.tl'\lments de gouwrn,ement {l~oumeJ & t e 

G;,t~s. 2005), ~s p,1,1Kipen1 ~ dt!hnir I;, p;,n dtt d,fférenu Kteurs dans le 

1,,111111 sc,entihque et ses retnbullons (reconn<11s~n<e, c,urions .. ) 

Les Kteurs h0$,pitalle!'1 responubles du trav;1il de prodt.lCtion de données 

1;'oppo1ent -'U• onfra'ilructures qu, depl,cent le contrble des 

réutllls;,tfons de, donntts a u nlYHU natlonill De leh ln51rumen0 de 

gouvernement des donnffl réduisent la m.titmt' de la rtconnal1iance 

KJ<ntfflque et des rétributions au~quelles ;,~p1ren1 ln xie1m qui 

produ,seot lu données de rec:hen:he kITT de l'fllnli'l<1non1 

Pour que lil recherche sur donntts de H nté se dMloppe et produise 

tout de mime du S<IIIOl'l en nn1è, d'autret types d'lnltastructuru 

locales wnt constru11t\ Elles établissent un au1,e êquilibre des 

powoln diln'i le 1ou11e meme nt des donnffs 

U'• "f'l>O"SiW.,s du ,iv,a., de tedWKlle ~ \',nt<'rt,1#1 ! 1u• 

m.ihode, ,fapprenlb~ f~ r • ., .. en ·"" ln ••1outhfflM d'""' 
hofl,UJ Ji •·1ulft plulot QIH' dit' dfoplate-< Il', do<vM"n """) llflt' lw"' 
cen1,.1,w,epou,\l!',,h.lt111w-,penne1~lesdonnl!elr~tfll-., CDn1r61e 

,:ln ,n,ntutions Qui les produ,wnt P;,, dr tlsqi,e de dlt.ocMment d .. , 

de:':~ .. , eltrwc,rcule,,tp,11,hor.d .. ,h6p,uuo 

lleflU «wlll/Ulft' Uri dcollo c,,., .. , l te> (k ~-•kS \ont notWH lo<:M"""'t 

f1~>1rutt....- U's K<ès ;iiu• ~ o,,t •u d,a,ri.s dr\f\f>,ke 
..,,1>,,.,..l,q , c,,.,.,o,te, s.r..r, 1M ""'li.ois des a-n•tv-, "' nt r •I• t~ 

~• sdol f ,,..,.,t,tutili$ft1f.Jmt1Kultf-

Cet onfr;,stn,c1uru sont ton'itrui1es p11r des m,drans, ;,u serllk, de leur 

, d,i;po,er d"esp.Kes <1utonomes de produ<tion des~ médl(au,r, 

,ss-,rer I;, proce<tion du !le<l'et mtdk:ill ~~ contrôle m,dk.JI, 

.-alorl'lotr le tu11111il des données et re• ~rti'lot de-s h6p1t<1u• publia 

implicite dans des débats politiques 

les rM~sations de donn~ de santé ne sont pu tontei.ttet ~• les 
méde<m, lechnoph~H ~c,ah~ es en ,nfonnilll(fut mfd,ca\e Cirs 

,aeurs 5'opp,osenl au r;,pport de force que cl'l!ent de-s p4.ltefom>M dt 

Con•tn.o,re d6 lnf,.structur6 e \ du méthode-, d';,ppreiib>l-illt ledéff 
p~m, d';,utres cho•• ltchNques - i.eu, pe•m~ dont de renforcer leu• 

po~non polil1que et sc,enuflque encontr6f1n1 les doon~ Onl!O<tioll • -=---c:----.--­
d1mension intrinsèquem.,.,t pOlrtfque des lt<hniques les d'l,oo• 

d',nfr;,structure-. sont conntcth à des que111on~ pol,t,q~ pou, dl-fl<i<1 

les rtunlownons déw1blei des donoees 

Que iont les donnffi de YntÎ! · un ounl de s.o,n e t de uvoor mted•c•I 
1 

Ou b,en une ressource 1111011!-ilble ~r du .Kteurs étu,nge!'1 li leur 

producnon? 

Quelles sont lespriontkdes réurih»tlonide données produortdtt ..,,...=====-­
uvoi<s dfte,monh p;,r les mfdec:,n,, pour les ol(lems du sy'itemt de 

s;,nt è ? Ou b,en des proJtU d'on00111non d,.,gts PM dn Kltu~ 

e1rténeur1 ;,u~ <1tl:lll!tés de wln? 

Conc:ern;,nt le périmètre de I;, profes.Jlon méclule · le tr<1~~,1 dti 

données doit den f11,e ~ f nt ? O;,ns quelle mesure I• productlOn de 

s;,llolrs mH,uu~ don-elle flre oroenlffl iu,r des médecons? 



(; Federated querying of genomic health data leveraging semantic web 
technologies and the Beacon standard for genomic discoverability 
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SCIENTIFIC BACKGROUND 
Biomedkal challenge 
lntracranial aneurysms (ICA) are neurovascutar diSOfders 
characterised by saccular dilatations of cerebral vessels. 
They oc.cur in 3 to 6% of the gcner.;al population. Rupture is 
the only complication of 1CA and although uncommoo i.e. in 

1ess than 1% of carriers, it leads to death or severe disability 
in 2/Jrds of rupture cases. Understanding ICA formation 
and rupture is challenging because it is a multifactorial 
complex disease with few screening solutiofls. 

Projed context 
The ICAN project (1). a French oon-in1eivent iona! 
multicenter nationwide study, recruited individuals with tCA 
a nd collected neuroimaging, genetk, and phenotypic data. 
One of the objective!; of the PEPR Santé Numérique 
Neurovasc 1s to make t he ICAN dalasct more aligned with 
FA.IR principles (Findable, Accessible, 1nteroperable, 
Reusable) (2}. 

FAIRification STRATEGIES 
Exlstin& solutions 
Organisations such as GA4GH, ELIXIR. and F·EGA. are 
coUectivetv developing technical standa,ds. policie-s, and 
software to facilitate genomk biomeclical research. For the 
FAIRification of the ICAN dauset, we e xplorecl two main 
approaches. 
The Beacon standard (3] focuses on genomic data 
d iscoverability and offers a query framework that 
incorporate prlv~ considerations. The Be~oo standard is 
also a REST API specification 
Semantic web technologie s make biomedical concepts and 
their relationshlps explicit through spedalizecl ontologies, 
scmantic data models, and lmowledge craphs (KGs). Many 
spedali~ high quality lire science KGs are open a«en. 

FAIR technolocical demonstraton 
We develoeped fA1R aeoomic technoloakal demonstrators 
to showcase different stategies. their advantages and their 
shortcomings. 

A FULL SEMANTIC APPROACH 

we i1westiga1ed broadly used open source demain e•pert 
ontologies. we chose the Swiss Personalbed Health 
Network (SPHNJ 14] fra~work to semantify our pheno­
clinical data lollowmg thcir data model. We added 
descr iptioos usmg the Human Pheootype Ontologv (HPO) 
(S ]. wc used several ontologies to reprcsent genomic 
variatioo (SO, GENO) and geoomic location (FAU)()) (6], 

and developped our own genomic variatioo data model 
tailored to our needs. 

lb) 1,1 

DATASET: ICAN BIOCOLLECTION AND PHENO-CLINICAL DATA 
lndividual.s carryin~ ICA ~re recruitecl for the !CAN research projet and benefiled from neuroimagina , 
bk>sam~mg, 1enehc screenmg and pheno-clinlcal data collection. The ICAN dataset is heteroaenk . muhH:entric 
and multimodal. As a genomic health dataset it has data privacy protection and data governance constr,1ints. 

ThelCA~cbullN >l .... ol-.ol muttmodM~•l\td•.-t. n...se ..... iœ.1N1in 
~ r,,d l..tio,~•onntt.,1 M Pl~!~ l ol;!,e;, <i>«ific'~ l'rivac-,nt1clst..­
w1\h pl--.:lino:.ll~•Vw>""thb,...,~10~"'11 >hM"'1tol'IU1-•!>l>ly. l'.elll,o,,sh"ll• 

~ d.Jl• chunts~n oit.., h.wd 1omn<'W! W _..-"tdorumt-ntl'd Cor,tnt ottt,,,Sluâr 
°""' ,t,.,alo,~n,;.~,nd~t1>1".a.c...,IN-to.B'ld .. 1Ut<ot,,c;.,.,,.._•!'°"'- onlt<<\11 
n,port,.-dm.101s 

~~eda 1,nhbC cW.o..t to b,i 
u.ed to, ,:u p,,blrJy ...,.,.,.,_, , ,.._ 
t~ ........ tr.M<n We 
~.., ~ d,U br' ....,_,..,. 
~,.,.._.v~...,pr<Jblabil,ttQ,11\d 

elimoo'u!"" mu~u.,ty ~-1,,/<;,e ~.....tMN 
li<Mg,e<Q,C,o,-,l<Mbtlff-,-i 
(Àfttl,t clN W~ WTWttd UWll Ille 
"'"llocH lln<r,bood., t he PO<!"' -~~ '°"""" 'fMtlc_., 
lftfo,fst:-t,l'ko(io,,• (~e~ol) 

lNFOl'OIH'l · Sv,,/'ll,t[TIICOAf,uu 

CHALLENGES AND MOTIVATION USE CASE SCENARIO 
We identified three main challenges to address: (t) Share sensitive data in a safe way , (2) Sem.lntifv. intea:rate 
and query multimodal health data and (3) lntearate health data with public knowledge bases. 
w e constructed a motivating question desigoed to showcase the technological solutions addressing our challenges 
and enabling the FAIRification of the ICAN dat.iset 

SEMANTIC BEACON FRAMEWORK 

We first dcployed a Be.acon API following an exishng 
implement.itioo 17]. This re<iuired data t ransform.ilion to 
make the ICAN dataset follow the Beacoo standard data 
model. A Be.acon API deplo}'CI' can coofigure the AP1 
response granularity : Boolean responses, Agaregat_ed 
responses or Re<:ord level resp0nses. This atlows makmg 
the data discoveuble by signaling ils existence (Boolean) 
or sharing statistics (Agcregated), without giving detailed 
(Record level) access 10 unauthoriied requcsts. This is a 
powerful feature for sensitive data sharin& .ind adres~s 
our tst challenge. We then developped the 5e'_"ant,c 
Be.acon framework [8] to make the commun.cation 
pouible bctwen the Beacon REST A.Pt and existing 
biomedkal knowledge g.-aphs. 

KG••tn«hff~• ~~an6111NtdM~ 

11wY,.,,1>1--or~~ • "'""' 
u se wllh blomecltalKGs Sc<ne~n<b!o-tM 
~ Unlp-OCIC81owoir1Conp,ol..,,~. 
an:lthe --.1Kcroo,...........,_.,, 1CG Wikklala Ali 
ICC.fttMIOl)tflkCtu.Their~( .... ird.ide act, ... 
... ~~ O'l(~,t,on hubl. fAIII U..... 
.-..C.omated ru"°"'"' '""" '"'«-tllldor••d­
_.cill<....,,._1<.IPl)Otl 

fl(,Ult(2, MOIIVATIQHUSlCAK5CC1'Altt0 
,.,,_,.,. ..._.-.,..11.,...._,.,.,,,,equ;,ndr...,..,.on 
~trono-,ai-;,1t,.,..,,.._~,onsœ~ 
,c.,,-. datMre n a w,ci. n;..,"ed - ~ .,.,~ "' œ 
lft(IN'optl' ... w,11, W<1•'1' ~ ICGi thn>l,!11, 
--<Jh<l~• on .....iaata..-odltl;. 

USE CASE SPARQL QUERY 

SPARQL querying allows ~nowledge retrieval 
tram KGs and from the Semantic B<>acon. The 
queslioo from motivating use c.ase 5Cel'1ilrio 

infiGV11t2 can trans.lated to such aquer,. 
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___ , 

7 ~ •. ;~ 
ilf' 1 ' 
(" -~t u!: ,.. 

. ' ~--·-.. ---

' ' -~ "'~ .,.,. 
,,. . i <A.:• 

---. 
... ... 



Authors 
Montassor Naghmouchi 

Ma,yline La urent 

Partners 

\ LASCG ) 

·--
1 ■ list 

1 ~~ 
1 .~ 

1 
œ:o 

D'OALEAA> 

! anr@ 

e 

l .THE CHALLENGE 3. HOW IT WORKS 

Complex and outdated 
consent management. 
➔Paper-based, slow and 

inefficient. 
➔Patient data locked in 

siloed systems. 
➔Limited patient contrai 

and involvement. 

2. THE SOLUTION 
A modern patient-centric 
approach combining 
Blockchain, SS! and 
Dynamic consent. 

Web Portal: Easy-to-use for 
project discovery and 
consent management. 

SS! wallet: Patient-centric 
identity and consent 

1. SSI wallets to manage 
identity across multiple 
projects. 

2. Consent forms 
exchanged as wallet­
to-wallet messages. 

3. Consent forms 
encoded as HTML, 
signed by participants 
and research 
organizations. 

4. Consent proofs 
generated from 
consent forms. 

5. Public consent proofs 
available on the 
immutable 
b lockchain. 

6. Smart contracts to 
manage the consent 
state. 

4. KEY BENEFITS 

For Participants: 

Full Contrai: Through their 
wallet. 
Complete Privacy: A 
protected identity and 
consent data. 
Simple & Clear: Easy-to-fi/1 
digital forms. 

For Research Organizations: 

Trust & Transparency: A 
secure and auditable 
process. 
Greater Efficiency: A 
modern, streamlined 
workflow. 

management. SSI wal~t 
(browser Hlenslon) 

Web-Portal Consortium e1ockcha1n 

Blockcha1n: Secure, 
immutable record of 
consent. 

Part1c1pant 

·@-
Cloud Agent 
(mediator) 

'-
l 

~ - -@ 
Research 

Organîzalion 
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Motivation: 
Federated Learning (FL) enables collaborative 
mode/ training across institutions without sharing 
raw patient data, making il well-suited for 
healthcare. However, FL is vulnerable to 
adversarial threats, particularly backdoor attacks, 
which pose a serious risk to medical applications. 

--
Proposed Method: 
We propose a Iwo-stage backdoor attack, 
consisting of the following steps: 

1. GAN-based data alignment: we train a GAN 
guided by the global model to synthesize 
samples from the global distribution, reducing 
the distribution gap caused by non-11D data. 

2. Anticipation of future updates: We simulate 
benign clients· updates and anticipate future 
global model changes, to optimize the 
malicious update accordingly 

Threat Model: 

What is a backdoor attack? 
A backdoor attack compromises training by 
inserting a small trigger into some training 
samples and relabeling them to a chosen target 
class. The model learns to associate the trigger 
with this target, so at inference lime, any input 
containing the trigger is misclassified, while 
performance on clean inputs remains 
unchanged. 

.- 1:11 
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The attacker contrais up to 10% of clients, and has access to their local data, and local model training, 
but does not know or contrai other clients' private data nor the server's aggregation rule. 

Results: 
The attacker has 20% of chances of injecting the 
backdoor du ring the first training window 10-100), 
Our . method achieves substantially higher 
pers1stence, across all three scenarios on different 
MedMNIST datasets, highlighting ils effectiveness 
m real1stic FL scenarios. 
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Figure 2: Norm-boundmg defense 
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Figure 3 : Footsgold defense 

Our rosu\\s roveal the suscept1b1hty of federated leam,ng to pers,stent bacJ<.door anaa..s h ,ghl,gt"t,ng 
potentml risks for medical Al systems. ln fulure won... we w1II focus on des,gning aod e"a ua~ng r-ea.:~'x:'a.-e­
speciftc defense mechanisms to ensure mode! safety and rehabll1ty. 
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Contrôler la réutilisation des données de santé à travers la finalité dut ~" 
une protection efficace des personnes? ra,tement : 
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Introduction 

Les données de santé sont dites" sensibles• et leur circulation comporte des 
risques (atteinte à la vie privée, discrimination). Leur traitement est encadré par le 
RGPO, qui l'interdit saut cJ<ceptlon. 

la circulation des données de santé est aussi encouragée et fait l'objet du 
règlement européen sur l 'espace européen des données de santé (règl. EHDS) 
publié en mars 2025 (Feriol 2025) 

Ce règlement encadre notamment I'., utilisation secondaire • des données de santé: 
leur réutilisation à d'autres fins que celtes pour lesquelles elles ont été initialement 
traitées: par ex., la recherche à partir de données collectées dans te cadre du soin, 
l'entrainement d'algorithmes 

• Tout en obligeant à m ettre à disposition les données, le règtcment EHOS encadre 
tes demandes d 'accès pa, des règtes communes, directement applicables en droit 
français. Ces conditions d 'accès sont principalement fondées sur tes finalités du 
traitement. 

• Ce régime Iundique est différent de celui déjà applicable en droit français . 

? Accorder l'accès aux données de santé en vue d'une utilisation 

secondaire en se fondant sur la seule f inalité du traitement permet~il une 
protection efficace des personnes contre les risques que leur fon t coum le 
traitement de leurs données de santé? 

Le règlement EHDS: un encadrement des demandes 
d'accès à travers les finalités 

Le contrôle des demandes d'accès aux données de santé é lectroniques est confié 
aux détenteurs de données, qui doit vénher les règles d'accès définies parte 
règlement et reposant les finalités du traitement. 

L'accès à des données de santé électroniques à des fins d'uMIsation secondaire n'est 
octroyé que si le traitement est nécessaire à certaines finalités (règl. EHDS, art. 53 
(2)) 

❖ Certaines sont réservées aux acteurs publics, comme l'intérêt public dans le 
domaine de la santé publique ou de la santé au travail ou les statistiques 

❖ D'autres sont prévues pour tous l es acteurs, comme ta recherche sc1ent1lique sur 
tes secteurs de la santé ou des soins, dont le développement et rmnovation, ou tes 
activités d'éducation ou d'enseignement 

À l'mverse, d'autres finalités sont Interdites (règl. EHDS, art. 54): un projet QUI le 
poursuit verra sa demande d'accès refusée: prises de décisions imp<'lclant une 
personne ou un groupe de personnes (décisions juridiques, offres d'emploi, • 
d'assurance, moins favorables), publicité et marketing, m ise au point de pro~uiu 
ou services portant préjudice aux personnes, à ta santé publique ou à ta société, 
activités contraires aux dispositions éthiques de droit national 

L'élaboration préalable de la balance bénéfice/risque, un 
facteur de protection? 

La dualité hnal1tés autorisées/finalités interdites pourrait correspondie à une bata;~e 
bénéfices (Intérêt général)/ risques (pour les personnes ou la société), un ~UI 

I ro 
classiquement évoqué s'agissant de la m,se à disposition des données de sant 

Comme en droit français, le consentement est e1tclu de~ c;:t
I
~:rsi:r!:~:~l 

constitue une base légale du tnlitement, li ne permet pas dé bl s ,etèvedu 
bénéfice/risque. Autrement dit, la détermin.ition dos fl::~~:s 

0
;;~~~am;Widus 

tég,stateur européen et des détenteurs de données de • P 

Les finalités permises sont conçues de manlèr~ la~e (Qu~;~~~::;·;;;:;~:~r: 
étant par exemple compnse dans la ,echerche scien:~~~~;e dans l'intérêt général. Le 
on santé publique, la plupart des ualte'.11onts pou1ra~n droit français. 
critère d'mtérêt public est oins• apprécié largement 

Les finalités Interdites pourraient pormenre de restr~::r:uus:~:::7anso;:~;:é~e 

uaitomonts en raison dos 11sques pour ::::e;~:;;;1~~los de poursuivre des act1V1tés 

;~i:;~~~::~eout:::::~,:~~~s~~•,::~ndusmels, n'ont pas d'obliga tioflS 

supp\6 m Qn\al~•• 

Méthodologie 

Analyse et comparaison des cadres juridiques 

❖ Européen: Règlement lUE) 2025/327 du 11 févr. 202Sretatilàl' 
des données de santé; Règlement(UE) 2016/679 du 

27
avr 

20 
P:SfJa<;e eu,opéen 

❖ ~rançais : Loi n° 78-17 du 6 janvier 1978 relative à l'inf01mat~ue',:: ~~~~~set aux 
libertés (lll) spécialement les artIc(es 64 ets. mod1liéspartat0i du 

24 
JUIU. 

2019
: 

Code de la santé pubhque (CSP), art. L. 1460-1 et s. résultant des lois du 
17 

mars 

~?É1t:t du 24 Ju1ll. 2019 : délibérations de ta CNIL ;jul'isP!'Udencedu Conseil 

Revue de littérature 

• 
Des différences notables avec le droit français 

Seules tes demandes d'accès au SNDS (par ex. les données issues du PMSI pour kl 
fmancement des hOpilaux, de l 'assurance-maladie) (Bossi•Malafosse 2016)sant 

uniformisées et cenIralisées. Pour les accès au SNDS, te critère de la finalité est 
doublé d 'un critère relatif au type d 'utilisateur : 
❖ Certains acteurs publics bénéf1cmnt d'un accès perma,,ent, quand tes 

traitements des autres utilisateurs doivent poursuivre certaines lmalités {ex.: 
recherche) et répondre à un .. mot1fd'mtérêt public~ (CSP. art. L 1461•3, 11 

❖ Les finalités Interdites (ex. : la recherche, l'mnovaUOll, la sécunté samtaire) 8~ 

doublent d'obligations supplémentaires à l'égard des ac
I
te:; =~=ée~:i;:nces 

tes poursuivre, not. producteurs et commerçants de produ ts • 
et mutuelles (CSP, art. L. 1461-1 et •3) (Bérut 2023) 

Les demandes auprès d'autres détenteurs da données (tes entrepôts ~=~s 

de santé, tes cohortes, etc.) sont gé~ées par eux. Il laut :~;ea::~~~7:~:~. art. 9 ; 
Juridique valable pour tous tes traitements de donné , pe,met avec le 
LIL, art. 65 et s.). Il repose luf pussi sur ta finalité du traitemesn;;:, des fo:mstités 

consentement, de d1stmguer entre les _traitemenr~s ::::n;;: de leur linahté d'intérit 
préalables auprès de la CNIL et être ~•sen œuv n élant~tspensés {pare:,:. ; la mise 
public (par ex.: la ,echcrche)et les traItemenIs e 
en œuv,e de I·assurance-matad10) 

récié se ton des facteurs dfVers : il 
Le critère d'intér6t pubti~, très présent, ~st::: l'acteur et 11 esl notamment évalué 
n'est pas exclu du saut tait de la nature privé 
notamment à l'aune do la méthodologm de la recherche 
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Local Oifferent ial Privacy (LDP) mechanisms consist of {locally) add1ng controtled noise to data in order to protect the privacy of their owner. 
Object ives of this pape r: 

• lntroduce a new cryptographie primitive called LDP commitment. Usually, a commitment ensures that the committed value cannot be modified before it is 

revealed. ln the case of an LDP commitment, however, the value is revealed after being perturbed by an LDP mechan ism Opening an LDP commitme nt 

therefore requires a proof that the mechanism has been correctly appl ied to the value, to ensure that the value is still usable for statistical purposes 

• Provide a concrete LDP Commitment scheme that achieves an LDP staircase mechan ism (Genera lized Randomized Response Technique). 

• Propose a n applicat ion to show how our primitive e nsure privacy, usa bility and traceability of medical data when it is used in open science statistica1 studies 

• Present a security model for the LDP Commit ment primitive (Hiding and Binding properties). 

Definitions 

Local O ifTc rcntial Privacy ( LOP) 

A ral'Klomized algofllhm A sat.sfies <-locaf d,ff~r~nrial pr1vacy (LDP) w~re, ER··, 1f fOI' any 
pair of input valut,S (m,,mi) E Domain/A) and any possible output fTl E Codomain.A) 

Pr[A fmi) Ill $ ,• · Pr/A{m2l lllj 

Classical Randomizcd Rcspon.se Technique 

111 represents the true response 10 a binary question, fOI" instance. "Do you ha~ diabetes7" ,,, 
O H,Mi m l/2 

6 < o H,ad Vos '"' r5< 
i/ Ta,/ No 

/2 
Gencral i2ed Randomizcd Rcsponsc Technique 

If m = Yes; 

Pr{Yes <· LDP(m)] 

Pr!No <- LDP(m)] 

Let , \,f z,, be the m~sagc ~ac,. and 0 Z,,1 x z., 
m 1:;. ✓\.1 denot~ the mginal m~sage. and ril a randorn message ,n ,'-'1 
LDP(m) : pick§ s E Z, ,, if \ 0, ril m. else picks t E Z, , , ,n l 

m = 0 

3 
I ' 
1 ,. 

m m 
Pr[m t- LDP(m)I ,:, + "},

1 
1 ,:,. 

Pr[F/1 ~ LDP(m)] = ";,
1 

i .,~
1

• 

corn(r ,r,(/1,11/1,1 l 

fl2 1 (ùt 'f-m) 

n1 1 Output of the algOl'1thm LDP 

Commitmcnt/ Opening Technique 

.1 ) 

0 

(Il() ~ ~O 

~ ,,,1 ~ 

Optning 

C) C1 

~7~ ~7~ ~1~ 

0 ------------- \ 
Pe< c.((),..f,,, 1 0 1 

Qptirnizcd Randomizcd R~ litmcnt Schcmc (ORRC) 

C Setup, Comm,t . VerComm1t. Open VerOpen_ OpenLOP. VerOpenLDP·, 

oR~iput a t ion time (m ms) 
Co 111, t Sttup Comm,t VerComm,t Open VerOPef' O~nLDP V~OpenLDP 

tï,7• O.'>l !dti -,.i-.? 0.~,I 0.11 o-...-, 0;2 
;o.:J(JJ :!.:fi 2-,1.·l :r,:1; l.iJ 01-, 1.::,0 O . .J6 

ORRC schcm c description 

Setup(>.. LDP)-+ (>..G.11,rJ.(YJ11••11 ilrU,o-/,.1.li,o.li,.iJ,.A'1.B): G (g) s t \G' I' 
For each J E (i1), picks u1.u. y1 1 +-•- G For each i e (l il, picks J ,.o. /,.1, fi, .11. 1,, .J- G 
Commit(m.(s.t))--1-(,,c.{ll'1.ir1 .. ir11)) Y g' 
{,lv.11h - Com(.r. s,(111.o,111.1i,J. ( t(, . .!1l, Com, cm.{/,1,,/,1),), 
(Dr,.oil, Com(., . t,(li,11,l,,.1),). (D,, n), Corn( r·. t.(!1,.0,h,.1),) 

t:'_\ proves the knowledge of r s t fOI' each J, y r,' AND (, 1,J.ll ,,
1

_0 OR .liJ.I 1 1fi 1l 

r..1_prove; the knowledgeof .1 u (Ol'each1.r, y AND 1, \ .il };h OR.1 ,.-i, 1, 1\. 
r.n proves the knowledge of .r s t for cach i, 

y fi' AND 8 1,m h;_0 ANDB1 _1 11;i) OR 111,u, li, 1 ANO/J ,11 l,,o)l. 
Ve1Commit{c, (1r.11.1r 1, 1ï11))-. 0/1: Vetify the z~o-knowkdge proofs 1r.1i- - 1! and r.n 
Opet1, .1".c) --1- (m. ;,r) m .. Ope(.r.(.I ,.:.! ),. /,.o, / ,.dol 
r.proves thelmowledgeofrst y 9 ANDll'.1 , A ,21 {!l'.·if, ,1J 
V~Open(c.m. ir ➔ 0/l. Verify the zero-kl)()Wledge proof;; 
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m Ope( .(.-1 1)),.(/,11./ i),1,t Ope(,,(/31,.0,),.(h,11.h,,i),) 
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VerOpenLDP(c.ril, ft. (S. il) ~ 0/1: Venfy the mo-knowledge proof ir 

if s 
t efse 
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Contexte 

• La majorité des anévrismes intracrâniens (AIC} sont détectés au cours d'un examen de routine 

NEUROVASC • les patients atteints d'un AIC présentent une augmentation de l'anxiété par rapport à la population générale (1,2,3). 

Objectif: Accompagner les patients diagnostiqués d'un anévrisme intracrânien non-rompu 

• Une interface dédiée à informer et à soutenir les patients, visant à renforcer leur niveau d'éducation thérapeutique afin de mieux comprendre les anévrismes 
intracrâniens (AIC) et la notion de risque de rupture. 

• Un compagnon numérique accompagnant le patient suite à l'annonce médicale et permettant le suivi des facteurs de risque de rupture : consommations 
d'alcool/tabac/cannabis, mais également sommeil et santé mentale du patient 

Suivi sommeil/ santé mentale 

Phase 1 

Questionnaires 
de suivi 

Phase 2 

Agenda 
sommeil/ sport 

(7 jours) 

+ 
Questionnaires 

de suivi 

~ 
Phase 2 
Agenda 

sommeil / sport 
{lOjours) 

+ 
Questionnaires 

de suivi 

B 

+ 
Conseils 

C 

C 

-- ••·• 

Suivi tabac/ alcool / cannabis 

Agenda Objectifs 
/ Consommations 

Bilan suivi 
consommations 

0 

GAMM-

FAQ Anévrisme 

Qu'est ce qu'un Quels sont les dangers Comment vivre avec 
anévrisme 1 d'un anévrisme? un anévrisme? 

0 ~ O a.-J 0 

WW·I ·MW·I En MM·I 
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1 1, f._ Clinical Context . .. 

1 
1 
1 

-
~ Hypothesis: Short-term phys1olog1cal changes in da,ly telemetry 

can signal impending VA events 

l'.l...,.\ , _:, , ~ 

Il 

Ventrlcular Arrhythmla (VAi 
lfllafOfhufttlCOftCllfnc.lUNof 

lmplantable Cardfoverter 
Deflbrlllaton (ICOs) 

ICDs da ily monitor physiological data 
oflerinc earty w1rmn1 of arrhythmic twnts 

. .._ --
-~ - l A ;/" 

l •I ,/ ' 
•I 

,~igh-ri\k warning Event 

1:: 1 1:: 
•:: •::. 

-·-
ICD-derived features over past k days --+ predlct ion of VA occurrence 

1 :[@l Objective: developing and im~o~ng_s~erm VA predi;;on (early-detection) models using daily collected ICD-derived d~~ 
set 

1 cohort Î Mixed linear Model (MLM) 111: extr.ct temporal trends 
(186) from reputed meaisurements 

• MLM, x,(t ) = b01 + b14 x t + c,(t ) 

(:~) ~~ x,(t) ~t,onforp,ilbtnCfOf'lcifYt. 
h.•/Je + U., Wll~~(poc,ulllJOtt•_.....f,:ffi:I • p,ill>fflt•sprofl(.dewihc>n) 

Q D.1lly re<orded V.1ri.1bles 

1 Me•n ~ncui« ~te 

2 MHn wntr.abr n1te a1 rnt 

l Richt Ven1ncu1,r fRV) le~ 1mpedi,nce 

• Shock lm~nce 

S MHnwn1-1ncthreshold 

6 M,ormum SfflStf'll lhrHhold 

7 RV ~•nc percenu1e 

8 Physlul Klivlty ltwl 

b,•/11 +111, \lope(~1IOll ·~foied • p,ill•~!S9t(Jt,cdewiuon) 

r1(r)·~"ro,a1 ~tforp,1ient1 

• 4 futures pervarlable: (11 wiriables - 44 futures) 
lbwol- fDayi,.,. .. ,.11 
O.ffiPttnct (D.Jy~,_.1 • 1 D•1,I 

• Slope lfrOfflmOlfdmodf-1) 

• lnt"c:tpt (from rnru-d ~) 

" " " . ' . i,..,, ....... _ 

0 AutoRegressive (AR) mode 1: captures dyNm1cs over tune 
and encodes them into learnable parameters 

• ARlpl, 
x,(t)·~,nlueforp,,t>fflt/on~I 

x1(t J):obwfved,nlue/~wbtllli&J)lotp,1'f'fltl 

., : a1Jt0rqr~ toc"ffKienl fof latJ IPff"~C-t/.........,,11 

r1(1) • N(O,ltr)·Bndotl'l~,llllnwl,,.,tha1not\,t_.~ 

3 featur~ per varlable: (li vanables .... 33 features) AR(2) 
model parameters (4'1, rt,2, oi) as featuru 

" " "o., ::.......: • ..:.. ' 9 Supraventr1cul;1r tKhyurdi• coun1 

10. Non-wstamed VT " count features engineering: Morris sens1t1v1ty analys1s Features en1Jneerin1: Not requlred, rtsulamed AR provldes 

11 vr• ln Zonel count •• ftaturH ➔ top 10 feature, _____ _. __ ,_••-•_,._" '_,._,_ection, retaln1ng the most relevant 1nlormat1on 

Classifier as predictor: 
XGBoost Gradient Boostmg w1th l0·fOkt cross·vahdat1on - -------

Proof•of-concept study ➔ feas1b ility of pred1ct1ng VAs occurrence using ICD·dtrtved data 111 

VentriCular rate and the number of non•sustamed ventncular tachyurd1a ep1s.odes usociattd as risk fKtors 111 

Shock ,mpedance as~iated as a potentia1 risk factor ➔ decreased 1n the documented VA groops 111 
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.....J Postprocessing step is necessary~ 

1,. > Objective: new ECG segmentation pipeline that minimizes the False Oetection Rate (FOR) caused by artefacts, while ensuring a robust; 
quantitative evaluation that considers the number of segmented waves and the onset/o ffset times of each ECG wave ~ 

-1-\ë 

1 Evaluation criteria 

1 Comparative study 
Unsupervlsed 
► ECGOrhi'I 

• ECGIC1t 171 

Supen,fsed 
) ConvlSTMy, (Il 

Criterion 1 ---------. --------•• Criterion 3 

Calculates standard metrics of classification 

At e,y Tl'+;::~;+f,\ Fl-\corr 2>< ~=::::: 

i. Criterion 1 

""""" _ ,,..1 -
QRS 

r~ TP T~"°"1- " '~Pol•-
,;:,; 111 1, .. ~ ff,l f .... Ntc,,t,we 

-

Assesses the FOR of each wave and each 
evaluated method 

FOR•~"•"' :,, 100 

.... runlwolwiwes~ by lhemelhod 
",numb9rol - ~in1he~ 

••• 
■0 1• 

QRS

P - • 

lo .. u _ ,,, 

Numberof•-
- 21' - ut, - .. ,~ 
- llH 
- Il\!, ~ 

Critenon 2 

--U1'1~ j T ~ ·--- . •·--- ·--- ·---
- ! JI! 
- 1191 - ·-

Acknowledgmenù 

Calcu lates the mean and standard deviation (in 
[ms]) between t he estimated and clinically 
annotated onsets/offsets of P, QRS, and T 

Criterion 3 

"""' Off><I j m,a 

Jmsl !kto,__...l lel.1-- ..,"-1 '"~" 
~ Mt1',o,d -- _.., 

QRS 6 11 1111 1 uu,.n 

> The proposed pipeline outperforms exist ing methods in 
terms of classification metrics, FOR and the onsets/offsets 
detection 
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> The study shows that standard metrics are insufficient and 

emphasizes the impartance of incorporat ing addit iona1 
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Disease progression models are prominent tools for unravelling the mechanisms of chronic 
diseases. Yet they face different challenges: 

Heterogeneity: the moclel must account for inter-individual variability _ 
Partial trajectories: patients follow-up only covers a short part of t~ d1sease 
Realigning observations: patients have different speeds of progress1on and age at onset 

To achieve these goals, we introduce Leaspy, an open-source library in Python, which 
implements spatîo-temporal models for disease progression. 

Methods: the model behind Leaspy 

Realigning on time (a) ar autcome values (b) 

Leaspy is built on the Spatiotemporal model proposed by (Schiratti et al.]: a non-linear mixed-effects model. lt realigns patients on a common 
disease timeline (temporal aspect of the disease) thanks to a latent disease age. The remaining heterogeneity between individuals, which is 
reflected in a variability in the reordering of outcome progression (spatial aspect) is then captured. 
The models' parameters account for these temporal and spatial effects, and theîr estimation is performed with an MCMC-SAEM algorithm. 

Population l Temporal Spatial Individuel 
progression Random affects Random affects progression 

A user-friendly interface 
W1~h a simple API, users can ~asily tailor their model for immediate use. 
This ope~-sour~e packa_ge 1s _developed following modern practices 
(systematic testmg, cont1nuous mtegration and deployment peer-review 
procedures). ~ __.// ' 

<1easpy 

· - /~ i i ~ IL 

Download ~ 
it ! '----1!1 

• • • • 

-·-
Learn to 1!1-

use it ! "-.- . 

lmplement your own model 
Leaspy is a flexible library that allows the user to implement their own 
model. 

♦-----­•------· . .._,,__ 

■-- 1 ----

Leaspy has _been successfully applied to various diseases (Al h - , . 
mod~ls to d1ff~rent t~~ of input (contînuous, ordinal or tim:-t~

1
.:r 5• _Park~n~on's, Huntington's, ALS, Ataxia, ... ) and allows fitting multivariate 

makmg dynamic prechct1ons for new patients. ln June 2020, it ranked ~n~m a Jomt_ ~odel). potentially adjusting trajectories for covariates and then 

Dl'ff t d I for cognitive decline prediction in the TADPOLE challenge [Nguyen, et al]. 

Mixture 

1Ka1sarid1 et 11., 
1SC8 2025) 

eren mo es ... . . . 
Covariates Ordinal ... for d1fferent apphcat1ons 

i-1/i,·=p= - ,· 
- ~ 1 -::.:: f 

{Fourni~. MICCAI 2023 
Cas1m1ro, ISCB Z02S) (Poulet et al. . 

Stat in Med, 2023) 

rN M 

Joint 

----· 
_l 

(Orthol.and et a l., 
an:iv. 202◄) 

(nserm. 

Patient's selection 

1- =-= •=- .. (Il ' .:.. 

tMaheux et al., 
Nalure Com. 2023) 

-

Multi-dimension 

~ 
11<a1sand1 etal .• 
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A REGULARIZED MUL TI-STATE MODEL FOR COVARIATE 
SELECTION WITH INTERVAL-CENSORED SURVIVAL DATA 

Ariane Bercu1, Agathe Guilloux2, Cécile Proust-Lima1, Hélène Jacqmin-Gadda1 
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MOTIVATING APPLICATION METHODS 

• 

J bas lin, 1n ,n ty parameters j : regression parameters Predict the risk of dementia in a cohort of elde rly subject s (JC 
Study) according to a large number of possible predictors ( age, sex, history of 
disease and treatment, cognitive testing, dependency scaling, brain volumes, 
blood biomarkers, genetics ... ). 

<>o,(tlZ)-011.111(/,,, ), 'z ,..,,(tlZ) a 11.,dl,, )t .z n12(IIZ) o,u,(1.11 )< •'-

Challenges· 
• interval censoring of dementia onset ( diagnosis visit every 3y in 3C) fpcn(O,f:],a,,\) = f(0,13) - pcn(f:Jo1 ,0,Ào ) 
• competing risk of death (death date collected continuously in 3C) 

INTERVAL CENSORING WITH COMPETING RISK OF DEATH 

_____ __cdc:.,mc..•.:::".:::tia=---------- u;/:~;i;:i::n:~e 

- pcn(f:Jo2,u.,\112) - pcn(/312,u .À 2) 

Vu Vi \/2 V3 
rliag cliag+ 

-----------d,_m_'"~"-' -,----,► Demented subJect not 
V[1 Vi ½ death Vit diagnosed due to death 

diag 

ILLNESS-DEATH MODEL (IOM) 

d!ay 

0: Healt hy 
Oot(IIZ) 

1: Dementia 

~tlZ) 

2: Dead 

Aim: Adapt variable selection methods using Elastic Net regularization to 
the 

where pm(,J1,1.r1 .\ 1) the elastic net penalty on h ➔ I given by 

,\,1allJ1,1ll1 + ,\, (1 - <1 )ll./1,,lli, with \, > 0 and O < " :S 1. 

ESTIMATION PROCEDURE OF REG IDM-ICT 

From a predefined grid of hyper-parameters u ,\ ,\ ,\ ,_ 1oop 
Maximization of the regularized 1og-likelihood for fixed penalty 
parameter 

( (a.,\),.Î(a.,\)) argma.x{f( ,J) pc11(,i.a,,\)} 

using a 2-step algorithm combining cyclical gradient descent 
and f'. algorithm. 

Calculate the bayesîan information crîterion {BIC), 

IJIC(,i.,\) = 2f(Ô( ,\ ), }(,,,\ )) + lo!\(#subj<c1,<)IIJllo. 

illness death model for interval censored t ime of illness onset (Reg IDM-ICT). Overall, minimize the BIC (Ô(,i.Â).,}(r,,,Î.)) = arg111i11{IJ/ C(a,,\)} 

SIMULATION STUOY 
u.>. 

H1gh event rates 
A--- and spa~ vi ,t 50 / ■ among 300 / ■ demented subjects died before diagnosis. 50 correlated centered Gaussian 

covariates on each transition 
PREDICTIVE ABILITY 

VARIABLE SELECTION ON THE TRANSITION TO ILLNESS 
Mean Square Error on the Prediction (MSEP) for a healthy subject of having 
dementia up to t , the time of f1rst event between the time of dementia onset 
death and censoring. ' 

Relevant variables for ■ 0~1 ■ 0-2 and 1-2 ■ 0 .... 2 alone C 1-2 alone Onone 

ScenarioA Scenano C 
■ Oracle IOM-ICT Cl Reg IOM-ICT ■ Reg PHM 

1 

Reg IDM-ICT Reg PHM Reg IDM-ICT ___ R_eg PHM 

ScenanoA 

ScenanoC 

• CONCLUSION 

O, <f\< 1 ~ 0< y ,~.ont cc,.,..,, .. 1<111, 

R~ PHM • rnid-po,n1 for dl sub.;«is 

• only de.01h w,1hm 3y o1fle1 1.osi di.og 
othNw,w:cetlSofed 

lêtltmt#llêtlif#UrnM 

0 0 2 

Neglecting IC may lead to incorrect selection as dementia predictors of variables only associated 
with death and large error of prediction 
The proposed method implemented in the package github.com 'arianebercu/HIDeM COfrects 
th~ ,s-.ues with perfOfmance close to the oracle model 

081 002 081 002 a.a 1 o 0.2 

Variable selection frequency on transi lion O~ 1 
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Qualification & gestion des données manquantes dans les modèles d 'aide à la décision clinique en vie réelle : 

revue préliminaire de la littérature avec PRISMA 
Pouline FRACASSO. Sondie CABON, Morgane PIERRE-JEAN, Gouenou COATRIEUX, More CUGGIA 

Univ Rennes, C HU Rennes, INSERM, LTSI - UMR 1099, F-35000 Rennes, France 

- - INTRODUCTION 
Les entrepôts de données de santé permettent la réutilisation des données produites dans le cadre du soin et la mise en place d'outils d 'aide à la décision 

clinique (1). Cependant, la qualit é des données est souvent altérée par des données manquantes (DM), issues de processus de collecte non systématiques [2J. Ces 

absences peuvent être définies selon 1) différents mécanismes: MCAR (DM totalement aléatoires), MAR (DM dépendantes de variables observées) ou MNAR (DM 

dépendantes de variables non-observées, en raison du processus de collecte lui-même) (2), ii) La proportion de données manquantes (2) et iii) le motif que les 

données manquantes suivent (3). 

Dans un contexte où l'IA Act met l'accent sur la fiabilité des modèles à base d'apprentissage, l'absence d'un cadre méthodologique standardisé pour qualifier et 

correctement gérer les données manquantes constitue un frein majeur. Une mauvaise gestion des données manquantes peut introduire des biais significatifs, 

compromettant ainsi leur fiabilité. Cette étude vise à recenser les méthodes existantes pour qualifier et gérer ces DM, dans le but de concevoir une chaine de 

traitement automatique, optimisant ainsi la qualité des données cliniques et renforçant la confiance dans les modèles d'IA en santé. 

MATÉRIEL & MÉTHODE --------------
Dans cette revue, nous abordons la question suivante: "Existe+II un cadre permettant de qualifier les données manquantes et de sélectionner la méthode de gest ion oplimale ?" 

Nous V repondons avec 3 questions de recherthe : Etape PRISMA : ŒjJ 1. Quelles sont tes méthodes de quallfication des données manquantes et quelles l · 

sont les conditions d'application? 
l l l"i'- EQUATION DE RECHERCHE 

2. Quelles sont les méthodes de gestion des données manquantes et quelles sont ~ 
les cond,tions d'appl,cat1on ? 

3. Quels articles établissent un lien entre la qualif1cat1on des données manquantes '. \ 
rm,ssmg dat.1" OR •data m1ssmgness" OR 
"mcomplete data" OR •m,ssmg (!nlnes") 
AND et les méthodes de gestion des données manquantes? 
U-charactemation• OR "assessmeni- OR 
"evaluatK>n• OR •ana~1s" OR ·detect,on" 
OR •prof1hn1· OR •mon1tonng'' OR 
"quahficat,on") 

1 ::--lt'lilt t @W·trPff ·)· .,., 9 

OR 
r,mputat,on· OR · management" OR 
handling• OR "remed1ati0f'I" OR 

·1n1ervent,on" OR ·1reatmen1·1 

UOl(Hntt QUAllrl(ATIOH n GlSTION OISOOHH(U MAHQUl,NTU 

0 MITHODES DE QUALIFICATION 

Mttemiurtl' -------■ 
Pour~nr~ -

l«SlOCillAMMtOUl'IIOMlltlDl...CntOOO (ll(QIJM#IC,UIOH MIIICArt60IUU 
01tocw-sus1, ... ,mnu 

n I JI 161 

IAltlAU ou ~smtu OAHSAUMOlfriS JAIITlCl.U 

JJ MlTHOOES DE Ou.tullCAnoN DE DM lt(NC(NSICS AU rorAt 

RESULTATS 
. J O MITHODES DE GESTION 

H-f'Hldr • 
Appnn11u~_pn,f-d -
APl'r.nriua~ IJIOt;Nnr -

Stor/11111w_lmputotian mulhplr -

Sra1,1r,qw_fll'lpurarlon_1Nfr ------­
Sra11Hiqur S<Jpp,rJslOfl -

MISJOGMMM(OUJIIOMMIDlMtntooaOlGUnOfrf MIICAltGOMlOr(U°""6lU24 

'""""' 

.. 

T....u.M.I OIS MfTHOOCSOJ(U OIIIVWSAU -S S AATl(lU 

11:MI MtTHoolS Of <.rsTK>N Of DM' ,t(NC(NSlUAU ror.u 

X =se~~~?= 
PUBMt:0 (34) 

WEB OF SCIENŒ (30) 

Records alter dupflcates 
Removed (n=S2J 

Records screened tn=24) 
Remowd : 

(Unava1lable (n"8), 
Not are~ (n•S), 

l.ac:k of companson of the methods' 
characterist,ei (n 15)) 

ni ,...,hodr1 ~ q~lofkaUOn 
hodu de SHllon d# OM 

,---'\ 
r::OESDE~O~ 

QUALIFICATION OES DM 
COUVERTES 
100%(n=l3J Sl"(n• 60J 

GESTION DES OMJ 

L 
COUVERTES 

CONCLUSION & PERSPECTIVES ---- RÉFERENCES 

Cette revue a permis un premier recensement des approches existantes pour la 

qu.1\i f1cat1on et la gestion des données manquant es, soulignant leur dépendance à 
des cr,tères de qualificat ion encore peu standardisés. Avec 104 méthodes de 

gestion recensées contre seulement 13 de quahf,cation, une seconde revue est en 

cours pour élargir le spectre des méthodes de quahf,cation 
A. terme, ces travaux viseront à concevoir une chaine de tra,tement automatique, 
optimisant la gestton des données manquantes en santé selon leur quahfication, 

en amont des app1tcat,ons d'aide à la décision clinique. 

l 

f 1] Meystre S.M et al Chnical Data Reuse or 
Secondary Use Current Status and Po1ent1al Future 

Prosress Yearbook of Med1c.1l lnformat1cs. 2017 
f2J Austin P.C et al. M1ssma Data in Cllnlcal Research 
A Tutonat on Mult ip le tmputa1,on. The Canad,an 
Journal o f C.ard,ology 2021 
(3] l.Jttfr R.J et al. Missin1 Data Anatys,s ANNUAL 
RfVlfW OF CLINICAL PSYCHOLOGY. 2024 
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Introduction 
• Spec,ahzed reg,stnes 1n the hfe sciences, such as TeSS, b10.tools, and WorkflowHub, support the findab1hty and interoperab1l1ty of training 

matenals, software tools, and analys,s pipelines 
• The EDAM ontology 

o prov1des shared vocabulary for data types, formats, operat,ons, and top1cs, 
o enables consistent annotation and fac,htates tasks such as workflow compos1t1on and data retneval 

• B10. tools hasts over 30,000 annotated software entnes. 

Challenges: assess the reliability and precision of software annotations. 

Material and methods 

Extraction 

- and ♦ 

~ t ransformation 

~t~ 
Results 

-
1 \ --=-;:- --=-

__ , --:::;--=-

,.,,,~.~ 
~l<IQlstl~tlCICIC 

341taoi.•1~~ 

Presence, of obsolete 
classes 

,.,. 
The stvdy focused on 1he 

operatk>ns and t()9fcs branches, 
coveflng most 1ools 

r 
ï 

p,._11he~ofoot.v1..a;1n~• 

//(a)= ~a) x lt (1>(a)) 

N.-Olo,,.,.. _ _.. NNIO/OffTfqUffll•--

H (tool ) - L H(a) 

l~~j-llShannon enlropy {H) w:::~•=,~=~nl1fy the degree of =:::--= infonnation ln a nnolatlons. 
l::::' Enlfopy is low for rare or frequent annotations. 

Entropy ls h1gher for intermed1ate annolations. / 

) 

r 
1, 

i" l.,! • 

1.-~~ 
· ldent,fy portions of EDAM 
reqUIJlf\O maintenance 
• Propaga1e changes 10 1~ 

After filt~~:Îhe h1@oirchy 1s taken 1nto acèoÜiiÏ 
Het~ty ln the numbef of dife<:t/lndirecl annotations 

i•I J J. . __ ;,_., __ . - ' . 
Heterogeneity ln 1he info,ma110n conveyed by the IMOta11ons 

- l~a e t numbef_Qf annotauons 

Conclusion 

- Consider inherited classes in annotation 

assessment 

- ldentify redundant and obsolete EDAM annotations 

- Identification of poorly annotated and 

uninformative tools 

/ 

- Analysis on Format/ Data branch 

- Gold standard to ben er assess bio.tools 

annotations quality 

- Tools to help curation task to improve Bio.tools 

and the EDAM ontology 

\ 
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Le contexte 

L'accès au Système National des Données de 
Santé (SNDS) est de plus en plus aisé pour 
les chercheurs en sciences sociales, notam­
ment via l'accès permanent donné au CNRS en 
2021. Le potentiel du SNDS pour les sciences 
sociales est immense, mais va de pair avec des 
difficultés d 'exploitation. Ces données sont 
t rès complexes à manipuler, et font l'impasse 
sur les caractéristiques socio-démographiques 
des patients. 

La transformation d'une base de gestion en une 
base de recherche 

Un travail important est en cours pour établir 
un schéma relationnel simplifié. une docu­
mentation commune. et fournir des codes en 
open source permettant de générer des ta­
bles prêtes à l'emploi, avec des jointures sim­
plifiées. Ces tables sont construites pour re­
grouper l'information de même nature (séjours 
hospitaliers. visites médicales en ville. consom­
mafon de médicaments, suivi géographique 
des patients. etc.) qui est actuellement éparse 
dans le SNDS en raison de règles de remon­
tée administrative complexes et de variables 
non l1armonisées selon les régimes d'assurance. 
les établissements de soin ou les années. Ces 
tables permettront ainsi aux chercheurs de 
construire des échantillons de travail grâce 
à des variables moins nombreuses (environ 
80 contre plus de 5000 dans le SNDS) et 
d'étudier les comportements de santé des indi 
vidus. les pratiques des professionnels de santé. 
l'organisation des soins sur le territoire. ou en 
core les liens entre santé et travail. 

Nos obJectifs sont les suivants : 

Développer une expertise collective 
autour du SNDS 

Apparier pour pallier le manque de 
données socio-démographiques 

M ener des travaux en sciences sociales sur 
le SNDS et ses appariements 

1. Le schéma relationnel simplifié et le dépôt 
Git. 

Le schéma simplifié contient des tables de na­
ture mcdico-administrative : table des visites 
de professionnels de santé en ville. des hos­
pitalisations. des affections longue durée. des 
nomenclatures des médicaments en CIP13 ... La 
table hosp,talisation contient par exemple les 
s<'1ours hospitaliers et renseigne un identifiant 
patient. les dates et type de séjour. les diagnos· 
tacs e~ CIM10. l'etablissement visité etc. Les 
tables sont reliées entre elles par des clés. per­
mettant auss, de joindre des tables extérieures 
telles que a table des etablissements constru 
,te 1 partir des repertoires SIRENE de l'INSEE. 

e PROGRAMME 

~ DE RECHERCHE 

Le dépot Git permettra l'accès aux codes 
générant les différentes tables requises pour les 
projets de recherche : 

'. 0 --
---·------ ----·--- ----

2. L'appariement du SNDS à des données 
socio-économiques. 

• Un projet d'appariement du SNDS avec 
SHARE la grande enquête européenne sur 
la santé et le vieillissement menée par 
Dauphine-PSL est en cours 

• Les appariements existants sont étudiés et 
valorisés dans des t ravaux de recherche 
(e.g., EDP-Santé) . 

■ lnsee 

3. Quel usage du SN DS et de ses appariements 
dans le domaine des sciences sociales ? 

• Mesurer l'évolution de la consommation de 
soins et des dépenses de santé dans le 
temps Identifier le rôle du vieillissement. 
du progrès technique. de l"offre de soins et 
de la régulation. ce qui nécessite les 
données administratives fines du SNDS 
pour comprendre l"évolution par poste de 
so,n et profil de patient. 

• Comprendre l'impact de l'offre de soins sur 
la qualité et le recours aux soins. Lien entre 
oncurrence et qualite du marché 

hospitalier ; Impact des pénuries 
m dir.aments. professionnels de santé) sur 

le- rccour':» lux oinc;;; et (,w1lu,1tion de a 

r :::~---- r-: -----

• Comprendre les déterminants de la 
demande de soins. Quels sont les parcours 
de soins type des patients entre les 
différents offreurs de soin (hôpitaux. 
cliniques. professionnels libéraux. si 
possible Ehpad) en fonction de leurs 
caractéristiques sociales 7 Quelle adhésion 
aux politiques vaccinales en fonction des 
caractéristiques socio-économiques 7 

Quelle demande de soins suite à des chocs 
macro-économiques ? Quels appariements 
médecins-patients et hôpitaux-patients 7 
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lncorporating compleX genetic model into risk stratification 

F. Laporte1, H. Perdrv2, A. Herzig3, C. Oina1, E. Genin3, R. Redont 

~ 1. Nantes Univers,té, CNRS, INSERM, l'inStJtut du ù0311• F--4400() Nantes, France 
2. CESP 10~m, 01018, Un.versité Par,s-SadJY, UVSCl, VilleJui'f, France 
3_ lnserm, Unive~té de Brest, EFS, CHU Brest, UMR 1078. GGB, F-29200 Brest, France 

HoWadays polygenic nsk scores (PRS) have multiple clinical applicatio~s as risk stratification for disease prevention. Most of the PRS algorithm 
,re based on a weighted sum of the effects of risk variants (1). Genetie architecture of diseases could be more complex therefore classical PRS 
could perform poorly. Rare variant mutations and epistasis effects have ta be accounted for. 
Here we present our work to develop the rcRS algorithm, a PRS algorithm accouting for epistasis effects near Genome-wide association study 

{GWAS) signif,cant hits. 

SIMULATING CONTROLS 

Ind1v1dua11 

7 lnd1vidual 2 

Figure 1: MoselC a1mu1at100 examples 

Haplotypes are generated in two steps: 
1. Mosaic break points are randomly drawn 
2. T_Hes are randomly drawn in the template pool l"8\. 
\ndi1J1duals are composed of two haplotypes. \ I 
The code is available at https://github.com/genostats/Mozza 

SIMULATING CASES 

Cases are simulated in three stages: 
1. Mosaic break points are randomly 

drawn 
2. Non-at-risk region tiles are 

randomly drawn 
3. Risk region tiles are drawn using 

probabilities depending of the risk 
of the possible combinaison of 
haplotypes 

Risk region - • □ 
c:J □ 
Pts P16 

Pi = rh
1
h

2
P(h1)P(h2) with rhihJ risk associated ta the combination of 

haplotypes h1 and hi and P(h;) the probability to draw haplotype h1 in 
the sampling pool (2]. 

rcRS: Polygenic Risk Score Algorithm accounting for epistasis 

Ta account for possible epistatsis effects wi thin regions of interest, partially linear tree-based 
regression (GPLTR) [3] are computed within each region of interest. Each GPLTR gives a 
prediction and those predictions are combined using a generalized linear model. 

Prediction thresholds are selected with respect to the AIC of the derived GLM. Ta avoid 
computationaf burden, a grid step iteration is used. At each iteration, only the neighbor 
combinations (one threshold modified at a time) are computed and the best one is chosen as 
the starting point of the next iteration. This method converges ta the locally best AIC. Figure 2: Schemï:ttlC of the PRS ï:tlgonthm 

RESULTS 

2000 cases and 5000 contrais were simulated using the previous 
algorithms for common variants. 4 regions were selected as 
associated with the disease and the risk associated ta the genotype 
combination « 020 » is 10 (resp. 30) for the region 1, 3 and 4 (resp. 2). 
Simulation sanity test was performed using GWAS and genotype 

frequencies (Figure 3). 

1 

' 
• ~ - .... ..,.IL,Îll•tl~t 

1 J 1 • l, 11• 11 Il 1,10 

Figure 3: left panel G~f lhe s1mulai8d phenotype Righip;nel geootype aw 11 

froquonelee ln ooeh ,.,gion {lopehromosomea 1 and 5. boltom ehromo.om- 8 end tt) 

Ali regions were either significant or close to significance using the 
GWAS. Moreover, there is a difference regarding the genotype 
frequencies between cases and controls. 

CONCLUSION 

Once the cohort generated, a S-fold cross validation was performed 
to compared the rcRS algorithm to the classical PRS (weighted and 
GLM). ROC curves are displayed in Figure 4 (left panel). 
Then a real dataset with lntracranial Aneurysm carrier is studied (685 
cases and 1,064 contrais). Again, a 5-fold cross validation was 
performed to compare rcRS to the GLM PRS. ROC curves are displayed 
in Figure 4 (right panel). 
Regarding the simulated data, the rcRS algorithm perfoms better than 

its rivais with an increase of AUC. Unfortunately, our first test on real 
data shows a better predictive ability of the GLM PRS. We will adjust 
our algorithm par:c~ers and expect an increase!!_!UC. 

Figure 4: ROC curv';;~fffi8 lhree compared melhods lefl ;;r;1mulated dataset 
Righi panel real dataset 
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brain health 
trajectories 

CONTEXTE • POSITIONNEMENT 

• Les ooOts annuels actuels par pabent attffl de 
la maladie d 'Alzhetmef (MA) en Europe sont 
estimés à eov'lron 40 000 euros/an/patient {1], 

• Le nombre de pat,ents afteints de la maladie 
d'Alzhetmer devrait passe< de 14 millions en 
2019 à 50 milhoos en 2050 

• Les !acteurs de nsqoe modrhable5 sont 
responsables d'enwon 40 % des dèmenc&s 
dans le monde [21 

• le diagnostic au cours de la phase prodromique 
p<êsymplomabqOe ou de la déflCle008 oognrt1ve 
léQère (DCL) plu161 qu'au cours de la phase de 
démence devrait pe<mettre d'économtser 
environ 8 000 mdkatds de dollars {3] 

• Le d1agnost1e précoces perme! de J>l'édire les 
tra,eclOlfes de la maladie céfébtale et de les 
modifier. 

Coordinateur du projet: Viktor Jirsa {INSERM) 
WP1 · Jean-Franç<Ms Mangin (CNRS-CEA), Ohv,er David (INSERM) 

WP2 · Demian Battagha (CNRS), Andrea Brovelh (CNRS) 
WP3 : Bertrand ThiriOn (INAIA), Spase Petkoski (INSERM) 

Conlnbuteurs : Emmanuel Barbier (INSERM), Mircea Polosan (INSERM-CHUGA) 

parameter n1 

tlme (years] 

•Olljocafl :-.- • 
opllmelr une bllllrlitdll fflllUl'N 
....... l'tlal dt ..... du c.VNU 
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donc aooM6ter le dagr'lolllc .. .. 
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IMPACTS ET RETOMBÉES: 
, Améio1ation de la capadl6 de Nvt el anlldplllon dt Il -··--· ______ .. ...._ ....... 
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DESCRIPTION - OBJECTIFS - PLANNING 

METRICS ~ Predictive Brain Health Score 
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PATHOLOGY PROGRESSION 
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WP1 • STRUCTURAL BIOMARKERS 
• T1 . 1 • Scores quantifiant l'ampleur de la 

neuroàégénératlOll !ondés sur des abaques normatJls 
• T1.2 • Scores quantJfiants la charge lésionnel issus 

d 'oullls 1A de déteetion d'anomalie (auto-encodeurs) 
• Tt .3 - Classdicatoo automatique des lés.ans détectées 

(lumeurs, matfonnahoos, post-trauma, post-ischemie, 
post-inflammat10n .. . ) 

Quantifleation du atrophlH et d t tecllon d'anomalies --­··-- ---

111111 Y&.~ --
i @ :::::::\-:::· n 

I 

--· .. -----------

WP2 • ÜYNAMICAL BIOMARKERS 
• T2. t - Nouveau,.; méthodes pour l'est1mat100 Invanante 

de la FC, adaptés pour un suivi de données avec 
variation longitudinale de la structure 

· T2 2 • Détection de perturbations prècoces de la 
communication par des nouveaux méthodes de FC 
dir igée et de EC apphqués à l'IAMI 

• T2.3 • Mesures de la reconhguration altéré du réseau 
lonct1oonel 

l.f~'v,,..u, ~ s, 
*___,.~ 

New~...,,,,,.... 

WP3 MODEL -DRIVEN BIOMARKERS 
• T 3.1 Modele mécarnsie pour les cerveaux et les 

tra_l0Ctoires vir1uelles de vieimssemenl 
• T3.2 Inférence du modèle de 1a tra_iecc01re BHS dans 

l'espace des paramètres biophysiques 
, T3.3 • ModéUsalioo générative aut0fégressIve 30 de la 

dynamique oerebralle cootramte par la structure 
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Optimiser l'organisation des flux de patients 
au niveau territorial 

Une approche centrée sur l'adéquation entre des parcours de soins alternatifs et l'offre de soins 

Louis Oublois1, Thierry Gara ix 12, Yannick K e r gosi e n l I • uMOS, UMR6158, z Mines Saindtlenne, , LIFAT, EA 6300, Université de Tours 
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Introduction : exemple Données issues du SNIIRAM / SNDS sur l'année 2018 

• Sur les p rocédures ch irurgicales de Prothèse Totale de Hanche (PTH) et de Genou (PTG) dans le département de la Loire en France 

Deu,c groupes de pauen1s : • PTH avec comorb1d1té cardiaque : 

• PTG sans comorb1d1té : Parcours a lternatif 

Chirurgien 

Orthopédique-' Anesthésiste• 

Consultation 
Cardiologue Cardiologue"' 

Consultahon 

Gastro­
entérolo ue 

Kmés,théra­

peute (pré­
opératoire)• 

Consultat ion Consultation 10/15 Séance Opération 

~Oc;~e:~~::t~::c,~e::i~":°"'._A_n_••-•h_••-•s_Jte t"-:r======;--~l<inés1thérapi + Chirurgicale 

•Ies quatr e ressources 
considérées dans cet 
exemple 

ospitalisatio 
omplète (HC 

Retour au 
Domicile 
(DOM) 

HC -.. Hôpital 
de Jour 

(HC-..HDJ) 

HDJ Complet 
(HDJ) 

Exactement 
1 mode de sortie 

Consultation 
Chirurgien 

Orthopéd1qu 

Entre0et2 
consuftot1ons 

~ Variable de décision p _{g.k,r,a,h}: pourcentage (sur la demande minimum d) de patients du groupe 
g et du parcours k onginaires de la région r qui effectuent leur activité a dans l'établissement h 

Modèle d'optimisation 
des flux de patients 

caractfrlsdques L d- P, ... .,_..,. - t ,_i,.J < m~,+ .1.;J - ôAi 

, 1,, .. 

max (I - o ) · L l'y,k · d · Pg.4 ~ 
• Qua1N de sotns • Parcours de soms altematlf's par groupe 
• ~-,..._.,.,..,. • Contrlklledeaip«ttfsurlesressources Qg,h ... ,h ~ Pg.b ... i.-Pg t ,r ... ' lo 

g,k 
• =-=====• • :~=sdepadentsàchaque~du - L (),,_,,.,,. $ J . ~ flgJ.. P9 ,1, 

cflNqut) • TransfertsderMSOUrces g,k.,a,h 9 

nif\.\'. n · , .E.hll'g rl, ' d Pq.k,r,t>h ~ Pg.k., ~ dg , ~-- -------- -' ',~------------' ~:i..,;J-~t:,.~J - o 

Données Demande 

• Groupes de patients (GHMs. etc.) 
• Nombre minimum de patienlS à traiter 
• Répart1t1on 1emtonale par groupe et région 
• Pourcentages min/max par groupe 

Données Parcours de Soins 

• Parcours de soins déftn1s par groupe 
• Niveau de qualité de soins par parcours Solutlon 
• Act1V11es ordonnees p,u parcours • Flux de patients par activité et par établissement 

• Transfens de patients 
• Réallocauon de ressourc~ 

~------ -----, 
Données habllssements 

• Locahsauon 
• Présence de spécialités. de ressources spécifiques 
• Capacités par type de ressources (un11é) 

Données Ressources 

• Type de ressources 
• Consommauon par actMté 
• Quantité transférable par type de ressources et 

par étabhssement 

Exemples de 
résultats 

• Sur les proc~ures PTH / PTG, et considérant 42 groupes différents (selon les comorbldités) 
répartis entre PTH et PTG, et avec 4 parcours (DOM, HDJ, HC-..H OJ, HC) par groupe 

• Sur la prestation globale de soins de santé dans la 
r égion du Queensland en Australie: cas d'étude Issue 

Nombre de patients trahês selon le pourcentage de Paa de Centre Orthopjdique. Nombre de patients dans 

;1-be=~~ 1 ~v --- :~ 
i -~ l ~ ::;:·--
, ••+----+----+---+ -- -

· - G- JO- oo.-. IO,O,,. tel- IIO-

de la littérature {Burdett et al .• 2023) 

Nombre de patients traités H lon le pource ntage do 
, ,allocation autorisée des ressources 
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Riemannian Flow Matching f or Bra;--w­
Connectivity Matrices Via Pullback Geometry 

Antoine Collas, Ce Ju, Nicolas Salvy, and Bertrand Thirion 
lnria, CEA, and University Paris-Saclay, Palaiseau, France 

Generating rea/istic brain connectivity matrices is crucial for: 
1. Analyzing population heterogeneity in brain organization; 
2. lmproving the understanding of neurological disorders; 

: 3. Augmenting datasets in camp/ex classification tasks. 

Functional connectivity matrices reside in mathematically constrained spaces, which can be represented as Riemannian manifolds. However, using Riemannian frameworks 
often involves redefining fundamental operations {e.g., geodesics, norms, and integration), resulting in computationally inefficient generative modeling. 

OIFFEOCFM is a deep generative model on matrix manifolds. lt reformulates Riemannian conditional flow matching on a pullback manifold as conventional conditional 

flow matching in Euclidean space, via a global diffeomorphism. This allows both training and sampling to be carried out efflciently in Euclidean space, while remaining 
equivalent to operating on manifolds. On the left (see the following figure), t he fMRI correlat ion and EEG spatial covariance matrices lie on their own manifolds. These 
matrices are mapped t o Euclidean space through a diffeomorphism. A time-dependent vector field is then trained in Eucl idean space, and integration is performed in this 
space before mapping back via the inverse of the diffeomorphism to yield connectivity manifold-constrained matrices. 

Performance of generative models on 3 fMRI and 2 EEG datasets, evaluated 

with Quality and Classification Accuracy Score (CAS) metrics. Quality metrics 
assess alignment with the real distribution. CAS metrics evaluate downstream 
performance: a classifier is trained on generated data to predict d isease status 
(fMRI) or motor imagery class (EEG), and tested on held-out real samples. REAL 
DATA uses real samples to compare training and test distributions, serving as an 
empirical upper bound. 

Qwdity Meuics 

o -Pn:cision t P-Recall î 
Dawct Metbod 

REAL DATA 0.85±0.0, 0.74±0.06 e Dlf'FEOGAUSS 0.56± 0.08 0.28 ±0.07 

~ 
l'R!A.~GDDPM 0.0, ± 0.02 0.00±0.00 
TR..IANGCFM 0.06±0.02 0.00±0.00 
D1FFEOCFM 0.74 ± 0.05 0.46 ± 0.06 

REAL DATA 0.88 ± 0.0, 0.90±0.04 

z DIFFEoGALSS 0.03±0.03 0.53 ±0.07 

~ T'R..IA.~GDDPM 0.02 ± 0.01 0.00±0.00 
TR.IA.sCCFM 0.03 ± 0.00 0.00 ±0.00 
Dlff'EOCFM 0.59 ± 0.15 0-77±0.03 

~ 
REAL DATA 0.86 ± 0.06 0.89 ±0.04 ., DcFFEoGAt:SS 0.49:1: 0119 0.30±0_08 

;;; l'R.lA.'-GDDPM 0.04 ± 0.01 0.00±0.00 
< TR.IA.'-CCFM 0_05 • 0.01 0.00±0.01 0 

Du:nOCFM 0.64±0.08 O.J8 ±0.05 

N REALD"1'A 0 .69:1:0.()4 0.62 ,0.05 

c8 DlfffOG.\lSS 0.4S.D.04 0.76±0.01 
z~ Tk.l.\..,GDDPM 043 :t 0.04 0.10 :t 0.02 
=~ Ta.lA.,GCFM 048 , 0.03 D.22±0.03 

DIFFEOCFM 0..'3±o.as 0.63 :1:0.05 

ci 
llEALOUA. 0.89 0.01 ll89 • 001 

DrffEOG.\LSS OS, 0.01 t.89±o.G1 
z- l"aIA..,cODPM 072 0.03 <LSS:1: 0 02 == TuA_,GCTM 075 008 0.".'-4:::0.02 ;a 

D~ U2 U1 086,0.01 

a,P-Fl t 

0.79 ± 0.08 
0.37±0.11 
0.00±0.00 
0.00± 0.00 
0.57 ± 0.08 

0.89 ±0.06 
0.06±005 
0.00±0.01 
0.01 ±0.01 
0.67 ± 0.17 

0.87±0.08 
0.37±0.12 
0.00.t.O.OO 
0.01 :t0.01 
0.48 :t 0.09 

0.65 ±0.07 
0.56,0.05 
O.l6:1:0.04 
0.30±0.05 
0.63 ± 0_07 

089,001 
0.8h002 
0_62:1:0~ 
0.7-4~0.08 
• .., .t. 0.02 

CAS Melrie5 

ROC-AUCt 

0.67± 0.05 
0.67± 0.0, 
0.58± 0.0, 
0.61 ±0.04 
0.68± 0.03 

0.63 ± 0.0, 
0.60 ± 0.06 
0.54 ± 0.0, 
0.54 ±0.05 
0.62 ± 0.04 

0.75 ± 0.04 
0.71 ± 0.07 
0.52 :t 0.04 
0.52±0.08 
0.71 :t 0.02 

0.83±0_01 
0.80± 0.02 
0.54 ± 0.02 
0.54 ±0.03 
0.81 :t.0.02 

0.73 ± 0.01 
• -73 ± 0.00 
0.59±0.02 
0.62:1:0.03 
1.73 ± 0.01 

FI î 

0.59 ± 0.06 
0.52 ±0.07 
0.56 ±0.06 
0.42±0.18 
0.60 ± 0.0, 

0.64 ±0.04 
0.16±0.08 
0.28 ±0.03 
0.26±0.15 
O.JS ± 0.09 

0.64±0.04 
0.45 ±0.05 
0.47 ±0.06 
0.32±0.19 
0.58 ± 0_03 

0.75±0.02 
0.73 ± 0.02 
0.17 ±0. 12 
0-21 ±0. 13 
0.73 ± 0.02 

067 ±0.01 
0..68 ± 0.01 
0 .66±0.02 
0.54 ±0.10 
0..68:t0.0I 

.. -i=_ 

uf =(D,p)u:,' 
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' - -;~ ,p(x) ~ .P;;P, 

ZO = ,p(xo) ~ .P;;P 

E 

Class-conditional fMRI functional connectome plotting using the Fréchet mean 

(ADNI). Each panel displays class conditlonal fMRI functional connectomes using the 
Fréchet mean of correlation matrices computed with respect to the generation 
diffeomorphism. Left: real data from held-out test subject s; right: samples generated 

by OIFFEOCFM. The comparison illustrates both the fidelity of generated 
connectomes and the disease-specific connectivity structure preserved by the model. - .. -

Group--level topographie map using the first CSP's spatial filter derived from real 
EEGs (BNCl2015-001). Generated data by DIFFEOCFM Each map shows the first CSP's 

spatial filter across 12 subjects in the a (8 - 12 Hz) and ~ (13 - 30 Hz) frequencv 
bands during the first 2 seconds following stimulus onset. Filters from DIFFEOCFM at 
the group-level dosely resemble real EEGs, preserving discriminative patterns of 
motor imagery classification. 
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MORE SPECIFIC ENDPOINTS 

White digital medical dev1ces (DMDs) are often clinically evatuated in a 
framework similar to that of drugs, they have many specific features of 
their own, which means that their entire evaluation process needs to be 
rethought differenlly from that of drugs. 

Importance of organizational impact [1] 

Medical staff adherence and patient compliance: 
boxes, fear of data leaks ... 

Validity of digital endpoints 
Objective: To propose a narrative review of these characteristics and the 
challenges they could imply for the evaluation of DMDs. 

• Clinicat outcomes may depend on the training (fearning curve), campe· 
tence, and experience of the user. 

STUDY DESIGN 

Randomized Controlled Trials 
~ection bias 

+) High internai validity 

+) Gold standard for causal inference 

·) Do not conslder learnlrlg curve 

Real-world studles 
·) Selection bias 
-) Time-dependent confounding 
(individuals may use other interventions) 

_ 2 More missing data 

Comparators: 
• Active comparator: Preferred when available. 

• Sham: mimics treatment to maintain blind1ng, 
+) easier positive results, -) difficult to design 
a sham that looks like a plausible treatment, ·) 
highlights key intervention components. 

·} Time-consuming compared to OMO rapid evolution 

+) Monitor clinical evidence vallatiOns over tiiii"e.'"" 
by considering the learning curve, and across 
different users [2) 
+) Consider improvemenl of the device w1thou1 
repeating RCTs 

-) the patient has ail the "burden· linked to the 
device use. 
Standard of care: preferred by industry, +) eas· 
ier positive results compared to competI1or, ·) Small samples 

·) Relatively shorHerm follow-up 
·} Limited real-world app1icabi1ity 

+) Large and heterogeneous samples 
+) Long-term follow-up 
+) Gloser to real clinical practice 
(higher external validity} 

-) Unethicat if an effective comparator exists. 
• Contrai that does nol include technology: +) no 

evolution over lime, -) digital placebo effect f3]. 

1 ·) Expens,ve 
Li Mea~urement or surveillance bias_._ Hawthorne eflect 

+} Setter economic estimation 
+} Lower COSIS 

+) no Hawthorne effect 

• DMD as contrai: requires the latest version. +) 
no digital placebo effect, -) may evolve over time 

Sruov POPULATION & WHEN TO EVALUATE? 

~ -=- •••• •• , ----ai- ;i--t ' 
f :~d:~~ Flrst cllnlcal \ 

Vilidation : 

1 Simllarity ln the population 

~ characterlstlcs: 

\ 

1 
1 

Extrapolation Extr.1polation 
New dinlcal 
e-v~luatlon 

When7 How? Whlch d.lt1? 

Analytical valldation: retrospectlve data partltloned lnto subsets for algonthm tr;1lning. 
valldatlng and testlng. 
dlnlcal validatlon: prospective data from dink:al tri.ais lndMduals choscn based on 
Inclusion and exclusion criteda, 
= Data sample characterlstlcs often_d_,_ffor_. __________ _ 

Timo 

DMDs· charactensucs; 
• Fast developmenl 

• Olten updated. even 
post-market 

• Can be developed 
usmg contmuous 
learrnng systems 
, No fixed version 

Questions 
• When 10 perform the 

chnical evaluation? 
W1th whal data? 

• What change of the 
DMD should lead to 
a new evaluat1on? 

, Need for a new 
study depends on the 
e,trapolnt1on poss1b1I· 
1ty between 1\\/0 ver· 
siens (4). 

w, more flex1bl 
ent methods b... r, nllik1'',-1v, i,\~tru.,f;(\t'I P"' ta CfltEO 

ntures of DM Os ... \$,llllf'f,t '11'"-"' '"·'~1 t-\ """" 
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Privacy-preserving generation of a realis uf~ G-u'/or1AR 

synthetic SNIIRAM database 
T. Guyet (AlstroSight/lnria), M. Guyomard (SESSTIM, Univ. Aix-Marseille), R. Urena (SESSTIM, Univ. Aix-Marseille) 

Context and objective 

1) SNIIRAM: A database used for epidemiological or health economics 
studies 

- Utilized for healthcare organization (DREES, ARS, etc.) 
- Key resource for developing innovative health t echnology solutions 

2) Restricted-access health databases: challenging to teach their use or 
evaluate interest of new data analysis methods 
3) Objective: Generate synthetic databases that are 

- Realistic 1·1 
- Corn pliant with the data base schema of the SNIIRAM 
- Privacy-preserving 

Generation principle 
Dlsease specific 

1 l-!rl 
;;t.1 .. ...._, ■ ~:::.:=- : ' ; ~~ M1I161e • lnsee . 1 sep 1 BD 

~ ~~ SNDS. o·:--T•M ,l= : pu le) l-!rl~ 

l" iiil I Si i M -~-

expert knowledge 
(scientific articles, medical guidel ines) 

/ j "'- ~.:. Temporal models : 1 •~•-
/ "' ~ _ . • of disease treatments I i ..._ ~ 

~·~,il .r~ ·· 1. -'-,, l ~ '"~~~ 
f

.,.,,~.,,1, ~. ·.••/ ~o:,.,.: ■•1: 1 I , Ill ! ... ~ .,., -► !internai patient•centereJ 
t representation of ! ~ 

Distribution reconstruction ◄--►l care pathways ! 1 'S 
frommarginals i + j mRAMt""" ~~ 1-{ealth · f t t el lnstan( dôn 1 • 

1·1rargeted pieces of realism: i. ....... ~~:-~:~.:-~'..'.~-~-~:.J / 
. populational representativeness of patients (age, sex, location), amount of drugs deliveries, procedures, long 
diseases . 
. injected expert care pathway (at individual scales) 
- database consistency 

Three different applications of the generator providing sharable data bases 

General population synthesis 

_ evaluation of care distribution 
reconstruction 
- generation of yearly cares of a 
local population : population (age, 
se>< and location), med1cs, 
procedures, hospitalizations. 

l.d · of generated Purpose:va' at1on 
distributions 

0 

Population with stokes (Survival 
analysis) 

- generation of a realistic Population with 
stroke disease (prevalence Per age and 
sex) 
. modeling of the death according to a 
Wei bull distribution of the delay (based 
on C. de Peretti study and data) 
- adding background care events as noise 

Purpose: used for a ·· 
course on survival 
analysis 

Care pathways for breast cancer in France 

- generation of a realistic population with breast 
cancer treatment 
- modeling 10 treatment care pathways 
- generating care events 
based on the distribution ..2.~=fil 
of pathways in the ~--H _ ---., 
population ·, . ., - q;:± · · '· j: • 

l,a,,.r,- ..t.:+ ~ t ~ ~ 
Purpose: used for ~~::tp.~'"·:·

1
~ / 

benc~marking maching ·-i-,,·"·••lir.".!=.i+rr !lf }J 
learnmg models ~~~~-'L...' . !Ma -- ........ ,-. ,11;, j- t _+ !l;-'rl' ·,'-:.--1 
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ÎANAT: A LIBRARY FOR THE ANALYSIS OF 
TEMPORAL SEQUENCES 

THOMAS GUYET AND ARNAUD OUVERMY, INRIA AISTROSJGHT 

TanaT is an open-source Python framework for temporal sequence analysis. lt handles data made of timestamped 
observations described by qualitative and quantitative features. Such longitudinal data arise in many fields (medicine, 
social sciences, education, activity traces, ... ) and require dedicated methods. TanaT aims to empower data analysts w ith a 
coherent toolbox for handling temporal sequences at all stages of the analysis process: data loading, data pre-processing 
and transformation, data analysis and data visualization. 

DATA MODEL: ENTITIES, SEQUENCES AND TRAJECTORIES 

TanaT provides a unified model to represent complex 
temporal data. 
· Entltles: the atomic objects (events, intervals, state). 
• Sequences: collections of entities with shared features. 
· Trajectories: groups of sequences with additional static 
attributes. 

Flexible time representation (datetime or numeric) 

sequence 
E\ient 1 

Jnt~al 
sequence 

State 
S@Qu~e 

~"",,-o, 

A 

1 
1 

.. 
X y z 

.io.,.,..,<lo, <bc"¼,-o, 
.,,~ .. ,,. 

'.l-o, '¼, 

CORE FRAMEWORK FUNCTIONALITIES 

Synthetic data generation for statistical 
power analysis and comprehensive 

benchmarking of algorithms 

Controllable simulation with customizable: 
- vocabulary, 
- generation methods, 
- time sampling strategy 

Manage and ··--. 
customize 

your workflow Simulations 

Workflow 
orchestrator 

- YAML-based description 
of complete workflows 
- Easy bash execution for _ ----
reproduclb11lty and ____ _ 
automation 

" 
""::~,~::..:::- -...., .. 1"11> .. ,_,Llip 

Clustering 

- • •••• L,-.,..,,~-••• l•--•--1 

Compose a trajectorv metric by comblnlna entlty, 
sequence and trajectory metrlcs (including ttme-warplng 
support). 

IIÎANAT 
' TEMPORAL ANALYSIS OF l'RAIECTORIES 

l!J: · · https://gitlab.inria.fr/tanat/core/tanat 

I 

Customizable visualizations 
for both lndlvldual and 

pooled sequences __ ---

Data lntegratlon 
& 

Preprocesslng 

Import from varlous sources: 
• pandas 
-csv 
· databases 
· parquet file 

Data wrangling: 
· pattem-based selectlon, 
· query filterlng. 
• (statlc) feature engineering 

Export to other data structure: 
• tensors, 't 1inlorFlow 
• tabular data, 

--:~meseries Ô Pyrorch ---. ..,,. 
~ ------
types ----- -

1 
1 
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The patterns of cortical atrophy assoclated with the spread of neurodegenerative d1seases and the effects of 
aging are general ly studied using features like cortical thickness, surface area and gyrification inde)( (1]. 

Research on the graduai openlng of cortical folds due to the constant reduction of tissue is rare [2-3J. One 
study has shown that sulcal openlng follows the same patterns as cortical thickness, but earlier. However, 

to our knowledge, no study has examined this phenomenon at the lndlvldual level. Our work aims to 
understand these morphologlcal alteratlons and link them to biological markers such as APOE 4 genes. 

Co,tlcolff ., thlekM" Sme.l .,... 

Materials and Methods 

0 
Observing an atrophy acceleration on 

a general population (UK B1obank) --

• Companson between transversal (UK 

Blobank) and longitudinal cohorts ,-
(SENIOR) 

• observing the longitudinal 
t rajectories of the openlng of the sulci 

on a longitudinal cohort (SENIOR) 

• Two cohort, : 
1. TrèlnSVersal cohort: UK Blob,11nk 
2. Long,tud,nal cohott: SENIOR 

• T1-weighted MRI, 
• Brain features (suie.al opernng} extracted 

for each sulcus usmg 8ralnViu 

0 Piece wise llnear model, then a 
boo tstrap w1th 100 1terations 
90th percent1le o bservations. 

9 ~ 1
t:~;;~s=,:~~~ ;e~=~~~::~ ~he 

8 Extraction of morphomelric 
data of sulcal opening using 

1he Morphologlst software on 
the SENIOR da1aset. and 

observa1mn of the evolutlon of 
trajectories over the years 

UK Blobank SENIOR 

Results 
0 

.. " .... ,., -..... __ 
Df.llKAN.Q.l.lANY 

SENIOR data. Each acquis it io n pu 
subject was consldered as an 

lndependent value , and the ave rage 
per year was calculated. Comparison of 

SENIOR resu1ts with those obtained 
from UK Bioba nk w11h the 901h 

percenllle 

• ----- o.~ 
1• _ __ .,,_ 

27 0.CM 

ï,, 
! .. 
i :: 
" 

.,, 511 '.:., .. .aft_.,,~:o,., Il) 

Flpa. Sululope,,i,,J of..,,. ltfl ...,..,1orte«'lpo, ..... us 
accord,..,,o .,_1n_n._,,.20.s,itloUbject,,trom 

u-..-1<0,,dM-porc..,Ola 

• 20,541 subJect, 
• Average age 62 yean • Average ,11ge 60 year, 

• One acquisition per year 
during 10 years 
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Objectives 

Dlsease progression models are promising tools for analyzing longitudinal data presenting multiple modalities. Such models can be used to estimate 
long-term disease progression and reconstruct individual trajectories. Inter -patient variability is often modeled as random perturbations around a 
fixed reference. However, much of this variability is driven by external factors such as genetic mutations, gender, level of education or socio· 
economic status. 

ln this work, we extend the Disease Course Mapping Mode!, a non·linear mixed-effects disease progression model implemented 
in the opensource library Leaspy, implementing a multivariate logistic framework to explicitly account for covariates. 

Context 

Disease Course Mapping mode/ 

Flsure 1: Spot/o-temporat transformations From population ro lndividua/ trajectories 

Population parameters (t0 , Po, v 0 ) and lndivldual parameters (r,. a,, w
1
) MCMC SAEM Algorithm 

. ... 

-,-,ci-, ---,-• ...... _,,_,<--! ___ ,_,u-,o,c, 

Latent Variables drawn from Prior Distributions 

"'-. 
r 1~N(t ; a~) 

/ 

• • e 

Sample Latent Variables given posterior distribution 

Update sufficient statistics by averaging the new 
samples w1th prev1ous estimates 

that depend on Mode! Parameters to be estimated 
and fixed Hyperparameters. ' 

Update Mode! Parameters by maximizing the expected 
complete-data log-likelihood 

Methods 

Covariate-augmented mode/ 

Population Parameters (t0, Po, v 0) are now estimated as a 
deterministic function of the covariates: 

Llnk Function 

New Latent Variables with the following Prlor Distribution: 

;ntroducing new M1 -~' ;
1:tr,, ·1et~~rs to be estimated via the MCMC 
SAEM Algorlthm. 

" 
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i .. 
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Fijurf' 2: Mean troJttt:;es vorylllj with a covarlotf' 
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Conclusion This ongoing work . te maY influence the 
. . presents a modeling approach to study how a covana . d will be tested 

progression of multiple features over time. The approach is under implementat1on an 

r _________ on real data. --------., 
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On the Relevance of ECG Features for Long-Term Survival 
Prediction - Application to Septic Shock 

Context: 

• 'l:.. .. -

2 Faculté de Médecine, lnserm OCA.c-UMR 1116, 54511 Vandoeuvre-les-Nancy, France 
3 Unlv Paris cité, lnserm, MASCOT-U~,1R-S 942, 75010, Pans, France 

~tttardftuntv·ctOOU fr 

• Long-term outcomes of Intensive Care Unit (ICU) patients are poor1y documented and often understudied 
• Oesp1te be1ng systematically recorded, ECGs are largely underut1hzed m nsk stratification and outcome predictlon 

Objective: 
• Oemonstrate that ECG features contam valuable long-term prognosttc information about ICU patients surv1val at one year after the first recorded ECG 

RF R....-ortf...,,. 

~ =:-....:- Septic shocl<' 
TMST,._,...l~StlCICk 
~~C.• 
FROO fl'ltldl -,ICl~Ouloo,,la..o..yin.,__CaelJnill,, 

ECG 
features 

c ...... 
features 

Oimenlionllllly reduction 

Prepnx:essang 

65 Clinical features 

Doma,n 

OemographlCS 

Seventy 
scores 

Coniorbidrties 

Chronic 
treatmenta 

Dunens,onalrty 
'11dudx>n 

Clustenng 

nb< 

37 

22 

Prmapal Component Analysis (PCA) 

M1nimizmg redundancy 

K-means clustenng 

., 

Highhghtlng the most signtf,cant 
vanables 
Retamlng the number or PC required 
to tucplain 80% of the total variance 

AVOld1ng introduc1og any survtval­
related 1nfom,at10n 
Produc1ng two clusters for each 
feature sets (ECG and clinlcal) 

( b ) Clust ertng : C llnlc■I v■rt■bles 

-LR {IW222t-~ ~ 
-HR(~48) s..nt..lc::un,,e 
-~dulWII·~ 

4.017• 

<--,.--,..~-.,.:--:c,..c:--:,,.::-----:_:=--,..::-:' ,o - uo 100 no JllO mo 
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Kaplan-Meier Survival curve 

Conclus ion: 

165 ECG features 

Ooma,n nb< 

Electncal 
ax,s 

Segment 
duratlons 

waves 7x 
amphtudes 12(1eads) 

waves 6x 
duration 12(~s) 

Clu"8nng 

Clustemg 

cuw~ 
Pa1rwise aggregat10r1 

ldent,fy1ng subgroups that exhlb1t 
more d1sbnct d1fferences in long-term 
survival outcomes 

- ECG,_. ECGH• 

Chmcui 1n 45 

Clinlc- 133 113 '"-­MA.~~ 
HA ~ popullli,on 
A.._.__......,_. "11'"005 -p•OOO!i 

Two s1m1lar-nsk groups 
merged into one group (green) 

SurvrYal analysis 

Kaplan-Meier suMVal anafysls 

Asaeuing d,fferences in survival 
between the resutt,ng clusters 

• ECG vs cl1mcal-based features set 

( c) Combl netlon of ECG end Cllnk el dust •rs 
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A POC study demonstrated that ECG features (from the first ICU ECG) are as relevant as chrncal ones 
for pred,ctmg long-term surv,val In ICU sept1c shock patients 

• Clusters aggregat1on highhghts some uncerta1nty In the one-year surv,val pred1ct1on of certain ICU sepbc 
shock patients (green cluster) 

1 MebUU A. et Il Poâ-JCU ~ end outcome Rllhonale and 
methOCb of The F,-,c::h end euRCIPNfl Outcom. NG..-y 11'1 ft'lfeMfYtl 
C.. \JMS (FROG-ICU) obNfVatlOnal lft.dy 8MC ~ 
2015,15 1d 

Perspectives: 
• To extand current wori< to other FROG subpopulattons (a g , Resp1ratory Fa,lure and Neuro) 

To copp wrth the uncertamty issue through advanced unsuperv1sed/supervIsed approaches to enhance 
on•year surv,val predtciton 

2 Angus DC. van d-, Poll T Sevef• SepM end SepbC Shock New 
England Journal of Medcne 2013.369 840--851 

3. Chalard R et el On the Relevance al ECG FNIUfN for lon;--Tenn 
SoMvll Prect.cbon • ~ to SIIPtlC Sf'lcd. ComputJng ., 
C-arddogy (Cine Slo Paulo 2025) 
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