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Les glioblastomes

• Fréquence
– Tumeurs peu fréquentes 

• 4 pour 100,000 habitants 
à 2400 nouveaux cas par an (France)

– Extrêmement agressives
• médiane de survie ≈ 14 mois [1]

– Seconde cause de mortalité des cancers chez les enfants et 
3ème chez l’adulte

• Caractéristiques [2]

– Hétérogènes
– Très infiltrantes
– Hypoxiques (résistance au radio- et chimiothérapies)
– Très angiogéniques

[1] Stupp R et al. N. Engl. J. Med; 2005 [2]  Jain et al. Nat Rev Neurosci 2007
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on the spatial organization of the samples. All patients underwent
primary GB resection with no preoperative treatment that would
have introduced biases in the analysis of genetic alterations.
Here, we demonstrate that GB exhibits a landscape of hetero-

geneous mutations across the whole genome at the copy number
level; this represents a signature of the history of the malignancy
from the first tumor-founding cell(s). By deconvoluting such
a signature, wemay infer the temporal sequence of alterations that
have occurred in the malignancy. Further, using gene expression
data we observed that different samples from the same tumor were
classified into different GB subtypes (Fig. 3A). This shows that the
impact of sampling bias must be considered when establishing
molecular criteria for patient stratification. Supporting this asser-
tion, the morphological data available from individual tissue bi-
opsies may provide misleading information, resulting in diagnostic
errors (39). Hence, these results support the development of per-
sonalized treatments based upon a multimodal approach that uses
information from multiple samples from the same GB.
As an example of how our data might be integrated with the

current standard of clinical practice, Fig. 5 shows how the ana-
tomical positions of the five tumor fragments collected for patient
sp42 (A) may be coupled with the reconstructed evolution of the

tumor mass (B). During the operation, fragments are numbered in
order of resection, approximately corresponding to the depth of the
sample within the brain. This coupling reveals a complex evolu-
tionary pattern with the accumulation of malignant traits in dif-
ferent parts of the neoplasm (C). Our analysis suggests that the
founder clone displayed amplification/gain of EGFR, CDK6, and
MET, and loss/deletion of CDKN2A/B, PTEN, and PARK2 (hence
targeting the Ras and Rb pathways), before splitting into two
populations (subclones 1 and 2), thefirst of which generated T2 and
T3, with T3 gaining a copy of chromosome 3 (which contains
PIK3CA). The second subclone subsequently acquired further
mutations manifested in T4, which also displayed an altered gene
expression profile belonging to a mesenchymal subtype, despite the
rest of the tumor fragments being proneural. Subclone 2 gave rise to
another independent +PIK3CA subclone (again with chromosome
3 gain). The latter then expanded to form T1 and, with the partial
loss of chromosome 17 (containing NF1 and TP53) and therefore
alteration of the p53 pathway, generatedT.Of note, the occurrence
of new lesions, such as loss ofNF1 andTP53 in fragment T,may not
necessarily represent a fast clonal expansion event, but also a slower
process of selection of a preexisting rare clone that becomes
dominant within a fragment and, therefore, detectable by copy
number profiling.
Our study presents an integrated analysis of intratumor

heterogeneity at the genotype level (copy number), cellular phe-
notype (gene expression), and single-molecule mitotic level (mo-
lecular clocks). To our knowledge, the multiple sampling scheme
and genomic data have never before been integrated in this way to
describe GB evolution at the individual patient level.
Taken together, our results shed light upon intratumor hetero-

geneity and the clonal evolution of GB. Based on these results, we
propose that patient-specific dynamics of tumor heterogeneity
underlie variation in response to treatment. Specifically, after
therapy, the surviving population may not be a single resistant
cancer clone, but rather a heterogeneous population of malignant
cells with genetic aberrations that allow them to survive the initial
treatment. This view extends the concept of clonal evolution by
allowing selection to play a role limited only by the spatial
structure of the neoplasm, in which multiple clones with different
fitness coexist within the same cancer (41). Instead of benefitting
single clones, this would favor the whole tumor population by
converting heterogeneity into an asset to resist treatment (7, 42).
This hypothesis implies that patterns of heterogeneity might be
used to stratify individual patients and to select an appropriate
multimodal therapeutic strategy. To test this hypothesis, multiple
sampling data (paired primary tumor and recurrence) from a
larger population are required. Furthermore, future studies
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Fig. 4. Multiple mitotic clones coexist within each GB fragment. (A) Fraction
of the five most common mitotic clones in each tumor fragment based on
molecular clock analysis of eight patients (sp57 was excluded because of PCR
failure). (B) Phylogenetic reconstruction within each tumor fragment based
on the molecular clock analyses. In these three representative cases, the exist-
ing mitotic clones are represented by the leaves of the tree, where a leaf´s
thickness is proportional to the abundance of the clone within the fragment.
The results indicate clonal heterogeneity within each fragment and the
presence of multiple cell lineages that correspond to distinct mitotic clones.
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Fig. 5. Reconstruction of GB progression in time
and space. The combination of sampling in-
formation (A), reconstructed tumor phylogeny (B),
gene expression profiles, and molecular clock data
enables temporal and spatial reconstruction of tu-
mor ontogeny (C), as shown here for sp42. The
evolution of the malignancy is illustrated by the
accumulation of CNAs in different parts of the tu-
mor and the corresponding variation in the gene
expression profile, which reveal that T4 is classified
as a different subtype (mesenchymal) with respect
to the rest of the neoplasm (proneural). Moreover,
we report the presence of variable numbers of
subclones in each tumor fragment by molecular
clock analysis.
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on the spatial organization of the samples. All patients underwent
primary GB resection with no preoperative treatment that would
have introduced biases in the analysis of genetic alterations.
Here, we demonstrate that GB exhibits a landscape of hetero-

geneous mutations across the whole genome at the copy number
level; this represents a signature of the history of the malignancy
from the first tumor-founding cell(s). By deconvoluting such
a signature, wemay infer the temporal sequence of alterations that
have occurred in the malignancy. Further, using gene expression
data we observed that different samples from the same tumor were
classified into different GB subtypes (Fig. 3A). This shows that the
impact of sampling bias must be considered when establishing
molecular criteria for patient stratification. Supporting this asser-
tion, the morphological data available from individual tissue bi-
opsies may provide misleading information, resulting in diagnostic
errors (39). Hence, these results support the development of per-
sonalized treatments based upon a multimodal approach that uses
information from multiple samples from the same GB.
As an example of how our data might be integrated with the

current standard of clinical practice, Fig. 5 shows how the ana-
tomical positions of the five tumor fragments collected for patient
sp42 (A) may be coupled with the reconstructed evolution of the

tumor mass (B). During the operation, fragments are numbered in
order of resection, approximately corresponding to the depth of the
sample within the brain. This coupling reveals a complex evolu-
tionary pattern with the accumulation of malignant traits in dif-
ferent parts of the neoplasm (C). Our analysis suggests that the
founder clone displayed amplification/gain of EGFR, CDK6, and
MET, and loss/deletion of CDKN2A/B, PTEN, and PARK2 (hence
targeting the Ras and Rb pathways), before splitting into two
populations (subclones 1 and 2), thefirst of which generated T2 and
T3, with T3 gaining a copy of chromosome 3 (which contains
PIK3CA). The second subclone subsequently acquired further
mutations manifested in T4, which also displayed an altered gene
expression profile belonging to a mesenchymal subtype, despite the
rest of the tumor fragments being proneural. Subclone 2 gave rise to
another independent +PIK3CA subclone (again with chromosome
3 gain). The latter then expanded to form T1 and, with the partial
loss of chromosome 17 (containing NF1 and TP53) and therefore
alteration of the p53 pathway, generatedT.Of note, the occurrence
of new lesions, such as loss ofNF1 andTP53 in fragment T,may not
necessarily represent a fast clonal expansion event, but also a slower
process of selection of a preexisting rare clone that becomes
dominant within a fragment and, therefore, detectable by copy
number profiling.
Our study presents an integrated analysis of intratumor

heterogeneity at the genotype level (copy number), cellular phe-
notype (gene expression), and single-molecule mitotic level (mo-
lecular clocks). To our knowledge, the multiple sampling scheme
and genomic data have never before been integrated in this way to
describe GB evolution at the individual patient level.
Taken together, our results shed light upon intratumor hetero-

geneity and the clonal evolution of GB. Based on these results, we
propose that patient-specific dynamics of tumor heterogeneity
underlie variation in response to treatment. Specifically, after
therapy, the surviving population may not be a single resistant
cancer clone, but rather a heterogeneous population of malignant
cells with genetic aberrations that allow them to survive the initial
treatment. This view extends the concept of clonal evolution by
allowing selection to play a role limited only by the spatial
structure of the neoplasm, in which multiple clones with different
fitness coexist within the same cancer (41). Instead of benefitting
single clones, this would favor the whole tumor population by
converting heterogeneity into an asset to resist treatment (7, 42).
This hypothesis implies that patterns of heterogeneity might be
used to stratify individual patients and to select an appropriate
multimodal therapeutic strategy. To test this hypothesis, multiple
sampling data (paired primary tumor and recurrence) from a
larger population are required. Furthermore, future studies
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Fig. 4. Multiple mitotic clones coexist within each GB fragment. (A) Fraction
of the five most common mitotic clones in each tumor fragment based on
molecular clock analysis of eight patients (sp57 was excluded because of PCR
failure). (B) Phylogenetic reconstruction within each tumor fragment based
on the molecular clock analyses. In these three representative cases, the exist-
ing mitotic clones are represented by the leaves of the tree, where a leaf´s
thickness is proportional to the abundance of the clone within the fragment.
The results indicate clonal heterogeneity within each fragment and the
presence of multiple cell lineages that correspond to distinct mitotic clones.
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Fig. 5. Reconstruction of GB progression in time
and space. The combination of sampling in-
formation (A), reconstructed tumor phylogeny (B),
gene expression profiles, and molecular clock data
enables temporal and spatial reconstruction of tu-
mor ontogeny (C), as shown here for sp42. The
evolution of the malignancy is illustrated by the
accumulation of CNAs in different parts of the tu-
mor and the corresponding variation in the gene
expression profile, which reveal that T4 is classified
as a different subtype (mesenchymal) with respect
to the rest of the neoplasm (proneural). Moreover,
we report the presence of variable numbers of
subclones in each tumor fragment by molecular
clock analysis.
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[2]

on the spatial organization of the samples. All patients underwent
primary GB resection with no preoperative treatment that would
have introduced biases in the analysis of genetic alterations.
Here, we demonstrate that GB exhibits a landscape of hetero-

geneous mutations across the whole genome at the copy number
level; this represents a signature of the history of the malignancy
from the first tumor-founding cell(s). By deconvoluting such
a signature, wemay infer the temporal sequence of alterations that
have occurred in the malignancy. Further, using gene expression
data we observed that different samples from the same tumor were
classified into different GB subtypes (Fig. 3A). This shows that the
impact of sampling bias must be considered when establishing
molecular criteria for patient stratification. Supporting this asser-
tion, the morphological data available from individual tissue bi-
opsies may provide misleading information, resulting in diagnostic
errors (39). Hence, these results support the development of per-
sonalized treatments based upon a multimodal approach that uses
information from multiple samples from the same GB.
As an example of how our data might be integrated with the

current standard of clinical practice, Fig. 5 shows how the ana-
tomical positions of the five tumor fragments collected for patient
sp42 (A) may be coupled with the reconstructed evolution of the

tumor mass (B). During the operation, fragments are numbered in
order of resection, approximately corresponding to the depth of the
sample within the brain. This coupling reveals a complex evolu-
tionary pattern with the accumulation of malignant traits in dif-
ferent parts of the neoplasm (C). Our analysis suggests that the
founder clone displayed amplification/gain of EGFR, CDK6, and
MET, and loss/deletion of CDKN2A/B, PTEN, and PARK2 (hence
targeting the Ras and Rb pathways), before splitting into two
populations (subclones 1 and 2), thefirst of which generated T2 and
T3, with T3 gaining a copy of chromosome 3 (which contains
PIK3CA). The second subclone subsequently acquired further
mutations manifested in T4, which also displayed an altered gene
expression profile belonging to a mesenchymal subtype, despite the
rest of the tumor fragments being proneural. Subclone 2 gave rise to
another independent +PIK3CA subclone (again with chromosome
3 gain). The latter then expanded to form T1 and, with the partial
loss of chromosome 17 (containing NF1 and TP53) and therefore
alteration of the p53 pathway, generatedT.Of note, the occurrence
of new lesions, such as loss ofNF1 andTP53 in fragment T,may not
necessarily represent a fast clonal expansion event, but also a slower
process of selection of a preexisting rare clone that becomes
dominant within a fragment and, therefore, detectable by copy
number profiling.
Our study presents an integrated analysis of intratumor

heterogeneity at the genotype level (copy number), cellular phe-
notype (gene expression), and single-molecule mitotic level (mo-
lecular clocks). To our knowledge, the multiple sampling scheme
and genomic data have never before been integrated in this way to
describe GB evolution at the individual patient level.
Taken together, our results shed light upon intratumor hetero-

geneity and the clonal evolution of GB. Based on these results, we
propose that patient-specific dynamics of tumor heterogeneity
underlie variation in response to treatment. Specifically, after
therapy, the surviving population may not be a single resistant
cancer clone, but rather a heterogeneous population of malignant
cells with genetic aberrations that allow them to survive the initial
treatment. This view extends the concept of clonal evolution by
allowing selection to play a role limited only by the spatial
structure of the neoplasm, in which multiple clones with different
fitness coexist within the same cancer (41). Instead of benefitting
single clones, this would favor the whole tumor population by
converting heterogeneity into an asset to resist treatment (7, 42).
This hypothesis implies that patterns of heterogeneity might be
used to stratify individual patients and to select an appropriate
multimodal therapeutic strategy. To test this hypothesis, multiple
sampling data (paired primary tumor and recurrence) from a
larger population are required. Furthermore, future studies
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Fig. 4. Multiple mitotic clones coexist within each GB fragment. (A) Fraction
of the five most common mitotic clones in each tumor fragment based on
molecular clock analysis of eight patients (sp57 was excluded because of PCR
failure). (B) Phylogenetic reconstruction within each tumor fragment based
on the molecular clock analyses. In these three representative cases, the exist-
ing mitotic clones are represented by the leaves of the tree, where a leaf´s
thickness is proportional to the abundance of the clone within the fragment.
The results indicate clonal heterogeneity within each fragment and the
presence of multiple cell lineages that correspond to distinct mitotic clones.
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Fig. 5. Reconstruction of GB progression in time
and space. The combination of sampling in-
formation (A), reconstructed tumor phylogeny (B),
gene expression profiles, and molecular clock data
enables temporal and spatial reconstruction of tu-
mor ontogeny (C), as shown here for sp42. The
evolution of the malignancy is illustrated by the
accumulation of CNAs in different parts of the tu-
mor and the corresponding variation in the gene
expression profile, which reveal that T4 is classified
as a different subtype (mesenchymal) with respect
to the rest of the neoplasm (proneural). Moreover,
we report the presence of variable numbers of
subclones in each tumor fragment by molecular
clock analysis.
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Limites du diagnostic des tumeurs 
cérébrales

1 biopsie 
(≈1mm3)

Diagnostic
(critères de l’OMS [1])

1 tumeur 
= 

Patchwork de tumeurs
Prise en charge 
thérapeutique

?

IRM 
anatomique

[1] Louis et al. Acta Neuropathol. 2007; [2] Sottoriva A. et al., PNAS. 2013

Multiple biopsies
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Limites
• Ne reflète pas l’hétérogénéité 
tumorale 

• Très invasif

• Tardif
• Pas sensible aux modifications intralesionnelles
(évolution de l’hétérogénéité)
• En cas de combinaison, impossibilité de suivre l’effet 
de chaque traitement

Besoin de développer de nouveaux biomarqueurs qui soient: 
non-invasifs, plus précis et plus sensibles [3-4]

[1] Louis et al. Acta Neuropathol. 2007; [2] Wen et al J Clin Oncol. 2010

Haut grade
(OMS[1])

Biopsie
3 mois 6 mois
Taille de la tumeur (Critère RANO [2])

8 mois

ê 50%
répondeur

é 25% 
récurrence

(1mm3)

Evaluation 
thérapeutique

Détection de la 
récurrenceDiagnostic/ prognostic

Biomarqueurs des tumeurs cérébrales
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Développement de nouveaux 
paramètres IRM:

Imagerie de diffusion
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Imagerie de diffusion
(ADC)

• Carte de coefficient de diffusion apparent (ADC): 

Galban C.J. et al.; NMR Biomed. 2017 Schmainda K.M; CNS Oncol. 2012

Corrélation entre ADC et densité 
cellulaire et donc grade des gliomes
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Développement de nouveaux 
paramètres IRM:

Imagerie de diffusion
Perméabilité vasculaire
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Modélisation du signal

( ) dτeτCK(t)Cv(t)C epτ)k(tt

0
p

trans
ppt

--ò+=

plasma

Tofts et al. JMRI 1999.

è Estimation de la perméabilité = Ktrans = kpe/ve (min-1)

Perméabilité vasculaire
(DCE)

Cheng HL. JMRI 2009

Extravasation d’un agent de contraste 
è Modification du T1 du voxel

Espace Extracellulaire 
extravasculaire

Mesure de l’aire sous la courbe

è Estimation de la perméabilité = Air sous la courbe
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Evaluation thérapeutique

Hoff et al., NRM in Biomed, 2011

Modèle : Gliosarcome chez le rat
Traitement : VEGF-Trap (Antiangiogénique)
IRM = diffusion + perméabilité vasculaire

èLes cartographies de la perméabilité vasculaire et de la diffusion sont
sensibles aux modifications intratumorales induit par VEGF-Trap

Début du traitement Début du traitement

Groupe Contrôle Group Traité

Day -1 Day +1 Day -1 Day +1
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2008[1] 2011[2] 2012[3] 2013[4]

Diffusion

Volume sanguin

Taille des 
vaisseaux

Perméabilité

Oxygénation

Débit sanguin

Consommation 
d’oxygène

[1] Valable et al. NMRbiomed. 2008; [2] Lemasson et al. NMRbiomed. 2011; [3] Lemasson et al. Radiology 2012; 
[4] Lemasson et al. NMRbiomed. 2015

Brown JM, Wilson WR. Nat Rev Cancer. 2004

Enrichissement des protocoles IRM 
→ IRM multiparamétrique (IRMmp)
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Evaluation thérapeutique 
par IRMmp

• Objectif: 
Déterminer si on peut distinguer l’effet de chaque thérapie lors 

d’un double traitement
• Modèle: 9L (n=20/groupes)
• Groupe: Contrôle, Anti-angiogénique, radiothérapie synchrotron, 

double traitement
• IRM: multiparamétrique (T-1, T2, T5, T8): 

Lemasson et al. NMRbiomed. 2015
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• Résultats

Evaluation thérapeutique 
par IRMmp

Lemasson et al. NMRbiomed. 2015

9
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• Résultats

Double traitement
= 

double action sur la tumeur

Evaluation thérapeutique 
par IRMmp

Lemasson et al. NMRbiomed. 2015
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L’IRM multiparamétrique est 
prometteur mais…

implique une évolution des 
méthodes d’analyses d’images
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IRM multiparamétrique > 15 paramètres
Préclinique chez le rat

Clinique

Vp Kep Ktran
s

Tmax TTP StO2 CMRO2T2 T2*T1w_pre T1w_postFLAIR

T1ma
p

ADCBlood 
Volume

Blood 
Flow

S. Grand et B. Guillaume CHU de Grenoble, IRMaGe, Grenoble, France 

Exploitation de l’IRM multiparamétrique 

Développement d’outils d’extraction d’information à partir d’IRM multiparamétrique pour :
à Affiner le diagnostique
à Améliorer le suivi des patients

Très bonne 
« visualisation » de 

l’hétérogénéité 
intra-lésionnelle
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è Limites
• Perte d’information sur l’hétérogénéité de la tumeur
• Difficulté d’interprétation (lien avec la biologie)
• Pas d’exploitation de l’aspect multiparamétrique

• Méthode dite « classique » d’analyse par Région d’intérêt

Méthode d’analyse
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IRM multiparamétrique + clustering
=

Histologie in vivo par IRM?
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• IRM multiparamétrique & analyses statistiques

Histologie in vivo par IRM

� Information sur l’hétérogénéité de la tumeur
� Interprétation biologique des images
� Exploitation de l’aspect multiparamétrique
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• Suivi de 2 modèles de gliomes
Protocole :

à 2 modèles de gliome:  F98 et C6 (n=13 par groupe)
à 6 paramètres IRM :

• débit et volume sanguin, diffusion, perméabilité, oxygénation et consommation en 
oxygène

à 3 régions d’intérêts (cortex et striatum sains et tumeur)

Histologie in vivo par IRM
diagnostic et interprétation biologique

Coquery et al. « Microvascular MRI and unsupervised clustering yields histology-resembling images in two rat 
models of glioma » JCBFM 2014
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87% de bonnes 
prédiction sur le 
type de tumeur

Analyse prédictive:
à Test de Leave-one-out

Histologie in vivo par IRM
diagnostic et interprétation biologique

• Suivi de 2 modèles de gliomes

Coquery et al. « Microvascular MRI and unsupervised clustering yields histology-resembling images in two rat 
models of glioma » JCBFM 2014
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Approche par double clustering :

1) Analyse par clustering (MMST) des cerveaux sains

2) Détection automatique des pixels pathologiques

2) Analyse par clustering (MMST) des tumeurs

3) Création de « signature » pour chaque tumeur

4) Diagnostique automatique

Histologie in vivo par IRM
vers un diagnostic automatique
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In press

Histologie in vivo par IRM
vers un diagnostic automatique
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Protocole :
à Modèle de gliome 9 

(n=8)

à 5 pramètres IRM 
(BVf, VSI, ADC, Perm, StO2) 

à IRM tous les 2 jours

Histologie in vivo par IRM
vers un suivi personnalisé?
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Signatures tumorales

IRM multiparamétrique

%

Est-on vraiment en présence de 2 tumeurs 
identiques ?

Patient 1 Patient 2

Histologie in vivo par IRM
vers un transfert clinique rapide?
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Histologie in vivo par IRM
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Take home messages

• L’IRM multiparamétrique devient un standard

• La plus-value de l’IRMmp n’est plus à démontrer

• La mise en place de nouveaux outils d’analyse d’image 
devient une nécessité 
– Gestion de large base de donnée
– Automatisation des analyses
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