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Une breve histoire de I'IA

Artificial Intelligence Development History Timeline

Alan Turing test - loseph Sony launches the

if a machine tricks Weizenbaum - first robot pet dog Apple integrates ""“'I ’“’:“':"“"h:f =
human into chatbot capable AiBO whose into iPhone Siri - sy .
: B : ¢ virtual assistant available to public
thinking it's of holding personality and intelligent virtual that L testing.
a human, then conversations skills develop over assistant. ! E.nni" pt ml
it has intelligence. with humans. time, :

The first mass- Question
John McCarthy :;::::ﬁ;r: produced robotic answering GPT-3 tool for
introduces the Blue defeats vacuum cleaner computer Watson automated
term ‘Artificial s el Roomba learns wins 1st place conversations is
Intelligence.’ Garry Kasparow. to navigate on TV show introduced
: homes. Jeopardy.

infodiagram.com
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Une breve histoire de I'IA

1940 ~ 1970: The 1%t Al Boom

e— 1st Al Winter

The advent of [+ Limitation of
the idea of Al hardware
* Lack of
] computation
algorithms
* Hardships in
[o linearly
1958: inseparable data
PerceptrOI “problems
1968:
“2001 :
A Space Odyssey”

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

A Brief History of Neural Nets

Neocognitron
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1989:
The first ©

practical CNN

Increase of data
transmission speed

1980 ~ 1990: The 2" Boom

2001:
Release of
Xbox
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2006 ~: The 39 Boom

2006:
Pretraining of
deep belief net
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2nd Al Winter

- Limitation of
hardware

» Shortage of data
sources

* Lack of theories for
hyper parameters

* Vanishing / exploding
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Quelques applications quotidiennes de I'IA

Top Real-World Examples of Machine Learning

Automatic Translation — { l f EL‘: <« Traffic Prediction

:"‘_,;';';:;;". ! . Search Engine
k : “—  Resulis
»- e

Web Saarch and

Virtual —s
Personal Assistant

Wirtual
Assiitants

Eecommentation Engines
il L Online
., "
e 5. <— Fraud Detection
bRge > (f " Real World “"
Rec anltlon Machine Learning Applications 3
tmage Recagnaian using in modenn world riling Fraud Betection
o
- S
Email —_— r".'-" <— Medical Diagnosis
Spam Filtering ‘
Ernail spam filtering Medics! Dlagnesls
Text & Speech Recognitken
Text And Speech
Recognition

https://www.aiiottalk.com/machine-learning-examples-in-real-life/
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Key Artificial Intelligence Statistics FinancesOnline

YOU ShOU'd KnOW REVIEWS FOR BUSINESS

Which processes rely heavily on Al?

Global Al ranked by revenue of use cases:

$8.9
BILLION $7‘6 $7.2
o 364 $60 457 ¢54 954 $53 g5

BILLION

BILLION

BILLION BILLION BILLION BILLION

2

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

B How do organizations and leaders perceive Al?

Al and machine learning are game-changers 71%
Al is useful singling out opportunities using data T
Al and machine learning are their most significant initiative [ N N N ;1
| Al tools have boosted productivity - A
have defined Al strategy .
projected increase in labor productivity from Al use I 0%

n What are the top benefits of Al adoption?

|79%, ‘75%’ . 72%, 59%’ N

makes work easier allows them to move foolproofs their business improves use of big data
and more efficient to new ventures for the future in their organizations

’d'
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Définitions et modeles: IA

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/
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Définitions et modeles: apprentissage

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

Western Digital.

https://laptrinhx.com/supervised-vs-unsupervised-learning-1861950659/
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Définitions et modeles: IA générative

IA capable de générer du « nouveau contenu »

... a partir de ce qu’elle a appris!

Texte, images, sons, vidéos,...

IA non-supervisée
« Réseaux antagonistes de neurones (GAN)
» GPT (Generative Pretrained Transformer)

Applications en médecine
+ Conseils
 Téléconsultations

Mémes biais que I'TA non générative!

INTRODUCING
MED-PALM :

MED-PALM2: ChatGPT médical de Google
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Développement d’'un modele d'IA

Machine Learning

: _ Algorithms Predictive Model
Historic data

New Dala Pradictive Madel Predictions

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

10
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IA et cancer

Prevention Screening Diagnosis

L

PATIENT PATHWAY

Treatment Response Follow-up

Staging

N N
I rd
; " o :/.-
B 1) .~ o . e 2y o TR A
Convolutional neural networks for | = = Graph models for tumar
lung cancer screening in low-dose | classification from unstructured
computed tomography | ~"| Bene expressions
g - A - 2 =
/ : Ii;r'.f. : . ,—'/. | I|' .‘j ; \\- | / = 4
[\ P | o b F . | Seoohhe| o i i I
iographic Ppatient-reported’ Wil " bayesian - A&
racilrirc:agrianph’lc |/ outcome | cancer . heural \models  graph
aging | B genome A " networks mo%@,s
U = activity monitors, ""Sa{ Y
[ : : ' models
i biopsies, wearables support vector k
ctDNA machines k
[ = Gt markov
lirpeergltf.:é:'le medical decision models
records trees
L A A

Kann, Cancer Cell 2021 1
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IA a visée diagnostique: analyse d'images
LETTER

doi:10.1038/ nature 21056 Skin lesion image Deep convolutional neural network (Inception va) Training classes (757)

/@ AcralHentiginous melanoma
@ Amelanctic melanoma
/@ Lentigo melanoma

Dermatologist-level classification of skin cancer
with deep neural networks

Andre Esteval*| Brett Kuprel's, Roberto A. Novoa?, Justin Ko?, Susan M. Swetter™4, Helen M. Blaw® & Sebastian Thrunt

Biue nevus

Halo nevus
= Convolution Mongolian spot
= AvgPool -
= MaxPool [\
=]

= Concat

Training dataset: 129 450 images, 757 maladies = Dropaut :

= Fully connected

A V AV AV AV AV

= Softmax .
a Carcinoma: 135 images Melanoma: 130 |mages Melanoma: 111 dermoscopy Images
1 ; 1 o L i 1 —— _'I'__l__jl
sl
] ] [}
L 1y
> i & H-=x
Test dataset 3 z i z 155
ES = Eoa = v
1 1 [ %
Comparaison algorithme vs 21 dermatologues z 3 L 8 LY
@ L Z L
1 1 1 1
— Algorithm: AUC = 0.98 — Algorithm: AUC =0.94 | ! — Algorithm: AUC =081 | |
® Dermatologists (25) ® Dematologists (22) I ® Dermatologists (21) 1
* Average demmatologist # Average dermatologist | | # Average dermatologist .
0 HE | 0 i -
0 1 0 0
Sensitivity Sensitivity Sensitivity
12
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Article

International evaluation of an Al system for

breast cancerscreening

hitps:/jdoi.org/10.1038/541586-019-1799-6

Received: 27 July 2019

Accepted: 5 November 2019

Published online: 1 January 2020

Scott Mayer McKinney"***, Marcin Sieniek'*, Varun Godbole'™, Jonathan Godwin™,
Natasha Antropova®, Hutan Ashrafian®*, Trevor Back®, Mary Chesus®, Greg S. Corrada’,

Ara Darzi***, Mozziyar Etemadi®, Florencia Garcia-Vicente®, Fiona 1. Gilbert,

Mark Halling-Brown®, Demis Hassabis®, Sunny Jansen®, Alan Karthikesalingam™,
Christopher J. Kelly™, Dominic King™, Joseph R. Ledsam®, David Melnick®, Hormuz Mostofi',
Lily Peng', Joshua Jay Reicher", Bernardino Romera-Paredes, Richard Sidebottom™®2,
Mustafa Suleyman’®, Daniel Tse™, Kenneth C. Young®, Jeffrey De Fauw™™ & Shravya Shetty*™*

IA a visée diagnostique:

radiologie

Training dataset:

mammaographies de 25 856 femmes (UK)
Test dataset:

mammaographies de 3097 femmes (US)

Comparaison aux performances de 6
radiologues indépendants sur 500 examens

Breast cancer in 2 years (USA)

Sensitivity

Breast cancer in 1 year (USA)

0 0.2 0.4 0.6 0.8
1 — Specificity

| [ [ | |
0.2 0.4 0.6 0.8 1.0

1 — Specificity

13
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IA et anatomopathologie

e SRR A2ty - A P TR g
“’- : o .‘q.n- !

a Semantic layers X Applications of Al in histopathology

IS NSNS N EEE I EE NS EEEEEEE

' Transcriptomé N

Genome =

" shapes the...
Automate
diagnostic tasks

Predict outcome
and response

Infer molecular
alterations

Shmatko, Nature Cancer 2022

14
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IA et données biologiques

Type de donnée Exemple de prédiction

Séquence ADN

Genes exprimés (ARN)

Séquence protéigue

Structure moléculaire

Réseau d'interactions protéiques

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

Régulation transcriptionnelle
Modules de co-expression
Classification diagnostique

Fonction de la protéine
Interactions protéigues

Activité anti-cancéreuse
Toxicité
Génération de nouvelles molécules

Effets secondaires

Greener, Nature Review Molecular Cell Biology 2021

15



IA et transcriptome: I'example des CAPI

Homme de 32 ans

Métastases osseuses et ganglionnaire diffuses =

A V AV AV AV AV

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

legérement clarifié. #

Immunohistochimie: ;
CKAET1/AE3, CK8/18, EMA - marquage intense des cellules tumorales, hétérogéne, d'environ 70% des * i
cellules.

CK19 - marquage de rares cellules tumorales ‘
CK7, p40, PSA, HepPAR1, TTF1, CDX2, pS100, CK20, HER2, SALL4, CD56, Synaptophysine, —
Chromogranine A, CD3, CD20, CD79% : absence de marquage '
CD10 : marguage hetérogéne d'une partie des cellules tumorales

PAXS - marquage nucléaire intense de la majorité des cellules tumorales
Racémase: marquage d'une partie des cellules fumorales

GATA3 : marquage nucléaire faible de rares cellules tumorales.

Ki67 : 60% des cellules tumorales

Vimentine: marquage d'une partie des cellules tumorales

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

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

Cases by Major Primary Site

Skin - Sun Exposed (Lower leg)
Cels - Cultured fibrodlasts

Tissu gene expression profile (GTEX) (Primary) Cancer gene expression profile (TCGA)

20,918 échantillons représentant 207 types de cancers et tissus normaux

17
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TransCUPtomics

Data pre-processing (normalization and scaling)
Features selection (n=5000)

Variational autoencoder to encode the inputs
over 100 latent spaces

RF/KNN model trained on the latent spaces
Python package build following FAIR principles of
reproducible research

Genes

TPMvalues I
Build

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

Test — RNA-seq

(New sample)

Classifier Prediction
(Probability of
belonging to a class)

ﬁ
Predict

18
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UMAP_2

Performances TransCUPtomics- dataset d’entrainement

157 N_SPLE
N_gpp-sC N_ART-TIB
N_BREAST
N_LUNG - N Appve® N_ART-CRN «
B N_ART-AO N_HRT-AA
i <N_ws
10 N N_LIVER
T_LAML -
N_CLN-TRA
- N_MUS-SKE
~p
0-MUC
N_HN 7%
51 , AN
3 » ,
T_LUAD N_STOM N_MSG K_SI-Ti N_HRTLY
T_DLBC :
. N .
! N T Tel N_FHYR N_OVARY N_NERV-TiB
] ¢ & A
T_ESCA T LIHC . T 1M —
N_EBV-LYM N TEB o
] ~
0 T_HNSC N _BLAD /f- | e
T_PAAD L
: }i{? BLCA - T_THYM T_KIRC
Tefsc T KIRP N_ADRNL T ace % N_BRA-CERH
- N_BRA-CER
T_PANET 7 N_TEST N_cML-CL =
NKDN-CTX
-1 X T UM T_PCPG N_BRA-NA
~ - T_MESO facAu
T_SKCM T_scLC
T_READ T_MPNST N_BRA-HYP  N/BRA-PUT
P COND T_DDLPS }—T_UPS TIHCA \ BRAS N BRA-SPI
N / T_88 g - _
: T.UCs T_Tect T_KICH N_BRA-HIP 4 N-BRA-AMY
101 T_UCEC N_BRA-CTX _BRA-ACC
B N_BRA-FCTX
T.ov T_PRAD T_GBM
T.LGG
-10 -5 0 5 10 15
UMAP_1

Predicted cancer type

Proportion of
diagnosed
cancer type

et

cccle =

GFIZD
5]

=

SR O

V\ O W 0 50 100
«/ngg Q@q:oN 3 (° S
<

Precision
(%)

2 o0 ¥
33’ SOOE
O RS

\\o\x 2
3% v \Q~\‘\\?\\)?“\>%
RO \‘

Diagnosed cancer type

Précision > 96% pour détermination du TOO

19
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UMAP_2

Dataset de test: cohorte de 48 CAPI

L N_SPLE
N_ADP-SC N_ART-TIB
N.LUNG
& N_BREAST N_ADP-VSC N_ART-CRN
‘. N_HRT-AA
g N_ART—AO
10 N_LIVER
T_LAML N_GLN-TRA .
N_ESO-MUS
N_MUS-SKE
N_VAG  N_ESO-GEJ
N_ESO-MUC N_SKIN-S NCERV
N_HN '3 TN N_HRT-LV
53 18 - N_SKIN-NS N PROST y FaLLOP N CLN-SIG
\LUAD,-29 N_STOM N_MSG N_SI-TI N
7}1‘5 TBLEC N_OVARY N_NERV-TIB
15 a2 _NERV-
o
a0 N NN T,STAD  T_CHOL . :,
| 35 3?45 \ 4 12 28’."8 [ ]
7 es&a T e N_THYR T_LMS
0- T_HNSC 13 N_BLAD 40 NTEE N_PITUI
T wses | 30 [T BLcA @46 T _THYM TKRC N _EBV-LYM N_PANC =
24 O\ o %03 21 T_PAAD @
5 N_ADRNL N_BRA-CERH
20 6 \T_CESC 36 ®
17 19 T_KIRP z;PT—PANET N_TEST N_BRA-CER
224 T_ace N_CML—CL
=5 - T_BRCA T_MESO TUM  NKDN-CTX TPCPG
e ®,, TmPNsT 2514 T skem N_BRA-SN\ N-BRA-CQU_N_BRA-NA
T ] Dcsips , e T sclc N_BRA-RNP  N_BRA-PUT
T_COAD . ~T_TGCT #3 T_kicH N-BRA-SPITTBRA_HIP
- CA\N_BRA-AMY
T_UCS N_BRA-CTX A
-10+ T_UCEC— 53 31 N_BRA-FCTX *N_BRA-ACC
T
T_GBM
26 T_PRAD T LGG
10 5 0 5 10 15
UMAP_1

Identification du
TOO dans 80% des
cas

20
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Faisable en routine clinique!

UMAP_2

ACUP1

e pee.

[ .

g a8

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

=> QOrientation Immuno + anti-
angiogénique

Kidney renal clear cell carcinoma

ARUPT

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

10

21
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Paysage moléculaire des CUP

10

-10

-10

10

* Breast

¢ Colorectal

*  Gynecologic

# Head and neck
*  Kidney

s Liver

* Lung

® Pancreatobiliary

2022: packaging
TransCUPtomics + partage
PFMG2025 : plateforme
bioinfo (N Servant)

2023: Utilisation en routine
dans le cadre de la RCP CUP

RNAseq-TransCUPtomics

Pierre Gestraud
22



Orientation diagnostique des patients-RCP

Suspected TOO Final diagnosis Evidence

Clinical + Pathglﬁglcﬂghi@@fﬁédla‘r: 83

CUP: 93

Lung: 20

Pancreatobiliary: 13
Colorectal: 8 |

Stomach: 6

Kidney: 12' "/ /l#"
Breast: 12 /

Gynecologic: 8 I //'I/

Sarcoma: 4
Other: 2

lA\\ -
rcom 7 __..-',Ilﬂ N
= I =4, .. \

Skin.: 7 e

¢ . / ' Clinical + P : i:ﬂ
. Other.: 7 Z L \

Urinary tract.: 6 SN
l\ \ \ \l}:.__

“““Molecular: 7 §l
Urinary tract: 4 Hoagany - '
Skin: 3 ead and nec| : A -
Shymachoes - Clinical + Molecular: 5 B

Prostate: 1 Intestine.: 1 \

Head and neck: 1 Liver.: 1 Pathological: 4 =
Made at SankeyiViATiC.com
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RESCUE : Revolutionizing and Structuring Cancer
of Unknown primary patient care: the path to
curE

Projet médico-scientifique visant a transformer le pronostic des CUP et basé autour de 3 axes
stratégiques

= Axe 1 : Identifier I'origine de la maladie, enjeu scientifique
Créer de nouveaux outils diagnostigues pour identifier l'origine de la maladie pour tous les patients

= Axe 2 : permettre a tous d’avoir acces a I'innovation médicale, enjeu opérationnel
Améliorer la rapidité et la fiabilité des recommandations thérapeutiques émises par les experts médicaux en
routine cliniqgue et promouvoir le transfert des innovations scientifigues en vraie vie.

= Axe 3 : innovation, créer un réseau national pour lutter contre la médecine a deux vitesses,
mise a |'échelle

Créer un réseau de centres experts labellisés pour garantir ['équité a une prise en charge de pointe sur

l'ensemble du territoire national,

24
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Développement IA en cours

Scores

0.99

0.97 1

0.95 1

0.93 1

0.91 1

0.89

Performances for each step

0.874

0.854

0.831

0.81 4

0.794-

0.77 1

0.75 -

Accuracy

Precision

0 transCUPtomicsV1 RF
0 transCUPtomicsV2 RF
I Hiearchical RF+RF

-
&

L. Broihier

P. Gestraud

N. Servant

Optimisation du
dataset d’entrainement

Optimisation du
classifier de DL

A terme: modele
multiparamétrique

25
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IA: Challenges et perspectives

(0P
2

Génération des
modeles

Big data « utiles »
qualité/homogénéité/
représentabilité
Sources de données
et aspects juridiques
Stockage des données

Evaluation des
- modeles

# Utilisation en routine

« Par qui, quand et
comment?

* Robustesse/ vraie
vie

« Autorité de régulation

 Formation des
médecins

« Aspect user-friendly

« IA « explicable »

« Data scientists

26
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Top 4 obstacles to Al adoption

m
NG BN

57% 52% 49%  45%

Difficult to hire new staff  The cost of adoption The cost of adapting Lack of skills among
with the right skills operational processes existing staff

Source: Ipsos | ARTIFICIAL INTELLIGENCE — adoption by European business

“Artificial intelligence software or systems can be acquired via different sources.

Which of the following have been used? Please confirm all that apply » GAME CHANGERS Ipsos J

27
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IA en France

Etats-Unis

Chine

Royaume-Uni

Israel

Canada

sommes nous préts?

397 Société > Economie

France - 391
Inde 338
Japon 333
Allemagne 319
Singapour 193
Corée du Sud 189
Australie 147
Suisse 123
Suéde 94
Espagne 94

o

500 1.000 1.500 2.000

2.500

3.000 3.500

Nombre de startups

4.000

4.500

5.509

‘PREN

Pays avec le plus grand nombre de start-up financées dans le domaine de l'intelligence
artificielle de 2013 a 2023

28
5.000 5.500 6.000 6..

https://fr.statista.com/statistiques/1466139/start-up-pays-intelligence-artificielle-ia/
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De nouveaux modeles pour de nouveaux

medicaments

Small-molecule
structures

Clinical data

i
- e ~
Genomics &+ i ¥

Drug ADMET

\ Jj Growth inhibition
Tr‘anacnptomms \U O/ { b 'I

W@ J chemicaiicrisPER/

. D ANAi scroans
Features
O————— i ajriniay

Epigenorrics /3 O\ Synthatic lsthality
. S -1@ S
- Viable = Lethal
‘QM -9 —48

Proteomics Biclogical netwaorks
‘ ke :\4&’

Machine learning

— k‘“"_ff.—-——._
2 . e 'I 2
tq oo o* 0660.f00 i*i?

Gob oo bee G0 BbEs o6 ‘oo

Target Ftaeeion Lead indcaton
discovery ﬂptmlﬂﬂﬂ" salection

Bhinder, Cancer Discovery 2021
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“Dans la vie, rien
n'est a craindre, tout

est &8 comprendre.”

Marie Curie, physicienne
(1846/7-1934)
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