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[ Echocardiography ] Annotations
* Interobserver
variability
Unique imaging modality
* Accessibility
* Non-invasive / no-radiation Scarcity

* Real-time imaging
* Bedside applicability

* Annotations
* Sequence
availability

Multimodality

* Doppler sequences
« ECG
* Report

* Multicentre

* Multivendor

* Acquisition
settings
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[ Echocardiography - Intense research in multimodal integration ]

Ultrasound images

[Holste et al., medRxiv, 2024]  [Christensen et al., Nature Medicine, 2024]

[Vukadinovic et al., Nature, 2025]
[Kim et al., IEEE TMI, 2025]

[Heidari et al., arXiv, 2026] [Qin et al., arXiv, 2026]

[ Multimodal integration ] I:> [ Automatic diagnosis ]

N
“This is a patient

with hypertrophy
because [...]”

W=
=/

Reports Lab tests EHR (tabular data)



CR=ATIS Medical Imaging Research Laboratory

www.creatis.insa-lyon.fr

UNIVERSITE
UJ)) DE LYON

Cl

[ Echocardiography - Report generation » EchoPrime ]

- [Vukadinovic et al., Nature, 2025]

- [ Multimodal integration ] |:>

‘ Generation of a report
— at inference

Ultrasound images

\
“This is a patient
with hypertrophy
Reports ”
‘ . . because [...]
(during training) y
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Echocardiography - Report generation » EchoPrime

Videos / report alignment

4 )
Dataset
* 109,000 patients
* 275,000 exams
* 12,1 M videos
J

-

[....

~

Model

Video encoder
Text encoder
View classification

[Left ventricle: \

LV ejection fraction 60%
Mid diastolic dysfunction

Aortic valve:
A bioprosthetic valve is present

Pericardium:
Small pericardium effusion

UNIVERSITE
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CLIP-based method

Contrastive approach

(0]

oIE}
PIA

Cross-modal retrievalj
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[ Echocardiography - Report generation » EchoPrime ]

EchoPrime
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[ End of the story ? — Limitations of such approaches ]

B-mode only

» Lack of visual evidence N

“This patient has
an ejection fraction
of 60%, trust me”

» Uncertainty not considered

» Limited explainability

/

» No interpretability

\
“This patient has

an ejection fraction
of 60%, trust me”

J/

B-mode with segmentation & uncertainty
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[ Approach considered — Maximizing the use of clinical knowledge ]

» Reduce the need to train from huge datasets and models

» Reinforce explainability et interpretability

to segmentation

to time series

N

[ “The myocardial\
deformation
provides useful
information to
diagnose cardiac
L pathologies”

J/

From ultrasound
‘ sequences

Time

to tracking
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[ On going work — Automatic extraction of time series from echocardiography

» Currently focusing on the left ventricle (LV) and the myocardium

/Segmentation of cardiac structures\

* Robustness: domain adaptation /

~

* Robustness: realistic synthetic cohorts

Tracking of cardiac structures
* Trustworthy: uncertainty estimation

* Time series:

» Surface of the LV * Time series:
» LV length along its main axis » Global LV strain

\> Regional myocardial thickness / \ » Regional LV strain /
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[ Echocardiography - Segmentation » domain adaptation

CAMUS dataset

* 500 patients
* Annotations
e Mono center /

vendor
\

J

[A. Judge et al., IEEE TMI, 2026]

> Reinforcement Iea m | ng Updating the parameters of g

ﬂ ﬂ — Reward model
Ty

g e 8
| [

Segmentation model o0~

o

Anatomical constraints
Temporal consistency

N
o

UNIVERSITE
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Private dataset

25,000 patients
No annotation
Multi centers /
vendors

J

10
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[ Echocardiography - Segmentation » uncertainty estimation ]

» Reinforcement learning

Input B-mode Segmentation model gy Reward / Uncertainty model r,,

™\

Successful case —

Segmentation model gy Reward / Uncertainty model Ty

Detected failure case
with correction

[A. Judge et al., MICCAI, 2024]

1
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[ Echocardiography - Image quantification » robust strain estimation ]

» Simulation pipeline for realistic synthetic cohort Inference: real B-mode

TAS-Net

Tracking trajectories
Transformer: cross-track / time attention

gmj

TAS-1K dataset

1478 synthetic sequences with

_ motion reference
[T. Judge et al., arxiv, 2026] [T. Judge et al., STACOM, 2026]

Real B-mode
seguence

4

Synthetic
sequence using
SIMUS physical

simulator

strain (%)

— GL5 {peak -15.0%)

T T T T T
0 20 40 60 80 100

12
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[ On going work — Fusion of echocardiographic time-series with patient data

—

On a better characterization of patients with arterial hypertension (HT)

/CARDINAL private dataset\

e 239 patients
* Mono center / vendor
* USsequences + EHR

Multimodal .
- . . HT stratification
integration

* 3 discrete outputs
» White coat HT (#21)
» Controlled (#140)

o= et
\ » Uncontrolled (#78)/ B S BZ .

S i on "" 3:"'
US sequences L PO B B U L
time-series W Y
( ) EHR . Bin 3 '._‘“ Bin‘;._gins
(tabular data) 0
Severity
[N. Painchaud et al., IEEE TUFFC, 2025]

13
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HT stratification — General overview
| Time series I
Tokens
US sequence Gold standard segmentations — (SxD) -
. \/-/ @ Concatenation
—
Time-series
method attributes | \_| (S+1xD)
S
/ / : . Transformer
_________________________________ B encoder
Ea Latent space
_ [CLS] D)
Tabular ‘—'—’
\ / \ B o tokenizer
Time series (#14) EHR (#28 tab. data) — Clinical : :
— attributes
- LV surface - Demographic info. @
- LV main axis length - Medical history , = |
. . EHR — Electronic
- Global & local strain - Holter monitor Health Record )
\- Local myo. thicknessy - Biological exam Tabular data Population
- Treatments , representation in a
\ / categorical

numerical dedicated space

14
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[ HT stratification — Tokenizers ]

Time series tokenizer

. . @ Attribute
- D 25 RA1ime (TXD Output tokens Embedding
‘\// ®®' % | (T x D) (D)
A(T'f#t)e v Trar;lségrkmer SeqPool [ Tokens
[x lw € RP|+|b € RP |] (Stime X D)
v

Positional

— — () «— encoding
(TxD)
. Tokens :
(TxD)

[Pellegrini et al., MEDIA, 2023]

Categorical

Numerical
attriblutes

attril?utes

ﬁ=£ UNIVERSITE
(U DE LYoN
Tabular tokenizer
WCl c RKlXD
bey € RP
+C 1 ¥
Tokens
(Stan x D)
e I
WCZ c RK2XD bCZ € RD
9 x O+ &P
Wnyt ERP by ERP

[Gorishniy et al., NeurlPS, 2021]

15
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[ HT stratification — Transformer encoder ]

Tokens
(S+1 x D)

Time series — — @ —]

Tabular — _>@

[CLS]

Positional
encoding

Tokens
(S+1x D)

[CLS]

» XTab tabular foundation model built on FT-Transformer backbone

Cl

s TTEEEEEET ""\
1 .
x3 P —— 1 Output tokens
I (S+1 x D)
MLP :
I
[ Layer Norm ] I
I Encoding
(O pm— : (D)
I
MHA i [CLS] —_—> [CLS]
I
t 14 .
[ Layer Norm ] I
4 ) :I XTab
+ (FT-Transformer)

[Zhu et al., ICML, 2023]

NIVERSITE

U
UJ) DE LYON
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[ HT stratification — Ordinal classification ]

Tokens
(S+1xD) Latent space Ordinal Classification  [Beckham et al., ICML, 2017]
[CLS] (D) Patient
representation / Cross-entropy \
loss
Transformer — — co:#;gte d _, | Stratification score | _ HT severity estimate Reference HT severi
Encoder jayer estimate p € [0,1] (3-class problem) ty
L J 06
T 05
Binomial distribution B(k,p) estimation to ensure unimodal probability g:: .
oo e
k

2
\ Unimodal probability /

. . . P=0.6 * p=0.8
Unimodal probability - qos o+
distribution %o o = .
e — |
K ’ K K

Unimodal probability Unimodal probability Unimodal probability 17
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[ HT stratification — Inference ]

Tokens
(S+1 x D)
Latent space
[CLS] (D) Patient

representation

Fully

Transformer Stratification score

Encoder connected estimate [0,1]
layer
L ) {}
T
&> Population |:> Rt
. Te s Peaarxd AP
representation - S T gl

PaCMAP
representation

>

U

Cl

NIVERSITE

U
DE LYON

Continuous
stratification
analysis

18
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[ HT stratification — Classification performance

» 5-fold cross validation

XTab tabular+time-series  # param.
Accuracy (%) 96.8 + 3.1 1.1 M

Best classification accuracy using the 28
clinical descriptors + 14 time series
descriptors

Holter monitor (24 hours) is key for high
classification accuracy

HT severity
® wht(n=21)
controlled (n=140)
® uncontrolled (n=78)
Subset
® train (n=171)
x val (n=20)
test (n=48)

. @{®
- I.i’x:.‘

®ex oxg® " X O X o
A &> D,
LT ® ®
S s 00"
u .?p.‘%...Yt,.

Population representation: coloration
according to HT severity

NIVERSITE

U
UJ) DE LYON
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[ HT stratification — Phenogroups analysis ]

» Discretization of the continuous stratification score to define ordinal phenogroups

sPtrreadtlicf:itfadtion bin Binid
0 (n=20)
1 (n=8) Bin 1
e 2(n=82)
e 3(n=77)
® 4 (n=18) d
e 5(n=34) 3 R
Subset ® Bin 2 S
e train (n=171) " ’ r .
%  val (n=20) ::_:‘..‘ L "."‘:ﬁa:::&
= test (n=48) .)';go*... e:“:":‘.—‘-’ S . o’
'-.:: x ) ° :IOf:t. -01._.,‘.‘..":-',1@? =
i ALLECP A ;r.ﬂ)' ....... c - .
e L
Gee o (o | '.Pln 5
e,

Discretization with arbitrary 6 bins

Cl

NIVERSITE

U
DE LYON
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[ HT stratification — Phenogroups analysis ]

» Post-systolic relaxation: a potential marker to assess the progression of hypertension

0.0

0.0
—-2.5 25
Degraded
—-5.0 ~5.0 post-systolic
relaxation
—~ =75 —_
2 s -75
£ £
c —100 < —10.0
Z o Predicted
Y _125 " 125 stratification bin
' Degraded 0 (n=20)
-15.0 150 peak G 1 (n=8)
HT severity —_— 2 (n=82)
~17.5 —— wht (n=21) — 3 (n=77)
' controlled (n=140) —17.5 —— 4 (n=18)
—— uncontrolled (n=78) — 5 (n=34)
—-20.0 —-20.0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
(normalized) cardiac cycle phase (normalized) cardiac cycle phase
Patient groups according to the 3-class severity score Ordinal phenogroups

21
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[ HT stratification — Conclusions ]

v" Pilot study on the integration of time series with patient data
v" Derivation of a potential marker for the assessment of HT

v Shows stability in the results despite the use of a small dataset

Evaluation on a mono centric / mono vendor small cohort (238 patients)
No time series from hemodynamic imaging (e.g. Doppler)
Simple multimodal fusion scheme (concatenation)

Explainability and robustness remain key challenge

X X XK X XK

Clinical adaptation remains essential

22
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[ On going work — Fusion of echocardiographic time-series with patient data

Asymmetric fusion of tabular and echo. data for cardiac hypertension diagnosis

» A 3-category HT classification problem

Classification performance
» Without the use of the Holter monitor (24 hours) f perf

Model ‘ ROC AUC  # parameters
. . Unimodal model
Cardinal internal dataset nimoda’ mode®
XGBoost 87.4 N/A
4 N/ I e ™\ FT-T Tab 85.8 + 4.8 863K
Time series (#14) EHR (#13 tab. data) 3 classes FT-T TS 52.2+23 1.0M
» LV surface » Echo. Measures (#10) » White coat HT Multimodal fusion models
> é\: rEa;r;&alms Ilength » Biological i)'(ar'nf(#liil > EjontrollecliI | XGBoost =0 7 N/A
> \ o Ia o:;\. sl;craln > ?emograp ;:lm o (#1) » Uncontrolle MLP {18 L 13 391K
» Local myo. thickness » Treatment (#1) \ J IRENE S6.7 428 102.9M
FT-T 88.9+ 1.4 1.1M
| J l J
| |
Input data Output data » Unbalanced information

contribution

NIVERSITE

U
DE LYON

23
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Tokenisation procedure
R LT T N Multimodal fusion module
< ~
. Tokens Y il -~
EHT - Electronic - (SxD) . 2P ,' ri \‘
Health Records : — t , _ fnma?! .
i ' X information .
: @ Eﬁ : t Linear i Q KV 1
—_— . 1 Projection - Trr - !
Cll_nlcal . Tabu_lar : | 1 ¥ | l 1
— attributes | tokenizer — : [ ] :
1 H H CLS
1 : Linear : 5 _é 5 é :
! @ @ ' Projection B = 5] = o '
Gold standard segmentations L : 1 2 - = - 8 - £ |—=—
bt - h ! 5 & o & '
T : c e : s B 3| &
I - Decoupling — 518§ 8| &
Y — ]
1 A 1 T = 1 l
Image ! \/_ @ ' ! !
attributes |\ | — ' § Zs : : N
! Time-series 1 ¥ . . Classification
. S . 1 inear | . .
: : tokenizer * : . Projection - ' KV '
i I ' Contextualization !
/ ! ' A L7 L Cross entropy
Time 1 {22022 Nemmmmememmesmssse=r’ Yemmmmmmmmm s mm e mmm - - - -
1 L e - 1
\\ ,f
* ’

[J. Stym-Popper et al., MIDL, 2025]

24
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[ HT classification — Information decoupling ]

— sh _SD sh
> L Decoupling = Lsysp(Zs,zt ", 2,7 ) + L reg (zs, 2", Y)

‘CSHSD(Zsa tha z:p) Ereg(zs: pr7 y)

%t

t Linear
Projection

Specific tabular

I information
Q@ A

Shared tabular
information

Linear
Projection

L Decoupling @ o A /\ : A . '

: zs °
.y, Liljear .
Projection

, 04

‘ Time-series
information

—> Push toward

Push away
from

<«

> Z time series token

» ozt share tabular token
» z;7  specific tabular token
>y patient label

25
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[ HT classification — Information decoupling ] il

t Linear
Projection

Linear

. Sh Sp Sh Projection
> L Decoupling — L SHSD (ZS' Zt 52 ) + L reg (ZS' Zt y)

sh
Zt

L Decoupling

s 2
F— e —~
Leusp (zs, 25", 2;7)

Specific tabular

information Contrastive loss
Shared tabular
0 A /\ o) information / N \
1
Time-seri sh _spy __ s,t t,s
o °/ A information ESHSD(zs:zt y 24 )— WZ (li + lz’ )

—> Push toward

Push away
from

<«

st _ log ( exp{sim(zsi,zfih)/T} )

>k exp{sim(zs,, 2;7) /)

> Z time series token

» z3" share tabular token K J
» 2,7 specific tabular token

>y patient label

26
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[ HT classification — Information decoupling ]

[*reg(ZSa Ztspa y)

Specific tabular

° ! information
Shared tabular

information

““ ' Time-series
information

—> Push toward

Push away

<>
from

> Z time series token

» ozt share tabular token

» z;7  specific tabular token
>y patient label

— sh _SD sh
> LDecoupling - LSHSD (ZS'Zt y Zt ) + ['reg(zs:zt :37)

8

E%

F4

UNIVERSITE
DE LYON

Cl

Linear

Projection

Linear

Projection

L Decoupling

sh
Zt

Zs

Liljea.r .
Projection

Regularization loss

-

T

\_

t,s

Lreg(

— 1
= —3

Sp

25y 2y

N
j=1

1{y; = vi}log (

~

Zgzl exp{sim(sz, Zsk)/‘l'}

exp{sim(sz,zsj)/T} )

27
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[ HT classification — Classification performance ]
» 10 training runs with different seeds » Ablation study
0.92 —F
Model ‘ ROC AUC  # parameters 0 T
Unimodal models §0.89 viearogss  Meani0.891|  |Mean:0.891
XGBoost 87.4 N/A = Z':j T DAFTED (ours) L
FT-T Tab 85.8 4.8 863K | ivectionstsncoder (RENE)
FT-T TS 52.2 +2.3 1.0M | LR encoder

Multimodal fusion models

Relevance of fusion scheme

XGBoost 79.7 N/A
MLP 81.8+1.3 391K vos
IRENE 86.7 + 2.8 102.9M 0.9 T \
FT-T 889 :t 14 ].].M 0.91 Mean:0.910
L 0.90 ‘
DAFTED (ours) | 91.0£0.7 3.0M S o _
5 ean:0.889
< 0.88

Classification performance og6 — ImoNCEKCLP

0.87 1 SHSD/reg (ours)
[ Triplet/CLIP

0.85

Relevance of the decoupling module

28
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[ HT classification — Latent space structuration ]

(8
z:p .“0 e® o A - . ®
L J
®ee ° L] @
R Y 1= L Qe o
i |_|!]ea.r of é.:. . 3.‘,‘..@:%. “.,‘: .:: ¥
Projection 0 a® o 30e o *¢ 950
“; o Ty, .0 ."(0.0.. B 0® (0“‘:'(0 L™
- P & Seee = 338 0" P8 T o
- Nl e ., . .8La
. | Linear — .i.ogt:lot:‘ ."". . . o seo o e * ...
Projection e [ o tr o 5 g o, § s . o 2ot L Py
° @%% e . - ® : S Joce n,. o o%, .'3 o9
sh @ :’5 %o '53” * o ® :, S ° .9:.“ (Y
c o BT %s S BB T ST,
Decoupling o 000 00, 0027 . V% Sl
¢ = :..'0.’ ..0 : .ﬁ'., .03’. .. o* z"‘l:.'.o
a 9y @ Ll %
.‘.0 3% ° .' i .'.\ :o".o T
s > wp's, @ Ume-series RO
& i ® an
Linear : ® tabular specific ,, #is o,°
Projection : ® tabular shared o s

PaCMAP representation of latent vector

before fusion with decoupling (z, ZtSh, Zf P)

29
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[ HT classification — A first step towards explainability ]

» L, distance between shared and specific embeddings for each tabular features

Abbreviation Description Source
Systolic Blood Pressure (SBP) during .
sbp_tte TTE Echo. measure HypotheSIS
. Left Ventricular Mass (LVM) indexed
Ivm_ind Echo. measure
to BSA
pp_tte Pulse Pressure (PP) during TTE Echo. measure f \
I vol Left Atrial (LA) volume indexed to Ech . h\ :
d-volume body surface area (BSA) cho. measure dlSt(Z Zts ) IS IOW
lateral_e_prime Lateral mitral annular velocity (e’) Echo. measure S’
septal_e_prime Septal mitral annular velocity (e') Echo. measure :>Ta bula r info is high Iy Specific
e_e_prime_ratio Ratio of E velocity over e’: E/e’ Echo. measure
. A-wave (active blood flow caused by
a-velocity atrial contraction) velocity Echo. measure \ )
1 point per parameter of diastolic dys-
diastolic_dysfunction function: dilated_la, reduced_e_prime, Echo. measure
d_dysfunction_ratio, ph_vmax_tr f \
Left ventricular Posterior Wall (PW) . . .
pw-d thickness at end-Diastole (D) Echo. measure dlSt(Z ) Zt‘:gh) IS h |gh
. Glomerular Filtration Rate (GFR) in- Biological S
dexed to standard body surface area exam 1 1 1 1 1
S— —> Tabular info includes time series info
age Age info \_ J
ddd Defined Daily Dose (DDD) of blood Treatment

pressure medication

13 tabular features

30
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[ HT classification — A first step towards explainability ]

age
O ddd
elocity @ gf
prim tio
; o O diastolic_dysfunction
®
septal_e_prim
pw_d
e

sbp_tte

» L, distance between shared and specific embeddings for each tabular features

dist(zs, th) is low

4 )
Features related:
» Local blood flow (a_velocity)
» Local tissue velocities (e_e_prime_ratio)
\ J
dist(zs,th) is high
\

Features related:
» cardiac pressure (sbp-tte, pp_tte)

» cardiac structures (lvm_ind, la_volume)
» age

Cl

J

NIVERSITE
E LYON
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[ Conclusions ]

v" Pilot study on the hierarchical integration of time series with patient data

v Information decoupling appears to be a promising direction

Evaluation on a mono centric / mono vendor small cohort (238 patients)
No time series from hemodynamic imaging (e.g. Doppler)

Explainability and robustness remain key challenge

X & K X

Clinical adaptation remains essential

32
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[ Perspectives ]

» On the construction of more solid multimodal datasets in echocardiography

/ ORCHID private dataset \ / Improved time-series extraction \

« 1500 patients *  RL4Seg3D-v2 model for large scale cardiac

* two centers / two vendors segmentation
* USsequences (A2C, A3C, A4C) + EHR . TAS-1K - 1,478 simulated

 Prediction of the etiology of cardiac echocardiographic videos with reference
diseases myocardial motion

» Amyloidosis
» Hypertension
» Ischemic

_ _ myocardial motion
» Non ischemic
* TAS-Net-u model for accurate and robust

global and regional strain estimation with
\uncertainty estimates /

* TAS-39K—-39,000 simulated
echocardiographic videos with reference

33
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Perspectives ]
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» On the integration of more robust tabular / time series representations for small/medium databases

» Foundation models built from in-context learning

-

* TabPFN models
e Learning from synthetic data

~

Tabular data

e Learning of inductive bias
» Causality

& Generalization on real tabular data /
(Xsupport

L X query

Prediction

ysupportw
—> p(y|Xtesty Dtrain) —>
r )

-

e TSPFN / TimEE models
* Learning from synthetic data
e Continued pre-training on real data

~

Time series (TS)

e Learning of inductive bias
» Autoregressive process with exogeneous inputs

/

KGeneralization on TS extracted from real data

[J. Stym-Popper et al., STACOM, 2026]
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[ Many perspectives ]

» On the computation of blood flow / local tissue velocity time series
» On the computation of uncertainty in motion / deformation estimation
» On the integration of uncertainty in diagnostic prediction

» On the generation of intrinsically explainable models

Help to get permanent
researcher position in France

Master offers PhD offers Postdoc offer

Coming soon Coming soon Coming soon
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