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Glioblastoma : The north face of Oncology
Most frequent and agressive primary brain tumor

Probability of Overall Survival (%)

Months

L Methylated MGMT

EF-14 trial (Stupp et al , 2017)

PFS : from 4 m to 6,7 months

OS : from 16 m to 20,9 months

TMZ TMZ
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MGMT methylation : important pronostic
factor but requires biopsies that are not
necesseraly representative of the entire
tumor and can vary at relapse

Can Al applied to MRI determine
precise MGMT methylation status ?

(Stupp et al. 2005)
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True Positive Rate

2025

MGMT Methylation detection using MRI + Al 7 FAPESPFance
A

« Many published studies are in favor of using Al to determine MGMT

methylation status...Many others are not !

» Using Deep learning classifiers (ResNet-50) trained on public datasets and

data from IUCT-O, along with confidence metrics, we have determined that

It IS not currently possible with available MRI technology (robinet L. Berjaoui A, Moyal
E. MRI-Based Deep Learning Tools for MGMT Promoter Methylation Detection: A Thorough Evaluation, Cancers, 2023)

Receiver operating chasactoristc The model was trained
against various levels of
methylation, assuming
higher degrees where easier
to spot than lower ones:
also not possible using
mere imagery!
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Glioblastoma : an heterogenous ek =

Iandscape

Molecular glioblastoma Low grade glioma
(7+/10-, EGFR amplification, TERT mutation)

Look the same but totally different prognosis'!

Typical glioblastoma
(necrosis+ endothelial proliferation)

Contrast enhancemement on T1Gado MRI) Can Al applied to MRI see
something the professional

naked eye cannot ?




GlioMol: Differential diagnosis of FAPESP France

molecular glioblastoma using Al and

~~a 1 -
A e ResNet10-3D was pre-trained on public data
s Lo iy sl using contrastive learning (a patient's MRI are
R W I T matched with augmented versions and against
| other patients’ MRI). A simple neural network
20 MRI patches classifier is then trained by supervised learning.
3D MRI volume

Neural network |
based encoder

: 1 [ r
B 2D MR patches o N\ I }
of size 32x 32 " \. ¥

representation

Patch
\ | |

, * | Current results show at least 70% accuracy: Zerbib C,
gemet D el Robinet L...Berjaoui A, Moyal E. Survival assessment
and MRI features in patients with glioblastoma lacking
FIgd B - necrosis or vascular proliferation (molecular
-k R - o glioblastoma),
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Systematic Recurrence because of FAPESP fiaunce
tumor heterogeneity e

A

Cho I NAA

FLAIR

FLAIR
CNI<2
FLAIR
CNI>2

T2-FLAIR with Cho/NAA Index
(CNI) map co-registration

Predictive of the site of relapse

INSTITUT UNIVERSITAIRE
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Determine the underlying molecular pathways FAPESP Tauice

that drive aggressivity and relapse pattern Week 2L
(STEMRI trial)

FLAIR/CNI- FLAIR/CNI+
I
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Is the metabolic zone on MRI spectroscopy enriched in GBM :
stem cells expressing aggressive gene pathways ? YES m  'mPEL.L
16 patients; biopsies and resection guided by multimodal MRI s -
and MRI spectroscopy

(anfea d)otbol-
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Available data

RNA Seq genes expressions on biopsies

RNAseq genes expression in all the GBMSC
Orthotopic implantation in mice brain of all the GBMSC
Mice survival

Patients survival and MRI relapse pattern

Biological pathways/genes driving
Individual tumor agressiveness or
relapse pattern?

INSTITUT UNIVERSITAIRE
DU CANCER DE TOULOUSE




Encoding RNAseq data e e
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RNA-Seq | Contrastive
representation loss
. RNA representations
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Multimodal alignment e
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R Image
| representations -
Image T~ _ MRNA'IW Classification| [0, 1J. .. Matching
Encoder -_L' ~. [ repeeseniaions Head | loss
o s Cross-attentk}r)n'
Cor:t;::twe module &
2 I ol | Reconstruction
o Encoder loss
RNA
representations

Encoded RNAseq data and microscopic image patches
are aligned using cross-attention

Merged modalities are trained against available mice and
clinical data (survival, GBMSC lineage etc.)

GradCAM was used to determine key pathways
associated with each obervation

Mol Accuracy (patient) Accuracy |lineage)
Random initialization (10050 1.006
Ehiar + Lhonr + £y (frozen RN A-Image encoders) 0.2 0.199
Erpur + L5 + £33y, (all modules are trainable) 0.94i6 0.941
£55ar + Ly (all modules are trainable/c hrnmmm:m EEEE EEOAjEE ) 1.590 0913
L5000+ L3, (all modules are trainable /pathwayvs gene groups) 0.970 0.9G8




Key genes identified so far...

« These genes have been determined
as the most relevant for matching
clinical, mice survival and RNAseq
data

 Patient relapse pattern on MRI still
needs to be matched with this data

Berjaoui A., ... , Moyal E. : Uncovering the Genetic
Basis of Glioblastoma Heterogeneity through
Multimodal Analysis of Whole Slide Images and RNA
Sequencing Data,
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Gene Occurrence
0  ENSG00000198964.14 2344
1 ENSGO00000120008.16 2151
2 ENSG00000111670.16 1759
3 ENSG00000078098.14 1669
4  ENSG00000143147.14 1639
5 ENSG00000070061.16 1463
6  ENSG00000139624.14 1350
7 ENSGO00000077254.14 1347
8  ENSG00000138614.15 1249
9  ENSG00000090054.15 1202
10 ENSG00000183036.11 1187
11 ENSG00000130717.13 1177
12 ENSG00000184164.15 1157
13 ENSG00000125633.11 1138
14 ENSG00000128829.12 1112

41 1




Determing ke success and reS|stance factors of clinical
J o1 — FAPESP Fwance

Week

E

At relapse
Before RT+TMZ if applicable
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Fresh+ paraffin Fresh+ paraffin
embeded Tumoar, TTFields for a maximum of 24 months according to standard treatment embeded Tumor
samples samples
Com mon Rad 10 reSIStance al Collection of MRIs on a secure server: baseline, follow-up (every 3 months), at recurrence.

TTFields resistance
mechanisms
(Patent with Novocure)
(Deshors et al, Cell Death
Discovery 2025)

W A Multimodal Al algorithms for prediction of sensitivity /resistance to TTFields
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Handling Incomplete Multimodal = wex™ s,

Healthcare Data - =

« Everyday patient data are often incomplete

f Encoders block ™y [ PR ] « Using multimodal distentanglement to obtain

Encoders block

information shared betwen patients and
modality specific features, it is possible to
handle missing modalities (e.g. missing RNA-
seq or T1 MRI)

 Survival prediction remains highly accurate
despite missing modalities, ranging from 80%
to 90% accuracy (exceeding other existing
techniques)

Robinet L., Berjaoui A., Kheil Z., Moyal E. : DRIM:
Learning Disentangled Representations from
Incomplete Multimodal Healthcare Data,

(¢) Unsupervised DRIM-U (Sec. 2.3)

. 13




Towards multipurpose foundation models FAPESP?—'mnce
,‘ 2025
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= g B & ' Small specialized models
% 2 g o—oe E>.  Specific tasks
O = =R EA « Very fast and cheap to train

Foundation mode « Supervised training (reduced data

points, e.g. less than 1K samples)
« Large model

« Long and costly to train
« Self-supervised training (lots of data, e.g. more
than 1M samples)
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Thank you for your attention




