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SERVICE DE NFORMATIQUE, BIOSTATISTIQUES
HOPITAL EUROPEEN GEORGES POMPIDOU
TEAM 2 “IMAGING OF ANGIOGENESIS”
INSERM UMR_S 1138 EQ22 “INFORMATION SCIENCES TO SUPPORT

}RSONALIZED MEDICINE”
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VERACITY

A,



P. Lambin ¢t al. | European Journal of Cancer 48 (2012 ) 441 446

Toxicité

Proteomics
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VOLUME Entrepdt de données ~ ® 1202 ,.ms /

HEGP .
Demographics (age, sex, Hospital vital 742 487
status)
Vital signs (temperature, blood pressure, 14 million 141 725
weight, ...)
Diagnoses (ICD 10 codes) 6 million 338 871
Medical Procedures (French CCAM codes) 4 million 285 097

Clinical data (EHR DxCare forms) 70 million 468 057

Free Text reports (Hospitalization, Surgery, 3.5 million 359 547
Imaging, Pathology ...)

VARIETY

Lab test results 103 million 379 483

Drug prescriptions 3.5 million 121 441

173

Omics data 80 million
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Demographics (age, sex, Hospital vital 742 487
status)
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Clinical data (EHR DxCare forms) 70 million 468 057

Free Text reports (Hospitalization, Surgery, 3.5 million 359 547
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Lab test results 103 million 379 483

3.5 million 121 441
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* Ethique? > Session JFR Teleradiologie et bases de données,

vendredi 8h30
% * Espace de stockage?
/ * Interfacage image / données? > B Rance
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Quantity of global digital data

2020

Soit 2,5 exaby | al par jour!
(3 milliards d’individus connectés dans le

%



The most common features of study

©  Value Description Matric(px) Bit per px Size Study count
CD Color flow Doppler 768 x 576 8 0,442 MB
O CR Computed radiography 3520 x 4280 12 30 MB 2
CT Computed tomography 512 x 512 16 0,524 MB 40-3000
DSA Digital Subtraction Angiography 512 x 512 8 15-40
DX Digital Radiography 2048 x 2048 12 2
MG Mammography 4508 x 5200 14 45,7 MB 1

MR Magnetic Resonance 256 x 256 16 0,131 MB 60-3000
NM MNuclear Medicine 256 x 256 0,128 MB
PET Positron Emission Tomography - PET 128 x 128 32 MB
us Ultrasound 512 x 512 8 0,262 MB 20-240

XA ¥-Ray Angiography 512 x 512

= TDM cardiaque, de

perfusion...
w IRM neurologique

fonctionnelle...
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”~ 2 4 6 8 10 12 M 16 18 0 22 U X W Hime
phase = 20/ 30
Dursors L x 1 ROI 24,9 me' (30 pix,)

Le radiologue annote les images
dans le PACS = information
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Localisation
Signal T2

Signal T1
— Signal DW

RESULTATS :

Il exsste effectivement un volumineys#Mmyome

Sition corporéale g

sereuse de type 6 de la classifi
Celui-ci mesure 90 x 90 x 80mm
Il présente un signal T2 hétérogéne, Isosignal T1
aux alentours de 1,2 a 1,5 évoc

sarcomalteuse
Apres injection dynamique de produit de contrasif le myome se rehausse de maniére
intense et similaire a celle du myomeétre en périghérie avec une zone centrale
hypovascularisée

Par allleurs, pas d'anomalie annexielle
Pas d'épanchement

Pas d’adénomeégalie (lio-inguinale

d

nypersignal diffusion avec un ADCGlevé
want oluté 1 MyOMme | ! 5
juant ptutot un myome cellulaire quune degeneressance

ADC

Le radiologue fait des comptes
rendus - information perdue!

Diagnhost



project (Stanford, NCI)
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D I M A‘ ; I ; research manuscript. You can subscribe to our | @ Email List | or social media feeds to be notified of new collections and changes to existing collections.

Show | 100 v | entries

Cancer Type + Collection
° . . .-
X e m p e a n c e Ovarian Serous Cystadenocarcinoma
.
Lung Squamous Cell Carcinoma TCGA-LUSC
\
C O r re S p O n d a nt a Colon Adenocarcinoma TCGA-COAD
» Kidney Chromophobe TCGA-KICH
L]
At I a S) C O I I I g e p a Rectum Adenocarcinoma TCGA-READ
A N Head and Neck Squamous Cell TCGA-HNSC
Hospital, Univer s
)

Thyroid Cancer TCGA-THCA

C a n C e r C e n te r : E Glioblastoma Multiforme TCGA-GEM

Low Grade Glioma TCGA-LGG
. . .

U n Ive rS I ty H O S p I Liver Hepatocellular Carcinoma TCGA-LIHC
Lung Adenocarcinoma TCGA-LUAD

® I m a e S a n O n m i Kidney Renal Clear Cell Carcinoma TCGA-KIRC
g y Bladder Endothelial Carcinoma TCGA-BLCA
Breast Cancer TCGA-BRCA

Kidney Renal Papillary Cell Carcinoma  TCGA

Prostate Cancer Prostate-3T

Head and Neck Carcinomas QIN-HeadNeck

Prostate Cancer NaF Prostate (Limited
Access)

Varies QIN Collections {Limited
Access)

a
v

Location
Ovary
Lung
Colon
Kidney
Rectum

Head-Neck

Thyroid
Brain
Brain
Liver
Chest
Renal
Bladder
Breast
Renal
Prostate
Head-Neck

Prostate

Varies

Filter table:

Subjects $

Modalities &

CT, MR

CT, NM, PT

cT

CT, MR

CT, MR

CT, MR, PT

CT,PT

MR, CT, DX

MR, CT

MR, CT, PT

CT, PT, NM

CT, MR, CR

CT.CR

MR, MG

CT, MR, PT

MR
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IMAGERIE ET BIG DATA - BANQUES

D’ IMAGES

* Peu de grandes banques d’images annotées avec méetadonnees

* Neurologie ++
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Hypothesis Driven Research

\\//

Formuler une hypothése




IMAGING

e
P

ANATOMY A
* Démarche actuelle: Tester

chaque biomarqueur = couteux
en argent et en temps

ET

FUNCTIONAL |ANATOMICAL
IMAGING

PHYSIOLOGY .~

* L'image n’est qu'une expression
phénotypique de la biologie sous- METABOLISM
jacente

* Probablement plus d’information
dans I'image que ce qu’on extrait

MOLECULAR
IMAGING

PROTEINS A

°* On n’a pas besoin d’en
comprendre le sens pour quun
? parametre soit utile /utilisable

GENOME




Hypothesis Driven Research Data Driven Research
U

\\ //
-
Collecter un grand

Formuler une hypothese ,
yP nombre de données

4

Analyser & Interpréter

=

Collecter les données

Analyser & Interpréter Générer une hypothese
\ Nouveaux biomarqueurs /




o ==

. on aux profils
« outcome » xpression des genes

(f - — « Radiogenomique »
O




I

A PARTIR D’IMAGES OBTENUES EN ROUTINE CL

= SOUVENT ETAPE LIMITA

3. Traiter les donnée :
- meéthodes bio-informatiques et bio-statistiques

1. REDUCTION DU NOMBRE DE DESCRITEURS SELECTIONNES
POUR LEUR CARACTERE ROBUSTE ET INFORMATIF

2. TESTES POUR LEUR PERTINENCE CLINIQUE







Intemal arteries
& 1

Segal, Nat Biotechnol 2007







nnes

Histogramme des intensilés

373




- centre de la
S distribution

\\}\}TYPES DE DESCRIPTEURS: HISTOGRAMME

ou
- échelle de la distribution

- symeétrie de la
distribution

© www.scratchapixel.com

- « pointu » de la
distribution

Negative Skew Positive Skew positive and negative
(large tail to the left) (large tail to the right) kurtosis
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Histogramme des intensilés
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* Gray level Si bre d’objets de
méme niveaux de aris de différentes tailles

~*®* Neighbourhood gray-tone difference matrix :
/@ontrastes locaux / mouvement de translation







LOSS OF SPATIAL INFO

x 10°
8




: Image initiale
: X

* Cluster 8

(i—mx)(j—r

e Corrélation = 23 p(i,j)

oxX0oYy

* Variance d’Haralick = 2Z[(i-mx)2 + (j-my)2]p(i,j).

* Probabilité maximale = max p(i,j)

Y



L =1 L |
3‘. Association rules
> C4.5

- Random Forest

Clustering Naive Bayses
hierarchique Neural network (aka Deep
A _ ) ;

Approche non supervisée Approche supervisée

(décision a posteriori) (décision a priori)

Classe C1
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. Decoding global gene expression programs in liver
cancer by noninvasive imaging

Eran Segall, Claude B Sirlin?, Clara Ooi*, Adam S Adler?, Jeremy Gollub®, Xin Chen?, Bryan K Chan?,
George R Matcuk’, Christopher T Barry?, Howard Y Chang® & Michael D Kuo?

naturebiotechnolog

* Population d’aprentissage: 38 patients avec CHC
— 138 caractéristiques en imagerie sur des scanners

—Analyse microarray de 6,732 genes
* Population test: 32 patients avec CHC

Segal, Nature Biotechnol 2007




Fraction of
transcriptome reconsirucled

6,732 gene expression levels

138 imaging traits

32 imaging traits

(microarray)

116 gene modules

10

Mumber of imaging traits used

6,732 genes

v

116 modules

Global module
map

—— 28HCC ——

Necrosis, percent

Internal septa

Texture heterogeneity, portal-venous phase
Tumor margin score, minimum
Enhancement pattern

Internal arteries, rank

Hypodense halo

Wash-out, maximum

Internal arteries, density

Tumor - liver difference, maximum
Corrected imaging area

Necrosis, density

Tumor margin score, maximum
Texture heterogeneity, arterial phase
Internal arteries, necrosis edge
Capsule

Wash-in, maximum

Infiltration, percent

Tumor - liver difference, minimum
Attenuation - heterogeneity score, maximum

Segal, Nature Biotechnol 2007




Q  Module 697; b  Moduesos: C  Module 536:
cell proliferation liver synthetic function ECM remodeling

Tumor - liver difference, minimum Internal arteries, density Tumor margin score, minimum

e ——

Attenuation heterogeneity, maximum ‘ i A Tumor - liver difference, maximum
9 Y Attenuation heterogeneity, maximun ;

—— = T

Tumor margin score, maximum Necrosis, density Enhancement pattem

I
ﬁ 1 l Corrected image area

GMNN : THBS1 and THBS2
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COMMUNICATIONS

ARTICLE

Received 25 Nov 2013 | Accepted 29 Apr 2014 | Published 3 Jun 2014 | Updated 7 Aug 2014

Decoding tumour phenotype by noninsi
imaging using a quantitative radiomics approach

Hugo JW.L. Aerts"234* Emmanuel Rios Velazquez'?*, Ralph T.H. Leijenaar’, Chintan Parmar®Z,
Patrick Grossmann?, Sara Carvalho', Johan Bussink®, René Monshouwer”, Benjamin Haibe-Kains®,
Derek Rietveld”, Frank Hoebers', Michelle M. Rietbergen®, C. René Leemans®, Andre Dekker,
John Quackenbush?®, Robert J, Gillies® & Philippe Lambin'

* 7 sets de data : cancers poumon et ORL = 1,019 patients
* 440 caractéristiques de radiomique

* Corrélation a la survie et aux profils d’expression génique

Aerts, Nature Commun
2074




| "RADIOMIC W

Training | Validation

< | >

RIDER Multiple Lung1 H&N1 H&N2
test/retest delineation Maastro Maastro VU Amsterdam
NSCLC

n=422

Radiomics
features
definition

HNSCC HNSCC
n=136 n=95

n=31 n=21

N

Stability rank Stability rank Radiomics features
features features

v v v
Radiomics features Radiomics features Radiomics features

eature selection based
on stability ranks and
performance

v v v

Radiomics signature | | Prognostic Prognostic  Prognostic validation

\ (containing four WS S
Test des param etres features) | validation validation H&N cancer cohort
| lung cancer cohort H&N cancer cohort
I

selon leur robustesse

Populations de validation
Aerts, Nature Commun
2014

Population
d’apprentissa



Features:
(I) ‘Statistics Energy= overall density of the tumour volume,

(I) ‘Shape Compactness’ = how compact the tumour shape is,

o

* Les mémes quatre

(Ill) ‘Grey Level Nonuniformity’ = intratumour heterogeneity parametres prédisent
(IV) wavelet ‘Grey Level Nonuniformity HLH’ = intratumour heterogeneity la survie:
a Kaplan—-Meier radiomics signature Kaplan-Meier radiomics signature * Localisations
1.0 + L == Median 1.0 1 ; — <= Median différentes
Y - - > Median i -- > Median
| * Traitement
0.8 - 0.8 - o :
= > _ différents (chimo vs
' S 06 E 0.6 radiotherapie)
S S L
( E‘ E‘n— L e A A A
T 044 S o4l L Independants de
= = s TNM, volume
w w

0.2 - tumoral

O
%]
1

Lung1: Maastro —
Lung2: RadBoud ﬂiwg f\\:JSaSTrO

0 200 400 600 800 1,000 1,200 1,400 500 1,000 1,500 2,000
Survival time (days) Survival time (days)
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[ ~ Arthur Samuel, 1959
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“I think that if you work as a radiologist, you are like Wile
E. Coyote in the cartoon. You're already over the edge of
the cliff, but you haven't yet looked down. There's no
ground underneath. People should stop training
radiologists now. It's just completely obvious that in five
years deep learning is going to do better than
radiologists.”

Nov 24, 2016

Geoffrey Hinton



« Radiologists who use Al will replace those whc

Bertalan Mesko 7he Medical Futurist







NTELLIGENCE ARTIFICIELEE
simuler I'intelligence humaine

FUITUR ENCORE
DISTANT

ACHINE LEARNING
(outils / algorithmes)

AUJOURD’HUI !

LEARNING Q
COMPUTER (un type
VISION d’algorithme)
analyse d’images
Oomatiguse

ROBOTIQUE
(mécanique)




Classification

Not
i morking
Qs ~
Nut
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whtking

Clustering

Dimensionality
reduction

www.kjronline.org
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Young-Won Cho, M3 23 H

23

Guk Bae Kim, PhD,




1982 -J.J. Ho tworks and physical
systems with emergent collective computational
abilities », Proc. Natl. Acad Sci., vol. 79, p. 2554 (1982).

2015 - Y. Le Cun, Y. Bengio, G. Hinton « Deep
Learning », NMature, vol. 521, p. 436 (2015).
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A y DEEP—LE | ' @Nplayground.tensorflow.

org/

O Epoch Learning rate Activation Regularization Regularization rate Problem type
>
000,000 0.03 L2 0.003 Classification

DATA FEATURES + — 6 HIDDEN LAYERS OUTPUT
Which dataset do Which properties do Test loss 0.521
you want to use? you want to feed in? Training loss 0.519

+

8 neurons 8 neurons 3 neurons 3 neurons 8 neurons 8 neurons

-+

o,
|
+
|
A

-+

e

@

e

Ratio of training to
test data: 50%
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Batch size: 30
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Visibility

Keith | Dreyer, PhD Harvard
RSNA 2017



Ameéliorer les techniques d’imagerie (reconstruction, échantillonage de I'espace K
Trier les indications T rapidité d’acquisition IRM, { irradiation scanner...

Optimiser la planification

Présentation « intelligente » d’images (pertinence, contenu...)

« CAD » 4 Algorithme de décis
Algorithme d’interpréta

Comptes-rendus standardisés
extraits des annotations




RESPIRATORY 260 2 968

HEAD AND NECK 258 2628
NEUROSCIENCE 3601 2774
CARDIAC 93 1179

PEDIATRICS 189 2 456
GASTROINTESTINAL 352 2 866
GENITOURINARY 234 1 905
REPRODUCTIVE /74 /14
VASCULAR 159 1 800
MUSCULOSKELETAL 635 4 083

ARTIFICIAL INTELLIGENCE DETECTION INTERPRETATION

GAMUTS




COMPUTED MAGNETIC POSITRON RADIOGRAPH | ANGIOGRAPH | ULTRASOUND | FLUOROSCOP
TOMOGRAPH | RESONANCE EMISSION Y Y Y
Y

ABDOMINAL
IMAGING

BREAST IMAGING

CARDIAC IMAGING

EMERGENCY
IMAGING

MUSCULOSKELETAL

NEURORADIOLOGY

NUCEAR MEDICINE

PEDIATRIC
IMAGING

THORACIC
IMAGING

INTERVENTIONAL
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* Outil prometteur - Validation? Standardisation?

-~ Intelligence artificielle
/ * Un outil a apprivoiser - Validation? Reglementation?




