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Apprentissage automatique des
machines d’Alan Turing (1948 & 1950)

J—

Une machine qui pense Machine qui posséde un grand nombre de
ou simulation d’un — connaissances sur le monde environnant

A et la réalité sociale
etre pensant

" C’est FASTIDIEUX de transférer
les connaissances
& aux machines




Création de l'intelligence artificielle
(1955)

1956 Dartmouth Conference:
The Founding Fathers of Al

ordinateur

Simuler

MATHEMATICIENS
John Mc Carthy;
Marvin Minsky

Les facultés cognitives :
- humaines
- animales




Autres simulations pour créer
"intelligence artificielle (1A)

Différents modeles:

Il \ \ Maturation des idées

/ \ dans la société

Plasticité

Synaptique:

Evolution des connections
entre les neurones du cerveau

‘ formalisme

Appareil mathématique élaboré

Auto-
organisation
des insectes
sociaux

Evolution des
especes




Machine auto-reproductive

* Malware : propagation virale du mal
* Mais machine a effet « domino »: duplication

Principe de I'amorcage en

: . e Les machines entre elles
intelligence artificielle

tirent bénéfice de leurs
différentes versions

\

France : Jacques Pitrat

USA : Paul Amarel , Herbert Gelertner
Exemple : AlphaGO s’améliore

P ¥ PV FES . en tirant partie
Q de ces versions antérieures




IA restreinte %
Prédiction domaine A \-s -

Data (domaine )

A)
Prédiction domaine B ou C ¢
|IA générale - PREDIT TOUT !!! ‘ Singularité technologique

L'IA machine deviendra
plus intelligente que 'ensemble
de I'humanité




Loi de Moore et mur du Silicium

N

10 miilicrds de transistors
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Taille minimale de quelques nanometres
pour avoir plusieurs atomes par transistor



Septembre 2019 Google atteint la
suprématie quantique

Sycamore

1,5 millard de fois plus rapide
gu’un supercalculateur classique

Vérification d’une série aléatoire :
Sycamore réalise la tache

en 200 secondes au lieu de
10000 années pour Summit
supercalculateur




@ @ @ ® ®
1950 1955 1961 1964 1966
TURING TEST A.l. BORN UNIMATE ELIZA SHAKEY
Computer scientist  Term ‘artificial First industrial robot, Pioneering chatbat — The ‘first electranic
Alan Turing proposes  intelligence’ is coined Unimate, goes to developed by loseph person’ from

® @ '
1997 1998
DEEPBLUE  KISMET

Desp Blue, a chess-
playing computer

Cynthia Breazeal at
MIT introduces

atest for machine by computer wiork at GM replacing Weizenbaurm at MIT  Stanford, Shakey is a from IBM defeats Klsmet, an
intelligence. If a scientist, John humans on the holds conversations  general purpose world chess ermotionally
machine can trick McCarthy to describe assembly line with humans mobile robot that champion Garry intelligent rabot
humans into thinking “the science and reasons about its Kasparov insofar as it detects
it is human, then it engineering of own actions and responds to
has intelligence making intelligent pecple’s feelings
machines”

L L L L L L L @
1999 2002 2011 2011 2014 2014 2016 2017
AIBO ROOMBA SIRI WATSON EUGENE ALEXA TAY ALPHAGO
Sony launches first  First mass produced  Apple integrates Siri,  |BM's guestion Eugene Goostman, a2 Amazen launches Microsoft's chatbot  Google's Al AlphaGo
consumer robot pet  autonomeus robotic  an intelligent virtual — answering computer  chatbot passes the  Alexa, an intelligent  Tay goes rogue on beats world

dog AIBO (Al robot)
with skills and
personality that
develop over time

vacuum cleaner from assistant with a voice \Watson wins first

iRobot learns to
navigate and clean
homes

interface, into the
iPhone 45

place on popular
S1M prize television
quiz show leopardy

Turing Test with a
third of judges
believing Eugene is
human

virtual assistant with
a vaice interface that
completas shopping

tasks

social madia making
inflammatory and
offensive racist
comments

champion Ke Jie in
the complex board
game of Go, notable
for its vast number
(2170) of possible
positions



La machine
a besoin

de la méme
intelligence —
pour faire
ces deux

1X2X3
= petit calcul

1254873 X 98521476 X 5214735
= gros calcul

calculs

\



Simulation informatique de
L'Intelligence

Intérét
de l'algorithme Modélisation

Formaliser la représentation
des connaissances

du raisonnement

Intérét MINEUR : la performance de l'ordinateur car seul la puissance de calcul
ne donne aucune réponse et aucune explication



. .. glucose
Services cliniques

DONNEES
CLINIQUES

laboratoires loT SENSORS Activité

imagerie sommeil

Soins palliatifs

QUALITé DE

Controéle de la
douleur

metabolisme VIE

WES

Target sequencing ]
RNAseq Santé mentale



NOTION DE NOTION DE

DATA VERSUS DATA NON
STRUTUREéES STRUTUREéES




Intelligence artificielle: données

structurées

Data structurées = MATRICE DE NOMBRES

K. |1 2 3 4 5 B 7 8 9 10
1 k1 2548 14033 14116 4723 4397 19418 11952 17206 16947 191.93
2 2 17038 B.52 46.83 4326 11270 6564 1405 17377 12285 16757
3 3 14312 14226 11208 12557 4394 17558 17373 10047 8327 191.42
4 4 12181 9252 13444 7094 13291 8018 4402 14611 181.02 17512
] 5 B338 8443 13198 18519 13301 16676 7392 11091 3.38 134.56
B 6B 7311 13947 9462 5881 11865 4633 2813 16326 1674 3591
7 7 B8.38 13944 6277 1821 14830 11242 111.34 10753 16856 136.65
8 8 11200 5416 17321 4870 7324 4663 17673 17478 12373 4228
9 3 5307 7613 14443 6612 9147 9155 5415 12237 2598  96.80
10 | 10 18082 4653 3704 2840 17747 1357 17963 11116 11341 16892
11 | 11 367 106,53 19119 12657 6028 19333 6777 1715 7076 5203
12 | 12 18464 4633 18724 7953 7520 15387 14217 5285 3084 5380
13 | 13 139357 17913 532 5493 13952 18703 9140 11.84 14576 10471
14 | 14 5086 9402 7338 2744 3658 421 /828 5048 15000 133912
15 | 15 8316 17410 8281 5653 2755 7820 7002 18997 14897 2300




OMICS en médecine

* Les technologies des Omics sont apparues au cours
des années 90s dans le méme temps que le projet
de séquencage du génome humain

* Mot qui dérive du terme « OM » en sanscrit qui
définit la globalité

e « OM » est utilisé comme suffixe dans diverses

technologies qui étudient la cellule dans sa
globalité : OMICS

* exemple : transcriptomic = (transcript + omic) =
étude globale des transcripts dans la cellule

Nicholson, J.K. Reviewers peering from under a pile of 'omics' data. Nature 2006;
440(7087): 992



CGHarray

SNParray Epigénomique . .
sequencing Transcriptomique
chromatine:
, . histone interactions transcriptome
genomique Facteurs de transcription RNA-sequencing
CHIP-seq | insulateurs Single cell RNA-sequencing

Open : ATAC-seq, DHSseq

Métabolomique Protéomique

Lipidomique

Quantification de

Métabolites biochimiques Spectométrie de masse
dans la cellule Quantification de Lipides



Image colorée
numeérique
(RGB)

28 pixels (height)

RGB : red - bleu - vert
3 canaux de couleurs / pixel

28 picels (width)
Color Image 3channels

Image : c’est un tensor
d’ordre 3

Une sorte tableau en 3D

Widen: 4 Unies
(Pixeis)



Texte : natural language processing

e Etude du language par textmining par exemple
dans les compte rendu médicaux

* La langue : anglais, francais ...etc
* Stemization
 Token : relation des mots entre eux

 Comptage des mots: « wordcloud » ,,,]edsmﬁieﬁl%u“;’n"a'iﬁi.s;n; ——

visualized "¢

I E

s § !oak

rjlra?qE |uu repnrtg data

enuuuh;m i ™Y yiolence [ S s
ua IZH Iony
al tak new “5399

ln?ck ‘ L cu dlus(rale

Ilke

Li; context

85&7( ot v
@

‘5 example =

Y ==
m|ghl& repurt!ng

= .Times &

derst




SUPERVISION des données

/SUPERVISéES / NON SUPERVISEES

2548 14033 14116 4729 4997 19418
17038 652 4689 4326 11270 6564 | 2548 14039 14116 47.29 4997 19418
14912 14226 11208 12557 4394 17558 17038 652 46.89 43.26 11270 65.64

121,81 9252 13444 7094 19291 8018
£3138 8443 13193 19519 19301 16576 14312 14226 11208 12557 4394 17558

7311 13947 9462 5881 11865 4639 12181 9252 13444 7094 19291 8018
6833 13944 6277 1821 14830 11242 6338 8443 13193 18519 19301 16676
DATA entrantes: ,u sus ma wn wa s 7211 13947 9462 5381 11865 4639
: 59.07 7613 14449 6612 9147 9155 - - - - : "
Matrice X e e I e 6833 13944 6277 1821 14830 112.42
367 10853 19119 12657 €028 19333 11200 5416 17321 4870 7924 4663
18464 4699 187.24 7953 7520 15387 5907 7613 14449 6612 9147 9155
133.5¢°) 17913 |:5.32¢ |:5493 | 13952 ['187.09 18092 4653 37.04 2840 177.47 1357

50.86 9402 7338 2744 3658 4.2

8316 17410 8281 5653 2755 7820 3567 106.53 | 191.19 | 126,57 | 60.28 | 133.33

18464 4693 18724 7953 7520 153.87
13957 17913 532 5493 13352 187.03
50.86 9402 7938 2744 3658 4.2
8316 17410 8281 5653 27585 7820

Y prédiCteurS DATA entrantes:

K Gl;Gl,GZ,GZ,Gy Matrice X




Algorithmes de classification

Algorithmes de régression

0 2 4 6 8 10 14 AdjR2 = 0.66679 - Intercept = 4 7776 - Slope = 0.88858 : P = 2 3255e-37
g
[H I N NN A B B

Sepal.Length

| I I | I
0.0 0.5 1.0 1.5 2.0 25
Petal Width



Différentes approches

Machine
Learning (ML)

Supervised Learning
(Labeled)

Unsupervised Learning

(Unlabeled)

l Reinforcement Learning I

Hooman H. Rashidi,Acad Pathol. 2019

Classification
(Discrete & Qualitative)

Clustering
(Discrete)

Dimensionality Reduction
(Continuous)

‘ ' Input Data--> Output is a

; Class

' Input Data —> Output is a
Number

Input Data —> to find
Input regularities

Input Data —> to find the best
lower dimensional
representation

Agent -> Action ->
Environment -> Reward (or
penalty)-> Agent Learns



https://www.ncbi.nlm.nih.gov/pubmed/?term=Rashidi%20HH%5bAuthor%5d&cauthor=true&cauthor_uid=31523704

Size Shape General Texture Markovian Texture
Nuclear area Perimeter RBun length Angular second moment
DNA content (pg) Elongation Configurable run length Contrast
Absorbance Min diameter Valley, slope, peak Correlation
A absorbance Max diameter sSD Difference moment
Sum absorbance Cell Feret X Inverse difference moment
Cell Feret Y Sum average
Shape Sum variance
Sum entropy
Entropy
Difference variance
Difference entropy

Information measure A
Information measure B
Maximal comrelabion coefficient
Coeffident of variation

Peak transitional probability
Diagonal variance

Diagonal moment

Second diagonal moment
Product moment

Triangular symmetry

Wolfe P. Cancer Epidemiol Biomarkers Prev. 2004
Jun;13(6):976-88. PubMed PMID: 15184254.



PRODMOM<194 49

88 cells | (92% CA) 112 cells | (83% normal)

Cellules normales (0)

versus

Cellules cancéreuses (1)

Selon 6 criteres morphologiques

DIFFVAR|<18.065 SUMVAR |<1830.78

CONTRAST | <39.665

1 5 <699 81 PEAK | <87
0 %cmm 0
64 A 1 [ 55
12 5 3 ' ‘ PGDNA|<7.735
1
12 |

0 0
14 31

Wolfe P, Cancer Epidemiol Biomarkers Prev. 2004



Using nuclear morphometry to discriminate
the tumorigenic potential of cells: A
comparison of statistical methods

VALLEY  PGDNA PRODMOM DIAGMOM COEFFVAR

DENSITY PERIMETER CELLAREA SUMOPT

\

COEFFVAR DIAGMOM PRODMOM PGDNA  VALLEY  SUMOPT CELLAREA PERIMETER DENSITY

Wolfe P, Cancer Epidemiol Biomarkers Prev. 2004




ROC Curves for 3 Classifiers
o, 1
@ _
o
>©
S o :
=
® Kernel Density AUC=0.952
B s Linear Discriminant AUC=0.959
o
-
o
l:s- 1 | | 1 1 |
0.0 0.2 0.4 0.6 0.8 1.0
1- Specificity

Wolfe P, Cancer Epidemiol Biomarkers Prev. 2004

receiver operating characteristic

AUC : aera un der the curve



@ Rstudio R—

Lo | O s

File Edit Code View Plots Session Build Debug Profile Tools Help

| FE ~ Addins

) || A Go tofile/function

L = = |

(&I project: (None) =

@] seurat_analysis.Rmd* = & | PCA_and_clustering.Rmd —["]  Environment History Connections =c
[ 3| X |4 knit - @ Insert - | i ==Run - | & - | £ | | 57 Import Dataset - | & List - | ()
1i- |’“ e Global Environment =
2 title: "seurat analysis" & Q
3 output:
4 md_document:
5 variant: markdown_github SC Rl PT Environment is empty
[ R—
: DATA
& analysis of data using seurat package, following tutorial at:
9 http://satijalab.org/seurat/pbmc3k_tutorial. html
10
11 we recommend that you follow steps XX in the tutorial.
12
13 seurat has specific functions for loading and working with drop-seq data. please use the provided
dataset for PEMCs that comes with the tutorial. But you can also run with your own data or with the
| example data, but keep in mind that may functions assume that the count data is uMIs. Below is an
example with human innate Tympoid cells (ILCs) from Bjorklund et al. 2016.
14
15~ ### Load packages
16~ "~ {r} = r
17 suppressMessages(require(Seurat)) Files Plots  Pack Hel i
18 suppressMessages(require(gridextra))
19 | Mew Folder | @ Delete =] Rename | {0F More -
5‘1’ ) Y Home
22 - ### Load expression values and metadata A Name Stze Modified
23 O & ‘Rhistery 2478 Jul 16, 2018, 4:29 PM it
24~ "7 {r} = » O = Ay
25 R <- read.table("data/ILC/ensemb]l_rpkmvalues_ILC.csv",sep="," ,header=T,row.names=1)
26 M <- read.table("data/ILC/Metadata_ILC.csv",sep="," ,header=T,row.names=1) P (][] BREVETS
a7
11 [ Seurat analysis & R = L chri i fr.bak %GB Dec 8, 2017, 2:09 PM
Console  Terminal - =0 o 0 christephe.desterke@inserm.frlog 5ME Dec8, 2017, 2:44 PM
iy Il christophe.desterke@inserm.fr.pst 31GB Jul 24, 2018, 2:02 PM
. N . [m] document
| R version 3.4.3 (2017-11-30) —- "kite-eating Tree" 0 & R
copyright (C) 2017 The R Foundation for sStatistical Computing dossier CNU
platform: x86_64-wed-mingw32/x64 (64-bit) [ [ ] EDR package
R is free software and comes with ABSOLUTELY NO WARRANTY. [1] ] EDR package-20171219T1312127-001 zip 9.5 MB Dec18, 2017, 2:22 PM
You are welcome to redistribute it under certain conditions. (1] email PWDit 108 Jun 26, 2018, 1119 AM
Type 'license()’ or 'licence()' for distribution details. - ’ .
(] W emails commission des effectifs.docx 123KB Mar 29, 2018, 12:11 PM
R is a co'l'l;_xhnrat'l've.project w‘l't_h many t_:nntr'ihutors. [ T eppert 2011.pdf 12 MB Jan 22, 2018, 1010 AM
Type ‘contributors()’ for more information and
"citation()’ on how to cite R or R packages in publications. CO NSO LE [ ) ETS113 Dec 2017
Type 'demo()’ For some demos, "help()’ For on-Tine help, or (21 ) ETSL CD 23 fev 2018.2ip 127 MB Feb 23, 2018, 1:31 PM
| "help.start()" for an HTML browser interface to help. ) ™ Etudiants Conseil Faculté élus le12-12-2017.pdf 375KB Mar 29, 2018, 11:36 AM
Type "qQ)’ to quit R. (71 £ Fichiers Outlock
> 1] hble3et 1016 KE Jan17, 2018, 2:37 PM
[ ime
[ W1 lettre commssiens FAC.docx 157 KB Mar 29. 2018. 2:15 PM s
e —

Rstudio aide a traiter les bigdata dans R




Intelligence artificielle dans R (librairies)

e Caret : tunning pour de nombreux modeles de
machine learning

 Random Forest, VSURF : forét d’arbres de
classification

* Neuralnet : deeplearning
* Keras: deeplearning
* GImnet : Ridge, Lasso ; méthodes de pénalisations



Python : langage approprié a
"intelligence artificielle

. o deeplearning . Ke ra S 1'
" NumPy - eeeeeeeee e TensorFlow

Text orientation

B PYTbRCH

-, Hmmm) @
Pandas r

Data visualisation BYr:10004! mat ,
@ python™ . p

Data manipulation




Etapes pour le déploiement d’un
modele d’apprentissage machine

Training Secondary
Data Set bz,
Data Set
| | A v
) Data Processing / Data Split into
Z:?:e'; Co:l):c:on Feature Training / h:.:::::el ML Model Validation Deployment
Engineering Testing Set g
* Multi- * Medical » Data evaluation, * ML Models « Validate & optimize * Deploy
disciplinary Expertise to transformation/ built with the ML models: Goal is optimized
Study Design: validate normalization & optimal Reproducibility/ ML model
“To Addressa medical optimization parameters Generalization
Need” datasets on various
algorithms
&/or CNNs
CROSS VALIDATION

Hooman H. Rashidi,Acad Pathol. 2019



Principaux algorithmes supervisés

d’apprentissage machine

LINEAR REGRESSION LOGISTIC REGRESSION NAIVE BAYES CLASSIFIER
Y Y i
A A . Q I
~ 1

(% cee® °

7
/ / )
/
o ® , o ¥
. / 4 / . ‘ . . i
/ . / . /
/ / .
/ . / ,
. 7 ' // 1 . ./ '.\ \ ‘.
> _ . N
‘ y=mx+b . %/’ P 1+e-(b+m) .‘\’ '
7
/ . . ‘ 4 ‘
» X » X X
k-NEAREST NEIGHBOR RANDOM FOREST SUPPORT VECTOR MACHINE

Majority Vote

.Q:Q
.:0%

Hooman H. Rashidi,Acad Pathol. 2019




Intelligence: complexe inter-connection




synapse b = biais
WoLo

axon from a neuron

dendrite

cell body

f (Z w;T; + b)
Z w;x; + b :

=
output axon

activation
function

w1




CONVOLUTIONAL NEURAL NETWORK

Hidden Layers

al

a at
a2

a2 a2
a3

a3 a3
a4

Output Layer

al

Hooman H. Rashidi,Acad Pathol. 2019




Error Rate

High Bias
Low Variance

Underfitting

Most Accurate Model
based on primary test set

Low Bias
High Variance

Overfitting

Training Phase
e ——

.
Model Complexity
Y
. o ® .® i .® o *
° . g . e 'Y 7
.“e® @ e o e e® o
e o - o o / oo o
e ce® ©® ¢ ‘o @0 .  ce® ©®
e® % o o® " o LA
-7 ° [ ] ° 5.’ [ ] ‘9
X
UNDERFITTED GOOD FIT OVERFITTED

Hooman H. Rashidi,
Acad Pathol. 2019



CHALLENGE
DATASET ‘ Meilleur résultat !




Détection et classification des cancers de
la peau avec des photos de smartphone

,,,,,
......

Esteva A Nature 2017



Skin lesion image Deep convolutional neural network (Inception v3) Training classes (757)

Acral-lentiginous melanoma
Amelanotic melanoma
Lentigo melanoma

Blue nevus
Halo nevus
Mongolian spot

= Convolution Inference classes (varies by task)
= AvgPool
= MaxPool
:g‘:ﬂ":::“ >.—Q 92% malignant melanocytic lesion .

= Fully connected
= Softmax

>.—0 8% benign melanocytic lesion

Esteva A Nature 2017



Bullpus | Sieens 1 Il:rern:ugs
= 1] [ [ L] I}
pemphigoi T 3{: Erosia
syndrome,

Eongenital

Inflammaton; M -cnodermatosis Hyskeratosi

NEn-

neoplastic
Abrasiof

. : utaneous
Skin disease hamphioma

ipoma!
Angiosarcoma

Fibroma'gs . Dermal Benign Malignant C—

Cyst Ilerkel ce!
- arcinomes
piderma/llMelanocytic
Vielanoma Epidermal
Milia
SqQuUAMmous
cell
Hazal cell Ear-nomsa

Esteva A Nature 2017 Earcinoma



Epidermal lesions Melanocytic lesions Melanocytic lesions (dermoscopy)

S~

Esteva A Nature 2017




'algorithme est plus performant
que 22 pathologistes réunis

d Carcinoma: 135 images

ks

1

1

-

|

]

1

|
R R

'

Specificity

Al gorithm: AUC = 0.96
® Dermatologists (25)
+ Average dermatologist

V] i
0 .
Sensitivity
b Carcinoma: 707 images
1 -
]
|
+
1 1
= Lo
s L
8 o
| |
wl [
|
o | = Algorithm: AUC = 098 o
0 1

Sensitivity

Esteva A Nature 2017

=

Specificity

Specificity

Melanoma: 130 images

= Algorithm: AUC = 0.94
® Dematologists (22)
# Average dermatologist
0 1
Sensitivity
Melanoma: 225 images
L
I [}
I I
+ I
Lo
I I
1 1
I I
I I
I I
1 1
= Algorithm: AUC =096 | |
0 1

Sensitivity

Melanoma: 111 dermoscopy images
1

L

Specificity

= Algorithm: AUC = 0.91
#® Dermatologists (21)
+ Average dermatologist

Sensitivity

Melanoma: 1,010 dermoscopy images
1] .

Specificity

== Algorithm: AUC = 0.94 |

0 1
Sensitivity




Basal cell carcinomas * Epidermal benign

* Epidermal malignant
- Melanocytic benign
* Melanocytic malignant

Sqguamous cell carcinomas

Melanomas

Esteva A Nature 2017



Apprentissage profond en radiologie
mammographie breast cancer

Convolutional ___: Region
Input layers proposal St

- N network

Region - : Dense

pooling - - layers

' Malignant

{» Benign

Normal

Detecting and classifying lesions in
mammograms with Deep Learning

Dezs6 Ribli Scientific report 2018



