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L’lA, promesse ou menace ?
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Une breve histoire de I'lA

Artificial Intelligence Development History Timeline

Alan Turing test - loseph Sony launches the A !
if a machine tricks Weizenbaum - first robot pet dog Apple integrates Al z?ri\nl:unce nt ChatGPT is

human into chatbot capable AiBO whose into iPhone Siri - . E.“is :

SN : virtual assistant available to public
thinking it's of holding personality and intelligent virtual
- - that completes testing.
a human, then conversations skills develop over assistant. | ing tash

it has intelligence. with humans. time. :

3 The first mass- Question
John McCarthy ::m";‘“mm produced robotic answering GPT-3 tool for
introduces the Blue defeats vacuum cleaner computer Watson automated
term "Artificial s Roomba learns wins 1st place conversations is
Intelligence.' PR prov to navigate on TV show introduced
T SASPRION. homes. Jeopardy.

infodiagram.com
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Une breve histoire de I'lA

Increase of data

A Brief H iStory of Neural Nets ‘transmission speed
1940 ~ 1970: The 15t Al Boom 1980 ~ 1990: The 2" Boom 2006 ~: The 3 Boom

e 1st Al Winter
The advent of . Limitation of .
the idea of Al hardware Al E
1980: Pretraining of
*Lackiof Neocognitron deep belief net
g computation cog
Sigorinns ., Flis s 5o|[1997: LSTM
« Hardships in TN [N - Ty
o) linearly be MR 0 g
1958: inseparable data Y or gL rOL
Perceptron Problems T
d -
I The first 2"d Al Winter
1968: practical CNN (- Limitation of
“2001 : S g e I hardware
A Space Odyssey” Tt B52F ma « Shortage of data
y * e N R < sources
: LR Jn . » Lack of theories for
SO 2 A hyper parameters
’ * Vanishing / exploding
2 radient problem

https://data-science-blog.com/blog/2020/07/16/a-brief-history-of-neural-nets-everything-you-should-know-before-learning-Istm/
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Quelques applications de I'lA

B
D
e
o

Natural Language Processing Decision Support Systems
Machine Learning Predictive Analytics
Computer Vision Expert Systems

Speech Recognition Autonomous cars ﬁ
Machine Translations Intelligent Chatbots

Robotics Automated Scheduling

infodiagram.com

)
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Key Artificial Intelligence Statistics A e e ORI
YOU ShOUId KnOW REVIEWS FOR BUSINESS

=W Which processes rely heavily on Al?

Global Al ranked by revenue of use cases:

$8.9
BILLION $7.6 $7.2 $6 4 $6 O
oy 364 $60  ¢57  ¢54 954  $53  g¢54

BILLION

BILLION

BILLION BILLION BILLION BILLION

A
TR
vehicular static image processing algorithmic localization predictive cybersecurity paperwork intelligent medical image
detection and recognition of patient trading and mapping  maintenance and threat todigitaldata HR systems analysis
avoidance data strategy prevention conversion
Sarah Watson- Cancéropole 2025 19.12.25 institut
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Organizations’ use of Al has accelerated markedly in
the past year, after years of little meaningful change.

Organizations that use Al in at least 1 business function,! % of respondents

== Use of Al == Use of gen Al @ Click to view the latest
data by business function
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Principales définitions et modeles

ARTIFICIAL INTELLIGENCE

Programs with the ability to
learn and reason like humans

MACHINE LEARNING

Algorithms with the ability to learn
without being explicitly programmed

DEEP LEARNING

Subset of machine learning
in which artificial neural
networks adapt and learn
from vast amounts of data

https://blog.digitalogy.co/the-difference-between-artificial-intelligence-machine-learning-and-deep-learning/

a
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Principales définitions et modeles

Supervised Learning Unsupervised Learning
(Classification Algorithm) (Clustering Algorithm)

Predictive
Model

Unsupervised
Learning

Predictive
Model

Western Digital.

https://laptrinhx.com/supervised-vs-unsupervised-learning-186 1950659/

)
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Développement d’'un modele d’IA

ST —

Machine Learning

_ ] Algorithms Predictive Model
Historic data

- ...l--
N Scoring
.

Mew Data Predictive Model Predictions

http://singaporebusinessintelligence.blogspot.com/2018/10/what-is-automated-
machine-learning.html

a
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Quelques applications potentielles de I'lA en médecine

%@@ %9 'l‘)l

Embryo Genome Voice medical Mental Paramedic Assist reading
selection interpretation coachviaasmart K- healt dx of heart of scans,
for WF  sick newborns speaker (like Alexa) attack, stroke slides, lesions

Fig. 2 | Examples of Al applications across the human lifespan. dx, diagnosis; IVF, in vitro fertilization K*, potassium blood level. Credit: Debbie Maizels/
Springer Nature

Topol, Nat Med 2019

a
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|A capable de générer du « nouveau
contenu »

Texte, images, sons, vidéos, ... /] ., | INTRODUCING
IA non-supervisée i X _ ) MED-PALM

Réseaux antagonistes de neurones
(GAN)

GPT (Generative Pretrained
Transformer)

... a partir de ce qu’elle a appris!

Applications en médecine
Conseils
Téléconsultations

Mémes biais que I'lA non MED-PALM2: ChatGPT médical de Google
générative!

institut
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IA et cancer

PATIENT PATHWAY

Prevention Screening Diagnosis Staging Treatment Response

Follow-up
Y hY
e ? ”
1\

Convolutional neural networks for |~ oy Graph models for turmor

lung cancer screening in low-dose |- > classification from unstructured

computed tomography gene expressmns
.-'; '\". / 1|

A l."'l 1L it i
~ I/ 1 ."' o [ A 7- —_ | I:_'-. =
f | - ! - - | 1 ] v
' Ffa;é nt-n=.-|:"::rrteélI /4 ’. o B :
radiographic 1\ h
outcome can e
|m gmg ﬁ gEh;f;lé \nel orks
/ activity monitors, hocars
i bi? ﬂis. wearables ‘ mode’s A Suﬂjllggﬁl‘;leecsmr k
C
i markov
"';_.';?.g'tf_ﬁ.L medical decision models
- records trees
DATA METHODS
Kann, Cancer Cell 2021
o @
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IA a visée diagnostique: analyses d’images

LETTER Nature 2017

doiz10.1038/ nature 21056

Dermatologist-level classification of skin cancer — : :
with deep neural networks Training dataset: 129 450 images, 757 maladies

Andre Esteval* Brett Kuprel'*, Roberto A. Novoa?3, Justin Ko?, Susan M. Swetter®4, Helen M. Blau® & Sebastian Thrun®

Skin lesion image Deep convolutional neural network (Inception va) Training classes (757) Inference classes (varies by task)
/® Acral-lentiginous melanoma -,
(@ Amelanotic melanoma %.—l 82% malignant melanocytic lesion
.. Lentige melanoma
_,.' ) é.-g -
- | | ¥ e
e E[ur]"[iltl[][rn?‘ﬂgv]'"'”' "{:mu}'y - j"{m}’n_ -@
W v T \n @ Blue nevus
':-:"I Halo nevus >.—O 8% benign melanocytic lesion
= Convolution . Mnngullm spot
= AvgPool - -
= MaxPool :D
= Concat @
- Dmpﬂut ]
= Fully connected u
= Softmax .
>
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IA a visée diagnostique: analyses d’images

LETTER

doiz10.1038/ nature 21056

Test dataset

Dermatologist-level classification of skin cancer . .
Comparaison algorithme vs 21 dermatologues

with deep neural networks

Andre Esteval* Brett Kuprel'*, Roberto A. Novoa?3, Justin Ko?, Susan M. Swetter®4, Helen M. Blau® & Sebastian Thrun®

a Carcinoma: 135 images Melanoma: 130 images Melanoma: 111 dermoscopy images
1 S, . '
______________________ :
] I
————————————————————— + I
P !
z & g3
o 5 Vo o
= = Lo L= o
g §- 1 1 g : : ‘
Lo ol
7] 0 P 0 b
] ] I 1
= Algorithm: AUC = 0.96 — Algorithm: AUC =084 | | — Algorithm: AUC =091 | |
* Dermatologists (25) ¢ Dermatologists (22) o ® Dermatologists (21) b
# Average dematologist # Average dermatologist 1 o 4 Average dermatologist Lo
0 M | 0 H— M
0 1 0 0 1
Sensitivity Sensitivity Sensitivity
b Carcinoma: 707 images Melanoma: 225 images Melanoma: 1,010 dermoscopy images
1 1 1] . '
1 ]
1 ]
" i
z : = z L
o 1 (%] L&) 1 1
= ! = = Lo
3 5 2 g N
W 1 wl w [
! bl
0 == Algorithm: AUC = 0.96 i i 0 0 == Algorithm: AUC = 0.94 i i
0 1 1] 1 0 1
Sensitivity Sensitivity Sensitivity

a
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Article

International evaluation of an Al system for
breast cancer screening

IA a visée diagnostique: radiologie

Training dataset:

https://dol.org/101038/s41586-019-1799-6  Scott Mayer McKinney'**, Marcin Sienlek™, Varun Godbole™, Jonathan Godwin™,

h 1 d f — Natasha Antropova®, Hutan Ashrafian®4, Trevor Back®, Mary Chesus®, Greg S, Corrado’,
mamm Og ra p Ies ae 2 5 85 6 emmes ( U K) Racelvad: 27 luly 2019 Ara Darzi***, Mozziyar Etemadi®, Florencia Garcia-Vicente®, Fiona . Gilbert’,

Accepted: 5 November 2019 Mark Halling-Brown®, Demis Hassabis®, Sunny Jansen®, Alan Karthikesalingam®,
Te St d at as et : Published online: 1 Jarmry 2020 Christopher J. Kelly™, Dominic King®, Joseph R. Ledsam?, David Melnick®, Hormuz Mostoff',

Lily Peng', Joehua Jay Reicher”, Bernardino Romera-Paredes”, Richard Sidebottom™",
Mustafa Suleyman’, Danlel Tse™, Kenneth C. Young®, Jeffrey De Fauw™'" & Shravya Shetty ™*

mammographies de 3097 femmes (US)

Nature 2020

Test datasets Ground-truth determination
',: :. 5 Positive if biopsy-confirmed
- within T + 3 months Otherwise, negative if a second exam
Number of women 25,856 3,007 occurred after T - A
Interpretation Double reading Single reading
Screening interval 3 years 1 or 2 years 0 T 2T
Index exam :
Cancer follow-up 39 months 27 months Last available data
Number of cancers 414 (1.6%) 686 (22.2%) Screening interval (T)
Evaluation
Comparison with retrospective Generalization Independently conducted
clinical performance across datasets reader study
R1
Al system read TS Rz
= Y = =
- R4
. Trained on Tested on RS
Clinician read UK training set US test set Re
UK and 6 radiologists read 500 cases
US test sets from US test set

D
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Curie



Article

International evaluation of an Al system for
breast cancer screening

IA a visée diagnostique: radiologie

a Breast cancer in 2 years (USA)
https://dol.org/101038/s41586-019-1799-6  Scott Mayer McKinney'**, Marcin Sienlek™, Varun Godbole™, Jonathan Godwin™,
_ _ N Natasha Antropova®, Hutan Ashrafian®4, Trevor Back®, Mary Chesus®, Greg S, Corrado’,
Reader 1 (AUGC = 0.681) Reader 2 (AUG = 0.624) Received: 27 July 2019 Ara Darai™*%, Moszhyar Etamadi®. Florencia Garcia Vicante®. Flona., Gilbert’
1.0+ Accepted: 5 November 2019 Mark Halling-Brown®, Demis Hassabis®, Sunny Jansen®, Alan Karthikesalingam®,
X Chri: her J. Kelly'™, Dominie King™, Joseph R. Ledsam?, David Melnick®, Hormuz Mostofi',
0.8 Published online: 1 January 2020 Lily Peng’, Joshua Jay Reicher”, Bernardino Romera-Paredes”, Richard Sidebottom™®,
- Mustafa Suleyman’, Danlel Tse™, Kenneth C. Young®, Jeffrey De Fauw™'" & Shravya Shetty ™*
&
= 0.6
%
2 0.4+ = Al system {AUC = 0.740)

— — Al system (non-parametric)
= Reader
¢ BI-RADS operating points

0.2

Comparaison aux performances de 6 radiologues
indépendants sur 500 examens

0% I I I I I

Reader 3 (AUC = 0.620)

Sensitivity

c
Breast cancer in 2 years (USA) Breast cancer in 1 year (USA)

Sensitivity

Sensitivity

0 T T T T ™ T T T | | 0 I I I I I I I I I I
0 02 04 06 08 10 0O 02 04 06 08 10 0 0.2 0.4 0.6 0.8 10 0 0.2 0.4 0.6 0.8 1.0

1 - Specificity 1- Specificity 1 - Specificity 1 - Specificity

a

Sarah Watson- Cancéropdle 2025 19.12.25 Ei}ﬁ]et



IA et pathologie digitale

a .
Semantic layers

-

Applications of Al in histopathology

5 -

A o

'

“‘l\_\“ “‘\\M_J_!.----"'fﬂ--'l'ramc:'iptomat:“}.
.-:':\-\H-. --""--{:-----
\\_‘\ S~ — Genome
. * shapes the...
T~ _— Automate
S~ diagnostic tasks
Sarah Watson- Cancéropodle 2025 19.12.25

J

Predict outcome
and response

Infer molecular
alterations

Shmatko, Nature Cancer 2022

D
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IA et données biologiques

Séquence ADN

Genes exprimés (ARN)

Séguence protéique

Structure moléculaire

Réseau d’interactions protéiques

Sarah Watson- Cancéropdle 2025 19.12.25

Type de donnée Exemple de prédiction

Accessibilité du génome
Organisation 3D du génome
Bénéfice d’un traitement

Régulation transcriptionnelle
Modules de co-expression
Classification diagnostique

Fonction de |la protéine
Interactions protéiques

Activité anti-cancéreuse

Toxicité

Génération de nouvelles molécules

Effets secondaires

Greener, Nature Review Molecular Cell Biology 2021
®
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IA et transcriptome: I’example des CAPI

Homme de 32 ans

Métastases osseuses et ganglionnaire de primitif inconnu

Microscopie

En microscopie, maténel tumoral peu différencié en travées et nappes de cellules cohésives, avec un foyer
unique de formation acineuse en bordure de prélévement. Les cellules ont un cytoplasme par endroit
légérement clarifie.

Immunohistochimie:

CKAE1/AE3, CK8/18, EMA : marquage intense des cellules tumorales, hétérogéne, d'environ 70% des
cellules.

CK19 : marquage de rares cellules tumorales

CK7, p40, PSA, HepPAR1, TTF1, CDX2, pS100, CK20, HER2, SALL4, CD56, Synaptophysine,
Chromogranine A, CD3, CD20, CD79a : absence de marquage

CD10 : marquage hétérogéne d'une partie des cellules tumorales

PAXS : marquage nucléaire intense de la majonité des cellules tumorales

Racémase: marquage d'une partie des cellules tumorales .
GATA3 : marquage nucléaire faible de rares cellules tumorales.

Ki67 - 60% des cellules tumorales

Vimentine: marquage d'une partie des cellules tumorales

PDL1 : marguage intense des cellules tumorales (70%, intensité 3+).

« Carcinome indifférencié compatible avec une origine bilio
pancréatique ou rénale, sans exclure une autre origine »

@™
Sarah Watson- Cancéropdle 2025 19.12.25 institut
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L’IA pour identifier le tissu d’origine

Rationale Training set

* Large public datasets of multiple Al model Recoenitionlotthe
cancer subtypes available Large cohort of .

* Multiple types of datasets: images, cancers with known 4 primary
molecular data primary

Limits

e Datasets are mostly composed of
primary tumors (and not metastases)

* Strong hypothesis: CUP metastases
retain some features of their primary
R b issi CUP metastasis e
are ca-nFer subtypes are missing prediction
from training datasets

@™
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TransCUPtomics

> J Mol Diagn. 2021 Oct;23(10):1380-1392. doi: 10.1076/j.jmoldx.2021.07.009. Epub 2021 Jul 26.

Identification of Tissue of Origin and Guided
Therapeutic Applications in Cancers of Unknown
Primary Using Deep Learning and RNA Sequencing
(TransCUPtomics)

Julien Vibert 1, Gaélle Pierron 2, Camille Benoist ¥, Nadége Gruel 4, Delphine Guillemot 2,
Anne Vincent-Salomon 5, Christophe Le Tourneau ¢, Alain Livartowski 7, Odette Mariani 5,

Sylvain Baulande 8, Frangois-Clément Bidard 9, Olivier Delattre 10, Joshua J Waterfall 11,
Sarah Watson 12

Affiliations + expand
PMID: 34325056 DOI: 10.1016/j.jmeldx.2021.07.009

Build

Training set — RNA-seq
TCGA + GTEx + HPA
20918 cases

Sarah Watson- Cancéropdle 2025

UMAP_2

Classifier

JE

19.12.25

Precision > 96% for TOO detection (train)
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TransCUPtomics

> J Mol Diagn. 2021 Oct;23(10):1380-1392. doi: 10.1076/j.jmoldx.2021.07.009. Epub 2021 Jul 26.

Identification of Tissue of Origin and Guided
Therapeutic Applications in Cancers of Unknown
Primary Using Deep Learning and RNA Sequencing

(TransCUPtomics)

Julien Vibert 1, Gaélle Pierron 2, Camille Benoist ¥, Nadége Gruel 4, Delphine Guillemot 2,
Anne Vincent-Salomon 5, Christophe Le Tourneau ¢, Alain Livartowski 7, Odette Mariani 5,
Sylvain Baulande 8, Frangois-Clément Bidard 9, Olivier Delattre 10, Joshua J Waterfall 11,
Sarah Watson 12

Affiliations + expand
PMID: 34325056 DOI: 10.1016/j.jmeldx.2021.07.009

Test — RNA-seq
(CUP patients, N=48)

=0

Sarah Watson- Cancéropdle 2025

Classifier

Training set — RNA-seq
TCGA + GTEx + HPA
20918 cases

KNN
RF

19.12.25

UMAP_2

—5 4

—101

Identification of TOO (high/moderate confidence): 79%
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Faisable en routine clinique!

Diagnostic de carcinome
rénal a cellules claires avec
score > 90%

=> Orientation Immuno +
anti-angiogénique

Intégration de l'outil dans
le cadre de la RCP
nationale CUP /PFMG
2025

ACUP1
151
10 1
5 -
Nl [ —
z 5| e e
=
3 Dirs b [-cnl b @ ommaritomg.
_5 R —
T e g Kidney renal glear cell carcinoma
b
=101 " N AﬁUH
-151
-15 -10 -5 0 5 10
UMAP_1
Sarah Watson- Cancéropdle 2025 19.12.25
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RCP nationale CUP

National CUP_MTB

Metastatic patient with
no primary tumor
identified

Patients’ follow-up

CUP_MTB_2
Integration of clinical, pathological
and molecular data
Validation of actionable genomic
alterations
Diagnostic/therapeutic orientation

Molecular analyses ]

Pathology

Genomics preanalytics

June 2020-December 2023: N=277 pts

A

Medical
H oncologists : 94%

]
. Pathologists : 1%
B |

a

- Biologists : 1%
b 1)

CUP_MTB_1
CUP diagnosis confirmation
Prescription of additional
examinations

«m

m Surgeons : 1%
And
'Cq Others : 3%

CLINICAL EXAMS
e Radiology (CT, MRI)
e Endoscopy
® Serum markers

PATHOLOGY
® Expert review
® Tissue-specific
markers (IHC)

4

MOLECULAR ANALYSES B
e Targeted NGS: DNA/RNA panels 5%
® \WGS + WES + RNAseq
® TransCUPtomics

14 4 1%

For-profit private institutions '\

Non-profit private
institutions

136 49%

Comprehensive
Cancer Centers

Dupain, Lancet Regional Health Europe 2025

Sarah Watson- Cancéropdle 2025
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Utilisation de I'lA en routine en RCP nationale CUP

CUP treated -~ UT - MTB-OT

Suspected tissue of origin Final tissue of origin 1,00/ HR: 0.61 [0.38-0.98], p=0.04

CUP.: 57

CUP: 93 0.751

; : Lung.: 22
Gastrointestinal: 27 et

— Breast.: 21 l

Overall Survival
(]
o
(@]

Lung: 20 —— E : e N R
Breast: 12 | g 19J| Log-rank E E —-I-I
Kidney: 12 I . Gynecological tract.: 7 1 0.25 p = 0.04 i i
; Sarcoma.: 7 1 1 '
Gynecological tract: 7 - ! !
Sarcoma: 5 Skm.: ) i :
Urinary tract: 4 } S Other.: 64 0.00; ! !
Skin: 3 - - Urinary tract.: 6 # 0 10 20 30 40 50
Other: 2 - ~—— Head and neck.: 4 = Months
Prostate: 1 - Mesothelioma.: 2 = on
Head and neck: 1 - Number at risk
38 19 6 2 0 0
= 1m 66 27 7 2 0
Dupain, Lancet Regional Health Europe 2025
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Utilité de TransCUPtomics en vraie vie

Yes - No

Breast

L
Yes — No ung

Kidney
Biliary tract
High Gynecological tract

Urinary tract
Colorectal
Other

Moderate

Pancreas

Confidence

Sarcoma

Skin

Final diagnosis after MTB_2

Low . .
Gastrointestinal

Head and Neck

10 20 30 Mesothelioma

]

Number of samples Stomach

o
M
-y
(=]
[ws]
sy
=
!

Dupain, Lancet Regional Health Europe 2025 Number of samples

a

Sarah Watson- Cancéropdle 2025 19.12.25 Ei}ﬁ]et



TransCUPtomics v2 : un modele hiérarchique

Main interests
- Closer to clinical decision making
Two-levels Hierarchy - Decomposition of the classification into simpler

1. Major tissue types (N=10) sub-tasks
2. Tissue sub-types (N=71) Reduces class imbalance issues

Metrics per fold (XGB+XGB with best parameters)
T_DLBC (48), T_PCPG (179) .
T_SS(12) T_LAML (1h0) |T_GC_NON_SEM (26) ....; Folds
T_MFS (25) M (80) | T_GC_SEM (94) , N_ADP (620) o
T_DDLPS (57) 9‘ 92 ) 'N_ADRNL (165) 0.9 oot=-. ...‘—' e ® Foldl
T_Cic(1) RART (745) , N_BLAD (12) ®
BLOOD (444) b L ® Fold2
T_LUSC (502) 0.8 ® Fold3
\ ® Fold4
T CESC scc (250) 0.7 ® Folds
\ BREAST (218 -
T_THYM (105) /N CCRES%I NORMAL (9179) ---- Median
T_THCA (494 < ) CARC (6485) 0.6 4
|| sccures)
T_STAD (388) N_ESCA (793) GLI0 (667) w
TT;:;T::; SARC (385) l§ 0.5
T_PANET(33) | N_GERM (210) HEMATO (198)
T_PAAD (170) N_GYNECO (319) MEL (183) 0.4
T_NUTC (5) N_HRT (491) ENDO (179)
T_LUAD (538 N_KDN (40) GCT (120)
\N\_mmr N_LIVER (139) MESO (87) 0.3
N_LUNG (369)
_\MUSCLE (472) 0.2
N_NERVE (329)
PANC (200)
0.1
T_ESCA ADK(BB)’ {CEs 5 R N_PITUI (124)
T_CRC (620) | T_BRCA(1060)  N_ 0.0
T_CHOL (35) TACC(79)  N_SPLE (13) . T T ' J
accuracy precision recall fl-score

Brohier et al, in preparation (DO NOT POST)
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Validation sur des cohortes indépendantes métastatiques

T BRCA-
T_LUAD -

T CRC
T_PRAD -
T_PAAD -
T_GYNECO -
T _CHOL-

T BLCA |
T_HNSC

T STAD |

T LMS -
T_LUSC |
T_SKCM -
T_ACC

T _THCA |

T LIHC
T_CESC_SCC -
T SCLC |
T_GC_NON_SEM
T LGG

T KIRC |
T_MESO |

T _PANET

T UM

T US

T THYM

T GBM

T _ESCA_ADK
T _ESCA_SCC
T_DDLPS -
T_PCPG

T KIRP

T KICH |

T SS

T NUTC

T MFS-

T _DLBC

-

T _HNSC T CHOL T BRCA
T_LIHC (2) T_GYNECO (1) T_GYNECO (4) OtherT4BTAD (3)
T_LUAD (3 T‘STAR ) . GYI:lrng)((%) \ T LA (@)
T_BRCAG T LIHC

T_LU C (24)

Other T_ESCA SCC (25)

'/%

T_HNSC Other

\
T_BRCA(1%2)

T_CHOL (15)

Brohier et al, in preparat

ion (DO NOT POST)

Sarah Watson- Cancéropdle 2025
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Fournir une interprétabilité des prédictions

Latent SHAP (SHapley Additive exPlanations) aims to extract biologically meaningful patterns from machine
learning models trained on RNA-seq data, by learning a structured, interpretable latent space.

Limitations of SHAP application on RNA-seq data :
- High dimensionnality
- Strong correlation between features

Main concept of Latent SHAP (Bitton, Malach et al. 2022) Example of SHAP values to explain predictions
RNA-seq Data Latent Space Prediction fa=6.90
0.775 = ENSG00000129991 +7.88
0.852 = ENSG00000134571 +2.03
0.012 = ENSG00000235162 . +1.28
0.828 = ENSG00000118194 . +1.25
0.328 = ENSG00000160213 ' +0.44
SHAP Values ] 4995 other features
; . "% %5 -a -2 0 2 4 6
EIfiX)] = —9.568
1))
Sarah Watson- Cancéropdle 2025 19.12.25 institut
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(] V 4

Intérét de I’explicabilité

List of the 10 genes that have the heaviest weight in the prediction

T _CHOL : Cholangiocarcinoma

ENSG00000169903
ENSG00000145321
ENSG00000012504
ENSGO0000146038
ENSG00000111339
ENSG00000147003
ENSGO0000196660
ENSG00000164920
ENSG00000134569
ENSG00000178602

I T T T T T T T
0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175
SHAP value

*ENSG00000169903 (TM4SF4) : proliferation and migration of epithelial cells:
*ENSG00000012504 (NR1H4 / FXR) : regulation of bile acids and liver metabolism

Brohier et al, in preparation (DO NOT POST)

)
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Prochaines étapes : classification multimodale et agents IA

* ce(o;'r:lﬁlr::m:zdmg « Basic biochemical analysis nature cancer 8
pimiin 5 (CBC with differential, CMP, LDH)
. Pelvic « Tumor markers (PSA, AFP, HCG
-Anal, i cavity, S CEA, CA19-9, CA15-3, CA125, Csﬁ) Articla hitps:{fdol.org/ 101 038/543.016-025-00991-6
« Previous cancer screening Development and Va“dation Ofan
Clinical data Radiological data autonomous artificialintelligence agent

for clinical decision-making in oncology

« Comprehensive history with « Routine: CT of chest,

emphasis on: abdomen, pelvis (CAP)
« Risk factors (e.g., familial with contrast material Receivedk 13 August 2024 Dyke Ferber', Omar §. M. El Nahhas?, Georg Walflein®, Issbella C. Wiest™,
edisposition e‘x ure to {unless contraindicated) Jancl **, Marie-Elisabeth LeBmann™*, Sebastian Foarsch’,
preciopaiion; s « MRI (CAP, brain) Accepted- 29 Apri 2025 line Lammert*~", hochohel”, Dirk Jager 3",
;rarqnogens s} « FDG PET Published pnline: 06 June H125 Manunlﬁuhc»Tellaz" Nulml.une‘.ulmlum“ Daniel Truhn @™ &
« Previous cancers
[®]Checkfor updstes o
Agent pipeline
@ Knowledge database @ General purpose and domain-specific medical tools
Medical guidelines Ratientcase) Select tools
Obtai i - —_— =y
+ Perform molecular profiling s nm' gs‘:‘ sty = Keyword filter aLLe"rAu i
(preiaibly NGS) to guide =Y 9 Repeat max ek
d therapy at di « Biopsy s:te.a_nd type (CNB l n times
vs. FNA) critical ~ :
GPT-4 Vi i
Role ofproﬁhng for nssue of e R bl - 6,800 guidelines < e Python ision Med SAM
origin evolving (not standard) pane b'°. Psy to previou: Strategy Interpreter | segmentation
g =0 @ OncokB Radiology
+x/ report
Specialist Al

Molecular data Pathological data @ jr S suiior

Text feature vector BRAF wt; mut prob 0.03 “The tumor size increased by 208%."

KRAS wt; mut prob 0.48 Decide: progressive disease.

Text embeddmg
« Further or invasive testing should « Focused and tiered IHC modeli(3: large) Sl aLgLehrAn @ T Parallel
g E % = S 3 ith PubMed query:
be gmded b’ dli lu:opatllnlug cal cues (tissue-sensitive) testing " PubMed  Novel treatment options for BRAF e
« Urinalysis (including cytology) evolving differential Retrieve Send include ...
« Invasive endoscopy « Multidisciplinary panel discussion l gentext ® ) fesuits Radiologyreport:
+ Specialized imaging (including pathologist and radiologist) e e i ;
3,072 MedSAM: tumor size
4 Response - Histological analysis 11/2023: 1315; 02/2024: 2744
MSS; prob0.97 Use calculator (divide):
o

Figure 2. Diagnostic Workup for Patients with Cancer of Unknown Primary Site.

a
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Le futur: créer de nouvelles molécules grace a I'lA

-

Molecular Al techniques Candidate drugs

| Predicted
o o[ ]opn )

Drug Encoding Al techniques Result Result
Chen, 2023
A @
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Le futur: créer de nouvelles molécules grace a I'lA

nature medicine 8

Article https://doi.org/10.1038/s41591-025-03743-2

A generative Al-discovered TNIK inhibitor for
idiopathic pulmonary fibrosis: arandomized
phase 2a trial

Received: 19 December 2024 A list of authors and their affiliations appears at the end of the paper

Accepted: 25 April 2025

a b
. -8.2 -24.2 19.4 89.2
500 4 200 4 (-98.1,81.7) (-105.0,56.6) (-68.7.107.4) (-87,187.2)
-20.3 -27.0 19.7 98.4

A00 - (-116.1, 75.6) (-88.8, 34.8) (-60.5, 99.9) (10.9,185.9) 150
E 300 ]
E . _E E 100
@ 200 - O
o (T -5 50 -
£ R=3]
S 100 o 3
&= D o
) sg O-
B S5
£ c @
[&] m 9
¢ 100 o 8 50
= = aa
L

-200 : gl 1 |

-300 Placebo Rentosertib  Rentosertib Rentosertib Placebo Rentosertib  Rentosertib  Rentosertib

(n=14) 30mgQD 30mgBID 60mgQD -0 = (n=17) 30mgQD 30mgBID 60mgQD
(n=13) (n=12) (n=10) (n=18) (n=18) (n=18)

Fig.2|Changesin FVC + 95% Cl after 12 weeks of rentosertib treatment compared to baseline. a, The absolute change In FVC + 95% CL b, The absolute change In
FVC + 95% Cl ANCOVA model with multiple Imputation assuming missing at random (MAR).
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Le futur: Les jumeaux numériques

Digital twin
The virtual representation composed of models describing
temporal +/- spatial characteristics of the patient and tumour
with dynamic updates using data from the real world patient

Real patient
The patient and the tumour from which
data are gathered using various clinical
assessments to inform the digital twin

= Imaging v _ Simulations of
Continued e Lab tests Rl potential treatments
assessments « Clinical ) ois can generate
assessments e . predictions of
« Laboratory tests A o 2N outcome and in turn
VVvuQ Data collection et ' % - Simulations g
- » Patient-reported G mmmme < un determine the most
- outcomes T R favorable treatment
N NNy { options
Modelling
Human and digital
e e L ) - twiti igetaction A range of models
[ may be used and
Utilizing the simulated predictions and related potentially integrated.
uncertainties, the clinician and patient can Newly acquired data
make informed clinical decisions around are assimilated and the
TieaEmamy treatment and also the clinical assessments, ::;aamsstie'f"ir;:g: models are calibrated,
which affect the data informing the digital twin updated and estimated

Fig.1| Example of a digital twin of a patient with cancer and the tumour. +/-,and/or; VVUQ, verification, validation and uncertainty quantification. Adapted with
permission fromref. 1, National Academies Press.

Asghar, Nature Review Cancer 2025
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IA: Challenges et perspectives en médecine

Géneration des modeles » Evaluation des modeles » Utilisation en routine

* Big data « utiles » e Par qui, quand et * Formation des
- qualité/homogénéité/ comment? médecins
représentabilité * Robustesse/ vraie vie e Aspect user-friendly
* Sources de données e Autorité de régulation * |A « explicable »
et aspects juridiques e Data scientists
* Stockage des données

a
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I’'lA : vers un affaiblissement des médecins?

THE LANCET
Gastroenterology & Hepatology

This journal Journals Publish Clinical Global health Multimedia Events  About

ARTICLES - Volume 10, Issue 10, P896-903, October 2025 SR CEE RN

Endoscopist deskilling risk after exposure to artificial intelligence in
colonoscopy: a multicentre, observational study

Krzysztof Budzyn, MD 2P . Marcin Romariczyk, MD & 2P & . Diana Kitala, PhD © - Pawet K 100
Marek Bugajski, MD € - Hans O Adami, MD f& . etal. Show more 354

\Y

Affiliations & Notes v Article Info v  Linked Articles (3) vV
30~

254
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20+
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IA en France: sommes nous préts?
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JAMA Internal Medicine | Original Investigation
Comparing Physician and Artificial Intelligence Chatbot Responses

to Patient Questions Posted to a Public Social Media Forum

John W. Ayers, PhD, MA: Adam Poliak, PhD: Mark Dredze, PhD: Eric C. Leas, PhD, MPH: Zechariah Zhu, BS:
Jessica B. Kelley, MSN; Dennis J. Faix, MD; Aaron M. Goodman, MD; Christopher A. Longhurst, MD, MS;

Michael Hogarth, MD; Davey M. Smith, MD, MAS

Figure. Distribution of Average Quality and Empathy Ratings for Chatbot and Physician Responses to Patient Questions

Empathy ratings

E Quality ratings

Chatbot
Physicians
2 > Physicians Chatbot
v v
c =
5 (%)
a a
Very Poor Acceptable Good Very Not Slightly Moderately
poor good empathetic empathetic empathetic
Response options

Response options

Very
empathetic

Empathetic

Kernel density plots are shown for the average across 3 independent licensed health care professional evaluators using principles of crowd evaluation.

A, The overall quality metric is shown. B, The overall empathy metric is shown.

Sarah Watson- Cancéropdle 2025 19.12.25
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_ “Dans la vie, rien
- n'est a craindre, tout

est a comprendre.”

_\\ " . Marie Curie, physicienne
1i1. 1 (1867-1934)
]

|
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