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Contextualisation & Définitions

Recherche et applications en Neuro-Oncologie
“Worklow” : Limites et solutions
Synthese
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Aujourd’hui ...

Lésion unique infra axiale bien limitée de contenu hétérogéne cortico sous corticale
développée aux dépens du lobe et se prolongeant jusqu’au contact du lobe
pariétal et franchissant 1a ligne médi

Cette Iésion refoule les s

latéral gauche.

portions nécrotiques.

Sur les séquences de perfus

sur parenchyme sain estimé
: ( 1011, la 1ésion apparait majoritairement en restriction de diffusion.

de la spectroscopie, on visvalise un pic important de choline avec une mversion

du rapport créatimine/choline et une diminution du NAA. Elles paraissent également

On peut donc évoquer deux hypothéses
une tumeur de la ligne gliale, avec pour principaux arguments la néo angi
g e de la spectroscopt
- une pathologie lymphomate
et en défaveur de cette hypo
remaniements hémorragic

Conclusion :
Lésion unique pariéto occipitale gauche prenant le contraste, plutdt d’allure gliale de
haut grade, franchissant la ligne médiane par le splénium du corps callenx.
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Aujourd’hui ...

Demain ?!

Résultat :
2sion unique intra axiale bien limitée de contenu hétérogéne cortico sous corticale
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Probabilité GBM : %
Grade

Radiomic Risk
Profil IDH
Profil mMMGMT / EGFRuvIII ...

Réponse AVASTIN®, ITK...

Lésion unique parieto occipitale gaucne prenant l€ cOntraste, piutot o allure giale de
haut grade, franchissant la ligne médiane par le splénium du corps calleux.



Généralités

-Omics
* Big Data
1. Extraction grande quantité de données
2. Traitement de l'information émission hypotheses
e Substratum physiopathologique ?
* Biomarqueur
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“Intelligence Artlflc

Intelligence « Faible »
Machine Learning
* Ground truth label

e Supervisés vs Non supervisés
* Algorithmes de classification ++

* Training vs Validation sets

/

MACHINE LEARNING
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Rudie et al. 2019

Artlfncual Intelligence (AI)
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e Contextualisation & Définitions

 Recherche et applications en Neuro-Oncologie
* “Worklow” : Limites et solutions
* Synthese



* Intérét Diagnostique

* Intérét Pronostique

* Plannification Thérapeutique
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Evolution of radiomics and cancer biomarkers
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Suh et al. ESR 2018

Kagawa et al. EJR 2018
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Suh et al. ESR 2018

DiagnOStiC initial Kagawa et al. EJR 2018

Receiver operating characteristic curve
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Diffuse
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hypoenhancing § / G I | omas \ ‘ enhancing
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* Intérét Diagnostique

* Intérét Pronostique

— Corrélations Radiogénomiques

— Signatures Pronostiques indépendantes
* Plannification Thérapeutique
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RadiogénOmique Liu et al. AGING 2019
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Radiogenomique
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Rad|0gén0m|que Liu et al. AGING 2019

T2-weighted MRI Extracted Tumor Radiomics Features Estimated Value
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Radiogenomique

T2-weighted MRI Extracted Tumor Radiomics Features

Case 1 SurfacetoVolumeRatio = 0.1869 |

39 yrs DifferenceEntropy_HLL = 1.4972
Male ' energy_HHL = 773.9908
IOH Mutant RunPercentage_HLL = 3.741
gesns‘ozrsgu?/?:gs range_HLH = 670.5225
var_HHL = 772.9437
rms_HLL = 109.8504

=]
=

L | P=0.199
0
0
GL'_|_|_|_|

Percent o\
M B

o

500 1000 1500 2000 2500
Time(Days)

Liu et al. AGING 2019

Estimated Value

Based on 86 radiomic features:
IDH Prediction = 1.0077

Based on 16 radiomic feature:
Risk score = -0.8891
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T2-weighted MRI Extracted Tumor Radiomics Features Estimated Value

Case 1 , SurfacetoVolumeRatio = 0.1869 |
39 yrs DifferenceEntropy_HLL = 1.4972 Based on 86 radiomic features:
Male ’ : energy_HHL = 773.9908
IDH Mutant RunPercentage_HLL = 3.741 IDH Prediction = 1.0077
gjns‘ozrsii?/?:; ) ‘ range_HLH = 670.5225 Based on 16 radiomic feature:
var_HHL = 772.9437 Risk score = -0.8891
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Case 2 SurfacetoVolumeRatio =0.4516
46 yrs 3 DifferenceEntropy_HLL = 2.1369 Based on 86 radiomic features:

Male energy_HHL = 5664.8545 IDH Prediction = -0.0575
IDH Wildtype RunPercentage_HLL = 9.3052 YOCRERan. ™ 20

OS: 1121 days . 3 range_HLH = 785.578 | Based on 16 radiomic feature:

Censor: Dead
var_HHL = 5631.1454 Risk score = 11.3116
rms_HLL = 326.7327




RadiOgénOmique Zinn et al. Clinical

Neurosurgery 2017
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Radiopsy ?

Radiomics model

Radiomics

Mutation
probability

CT scan

Zinn et al. 2017
Lambin et al. 2017

Sample errors
Non representative

Contraintes techniques,
o EHEES

Morbidity

Current model

Mutation
Biopsy detection



Zinn et al. 2017
Lambin et al. 2017

Radiopsy ?

Whole tumor heterogeneity Sample errors
- In space Non representative
- Over time Contraintes techniques,
Non invasive : iterative spatiales
Low cost Morbidity

Radiomics model Current model

Mutation Mutation
Radiomics probability CT scan Biopsy detection




* Intérét Diagnostique

* Intérét Pronostique

— Corrélations Radiogénomiques

— Signatures Pronostiques indépendantes
* Plannification Thérapeutique
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Signatu re PronOStique Bae et al. Radiology 2018

Kickingereder et al. Radiology 2016
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Approche pronostique Globale e,

Nature 2018

Rim-enhancin Irreular
TI1CE FLAIR T1CE FLAIR
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Approche pronostique Globale  roreea,

Nature 2018

Rim-enhancin Irregular
Frequency of glioblastoma subtypes T1CE FLAIR TI1CE FLAIR

Total =
208 subjects == Rim-enhancing
we lrregular
we Solid

Survival rates of subtypes

Example 1

HR({rim-enhancing & irregular):2.04(1.22-3.41, p=0,007)
HR{rim-enhancing & solid):4.17 (2.46-7.07, p<0.001)
HR(irregular & solid):2.02(1.39-2.95, p<0.001)
95% confidence interval
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Nature 2018
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Approche pronostique Globale  roreea,

Nature 2018
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* Intérét Diagnostique

* Intérét Pronostique

— Corrélations Radiogénomiques

— Signatures Pronostiques indépendantes
* Plannification Thérapeutique



Environnement péri-tumoral .
Plannification Thérapeutique Rathore et al. 2017
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Discovery Set
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Estimated recurrence

Higher likelihood
of infiltration

Lower likelihood
of infiltration




Théranostique
Exemple du Bevacizumab

Bevacizumab
Phase Il (AVAglio, RTOG-0825, EORTC-26101)
Absence de bénéfice sur population non sélectionnée

Hétérogénéité des réponses
AVAglio et RTOG 0825 : sous-type proneural ?
Biomarqueur prédictif : sélection des patients



Théranostique
. Kickingereder et al. Clin Cancer 2016
Exe m p | e d U Beva clzumada b Grossmann et al. Neuro-Oncology 2017

Absence =/= critéeres cliniques il e ——
« Discovery vs validation 0] | o <0001
* H-RvsL-R

» Signature radiomique indépendante
* Bio-information nouvelle
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Théranostique

Kickingereder et al. Clin Cancer 2016

Exe m ple d U BevaCiZU Ma b Grossmann et al. Neuro-Oncology 2017

Supervised PC predictor
Low-risk
= High-risk

Log-rank P < 0.001

One-year Survival

Probability of overall survival (%)

y

! ;'H Number at nsk
HA = 2.5 (p=0.00082) Cow
Logrank p =0.0011 igh-risk

Supervised PC predictor
Low-risk
High-risk

Log-rank P < 0.001

survival probabili

Probabiiity of overall survival (%)

I ( 12 , 30 <
Months
Hﬂ- A-t Hlsk Number at nsk

== 12 months 27 23 L ¥ = Low-risk 30
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D’aprés Lambin et al. 2017

A-Radiomics




e Contextualisation & Définitions

* Recherche et applications en Neuro-Oncologie
 “Worklow” : Limites et solutions
* Synthese



General Worklow

Skull Stripping
Co-registration
Denoizing
Bias Correction
Normalization

Entrainement et validation




Acquisition : IR
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Acquisition : IRM
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Acquisition : IRM

N Pixel size
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Acquisition : IRM —0—0—0—0—0—>

Hétérogeéneités de

protocoles : standard,
DSC, DWI, DTI ...
Parameétres des Protocol in clinical trials 2015

sequences : TE, TR,
FOV, angle, épaisseur de

COUPE... taille voxel
Intensité de champ
magnétique

Consensus recommendations for a standardized Brain Tumor Imaging

Intensités arbitraires mmm——p Normalisation

Distorsion spatiale
P L —— Coregistration



Pre-Processing

Skull-stripping
Co-registration

Bias Correction (N4ITK)
Denoizing

Normalization

(White Stripe ++)

Tutison et al. 2010



Pre-Processing

Base image -

* Skull-stripping

e Co-registration
* Bias Correction (N4ITK)
* Denoizing
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. rmalization 5 ¢

(White Stripe ++)

Canon Imaging — Pr. Dousset



Segmentation




Segmentation

——0—0—0—90>



Segmentation




Segmentation




Segmentation




Segmentation

Volume

Entropy

Total energy

d IVI a n U el |e Homogeneity

Dissimilarity
(] Automatiq ue Zone percentage
Size-zone variability

Intensity variability

* Semi-automatique

Lerue et Defraene. 2017



Segmentation

Manuelle
Automatique

Semi-automatique

PET feature
Volume
Entropy
Total energy
Homogeneity
Dissimilarity
Zone percentage
Size-zone variability

Intensity variability

Lerue et Defraene. 2017

Intraclass Cormelation Coeficent (1G0)




Extraction




Extraction

M First order

Eneray

M Total Energy

Entropy

Minimum

10th Percentile

§0th Percentile
Maximum

Mean

Median

Interquarile Range
Range

Mean Absolute Deviation
Robust Mean Absolute Deviation
Root Mean Sqguared
Stancdard Deviation
Skewness

Kurtosis

Surface Area

Surface Area to Volume Ratio
Sphericity

Compactness 1
Compactness 2

Spherical Disproportion
Maximum 3D Diameter
Maximum 20 Diameter Slice
Maximum 2D Diameter Column
Maximum 20 Diameter Row
Major Axis

Minor Axis

Least Axis

Elongation

Flatness

B Autocorrelation

M Joint Average

B ciuster Prominence
M ciuster Shade

] Cluster Tendency
M contrast

M correlation

M pifference Average
M pifference Entropy
M Difference Variance

M Joir
M Joir
M info
M info 4 000
B inve
M inve
M e
M inve
M e
B vax
M sur
M sur
M sur

5 000

B Gray Level Co-occurrence Matrix B neighboring Gray Tone Difference Matrix M Gray Level Run Length Matrix
M coarseness M short Run Emphasis
M contrast M Long Run Emphasis
M susyness B Gray Level Non Unifarmity
(| Complexity | Gray Level Non Uniformity Mormalized
(| Strenath B Run Length Mon Uniformity
] Gray Level Dependence Matrix B Run Length Mon Uniformity Mormalized
M smail Dependence Emphasis B Rrun Fercentage
(| Large Dependence Emphasis | Gray Level Variance
(| Gray Level Man Unifarmity B Run variance
B Dependence Non Uniformity ! Run Entropy

Select histogram|

nasis
hasis
1asis
hasis

1alized

alized

shasis
phasis
shasis
WEEE

7500 10 000 22 5 oo
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Energy Entropy Skewness

Kurtosis Variance Uniformity
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DataManagement

Feature
Selection
method
acronym

DISR

CMIM

MRMR

|

Feature selection method name

Fisher score
Gini index
Chi-square score
Joint mutual information

Conditional infomax feature
extraction

Double input symmetric relevance

Mutual information maximization

Conditional mutual information
maximization

Interaction cappi

T-test score

Minimum redundancy maximum

relevance

Mutual information feature

selection

Classification
method
acronym

Classification method
name

Neural network
Decision Tree

|m|\[]n1_\

Bagging
Random Forset

Multi adaptive regression
splines

Support vector machines
Discriminant analysis

Neirest neighbour

Generalized linear models

PLSR

Partial least squares and
prinicipal componenet
regression

Parmar et al. Nature 2015
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RELF
FSCR

CHSQ
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Classification Methods

Parmar et al. Nature 2015



DataManagement

Training Set Validation Set Testing Set
(60%) (20%) (20%)

To train the models To make sure the models To determine the
are not overfitting accuracy of the models

Classification Methods

Parmar et al. Nature 2015



@ Radiomics

Data
selection

!'u'led i::al Feature Exploratory
imaging extraction analysis Modeling

o O O O
'\l."::-\' \\_':-\' (o
2k
;3*\3 \ &

X
2
Oy
\_\':..

Image Multiple Phantom Imaging at
protocol seqmentation study  multiple
quality time points

+lor+2 +1 +1 +1

ROS ROS
checkpoint 1 checkpoint 2
total: 2 total: 3

Feature

reduction or Multivariable Blaln?lcal Cut-off Diserimination Calibration Prospective Validation Comparison Potential Cost- Open
ad]ustm:ent analysis correlates analysis statistics statistics  study to‘gold clinical effectiveness science
for multiple standard’  applications analysis and data
testing

+1 or+2 +1 or +2 +2 +2 +1 +1 to +4

RQS
checkpoint 3
total: 31

-3or+3
ROS Total

Lambin et al. 2017
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Radiomics

HYPE or HOPE ?
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Radiomics

HYPE or HOPE ?




