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Warning ...

| think if you work as a radiologist, you're like the coyote that's already over the edge of the
cliff but hasn't yet looked down. People should stop training radiologists now. It's just
completely obvious that within five years deep learning is going to do better than

radiologists.

G. Hinton (2016)
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Warning ...

| think if you work as a radiologist, you're like the coyote that's already over the edge of the

cliff but hasn't yet looked down. People should stop training radiologists now. It's just
completely obvious that within five years deep learning is going to do better than

radiologists.

G. Hinton (2016),

NOBELPRISET | FYSIK 2024
THE NOBEL PRIZE IN PHYSICS 2024

Turing Prize (2018), Nobel Prize in Physics (2024)

Artificial Neural Networks By B i

O O O Princeton University, NJ, USA University of Toronto, Canada
ces wae Output layer
T ¥

grundléggande upptéckter och uppfinningar som mdjliggér maskininlérming med artificiella n

m . for foundational discoveries and inventions that enable machine leaming with artificial neural
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ARTICLE 2017

Mastering the game of Go without
human knowledge

David Silver', Julian Schrittwieser'*, Karen Simonyan'#, loannis Antonoglou', Aja Huang', Arthur Guez',
Thomas Hubert', Lucas Baker', Matthew Lai', Adrian Bolton', Yutian Chen', Timothy Lillicrap', Fan Hui', Laurent Sifre',
George van den Driessche', Thore Graepel' & Demis Hassabis'

doi:10.1038/nature24270

AlphaGO: approximately 4.6 million parameters*

UNGL.
NOBELPRISET | KEMI 2024 VETENSKAPS
THE NOBEL PRIZE IN CHEMISTRY 2024 k Br\_[‘)_‘tMlL!_:N

|
|

David Baker Demis Hassabis John M. Jumper
University of Washington Google DeepMind Google DeepMind
[SE7 United Kingdom United Kingdom

"fér datorbaserad proteindesign” "for proteinstrukturprediktion™

Highly accurate protein structure prediction
with AlphaFold

https://doi.org/10.1038/541586-021-03819-2

Received: 11 May 2021
Accepted: 12 July 2021
Published online: 15 July 2021

Openaccess

# Check for updates

John Jumper'*~, Richard Evans'*, Alexander Pritzel'*, Tim Green'*, Michael Figurnov',
Olaf 4, Kathryn (', Russ Bates'*, Augustin Zidek'*,

Anna Potapenko'?, Alex Bridgland', Clemens Meyer', Simon A. A. Kohl™*,

Andrew J. Ballard', Andrew Cowie'*, Bernardino Romera-Paredes'*, Stanislav Nikolov',
Rishub Jain'*, Jonas Adler', Trevor Back', Stig Petersen', David Reiman’, Ellen Clancy',
Michal Zielinski', Martin Steinegger®?, Michalina Pacholska', Tamas Berghammer',
Sebastian Bodenstein', David Silver', Oriol Vinyals', Andrew W. Senior, Koray Kavukcuoglu',
Pushmeet Kohli' & Demis Hassabis'**

1ey ses High
e .
(D prasenizion — —-
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Structure GAARS
Eveformer y
module 3 ]
{48 blacks) (6 blocks) | T (%“m
e trepis '§~
& R Y oty (I 30 structure
‘ T rre) tere)
Templates \
> :( « Recycling (three times) l

“for computational protein design” (L pratyin sricurs prociction: a p p rOXi m ate I y te nS Of m iI IiO n S Of
parameters parameters*

Deep Neural Networks

*: from perplexityAl
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To be in the race ...

WASHINGTON — President Donald Macron pledges to catch up with Trump
Trump on Tuesday talked up a joint with €109B Al investment

venture investing up to $500 billion ~ “We have to be in the race,” the French
for infrastructure tied to artificial president says.
intelligence by a new partnership Feb 10, 2025

formed by OpenAl, Oracle and
SoftBank. January, 21t 2015

EU launches InvestAl initiative to mobilise €200 -
billion of investment in artificial intelligence

Feb 11, 2025
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Al clusters

Al in Health
Macron wants us

to be the best

La Dépéche du midi
Feb 2025

With a digital health program

In 2022, the Al focus area with the most investment was medical
and healthcare ($6.1 billion); followed by data management,
processing, and cloud ($5.9 billion); and Fintech ($5.5 billion).

La France constitue 6@

des poles d'excellence
en formation sur/l'lA -

REPARTITION DES IA CLUSTERS
DE FRANCE 2030

" ILEJDE-FRANCE

-
S o :.. ... LORRAINE/
P . { STRASBOURG

RENNES
e ey
20 M€
l n tP olytechniq

70 M€

Université Paris Saclay |

20 M€

Sorbonne Université |

3sME |

GRENOBLE
~_TouLousE

<
Université Paris .
Sciences et Lettres

75 M€ s

|
sité de Toulouse J iversité Cote d'Azur —

20 M€

FRANCE

203U
N
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To surf the (new) wave ...

Machine
learning

Expert
systems

Early research ond Al

1st Al winter
winter

1940 1950 1960 1970 1980 1990 2000 2010 2020

Colliot 2023 Neuromethods 197 Springer
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Two main streams in Al

Intelligent Agent: an entity that takes the best possible action in a situation

s How to build such an artificial intelligent agent?
Machine Learning Symbolic Processing
— Problem- i
®Bio-inspired PfOb e?m solving
— Plannin
> Artificial life . 8
— Logic

>Neural Networks

— Knowledge representation

—  Common knowledge

®(lassification (SVM,...) _ Meta-knowledge
—  Ontology

— Multi-agents
— Co-construction

Operations on vectors Symbols manipulation

9 - Digital Heath in the 21th



Rule-based approach

Cells vs background segmentation

[Image: Gerlich Lab]

Courtesy A. Kreshuk

Is the pixel white?

T
o s

. "

. .

Celll

-

—

Are all neighbors white?

Is the pixel near an edge?

-

T

Not Celll
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_Symptom hierarchy

;. Diagnosziz hierarchy

E|-| Obzervations

L_—_li Physinl-:ugicall:-:unte:-ctl
~{+|-| Thresholds

Fatients ezzionContest |
={+ - Patient
----- L:_l-i |'--1-:-nitu::reu:|Eu::nte:-ct|

HnstMeasurementsl

~{+|- HostSettings |

Hoztdlarms

HoztStatus

{4 Deciziontd akingContest

..... [+ Clipboard

El-l Conclusions

Clagsification0 Y entilation |

Therapeuticiction
R atedHoztS ettings |

[+ TherapyPhaze

Theraputezzage |

| Alarm

.ﬁ.dvicel

TherapuContext

H

64 symptoms
50 diagnosis

A knowledge base system for the Weaning

Denwvation of "Rated P_ASB™

Common rules for deriving

S-35 [ P_ASE [ before 1 Seszzion ]| IF Acuteh ariableDecreaselflnvaszivensss = ESTABLISHED
AMD  P_ASE = KHOWHN [ before 1 Session ]

[P_ASE [Mow ]+ 4] IF  P_ASE = KMNOWH [ Mow ]
AND  AcuteFinedlincreaseOfnvasiveness = ESTABLISHED
E=CEPTION: IF AcuteVariableDecreaseOflnvasiveness = ESTAEBLISHED

[ P_ASE [ Mowe | + "Stepwidth"] IF - P_ASE = KNOWHMN [ Mow |
AMD Stepwidth = KNOWH
AMD Acute’ ariablelncreaseDflnvasiveness = ESTAELISHED
EXCEPTION: IF  AcutearableDecreaseOflrvasivensss = ESTABLISHED

S-S5 [F_ASE [Mow JIIF P_ASE = ENOYW/MN [ Mow ]
A SteadpStateldfirvasivensss = ESTABLISHED
E<CEPTION: IF  AcuteVariableDecreaselflnvasiveness = ESTAEBLISHED

[P_ASE [Mowe ] - 4] 1IF  P_ASE = KNOWH [ Mow ]
AMD - AcuteFiredDecreaselflnvasiveness = ESTABLISHED
EXCEPTION: IF  AcuteiarableD ecreaseOflnvasivensss = ESTABLISHED

S-S5 [ P_ASE [ BeginOflnstabilite 1) IF - F_ASE = KMOWHN [ BegindHnstability ]
M T aleratel nztabilitpDurings.daptation = ESTAELISHED
EXCEPTION: IF  Acuteddiustment = ESTAELISHED

[P_ASE [Mowe ] - 2] IF P_ASE = KNOWH [ Mow ]
AMD Toleratel nstabilityD uringPerturbedbd aintain = ESTABLISHED
EXCEPTION: IF  Acuteddiustment = ESTAELISHED

S-»5 [F_ASE [Mow JIIF P_ASE = KNOWHN [ Mow ]
EXCEPTION: IF  Acuteddiustment = ESTAELISHED
OFR  InstabilityH andling = ESTABLISHED
OF  FRegularidjustment = ESTABLISHED

S35 ["P_ASE_low'1IF P_ASE_low = KMNOWMN
AMD ToleratelnstabilitpD uringDbservation = ESTABLISHED
OF  ToleratelnstabilitwD uringM ormalbd sintain = ESTABLISHED
EXCEPTION: IF  Acuteddiustment = ESTAELISHED

[ P_ASE [ Mowe ] - "Stepwidth'']1 IF - P_ASE = KNOWHN [ Now ]

AMD  Stepwidth = KNOWH

AMD ToleratelnstabilitwD uringPostponedbd aintain = ESTABLISHED
EXCEPTION: IF  Acuteddiustment = ESTAELISHED

[ P_ASE [ Mowe ] - "Stepwidth'] IF P_ASE = KNOWHN [ Mo ]
AMD  Stepwidth = KRMOW
AMD  Regularddjustment = ESTABLISHED
EXCEPTION: IF  Acuteddiustment = ESTAELISHED
OFR  InstabilityHandling = ESTABLISHED
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Evita: Smartcare

&
=
&
(]
(=]
()}
@

‘ ~
Dojat et al. Am J Res Crit Care Med 96
Dojat et al. Am J Res Crit Care Med 00
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Some limitations ...

- Traditional rule-based systems have continue to perform in clinical tasks
(adverse drug event ...)

BUT:

- Difficult to formalize expert’s knowledge
- Aot of situations to represent

- Costly to develop and maintain

13 - Digital Heath in the 21th



Trends ...

Machine
learning

Medical domain, a target application of Al

Early research 204 Al

1Al winter
winter

1940 1950 1960 1970 1980 1990 2000 2010 2020
0.0001000% 1 Ventilator Manager: A Program to Provide On-Line Consultative - .

0.0000900% - Advice in the Intensive Care Unit
0.0000800% - 1978 L. Fagan

0.0000700%
o/ -
0.0000600% machine learning

0.0000500% A P

0.0000400%

0.0000300% A knowledge representation

Mycin
0.0000200% 1 Shortliffe 1976

0.0000100%

0.0000000% T T T T T T T T T
1960 1965 1970 1975 1980 1985 1990 1995 2000 2005
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How did Al (DNN) take the power?

Back to the future ...

MALCHINE
LEARNING

POWER TO THE URTA

15 - Digital Heath in the 21th



How did Al take the power?

Pioneered the deep learning revolution ...

ImageNet 14 M images
20000 different object categories
2022 91% accuracy

mite e [ e orer : ImageNet Challenge: Top-1 Accuracy

black widow lifeboat go-kart jaguar 91.00%, With Extra Training Data

cockroach amphibian moped cheetah 90% /'/—_ ' ’
tick fireboat bumper car snow leopard 88.50%, Without Extra Training Data
starfish drilling platform golfcart Egyptian cat

85%
.

%
¥

e 0%
rilie musnroom cherry adagascar cat
onvertible agaric *l]_n@ sq! el monkey 65%
grille mushroom grape spider monkey
pickup jelly fungus elderberry titi
beach wagon gIII fungus ffordshire bullterrier indri 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
fire engine || dead-man's-fingers currant howler monkey

8 layers (5 convolutional + 3 fully connected), 60 Millions parameters
1.2 M annotated images, 1000 classes => reduced the top-5 error rate from ~26% to 15.3%
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ML approach: a new paradigm

Cells vs background segmentation

Machine leaming: no more rules!

[image: Gerlich Lab]

Automatic discovery of probabilistic regularities

in the provided examples
Courtesy A. Kreshuk

17 - Digital Heath in the 21th



ML approach: a new paradigm

Cells vs background segmentation

Machine leaming: no more rules!

Many examples
to be
generic

[image: Gerlich Lab]

Automatic discovery of probabilistic regularities

in the provided examples
Courtesy A. Kreshuk
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Skin cancer classification

3, oA

Squamous cell carcinomas

Melanomas

19
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2032 diseases

How did Al take the power in medical imaging?

Esteva et al
Nature 2017

127.463 biopsy images for training
1942 for validation

Inception v3

48 layers, 23 M parameters

Melanoma: 111 dermoscopy images

1 _i h
* Epidermal benign |
« Epidermal malignant :
Melanocytic benign b ___ 4
* Melanocytic malignant :
g %R
2 K
§ L S
P
Nevi 0 Lo
R Ll T .
IR i..‘ == Algorithm: AUC =0.91 ! !
WO . — ® Dermatologists (21) b
s . . - - ¢ Average dermatologist Lo
R | 0 -
v.-,.-'" ’ 0 1
5, Seborhoeic keratoses SensltMty
]




: The winner takes all ...

is of medical images

ic analys

Automat

is 2024

Par

RSNA

7001

200 4

Year
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Input Adjustable synapse Output

L

RS A RS !

N WS NS 47

NN NSRS

NS0 @ N\ A

RSO NRK 4
7y

WK
X )
N~ »
SN @y rasy \\\\::..:7?4 7y AR
77 7757 RN Y O\
KN V25N

S\ v ANV v

Zo wo

————"@ synapse
axon from a neuron
woxo

output axon

activation
function

Ullman Science 2019

Artificial neurons (bio-inspired)
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How does it works?

https.//en.wikipedia.org/wiki/Artificial_neural_network

/% update

> Loss function
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How does it works?

https.//en.wikipedia.org/wiki/Artificial_neural_network

Power consumer
update

Annotations Q

> Loss function

Data hunger
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A brieve old bioinspired story: the pioneers

Donald Hebb (1949)

1940-1970 Nevopshelon

Learning=Syn ap tic modifi cation
Frank Ros enblatt — Psychology

w, =1 ii”w” The Perceptron, the first Artificial Neural Network
R A Rosenblatt, F.(1958). The per ceptron : a prob abilistic model for info rmation stor age and organization in the
brain. Psychological review, 65(6),386.

McCulloch &Pitts (1943)
Neurol ogy & Psychology

The first formal neuron

Hodgkin, A L, & Huxley, A. F.(1952)
Neurosden tists -
Temporal dynamic in synapses modification

Input

Weights

Wy

Qutput: sgn(w-x + b)

Wp

Xp
O O Ouulputlayer

Input layer
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The pioneers ...

AR T
el |

veweever
wwrrrrrry
wrrvverers
ey
B e

AR
S

Minos

1960
Stanford
Research
Institute
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A brieve bioinspired story: the pioneers

Donald Hebb (1949)

1940-1970 Nevopshelon

Learn ing=Syn ap tic modifi cation
Frank Rosenblatt — Psychology
The Perceptron, the first Artificial Ne ural Network

Rosenblatt, F.(1958). The per ceptron : a prob abili stic model for info rmation stor age and organization in the
brain. Psychological review, 65(6),386.

McCulloch &Pitts (1943)
Neurol ogy & Psychology
The first formal neuron

Hodgkin, A L, & Huxley, A. F.(1952)
Neurosden tists
Temporal dynamic in synapses modification

Input

Weights

Wy

Machine

Qutput: sgn(w-x + b)

Early research

1970 1950 1990 2000 201 2020

Wp

Input layer

The fall of Perceptron
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The new story ...
1980-....

Kunihiko Fukushi ma- Bio-ins pired Computer Scien ce

Fukushima, K. (1980). Neocognitron: A self-organizing
neural network for a mechanism of pattem

Deep Learning: the direct offspring of the Multi-
Layer Perceptron

recognition unaffected by shift in position. so oy 46-193.202 ;/

Beyond the Perceptron: the Multi-Layer

Perceptron
LeCun, Y, Bengo, Y, & Hinton, G (2015). Deep learning. Nature, 521(7553),436.

X

Yann LeCun
Computer Sden ce

PARALLEL (ISTRIBUTED,
PROCESSING

Geoffrey Hinton
Cognitive Psych ology &
Computer Scien ce

Yosh ua Bengio Computer Scien ce

John Hopfiedid Life science

David EverettRumelhart - Cognitive Psych olog
Mimics brain memories

Y
Rumelhart, D. E., Hinton, G. E., & Williams, R. J. (1986). Learning
representations by back-propagating errors. Nature, 323(6088), 533-536.

Input
layer

Adjustable synapse Output
1 2 3 layer

e e @

Machine
learning

Early research

27

™
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Al for Medical Imaging

Reconstruction

- Improve S/N, faster acquisition, finger printing

Analysis

- Classification, Segmentation, Anomalies detection, Triage, Signature
Generation

- Another modality synthesis, Report, Prediction
Fusion

- Time series, across modalities and subjects

Repositories

- Large databases: MJ Fox, Enigma, UK BioBank, Ofsep, ...

28 - Digital Heath in the 21th



A foundation model for medical image segmentation: MedSAM
(Segment Anything Model)

- ; ‘- .' Y )
\\
LS / 1
| . |
) S
o i 4 in
~<0C A £ # »
0 A ;
[ o
=)
Eﬁ

T
$ = Prompt encoder
|:| Segmentation
Bounding box prompts

£

&
2

g

3

8

L
69SHPT

Ma et aI Nat Comm 2024

The Number of Image-mask Pairs

g
&
100k §
’ . W 9317 6710 3900 1284 803
Yp  Cp

6"’o’o Ol"a */? p"’éo y F"'Id,, O"'b, K Gy
o, ls 0
P, g & e

1.570.263 images, 10 imaging modalities, 30 cancer types, 94 M parameters
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Skeleton Cardiovascular
System

clavicle .
aonta

pulmonary artery. trachea
right ventricle. lung upper lobe

right atrium ™ lung middie lobe 4

T t I S ¥ left atrium 5 lung lower lobs |
otal Segmentator . SRR L
vertebrae T1-12¢” e myoosndium spleen
vertebrae L1-5 poalyn” % liver
Splenio veln o gallbladder

% pancreas «
iliac artery ~— ’,? \ kidney *—

inferior vena cava*

iliac vein

Wassserthal et al Radiology: Al 2024 R— G

12043 (CT), 104 structures, 27 organs, 59 bones, 10 muscles ——_ —

small bowel ~ gluteus minimus
colon =~ gluteus medius «

urinary bladder « N\
gluteus maximus

g Skeleton + Cardiovascular System + Skeletal Muscle Subcutaneous adipose  Visceral adipose

Muscles Gastrointestinal Tract tissue tissue

vertebrae  serratus anterior
X pectoral esophagus
\teres major heart ~ x‘bg;
stomach
) portal vein ~_ i »
Inferior vena cava o
duodenum

colon

urinary bladder *

Other organs

brain » -

sartorius
Quadriceps femoris * :
thigh posterior compartr | leftlung .

spinal cord ~

patella fight lung —___

fomur + splesn . _
liver
adrenal gland
gallbladder -
tarsal
metatarsal \ Mdey

D’Antonoli et al Radiology 2025 o e
1143 (616 MRI, 527 CT), 80 structures

tioula

tivia

prostate «——
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Main medical applications

Neurodegenerative diseases, aging
- support to diagnostic, prediction,...

Oncology
-mechanisms, new treatment

tvarks
analysing fMRI images from large cohorts

Aramis

3IN3Y 3443 NOLYWHOINI

Handicap, rehabilitation,
- neuroprothesis, BCI

Pharmacology, drug resistance Mind
-math. epidemiology

B Glucose

4 4
Ic )@ SHC
| ] nnnnnnnnnnnnnnnnnnnn

Public health
-clinical trials

Medical robotics
-surgery, endoscopy

co,

Lifeware Genscale
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Modal and CHU Lille

Development and validation of an interpretable machine "®

learning-based calculator for predicting 5-year weight

trajectories after bariatric surgery: a multinational Data-driven cluster an alYSiS :dentifies
retrospective cohort SOPHIA study distinct typeso fmetabolic dysfunction.
Patrick Saux*, Pierre Bauvin*, Violeta Raverdy, Julien Teigny, Héléne Verkindt, Tomy Soumphonphakdy. Maxence Debert, Anne Jacobs, ass OCi ate d St e a to ti C li ver di Sease

Daan Jacobs, Valerie Monpellier, Phong Ching Lee, Chin Hong Lim, Johanna C Andersson-Assarsson, Lena Carisson, Per-Arne Svensson,
Florence Galtier, Guelareh Dezfoulian, Mihaela Moldovanu, Severine Andrieux, Julien Couster, Marie Lepage, Erminia Lembo, OrnellaVerrastro,

Mavd Robert, Paulina Salminen, Geltrude Mingrone, Ralph Peterdi, Ricardo V Cohen, Carlos Zerrweck, David Nocca, Carel WLe Roux, Acneptﬂd 3 Eﬂ Auu ugt 2024 nature med icin e

Robert Caiazzo, Philippe Preux, Frangois Pattot

Lancet Digit Health 2023; 5: e692-702

Published Onli . P P . .
40 August 29, 2023 1,389 individuals living with obesity
https://doi.orgf10.1016/52589-7500(23)00135-8
_—
‘6.?_ a Chronic liver disease b Cardiovascular disease c Type 2 diabates
—t -
W 3 O LS varsus control P < 0.001 LS versus control P = 0.18 30% 4 LS versus control P < 0.001
v CM versus control P < 0.001 CM versus control P < 0.001 CM versus control P < 0.001
e 4% { CMversusLS P=0.71 T CMversuslS P <0.001 CMversusLS P <0.001
: 2 (Pairwise log-rank) 2 (Pairwise log-rank) 3 (Pairwise log-rank)
B 20 // $= §
g é o ] - 4 % 10% - %
™ 10 10 231 patients from 12 centres in ten countries 3 -~ 3 5™
o - ) 1% o 5%
= —— Roux-en-Y gastric bypass —— Sleeve gastrectomy /
0% -| 0% | - o%
o z 4 & 8 W ou w o 2z 2 & 8 MW T o 2 & & 8 W w u
O | I I I I Time {years) Time (years) Time (years)
0 12 24 36 48 60 — Cardiometabolic cluster Liver-specific cluster

Months after intervention
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MS:Lesion load quantification
i PIXYL rhyieuoy

Patient Information
Name: John Smith | Sex: M | Born in: 1945 | ID: 2620
Visit Date: Jan 1, 2020, Prior Visit Date: Jan 1, 2015

Quality Control

i Observations

: : : Pixyl.Neuro.MS
THIS AUTOMATED REFORT DOES NOT REPLACE MEDICAL EXPERTISE. "1 14 Longitudinal report

PLEASE REFER TO THE RADIOLOGY REPORT. . 9
Brain T1 volumetry and comparison with normative population values ¢ Patient INFOrMAMION =-----s-orsrorormrmrm ooy

Pass

o . : Name: Jane Doe | Sex: F | Bornin: 1989 | ID: 2622
Frior visit Current visit X .
: Visit Date: Oct 5, 2023, Prior Visit Date: Oct 6, 2022
Volurme(ml) Volume(ml) Change(%) Normal range(ml) i
Brain 1167.37 1106.92 -5.18% 1113.29 - 1202.98
Supratentorial grey matter 54159 517.07 -4.53% 50491-572.4 : I Observations
Supratentorial white Matter 495.43 461.44 -6.86% 433.03 - 509.91 Pass ~
Cerebellum GM+WM 13035 12841 -1.49% 128.34 - 167.72 i
Left lateral ventricle 19.93 27.89 39.94% 13.02-32.26

THIS AUTOMATED REPORT DOES NOT REPLACE MEDICAL EXPERTISE.
Right lateral venrricle 19.96 27.87 39.63% 12.39-29.96 PLEASE REFER TO THE RADIOLOGY REPORT.
. Disease Activity

i T2 FLAIR lesions

New 7 Enlarging 2
£, H g HIEEsion Loadis=aminrninemin i e i e e 1
: E % Volume(ml) Change(ml) Lesion count *
l e ! Periventricular 9.87 0.61 =1
R o ; RO | Judtacorica 2.2 0.47 21
The romeive desvlosion = celcueied v Z100- ol subfecs Volumes s noelized by the vohuee o e iracreniel ey when compered wihthe normeive i Infratentorial 0.25 -0.09 = {
| Deep WM 0.95 0.1 21
Whole Brain 13.34 1.09 29 % |
33 _ Dlgltal Heath in the 21th * The lesion count is based on the 2017 revision of the McDonald criteria. '

1 ™ The Barkhof MPI criteria for MS diagnosis includes at least 9 lesions on T2-weighted images.




OxyTC: French national multicenter study

Intracranial pressure monitoring with and without brain

tissue oxygen pressure monitoring for severe traumatic

brain injury in France (OXY-TC): an open-label, randomised

controlled superiority trial The Lancet 2023; 22: 1005-14

Jean-Frangois Payen, Yoann Launey, Russell Chabanne, Samuel Gay, Gilles Francony, Laurent Gergele, Emmanuel Vega, Ambroise Montcriol,
David Couret, Vincent Cottenceau, Sebastien Pili-Floury, Clement Gakuba, Emmanuelle Hammad, Gerard Audibert, Julien Pottecher,

Claire Dahyot-Fizelier, Lamine Abdennour, Tobias Gauss, Marion Richard, Antoine Vilotitch, Jean-Luc Bosson, Pierre Bouzat for the OXY-TC trial
collaborators*

Summary

Background Optimisation of brain oxygenation might improve neurological outcome after traumatic brain injury. The

OXY-TC trial explored the superiority of a_strategy combining intracranial pressure and brain tissue oxygen_
pressure (PbtO) monitoring over a strategy of intracranial pressure monitoring only to reduce the proportion of

patients with poor neuro‘loglcal outcome at 6 months.

Interpretation After severe non-penetrating traumatic brain injury, intracranial pressure and PbtO, monitoring did not
reduce the proportion of patients with poor neurological outcome at 6 months. Technical failures related to
intracerebral catheter and intracerebral haematoma were more frequent in the intracranial pressure and PbtO, group.

144 vs 147 patients
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MRI study

Goal: detection of abnormal mean diffusivity (MD) and fractional anisotropy (FA)

reduction MD cytotoxic edema, increase MD vasogenic edema

‘ MR Image ’  Central data | ‘ Quality Control
acquisition J _ management | |
30D FLAIR ! | Sequence parameter 7 |
DT control |
T2 - ] 5
bisars & Anonymization ¥
- —e | o {
& Storage L4
DW images et B8 | maee °"’i"' conrol |
1 J | | Report generation i
Re-scan invalid | Image rejection -
sequences | { - _
Shanoir platform Pixyl research platform

N=85, Gose 1-4, Diffusion Tensor Imaging, 23 centres

‘ Preprocessing ’ ‘ Lesion detection

’ DWI Preprocessing

(fs! tools)

Tissue segmentation
and Brain
parcellation
. (eOoCus)

. v
7 MRl registration,

|

Training data
Normative MD values

A4

Outlier Voxels detection [

Spatial filtering

Abnormal |
MD detection [

GIN platform
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MRI study

Ground truth

Coqse‘rmﬂ'
(5;raters) 3

® Raters consensus
A Automatic method

% [ ] "_,/
;% a Case 3 ' ’,,-"‘—
i :
Mistral et al 2022 Front Neuro g - * T
2 + (‘,.-""/
Gasa 1 “_.-"”" A
L ]
A
Patients data: work in progress : :

Ground Truth (%)
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Verare Project ©siRISA [T

Inria - =
Mission Covid-19 &’W/ﬂ/‘ aenies

Vue du patient

65 patients included 2025 Seamless, courtesy A. Lecuyer
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Modelling & Control

Digital Twin o
Sl

oATA | PID.E.O)

w' (i, )= Fpx 0, tkhw)
D(t) = O(p(x, 1)

Prediction
P(D |k, F, O, u)

Organ Digital twin

Biomecanics of myocarde

Inspired by Wang et al Natl Sci Rev, 2024
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iINnHEART: a cardiac twin

2 5 Cloud-based & web-based SaaS for
@ 28 g i
(@) g cardiolegists

Medical images

" AL based
algorithms

Physiological
simulations

Courtesy N. Ayache
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Text + Image + voice ...

No grammatical rules !!!

Probability of words sequences
based on a large corpus of text

GPT-2  GPT-3 GPT-4

o est e bleu ==={|e ciel est bleu
€ Le ciel = change 10% L
nuageux
pleure 8%
\ 0,1%
GPT-1
Date 2018
Nb of parameters 117 M
Nb of layers 12
Context length 512
Dimensions 768

2019 2022 2023
1.5b 175b ?
48 96 ?
1024 20248 ?
1600 12288 ?
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For GP

- Analyse of medical files

Text (LLM) + Image + voice ...

- Writing of medical report

- Action coding
- Training

- Analyse of medical publications

For Researchers

Medical decision support
Triage, cohort constitution
Discovery of signatures
Evolution prediction ...

For Patients

Documentation

Prevention

Patient interview (chatbot)
Follow-up chronic disease
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The curse of the Black-Box

| [Shapson-Coe et al.
Science 384, 635 (2024)]

O
IS
78 N\
%) QR

A

Adjustable synapse

RANELS
AN
Y

W

LR ;{"
aNN Y

3

AN AN /A
. W 9/ “é’g:’}ﬂ"‘(

AN
EOEN ’
58N

”““%&g;(
O

\@ 7L @7 A 8N
—

Output
layer
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The curse of the Black-Box

Standard Deep Learning approach

'\-——-——-——-—--—-—"’
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The curse of the Black-Box

Explainability (XAl) For who?

i About what?
InterpretabllltY. e
Understandability

[Erasmus et al 2021 Philosophy & Technology]

45 - Digital Heath in the 21th



The curse of the Black-Bz«
CLyolainability (XAI) For who?
& e K About what?
Interpratabil 'tY. At which level?
'‘Jnderstandaility

O

O
0 ©
G. Hinton [In response to how do we trust

Trusted Al systems?] You should regulate them
based on how they perform.

Uncertainty Quantification

In NN decision
End-user
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DLL trained for Gioblastoma detection on T1lw

Artefacted Tlw Healthy subject FLAIR Abdominal T1w
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Know-it-all

Artefacted T1lw Abdominal T1w




Know-it-all

Artefacted T1lw




TRUSTWORTHY Al Section 1 — Robustness

IN MEDICAL IMAGING Section 2 - Validation, Transparency and

Editors: Marco Lorenzi, Maria A Zuluaga Reproducibility
December 1, 2024

Section 3 — Bias and Fairness

Section 4 - Explainability, Interpretability and
Causality

Section 5 - Privacy-preserving ML
Section 6 - Collaborative Learning

Section 7 - Beyond the Technical Aspects
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Al for Medical Imaging

Excellent performances
Automatic feature learning
Knowledge emergence

On the shelves tools
Discharge Expert
Automatic Quantification

Importance of Image Quality
Annotation

Data hungry

Computational cost

Black box / trustability
Specific to one problem
Adversarial attack
Catastrophic forgetting

Ethic, social and law

Needs for specific tools &infra

Who wants to do
Machine Learning ?
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Challenges

Rajpurkar et al 2022 Nat Med

Specific tools
Impl. ]
e mPlemeniay, & infrastructures
.. 9
Clinical use o\\«@‘“ ) N
& s 3
. 3 v
< Z (a)
%5 Y = %, eta used 22 million liters
l%’d % 5 % Leg al/ Societal of water training its LLaMA- — — —
%, El 3 open source
- ‘%9,,) Al model
£ Rag %
T Olog,
g
g
Applications ) g Pathology e
%!_i’ ophtnalmelosy 3
= " Opportunities = i
%) o et 2 Ethical
2
7l Frugality:
5 8, Yo, rugality:
& o o % Small is beautiful
S & F BR .
%, £ = 2 % 8 GPT-4, = 10 GWh for training,
% = =X o 6\3
. ) 3 s = 6000 x energy a European per year
Multi-modal/Multi-scale %ty : o™
Ource Be‘jo“d

52

% Original ML techniques

- Digital Heath in the 21th




Intelligent Agent: an entity that takes the best possible
action in a situation

Test our models of natural intelligent agents?

Computer§
sclence
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Computer & Brain

—

Yale University Press, New Haven

NERVE, BRAIN AND
MEMORY MODELS

1963

Human
Compatible

L INTELLIGENCE

Stuart Russell

REVIEW

What is consciousness, and could
machines have it?
Stanislas Dehaene,** Hakwan Lan,** Sid Konider® 20 1 7 S C ie n ce
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NN: a framework for modelling the computational brain?

Instructions for use

55 - Digital Heath in the 21th



NN: a framework for modelling human vision?

,/V\N\/\m,fmﬂ‘
Model : \P\J“‘"\w/\f\/n'\j Functional MR, ...

- Features

. 1 4
- Processing W[\MWJ

- Representation
- Encoding
- Decoding
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Backprop: the weight transport problem

da V=

y
O
d
Feedback e
[Lillicrap et al Nat Com 2016] h;

000~

»0®0-
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Take home messages

- NN: A disruptive technology in Health
- From bedside to the understanding of complex
patho-physiological states

- Several drawbacks
- Data hunger
- Consummation
- To be in the race

- NN: Model to investigate brain functions

58 - Digital Heath in the 21th



To conclude

Human Cognitive Limitations
Broad, Consistent, Clinical Application of Physiological Principles Will Require
Decision Support

Alan H. Morris 2017

« I counted 236 variable categories being considered by
the intensive care unit clinicians » (wo various notes)

« Those experts should be aided by detailed computer protocols that embrace core
physiological constructs and deliver personalized clinical instructions. »

P(k| D, F, 0)
&

y (i, )= Fy(x, 0), {k}, u)

D i g ita I TWi n + Be) = 0, 1)
|

P(D Ik, F, O, u)
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To conclude

Bernoulli_Lab

AP-HP — Inria joimt laboratory Damiel Bemmoulli

60
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Dans le cadre d'une collaboration entre le département d'anesthésie-
réanimation de I’'hdpital Lariboisiére Greater Paris University Hospitals - AP-
HP et Inria (équipes #COMMEDIA et #M3DISIM), des outils de modélisation
et simulation numérique sont développés afin de construire des jumeaux
numériques permettant d’améliorer le monitorage, notamment
cardiovasculaire, des patient-es sous anesthésie générale. La personne
recrutée, pour une durée de 15 mois (prise de poste souhaitée en juin 2025),
aura pour mission de développer des outils de simulation permettant ainsi la
mise en oeuvre de jumeaux numériques des systémes cardiovasculaire et
cardiopulmonaire, et confrontera également les résultats de simulation aux
données cliniques de maniére a en évaluer le domaine de validité.

Pour plus de détails et postuler, voir https://Inkd.in/eE53PWiz

Céline Grandmont Frangois Kimmig Alexandre Mebazaa Bernoulli Lab

Show translation




Thank youl!

www.inria.fr
https://neu rosciences.univ-grenoble-alpeé,\'ﬁ‘f

o
Michel.Dojat@inria.fr il. :



http://www.inria.fr
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