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Symbols and Abbreviations

AC Attenuation Correction

ADC Apparent Diffusion Coefficient
ADK Adenocarcinoma

AFI Actual Flip-angle Imaging

AlC Akaike Information Criterion
AIF Arterial Input Function

ANTs Advanced Normalization Tools
AUC Area Under the Curve

BIC Bayesian Information Criterion
BSA Body Surface Area

BW Body weight

"'c Carbone-11 isotope

Bc Carbone-13 isotope

C2H3CN Acetonitrile molecule

CPMG Carr-Purcell-Meiboom-Gill

CcT Computed Tomography

DAM Double Angle Method

DCE Dynamic Contrast Enhanced
DGP Diffusion Gradient Pulse
DREAM Double Refocused Echo Acquisition Mode
DWI Diffusion Weighted Imaging
EES Extravascular Extracellular Space




EPI Echo Planar Imaging

ETL Echo Train Length

ETM Extended Tofts Model

"°F Fluor-18 isotope

F Fluor-19 isotope

FDG Fluoro-Deoxy-Glucose

FID Free Induction Decay

FOV Field Of View

FT discrete Fourier Transform
FWHM Full Width at Half Maximum
%Ga Gallium-68 isotope

Gd Gadolinium

GFR Glomerular Filtration Rate
GMM Gaussian Mixture Model

GRE GRadient Echo pulse sequence
'H Hydrogen-1 isotope

H20 Water molecule

Hct Hematocrit

HySCO HYperelastic Susceptibility Artifact COrrection
ICC Intraclass Correlation Coefficient
ICS IntraCellular Space

IDIF Image Derived Input Function
IQR InterQuartile Range
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Inversion Recovery

LASSO Least Absolute Shrinkage and Selection Operator
LBM Lean Body Mass

LC Lumped Constant

LOR Line Qf Response

ME Maximum Enhancement

MEFSE Multi-Echo Fast Spin-Echo

Mi Mutual Information

MOLLI Modified Look-Locker

MRGlu regional Metabolic Rate of Glucose

MRI Magnetic Resonance Imaging

MSE Mean Squared Error

"N Azote-13 isotope

“N Azote-14 isotope

“Na Sodium-23 isotope

NEX Number of EXcitations

NIfTI Neuroimaging Informatics Technology Initiative
NMR Nuclear Magnetic Resonance

Nere Number of Phase-Encode steps

NSA Number of Signal Averages

NSCLC Non-Small-Cell Lung Cancer

0 Oxygen-15 isotope

OSEM Ordered Subset Expectation Maximization




31P

Phosphore-31 isotope

PET Positron Emission Tomography

PSF Point Spread Function

pSNR peak Signal-to-Noise Ratio

) Rubidium-82 isotope

RF Radio Frequency

RMSE Root-Mean-Square Error

I Spearman correlation coefficient

SAR Specific Absorption Rate

SASHA SAturation-recovery single-SHot Acquisition
SAT-TFL | pre-SATuration Turbo FLash

SCC Squamous Cell Carcinoma

SCLC Small-Cell Lung Cancer

SE Spin Echo

SiPMs Silicon PhotoMultipliers

SMART1 | Saturation Method using Adaptive Recovery times for cardiac T1 mapping
SNR Signal-to-Noise Ratio

SPGR Spoiled GRadient Echo

SR Saturation Recovery

SUv Standardized Uptake Value

Syn SYmmetric diffeomorphic Non-linear transformations
TAC Time Activity Curve

TCC

Time Concentration Curve




TE Echo Time

Tl Inversion Time

™ Tofts Model

ToF Time of Flight

TR Repetition Time

TTP Time To Peak

VFA Variable Flip Angle

VOl Volume Of Interest

XGBoost | eXtreme Gradient Boosting

b weighting level of diffusion gradient

By Static magnetic field

Bf Positively rotating RF field: transmit field

By Negatively rotating RF field: receive field

h Planck’s constant

Ky Inflow rate of glucose across the transcapillary membrane (PET)
k, Outflow rate of glucose across the transcapillary membrane (PET)
ks Rate of intracellular glucose phosphorylation (PET)

k, Outflow rate of intracellular phosphorylated glucose (PET)

K, Outflow transfer constant through the capillary membranes (DCE)
Ki Net influx constant (PET)

Kirans Inflow transfer constant through the capillary membranes (DCE)
Rga Gadolinium relaxivity (DCE)

Ve Extravascular extracellular volume fraction (DCE)




Vp Blood volume fraction

Vp Plasma volume fraction

a Flip angle

B* Positron

Y Gyromagnetic ratio

u Linear attenuation coefficient

X Magnetic susceptibility measurement
w Larmor frequency
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Le concept d'hétérogénéité tumorale définit la tumeur comme une mosaique de phénotypes
régionaux spatialement et régionalement adaptatifs sous-tendus par la flexibilité génétique
de ses sous-populations cellulaires. Actuellement, I'nétérogénéité tumorale est considérée
comme un facteur important de progression et de résistance au traitement. Le cancer bron-
chique non a petites cellules (CBNPC), modéle tumoral naturellement hautement hétérogéne,
est la principale cause de décés oncologique dans le monde. L'imagerie oncologique, essen-
tielle pour le diagnostic, la stadification pré-thérapeutique et le suivi des patients atteints de
CBNPC, est principalement basée sur des critéres morphologiques et/ou fonctionnels semi
quantitatifs, qui, par nature limités, ne peuvent représenter la complexité des processus bio-
logiques intra-tumoraux. A I'ére de la médecine de précision et de I'émergence des thérapies
personnalisées, le développement de biomarqueurs d'imagerie plus « holistiques » est néces-
saire pour mieux caractériser cette hétérogénéité tumorale. L'approche type Radiomique —
I'extraction et I'analyse de grandes quantités de caractéristiques définies a partir d'images
médicales TEP, TDM ou IRM - semble certes prometteuse, mais en aucun cas ne permet de
caractériser les mécanismes biologiques fondamentaux incriminés dans la prolifération tumo-
rale. En ce sens, |'imagerie multiparamétrique quantitative offre des opportunités uniques de
caractérisation biologique cellulaire a I'échelle régionale intratumorale, et I'émergence de
dispositifs TEP-IRM intégrés promet une évolution disruptive de nos capacités d'analyse mul-
timodale quantitatives. Néanmoins, l'utilisation clinique actuelle des dispositifs TEP-IRM
commercialisés reste trés basique, et la plus-value diagnostique ou pronostique de cette
technologie révolutionnaire reste a démontrer en imagerie oncologique, ceci dans un écosys-
téme déja trés concurrentiel. De ce fait, les protocoles d'acquisition et les traitements
d'images nécessaires a |'extraction de biomarqueurs pertinents en imagerie oncologique res-
tent a définir, de maniére a opérer un changement de paradigme pour que la TEP-IRM ne

soit pas qu‘une simple juxtaposition d'une TEP et d’'une IRM.

Dans ce contexte, I'objectif de ce projet était donc d'évaluer la faisabilité d'une approche
multiparamétrique dynamique simultanée TEP-IRM compléte appliquée au CBNPC, pour
mieux en caractériser I'hétérogénéité biologique régionale. Pour cela, nous avons exploité le
temps d'acquisition IRM intrinséquement long pour intégrer de maniére simultanée des mé-
thodes permettant d'obtenir I'ensemble des biomarqueurs TEP ("°F-FDG) et IRM cliniquement

disponibles en imagerie : structure tissulaire (imagerie de diffusion, relaxométrie T1/Tz2), méta-



bolisme glucidique (modélisation compartimentale dynamique compléte), et perfusion tissu-

laire (IRM dynamique avec produit de contraste).

Aprés une introduction des enjeux actuels TEP-IRM dans le CBNPC, trois chapitres abordent
les concepts généraux bien établis en imagerie TEP et IRM, les obstacles méthodologiques et
solutions proposées pour la réalisation de ce projet, ainsi que les résultats de nos travaux
expérimentaux TEP-IRM multimodaux effectués de maniére simultanée sur des patients at-

teints de CBNPC.

Le chapitre 1 détaille les bases physiques de I'imagerie TEP quantitative, et expose la dé-
marche expérimentale qui a été suivie pour implémenter le modéle compartimental de réfé-
rence du métabolisme glucidique (modéle de Sokoloff), de maniére a pouvoir générer des
cartes multiparamétriques de métabolisme glucidique régional tumoral indépendamment de
tout logiciel de post-traitement. Pour cela, les paramétres cinétiques du métabolisme gluci-
dique (K1, k2, k3) et la fraction de volume sanguin (vp), formalisés sous forme d'un systéme
d'équations différentielles de premier ordre, ont été approximés en ajustant les données TEP
mesurées au systéme d’équations différentielles, par méthode analytique itérative de Runge-
Kutta d’ordre 2, avec optimisation de la fonction de colt (méthode des moindres carrés non
linéaires de Levenberg-Marquardt). Plusieurs tests d’optimisation réalisés sur un patient (dé-
bruitage des données TEP, ajustement pondéré de la fonction de colt tenant compte de la
variabilité du bruit dans les images TEP dynamiques, et ajustement adaptatif de la fonction
de colt par différents niveaux d'échantillonnage du signal TEP mesuré) nous ont permis de

valider la démarche pour la suite du projet (Figure 1).
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Figure 1. Résultats de Iimplémentation du modéle compartimental de Sokoloff dans I'environnement
de programmation Python.

Le chapitre 2 rappelle les bases physiques de I'lRM et les principaux concepts en imagerie
quantitative qui permettent d'appréhender plusieurs obstacles méthodologiques que nous

avons du tenter de résoudre.

L'imagerie de diffusion est largement utilisée en imagerie oncologique. Les distorsions géo-
métriques en imagerie pondérée de diffusion, liées aux variations spatiales de susceptibilité
de champ magnétique, restent néanmoins un frein aux analyses multimodales a I'échelle ré-
gionale intra-tumorale. L'importance des distorsions observées sur nos tumeurs nous a incité
a proposer une méthode de correction, jamais évaluée au niveau thoracique, basée sur une
approche dite d'’encodage de phase inversée. La méthode a été validée sur fantome, puis
cliniquement évaluée sur 12 patients. Le fantdme, spécialement concu pour cette probléma-
tique, consistait en deux tubes remplis respectivement d'acétonitrile pur et d'eau pure, dont
les propriétés magnétiques et de diffusion, tres différentes, étaient préalablement connues et
parfaitement calibrées. Les deux tubes étaient immergés dans de |'eau standard. Les résultats
de notre procédure expérimentale, réalisée sur le dispositif TEP-IRM 3T, montrent une nette
amélioration des phénomenes de distorsion géométriques observés dans le sens d'encodage
de phase a l'interface acétonitrile-eau, avec un recouvrement partiel des valeurs d’ADC mesu-

rées. L'évaluation clinique réalisée sur patients montre que cette méthode de correction in-
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duit une trés nette amélioration du recalage des images de diffusions des tumeurs pulmo-
naires sur les images morphologiques et TEP correspondantes (Figure 2, panel droit), avec un
impact significatif des valeurs d’ADC régional sur les cartographies générées. La résolution de
cette problématique nous a donc permis de générer par la suite, pour les tumeurs pulmo-
naires, des cartes paramétriques de coefficient de diffusion apparent corrigées des distor-
sions géométriques, et de les intégrer dans nos analyses volumiques multiparamétriques ré-

gionales.

OWI  Distorti d OWI
(overlaidon 3T-T,)  (overlaid on 30-T)

30-T,MRI

Ty-welghted sequence EPI phase EPI reverse phase EPI corrected

5
2
]
]
]
[

Acetonitrile

Figure 2 : Effets de la correction par inversion du codage de phase sur les distorsions géométriques en
imagerie de diffusion sur fantéme et sur tumeurs pulmonaires.

L'IRM quantitative T1/T2 (cartographie T1/T2), largement utilisée en imagerie cardiaque, com-
mence a étre exploitée en imagerie oncologique clinique. Les différentes approches de rou-
tine clinique sont d'abord présentées. Les résultats des mesures expérimentales des mé-
thodes dont nous disposions pour ce projet, réalisées sur le dispositif TEP-IRM 3T, sont en-
suite exposées. Deux approches de cartographie T+ (méthodes d'angles de bascule variables
et de saturation récupération) et une approche de cartographie T2 (écho de spin rapide multi
échos) ont été évaluées par deux sessions d'acquisitions identiques, réalisées a 1 semaine
d'intervalle sur le méme fantdme commercial. Parmi les deux approches de cartographie T1
évaluées, nos résultats montrent que, pour les valeurs de T1 de plus de 500ms, la méthode de
saturation-récupération présente une plus grande exactitude que l'approche angles de bas-
cule variables (sans et avec correction des inhomogénéités de champ Bf par méthode AFl),
avec une bien meilleure reproductibilité (Figure 3). Pour la cartographie T2, nos résultats ex-

périmentaux montrent une exactitude et une reproductibilité excellentes de la séquence tes-
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tée (Figure 3). D'autre part, deux méthodes d'amélioration des courbes d'ajustement T2 ba-
sées sur le rejet du premier écho et le débruitage du signal s'avérérent non concluantes.
Compte tenu de ces résultats expérimentaux, nous avons testé cliniquement la séquence sa-
turation-récupération de cartographie T1 et la séquence de cartographie Tz, et avons pu gé-

nérer, pour la premiére fois sur dispositif TEP-IRM 3T, des cartes paramétriques T1/T2 de tu-

meurs bronchiques (Figure 3).

T, phantom RMSE Thsuarrs T2uwse Tgsasars T2uwse
o0 = VFA1 2800 ms \ 1101ms
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Figure 3 : Relaxométrie Ti/T2 sur dispositif TEP-IRM 3T. Panel droit : erreur quadratique moyenne des
mesures de relaxométrie Ti/Tz sur fantome. Panel gauche . cartes paramétriques Ti/T2 de tumeurs
bronchiques.

L'IRM dynamique de perfusion (DCE-IRM) est largement utilisée en imagerie oncologique.
Ses grands principes, différents modeéles, limitations et multiples considérations méthodolo-
giques sont exposés, ainsi que les résultats expérimentaux de notre implémentation du mo-
deéle actuel de référence (modéle de Tofts, dans sa version étendue) dans I'environnement de
programmation Python, effectués sur 1 patient. Pour cela, les paramétres cinétiques de per-
fusion/vascularisation (Kiyqns, ve, K., €t v,), formalisés sous forme d'un systéme d'équations
différentielles de premier ordre, ont été approximés par la méthode d'ajustement décrite
dans le chapitre 1, en y ajoutant les considérations méthodologiques spécifiques au prétrai-
tement des images de DCE (estimation du temps de relaxation Tio, compensation du mou-
vement respiratoire compte tenu de la résolution temporelle de I'ordre de 3 ms des images,
tests de débruitage, et conversion du signal mesuré en concentration plasmatique de gadoli-

nium). Cette démarche nous a permis de pouvoir générer des cartes multiparamétriques de

19



perfusion/vascularisation en DCE, indépendamment de tout logiciel de post-traitement,

comme l'illustre la Figure 4.

Signol measured
Signal estimated (uniform gridding)
Signal estimated (non uniform gridding)

Kirens
°

o © °
roms Colt) o | | Celt)ve

Figure 4 : Résultats de limplémentation du modéle compartimental de Tofts (version étendue) dans
l'environnement de programmation Python.

Le chapitre 3 aborde finalement le coeur de ce projet multiparamétrique dynamique simulta-
né TEP-IRM appliqué au CBNPC : la combinaison de biomarqueurs structuraux (ADC, relaxo-
métrie T1/T2), de métabolisme glucidique ("*F-FDG) et de perfusion/vascularisation tissulaire
(DCE), ainsi que son analyse a I'échelle régionale intratumorale. Les caractéristiques com-
plétes du protocole d'imagerie sont d'abord exposées, incluant notamment le recrutement
des patients, les séquences et paramétres d'acquisition utilisées, tenant compte des défis
méthodologiques abordés dans les chapitres précédents. Les démarches de post-traitement
multimodal spécialement congues pour ce projet sont ensuite exposées : la standardisation
des données TEP et IRM dans un espace de référence ; la correction des artéfacts (distorsions
géométriques en imagerie de diffusion et mouvements respiratoires durant les acquisitions
DCE par méthodes de recalage non-linéaires) ; et la segmentation semi-automatique des

lésions tumorales pulmonaires basée sur un modéle de contour actif.
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Figure 5 : Protocole TEP-IRM dynamique multijparamétrique appliqué au cancer du poumon.

Les résultats de nos travaux expérimentaux TEP-IRM multimodaux effectués de maniere si-

multanée sont finalement exposés :

Réalisés sur 14 patients, ou sont confrontés pour la premiére fois des biomarqueurs de mé-
tabolisme et de perfusion/ vascularisation dans le CBNPC a I'échelle régionale intra-tumorale.
Nos résultats illustrent d'une part I'nétérogénéité spatiale inter et intra individuelle des rap-
ports entre métabolisme glucidique et vascularisation, deux caractéristiques biologiques fon-
damentales de progression tumorale, et d'autre part confirment la complémentarité des pa-
ramétres cinétiques TEP et IRM estimés, dont les significations biologiques, complexes, ne

sont pas interchangeables entre ces deux modalités d‘imagerie (Figure 6).
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Figure 6 : Corrélations multimodales des paramétres TEP/DCE a I'échelle du voxel. Le panel du haut
Hllustre les cartes paramétriques TEP et DCE d'une tumeur bronchique. Le panel du bas montre les liens
entre paramétres TEP et DCE a I'échelle du voxel chez 14 patients testés.

Réalisés sur 11 patients, ou nous tentons d'identifier, par réduction dimensionnelle, des pro-
fils biologiques TEP-IRM multidimensionnels a I'échelle du supervoxel. Nos résultats mon-
trent qu'un partitionnement tumoral non supervisé par modéle de mélange gaussien, réalisé
sur I'ensemble des 11 tumeurs et intégrant I'ensemble des 12 biomarqueurs TEP-IRM structu-
rels et fonctionnels estimés au cours de ce projet, individualise finalement 3 supervoxels gé-

nériques pour toutes les tumeurs (Figure 7).
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Figure 7 : Partitionnement tumoral non supervisé par modéle de mélange Gaussien. Le panel du haut
Hlustre les cartes multiparamétriques TEP et IRM complétes d’une tumeur bronchique. Le panel du bas
montre les résultats du partitionnement tumoral non supervisé réalisé a 'échelle des 11 patients testés.

En utilisant plusieurs approches métaheuristiques d'apprentissage machine, nous identifions
finalement une signature multiparamétrique TEP-IRM de ces trois supervoxels, qui peut étre
définie, avec une exactitude de 97%, par seulement quatre des 12 biomarqueurs étudiés (Fi-

gure 8).
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Figure 8 : Prédiction d'une signature multiparamétrique TEP-IRM (3 supervoxels) par approches méta-
heuristiques d'apprentissage machine. Une signature biologique TEP-IRM a pu étre prédite avec une
exactitude de 97% par 4 des 12 biomarqueurs TEP-IRM évalués.

N
w



Cette démarche expérimentale TEP-IRM multimodale appliquée au cancer du poumon nous a

permis :

e D’une part de démontrer la faisabilité clinique d'un protocole TEP-IRM dynamique

multidimensionnel appliqué au CBNPC.

e D’autre part explorer au niveau régional intra-tumoral une signature fonctionnelle
TEP-IRM multiparamétrique du CBNPC, dominée par quatre biomarqueurs dyna-

miques TEP et IRM d'intérét.

A I'ére de la médecine de précision, la TEP-IRM multiparamétrique pourrait ouvrir la voie vers
une évaluation diagnostique et thérapeutique hautement personnalisée. Ce travail méthodo-
logique pourrait ainsi servir de base a la validation de cette signature TEP-IRM sur de plus
grandes cohortes prospectives, ainsi qu‘a son évaluation comme facteur pronostique de la
réponse aux traitements innovants. L'optimisation de certaines problématiques
d'instrumentation récurrentes (correction du mouvement et IRM quantitative notamment) est
néanmoins requise pour espérer une standardisation future de ce type d'approches, et passe
nécessairement par un renforcement des partenariats entre constructeurs et équipes de re-

cherche TEP-IRM.
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Combining Positron Emission Tomography (PET) with Magnetic Resonance Imaging (MRI)
was first considered in the 1990's, even before Computed Tomography (CT) (1-3). Numerous
physical challenges—among which the inherent sensitivity of PET detectors for magnetic
fields, the influence of PET electronics on MR signal and spatial technical constraints — de-
layed its commercial availability (4). Finally, first integrated PET-MRI systems emerged a dec-
ade ago (5,6) in a highly competitive medical imaging environment. Theoretically, integrated
PET-MRI offers high powerful capabilities in terms of quantification and tissue characteriza-
tion. However, the initial enthusiasm within the medical imaging community has partially
eclipsed deeper reflection about its multimodal capabilities and mainly focused on its cos-
metic aspect. The last ten years of PET-MRI clinical transfer were thus dominated by numer-
ous comparative studies with other well-established imaging modalities in a wide variety of
cancers, but failed to show substantial gain of PET-MRI in diagnosis or disease staging com-
pared to PET/CT (7-11), with the cost of 4 to 5-fold scan duration. While the question “what
are we expecting from PET-MRI" rises (12), there is growing rational of moving towards more
functional and molecular PET-MRI multimodal capabilities for tumor characterization (13).
Tumor heterogeneity — defining the tumor as a mosaic of spatially and regionally adaptive
regional phenotypes underpinned by the genetic flexibility of its cellular subpopulations — is

currently considered an important factor in progression and resistance to treatment (14-16).

Non-small cell lung cancer (NSCLC), the leading cause of cancer death worldwide, is naturally
highly heterogeneous. Imaging, essential for diagnosis, pre-therapeutic staging or monitor-
ing of patients with NSCLC, is mainly based on morphology assessed with CT and glucose
metabolic visual positivity, assessed with PET. Although being the actual reference standards
(17), these imaging biomarkers are currently of limited value to assess the complexity of in-
tra-tumor biological processes, especially for the assessment of new targeted or immuno-
therapy treatments (18,19). In the era of precision medicine and the emergence of personal-
ized therapies, the development of more holistic imaging biomarkers is necessary to better
characterize tumor heterogeneity. Integrated PET-MRI approach applied to NSCLC is emerg-
ing (8,20-23) but full comprehensive multiparametric assessment of NSCLC has never been
performed at the regional intra-tumor level. In this work, we propose a new multiparametric
approach to characterize the heterogeneity of NSCLC at the regional level, taking advantage

of the unique multimodal capabilities of recent integrated PET-MRI system. We exploited the



inherent long acquisition procedures of multiparametric MRI to combine in a one stop shop
procedure all of the "*F-FDG PET and MRI oncological imaging biomarkers clinically available:
tissue structure (ADC, T1/T2 mapping), metabolism (dynamic 18F-FDG PET kinetic modeling)
and perfusion (dynamic contrast-enhanced MRI). Three chapters are thus developed to detail
the overall concepts based on well-grounded foundations and the methodological challeng-

es encountered to reach our goal.

The first chapter is devoted to PET imaging and presents the experimental approach followed
for the implementation of the Sokoloff's full compartmental model, the gold standard for ®F-

FDG PET kinetics in solid tissues (24-27).

The second chapter is devoted to MRI challenges encountered and the related experiments
we performed. Lung MRI is currently not well-established in clinical practice, and we trans-
ferred some existing methods from other body parts to apply them on lung tumors. In Diffu-
sion weighted imaging (DWI), geometric distortions limit the evaluation of voxel-wise multi-
modal analyses. We implemented the reverse phase-encoding correction method (28,29) on
3T PET-MRI. The method was validated in dedicated phantom and patients. T1/T2 relaxometry
is well-established in clinical cardiac imaging (30,31), but its potential in clinical oncology has
been very little exploited. Combining T1/T2 relaxometry to other quantitative imaging param-
eters could be of interest to characterize the tumors. We implemented T1/T2 relaxometry on
3T PET-MRI and validated the approach in phantom experiments and lung tumor patients.
Finally, the chapter ends with the experimental approach followed for the implementation of

the extended Tofts model, a widely used DCE model of perfusion in clinical imaging oncolo-

gy(32).

The third chapter concerns the heart of this multimodal PET-MRI project applied to NSCLC.
Based on the methodological challenges exposed and resolved in the first two chapters, im-
aging biomarkers of structure (DWI and T1/T2 relaxometry derived from MRI), metabolism
("®*F-FDG PET kinetic modeling) and perfusion/vascularization (DCE MRI) were combined to-
gether in a one-stop-shop PET-MRI imaging procedure and applied to treatment-naive and
biopsy proven NSCLC patients. Multimodal analyses were performed at the regional tumor
level. Finally, metaheuristic approaches were used to reveal, at the supervoxel regional level,
biological signatures of NSCLC tumors underlied by all the "®F-FDG PET and MRI biomarkers

we estimated.
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1. PET imaging, from bases to our
purpose challenge
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"®F-FDG PET-CT has become a worldwide reference imaging standard for the management of
lung cancer (17). Switching to '®F-FDG PET-MRI is not a trivial task, mainly due to the limita-
tions of standard MR imaging applied to lung parenchyma, which is characterized by low
proton density and fast signal decay due to the many interfaces between air and tissue in the
lungs. In this chapter, a brief recall of the physical bases of PET(-MRI) imaging is first present-
ed. We will then explore the essence of PET imaging - i.e. the absolute quantification - and in

what the accomplishment of this task was challenging for this project.

niversité Paris-Saclay 30



PET was developed in the seventies at Washington University School of Medicine by Edward
Hoffman, Michael M. Ter-Pogossian, and Michael E. Phelps (33-35). This functional imaging
modality is based on the distribution analysis, in the body, of a B*emitter radiotracer. Briefly,
B* radioactivity is characterized by the conversion of a proton Z into a neutron, in the nucle-

us of an atom X, associated with the emission of a B* particle together with a neutrino v,

4X - , 4V +v, + 6% (1.1)

As any radionuclide, B*emitters are characterized by their own half-lives (T}, in minutes in
the case of B*emitters), energies, which are expressed in kilo electron Volt —keV —in the

case of B*emitters) with their related free range in the matter, and their mode of production.

The main g*radionuclides currently used for PET imaging are summarized in Table 1.1.

Half-life (Ty /2, in min) | Mean energy (keV) | Mean range (mm)

20.3 1.27 Cyclotron

9.97 488 4%3

2.03 730 2.97

109.8 252 0.66
%8Ga 67.8 844 3.56 Generator
82Rb 1.27 1551 7.5

Table 1.1 : Physical properties of the main B+ emitters currently used in PET imaging.

Due to production and half-life characteristics, '*F remains the most widely used g*emitter
for PET imaging in clinical practice.

In PET imaging, a B* and an electron collide to generate two high energy y photons of
511 keV emitted at 180° approximatively from each other, named the annihilation process

(Figure 1.1).
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Figure 1.1 : Concept of electron-positron annihilation. The positron (in orange) interacts with an elec-
tron (green) to be converted into two photons of 511 keV. These two photons are emitted at approxi-

matively 180°.

Also, each annihilation event defines a line of response (LOR) which is detected by the system
in 3 dimensions (both direct and oblique planes) by coincidence. The events detected in coin-
cidence during the acquisition are then integrated along all the LORs to be converted into

projections along angles ¢ and re-organized into sinograms (Figure 1.2).
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Figure 1.2 : PET signal detection (A) and storing into sinograms (B). For each projection along angle ¢,
all the LORs are integrated on a projection space and re-organized into sinograms. (C) direct and
oblique planes.

Sinograms are then processed to be converted into 3D images. Today, iterative-based meth-

ods are the state-of-the art reconstruction methods in PET imaging.

Given a model for the volume (basically a discretized matrix of N distinct voxels), a probabil-
istic imaging system H (to define the probability that an emission from the voxel j is detected
in projection i, and a statistical model for the distribution of the projection measurements,
image reconstructions are mainly based on iterative Ordered Subsets Expectation Maximiza-
tion algorithms (OSEM) (36), formalized by

f(n+1) — fj(n)
f =

X Yies Hii X — 24— (1.2
ZileSle'!j zlesb i ZkH.-ksz"S( )

Where the volume estimate f(™ is forward-projected into a projection domain; all the projec-
tions Y Hikfén) are compared to the measured projections p;, to be corrected. Subsets of
corrected projection data Fjes, Hjj X ml;(km are then back-projected into image domain and
..n)
multiplied by the current volume estimate normalized by a weighting term ’—H, to obtain
iresy, Hirj
an updated volume estimate fj("“). The process self-updates (iterations) while the volume
estimate approaches the true volume. Random, dead time, scatter, decay, attenuation correc-
tions are implemented into the model during the reconstruction procedure. A general over-

view of the iterative method is proposed in Figure 1.3.
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Figure 1.3 : Overview of PET image reconstruction by iterative method (adapted from (37)).

Importantly, Time of Flight (ToF) and Point Spread Function (PSF) modeling can also be im-

plemented into the model (Figure 1.4), leading to a higher image quality and an increased in

spatial resolution at the periphery of the PET gantry respectively.)

Time of Flight

@ B*annihilation event

«— LOR
¢ Speed of light

Point Spread Function modeling

om

&

FOV Field of view

Relative counts
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Figure 1.4: ToF and PSF. ToF provides an estimate of annihilation position along the LOR, resulting in
higher signal-to-noise ratio, better image quality and faster iterative reconstruction. PSF gives the spa-
tial resolution of the system, defined by the full width at half maximum (FWHM,).
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Serendipitously, the integration of PET and MRI in a single compact system has significantly
improved PET performances in terms of sensitivity. Sensitivity here is the number of counts
per time unit detected by the device per each activity unit, defined for a point source at the

center of a single ring scanner by (38)

S_A

=—X 2 x e Mt (1.3)

Where A is the detector area seen by the source point, € is the detector’s efficiency, u is the
linear attenuation coefficient of 511 keV photons in the detector, t is thickness of the detec-
tor, and r is detector ring radius (the sensitivity is highest at the center of the axial FOV and

decreases gradually toward the periphery by a factor % where w is the axial width of the de-

tector element.

Compared to standard PET/CT, the increased sensitivity can be explained by the fact that the
inner diameter of the PET ring was reduced from 80cm to 60cm to fit in the MRI bore, and
the axial field of view (FOV) was extended to 25 cm to reach the typical axial FOV of MR, in-
creasing the solid angle two- to threefold (6,39,40). The replacement of standard photo mul-
tiplicators by silicon photomultipliers (SiPMs), which are insensitive to magnetic fields, im-
proved the coupling to the scintillator crystals, increasing &. Considering the attenuation by
MR coils and the decrease in PET during the MR acquisitions, the overall PET sensitivity is

increased twofold (40).

However, the accuracy of attenuation correction (AC) has decreased. CT-based AC uses the
proportional relationship between CT Hounsfield units and linear attenuation coefficients at
511 keV. In MRI, proton density is not proportional to the signal measured in MR images, not
allowing direct conversion to linear attenuation coefficients. For thorax and lung, MR-AC is
thus performed by segmenting Dixon MR images into 3 tissue classes (air, fat and soft tis-
sues), which are finally assigned with predefined linear attenuation coefficients (Figure 1.5)

that may lead to quantitative underestimations up to 30% (41-43).

W
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Figure 1.5 : principles of MR-AC. In phase and Out phase imaging data are acquired, and Fat and Water
images are reconstructed and used to segment MR images into tissue classes.

Also, combining the PET and MRI underlying concepts is not a simple merging process, be-

cause two imaging cultures are facing:

e The MRI one is rather a pre-processing culture that requires numerous adaptive set-

tings and parametrization before images acquisition.

e The PET one is rather a post-processing culture: the device is optimized to acquire
and reconstruct images in a particular way that is fixed beforehand image acquisition.
The list-mode acquisition of PET raw data allows any type of image reconstruction

and processing.

Although whole-body MRI emerge in clinical routine, MRI is more organ-oriented, focusing
on multiple acquisitions on a given organ of interest. Acquisition protocols are time consum-
ing. Conversely, PET is intrinsically a whole-body mapping imaging that can be currently done
in less than 10 minutes. Although several rule-out protocols have been promoted to speed
up the PET-MRI imaging workflow, combining the two entities is not only a simple physical

challenge, but also the conceptual task of merging two antagonistic cultures.



In this project, all PET images were acquired on the same Signa PET-MR system, (General
Electric, Waukesha, WI, USA). The PET part is a 60 cm bore-diameter gantry composed by 28
modules of 20 solid-state detector blocks (light converters that are insensitive to magnetic
fields) for MR compatibility reasons. Each block is made up of a 4x9 array of
4.0 x 5.3 x 25 mm® lutetium-based scintillator (LBS) readout by 1 x 3 arrays of Geiger mode
silicon PMs (SiPMs for signal digitization and processing), resulting in transaxial/axial fields of
view (FOV) of 62/25 cm. This PET system is characterized by an energy resolution of 10.3%, a
time resolution of 400 ps, a sensitivity detection of 23.3 kcps/MBq and an intrinsic spatial
resolution of 4.4 mm full width at half maximum (FWHM) at 1 cm offset the center of the

FOV. The Signa PET-MRI system has ToF and PSF modeling capabilities (44).



PET imaging is the modality of choice for the image-base quantification of biological func-
tions. With a high degree of detection sensitivity (factor 10° compared to radiological-based
contrast agents), its main advantage is its capability in inferring /n vivo biological processes
by exploiting the proportional relationship between the activity detected in the tissue of in-
terest and the numerical signal measured in the imaging data, subject to several calibration
procedure (45). Basically, two imaging frameworks may be used (Figure 1.6): a static acquisi-
tion mode, consisting in a single frame acquired after a predefined delay after radiotracer
injection; or a dynamic acquisition mode, for which multiple frames are acquired over time,
starting immediately after the radiotracer injection. The latter requires, in the vast majority of

cases, a continuous acquisition of at least 60 minutes for state-of-the-art procedures (25).

Static PET
Dynamic PET

Figure 1.6 : Two different PET imaging frameworks. Static workflow (dominant in clinical practice) con-
sists in acquiring one frame during a few minutes after a delay after radiotracer injection (typically 60
minutes for "F-FDG). Dynamic workflow consists in acquiring the signal continuously over time. Acqui-
sition starts immediately after the radiotracer injection, and may vary from minutes to more than one
hour.

Radiotracer injection

Varying delay time\\
Acquisition i
- = One frame acquired during a few minutes Qualitative & semi quantitative analyses
Time

Radiotracer injection

Acquisition Quantitative analyses
= Multiple frames acquired continuously

Time

Depending on PET imaging purpose, static or dynamic acquisitions are performed, motivated

by the balance between their clinical feasibility and the level of complexity of the information
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sought. Static imaging framework is the state-of-the-art procedure in clinical practice, and
visual or semi quantitative analyses are usually performed. Visual approach remains the sim-
plest method, but it has many drawbacks: its subjectivity, depending on the experience of the
physician; and the lack of metrics to quantify the image abnormalities. Semi-quantitative ap-
proaches have been developed to partially overcome these limitations, the most widely used
being the standardized uptake value (SUV) and its derivatives that represent the uptake in a
targeted region normalized to the injected activity and body weight, lean body mass or body
surface area (Figure 1.7) (46-49). Although imperfect but useful in clinical practice, semiquan-
titative approaches do not provide relevant information on the underlying pathophysiological
processes. By using adapted predefined models, "absolute" quantitative methods make it
possible. Two major limitations for their use in clinical practice are the requirement for dy-
namic PET acquisitions and much more computational complexity (Figure 1.8). Among these
approaches, we can briefly individualize graphical analyses (Patlak plot for irreversible tracer
compartments and Logan plots for reversible tracer compartments) which are simplified ki-
netic analyses, and the full compartmental analyses that remains the gold standard for abso-

lute quantification in PET imaging.

Radioactive concentration

SUV, = X(BWor LBEM or BSA
BW/LBM/BSA Activity injectedXxp ( )
( SUV max, mean or peak N ([ TLG = MTV X SUVpnean R
Max Mean Peak
Hottest pixel Average of uptake Mean uptake in a fixed VOI 3D Isocontour

Within the entire VOI Within the entire VOI  Centered on a high uptake part

Figure 1.7 : SUV and its main derivatives. SUVsw is the most widely use metric in PET imaging. SUVism is
increasingly used to limit the underestimation of "*F-FDG uptake in obese patients. SUVmax is sensitive
to noise in the images; SUVmean is sensitive to the volume of interest’ SUVreak is a compromise between
SUVimax and SUVmean. Total Lesion Glycolysis (TLG) is a surrogate of metabolic tumor volume (MTV) and
SUVimean.
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Figure 1.8 : Different levels for PET quantification. More the level of analysis is improved, more the
complexity of implementation is increased.

Full kinetic analyze is the only method to fully capture the physiological processes underlying
the tissue of interest. Based on differential equation systems that depends on the physiologi-
cal task we want to measure (for example one-tissue two-parameters method for blood per-
fusion, two-tissues three parameters for metabolism, and two-tissue four-parameters method

for receptor-ligand binding), the same general framework can be empirically defined:

a) Dynamic image acquisitions

First of all, a state-of-the-art dynamic PET acquisition requires a continuous imaging acquisi-
tion (Figure 1.9) adapted to the function that is targeted (from 2-3 minutes for perfusion
analyses to 60 minutes for state-of-the art cellular metabolism as in our project) (25,50,51),
centered on the region of interest (in our case the thorax), starting immediately after the in-
travenous injection of the radiotracer ("°F-FDG in our case). The respect of a suitable acquisi-

tion time is important to obtain unbiased measures.
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Figure 1.9 : Dynamic acquisition and TACs. By drawing VOIs in a large artery and the tissue of interest,
the related time varying radioactivity concentrations may be measured.

b) compartment model selection

One, two, three compartments may be possible depending on the function we want to meas-
ure. For the model we will apply in this work (cellular glucose metabolism), the two-

compartment three parameters model of Sokoloff is the reference (24,52) (Figure 1.10).

CB lood(t) Cfree (t) CBmmd (t)

Vb

- Feeding artery

[77} Tumor cell

Figure 1.10: PET Sokoloff compartmental model. In this scheme, Cg,,4(t) is the time-varying activity
concentration of "F-FDG in the arterial blood. Cyye, (t) and Cpuna (t) are the two intracellular compart-
ments representing "°F-FDG in its non-phosphorylated and phosphorylated states respectively. K,, k,
and k; are the microparameters to estimate (the ks microparameter can be neglected in this case, as
no phosphorylated glucose goes out from the cell).



Given Cgo0q (t) the time-varying activity concentrations of '°F-FDG in the arterial blood; the
intracellular time-varying activity concentrations of '®F-FDG in its unphosphorylated

(Ctree (t)) and phosphorylated (Cpouna (t)) states are defined by

Leree® = Ky X Coiooa () = (kz + k3) X Crree () (1.4)

oound® = kg X Crree(t) (15)

Where K; (MmLpiasma.mLtissue.min"") represents the inflow rate of glucose across the transcapil-
lary membrane, k, (min™") represents the outflow rate of glucose across the transcapillary

membrane, and k; (min™') represents the rate of glucose phosphorylation.

From equations (1.4) and (1.5), the total time-varying activity concentration of '°F-FDG in the

tissue of interest Cpzr (t) is defined by the following equation
CPET(t) = (1 - vb) X [CFree (t) + CBound (t)] + Vp X CBlood(t) (16)
Where v,, is the blood volume fraction (no dimension).

In this scheme, blood is not considered as a compartment, but as arterial input. The first and
second compartments are the intracellular space with glucose molecule in non-

phosphorylated and phosphorylated states respectively.

Based on this model assumption, we can estimate the kinetic microparameters K; ,k, and k.

From the estimated parameters, we infer the influx constant Ki (mLpiasma. min™". mLissue”")

Ki = X2XK3 4 7)
k2+k3

And finally, the Glucose consumption MRGlu (umol.min™ . mL-"):
MRGlu = % X Glycaemia (1.8)

Where LC is the “lumped constant” (no dimension) that follows the principles of competitive

substrate kinetics.

Basically, because "*F-FDG does not perfectly fulfill the transport and phosphorylation prop-
erties of glucose, LC is used to convert the '°F-FDG uptake rate to glucose uptake rate. Sever-
al values have been proposed for brain, myocardium, skeletal muscle, adipose tissue or Liver
"8F-FDG studies (53-59). For oncological studies, it is often set to 1 because of unknown rele-

vant value (60).



¢) Arterial input function

The main methods for arterial input function measurement (AIF) are summarized in Figure
1.11. Typically, the reference standard remains the arterial blood sampling at several times
over the image acquisition (61,62). This method is technically invasive, very difficult to imple-
ment, especially on PET-MR systems (the patient mobilization during each sampling induces
magnetic perturbations, the access to the patient arm is not trivial if considering the surface
coils). Non-invasive alternatives have been proposed, including population-based or Image
based derived input function (IDIF). Population-based methods are simple to use but not well
adapted for individual purpose, as any template-based approach. IDIF methods are increas-
ingly used because of their simplicity. Two major challenges with IDIF are the identification of
a large feeding vessel (to avoid partial volume effect) and the measurement of the arterial
plasma activity. Concerning the first pre-requisite, it is less challenging at the thoracic level
compared to other body levels in the presence of aorta, whose large size precludes major
partial volume effect. Concerning the second prerequisite, the image-derived input function
contains the whole-blood "®F-FDG concentration, and not the arterial one. However, this ap-
proach has provided accurate results and was validated against the arterial ground truth in
oncology studies (63). For this reason and for simplicity sake, we decided to use uncorrected

IDIF method in our project.

Arterial sampling Model-based IDIF

Cge )\ A

o AN AN _/

I"
4
Model activity

Figure 1.11: methods for AIF measurement. Arterial sampling with radioactivity counting remains the
gold standard. However, this invasive procedure is rarely performed and model-based or image-
derived input functions (IDIF) are preferred in practice.
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1.4.1.Context

Several methodological PET challenges were faced to implement full compartmental dynamic

approach for this project:

First, the time between injection and acquisition start had to be carefully evaluated, to

capture the first pass of radiotracer at the beginning of PET acquisitions.

Second, in the case of static PET image acquisitions (duration of minutes), several mo-
tion compensation procedures are routinely available (PET gating using respiratory
belts or multimodal registration procedures for example). However, these methods
are less trivial for one-hour dynamic acquisition procedures. The variability of the ra-
diotracer biodistribution over time, combined with low signal-to-noise ratio especially
in the first frames, together with the lack of spatial references make motion compen-
sation highly challenging in dynamic PET imaging. Currently there is no validated

method to compensate motion for dynamic PET studies outside the brain.

Finally, a major challenge was to implement “in-house” voxel-wise procedure for the
full dynamic compartmental task. The few software that currently propose solutions to
compute PET kinetic analyses with preprocessing pipelines are mainly dedicated for
brain imaging and rarely implement full kinetic analyses. Furthermore, these software
do not integrate unified PET and DCE multimodal computation tasks. Thus, we had to
develop “in-house” computation procedures for two-tissue three parameters model-
ing. Although the main principle is well defined, programming is not trivial. The time
activity curves are typically noisy at the voxel level, and the computation task is chal-
lenging because of i) the huge number of voxels to potentially estimate depending on
the tumor size, ii) the sensitivity of the parameters to initial estimates. In this context,
convergence of state-of-the art non-least square fitting procedure may be computa-

tionally expensive, and require several constraints for optimized fine-tuning.
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1.4.2.Preliminary test for in-house implementation of the full com-
partmental PET metabolism kinetic modeling

To validate our implementation, we used the reconstructed PET data of patient 1 (for more
details, please refer to sections 3.1.1 for patient’s characteristics; and section 3.1.2 for PET

reconstruction parameters).

1.4.2.1.  Signal denoising analyses

Reconstructed PET raw data are inherently highly noisy. Because the signal may be approxi-
mated by a Gaussian distribution in reconstructed PET data, a typical denoising procedure
consists in smoothing the data to regularize the TACs. Although several equations have been
suggested (64), the level of smoothing is mainly empirical, depending on the local habit and
imaging purpose. The objective being not to lose too much relevant information, several lev-
els of 3D Gaussian filtering were tested to search for good compromise between TACs regu-
larization, signal loss and visual image quality (smoothing degrades the spatial resolution and
the details in the image). Considering the voxel size Ax, the Gaussian filter width ¢ may be

defined as follows (64):

oc=2b+1(19)

FWHM
Ax

b=[ +1(1.10)

The PET detector on the Signa PET-MR system has an intrinsic resolution of 4mm. An appro-
priate Gaussian filtering would be of 7 mm, according to (64). To be exhaustive, six o cut-off
levels around this value were tested: 3, 4, 5, 6, 7, 8 and 10 mm. The main results of the differ-

ent levels are illustrated in Figure 1.12.

Université Paris-Saclay
pa nologique / Immeuble Discovery 45
e de FOx 28 / 91190 Saint-Aubin, Frar



No filter

»
© ©
'é “ E”
Bm B“
£ S» =
b b
0 10
om 1000 1500 2000 00 000 00 °ﬂ W00 1000 1500 2000 2500 000 00 °o 00 3000 1500 2000 2500 000 MO0
Seconds Seconds Seconds
o=7mm o=8mm o=10mm

» » »
© @
2w ., z
3 Ey 0
« BQ “©
;n £x f.n
» 2 22
& 2
» 0
o °
0 %00 1000 1500 2000 2600 00 3500 O S0 M0 a0 200 Bo0 3000 %% © %0 1000 1500 200 2600 300 00
Seconds Seconds Seconds

Figure 1.12: PET results with different levels of smoothing. A visual inspection of the post-filtered data
(both the 3D volumes and the TACs of the tumors) shows that the voxel-wise TACs appear better regu-
larized with higher levels of smoothing, especially above 7mm. Also, as expected, a loss of sharp details
together with the increase level of smoothing is observed, especially in the contours of the lesion
(green circle).

To quantify the signal loss induced by Gaussian filtering, the peak signal to noise ratios
(pSNR) of the post-filtered images from a tumor subset (57 voxels) were computed. The
pSNR, computed in Python with the compare_psnr module (scikit-image library), was defined

as follows

MAX}E
MSE

PSNR = 10 x Log (2242) (1.11)

Where MAX, is the maximum pixel value of the image, and MSE is the mean squared error

between the reference image | and the test image.

The pSNR results are provided in Table 1.2. The pSNR ranged from 32.2 (3 mm Gaussian fil-
tering) to 25.1 (10 mm Gaussian filtering), with low variations above 5 mm Gaussian filter.

Because the TAC appeared less erratic above 7 mm, and to ensure that the majority of the



voxels in the tumors would be correctly fitted (especially in the case of patient respiratory
motion), a 8 mm Gaussian cut-off was finally considered to be a good compromise between
TAC regularization over time and signal loss, and used for all the PET dynamic procedures of

the project.

Gaussian filter (o in mm) |_psnR
B -
BT -
s e
BT
25.7
s EEE
25.1

Table 1.2: pSNR of PET data according to the Gaussian filter.

1.4.2.2. Model implementation

We used the whole masked PET tumor data of the patient (41 frames, 562 voxels) previously

smoothed with an 8 mm Gaussian filter to validate the PET kinetic modeling.

a) Model parametrization

A two-tissue three-parameter compartment model including the blood volume fraction
(24,25,52,65) was implemented in Python environment (libraries numpy, nibabel, nilearn,

pandas, math and scipy).

We used an iterative second order Runge-Kutta numerical method analysis to resolve the
system(66) defined by the equations (1.4), (1.5), (1.6), (1.7), and (1.8). A Levenberg-Marquardt
non-linear least square fitting algorithm was used to minimize the cost-function, which was

defined by

S(B) = argming 1/, 2 lyi— G B (1.12)
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Where S(B) is the minimum sum of squares deviations between the measured and estimated
Cpgr values (y; and f(x;, B) respectively) at each time-point i, x; is the measured Cgjyoq4 Vvalue

at each time-point i, and B = {Kj, ko, k3, vp}.

Several constraints were also implemented to optimize the fitting procedure:
e Empirical [0-10] numerical bounds were imposed to the Kj, k,, k3 kinetic parameters.
e [0-1] numerical bounds were imposed to the v, expected values.

To validate the procedure, several experiments were performed by using 4000 sampled time-

points, including:
e A uniform gridding of the sampled time-points.
e A uniform gridding of the sampled time-points with least square estimation weighted

by a ponderation factor w; to test the influence of noise variability over time:

1—e(-AxAty)

w; = Aty X 57—/
i 7 Tax Aty

(1.13)
Where At; is the delay time between two successive sampled time-points, 1 = '% with T the
period of the radionuclide, and T; is the delay time between t, and the sampled time-point i.

e A nonuniform gridding (initial fine time sampling with progressive enlargement to
prioritize the first part of the TAC) as illustrated in Figure 1.13. This choice was moti-

vated to be sure to capture the very first data points of the AIF.

48



R R R

0 00 1000 1500 2000 2500 3000 3500

Sampled points

Figure 1.13: Nonuniform gridding for dynamic image sampling.

b)  Computation efficiency

The number of iterations required to estimate the kinetic parameters is provided in Figure

1.14.
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Figure 1.14: Number of iterations required per voxel to estimate the kinetic parameters. The x -axis
represents the voxel identity number in the tumor. The y-axis represents the number of iterations re-
quired to reach the convergence of the Levenberg-Marquardt algorithm (max = 400 iterations).
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To estimate the kinetics parameters of the 562 tumor voxels, the weighted least square esti-
mation with uniform gridding required a mean number of 23.1 iterations (range = 8-59), ver-
sus 154 (range = 9-120) and 15.3 (8-49) for the uniform and non-uniform gridding respec-

tively (the maximum number of iterations (400) was not reached for any of the methods).

The computation time, on a standalone personal computer, is proportional to the number of

sampled points considered to resolve the differential equation system.

To give an order of magnitude in the case of uniform gridding, the computation time on a
random voxel was 0.7 s for 100 sampled points, 4.74 s for 600 sampled points, 11.8 s for 1500
sampled points, 21.05 s for 3000 sampled points, 35.7 s for 5000 sampled points and 70.5 s
for 10 000 sampled points.

Also, preliminary experiments (subset of 57 voxels) showed similar performance between
nonuniform and uniform gridding when considering more than 2000 points (additional fig-

ures are provided in the Appendix section A.1: Figure A. 1 and Figure A. 2).

¢) Accuracy of the procedure

Figure 1.15 shows the Root-Mean-Square Error (RMSE) per voxel for uniform, uniform

weighted and nonuniform gridding approaches, defined by

RMSE = \,%x IMeasured Cppp — Estimated Cpgr|l, (1.14)

With N the number of frames. The median RMSE (IQR) were 1.7 [1.2-2.3] kBg/mL, 1.8 [1.3-
2.71kBg/mL and 1.7 [1.2-2.4] kBq/mL for the uniform, uniform weighted and nonuniform
gridding respectively.
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Figure 1.15: Per voxel RMSE of gridding fitting approaches. The x-axis represents the voxel identity
number in the tumor. They-axis represents the related RMSE in kBq/mL.

Figure 1.16 shows the RMSE (equation (1.14) with N the number of voxels) per frame for uni-
form, uniform weighted and nonuniform gridding approaches. The median RMSE (IQR) for
the 41 frames were 0.5 [0.3-1.0] kBg/mL, 0.8 [0.4-1.4] kBg/mL and 0.8 [0.4-1.4] kBg/mL for the
uniform, uniform weighted and nonuniform gridding respectively. For comparison, the corre-

sponding results without PET smoothing are provided in the Appendix section A.2 (Figure A.

3).
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Figure 1.16: Per frame RMSE of gridding fitting approaches. The x-axis represents the identity number
of the PET frames. The y-axis represents the related RMSE in kBq/mL.

d) PET kinetic modeling results

Figure 1.17 provides the results of the curve fitting procedure. Uniform and nonuniform grid-
ding provided the same results (as expected with 4000 sampled points). For comparison, the

corresponding results without PET smoothing are also provided in the appendix section A.2

(Figure A. 3).
25
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Figure 1.17: Curve fitting results of the PET kinetic modelling. The measured PET signal (in black) is
compared to the estimated PET signal calculated with the estimated kinetic parameters (K, k,, ks, vp).
The results are provided per frame (top) and per minute (bottom).
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Figure 1.18 shows the 3D maps for the test patient.

PET kinetic maps
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Figure 1.18 Dynamic PET maps (for better display, the 3D kinetic maps were smoothed at 3mm). The
vascular (AIF) and tumor TACs were extracted from the denoised 4D PET data, and the K,, k,, ks, and v,
PET kinetic parameters were estimated by fitting the Sokoloff full kinetic model to the measured TACs
on a voxel-wise fashion. The estimated parameters were then used to compute K; and MRGIu parame-
ters, together with the corresponding 3D parametric maps.

Additional illustrations of voxel-wise fitting analyses for all the patients included in the PET

kinetic analyses are provided in the Appendix section A.3 (Figure A. 4 and Table A. 1).

1.4.2.3.  Conclusion
Our preliminary tests for the implementation of PET kinetic modeling showed that

e A denoising step was required to clean the time-varying activity curves: an 8 mm

Gaussian filter was a good trade-off between signal loss and TAC regularization

e Uniform and nonuniform signal sampling provided the same accuracy with 4000

sampled points.

e The noise variability weighted factor did not improve the curve fitting procedure, but

increased the computation time.

e The curve fitting procedure was accurate at the voxel level, with low RMSE values for

the majority of the voxels.

Based on these experiments, all the PET data were smoothed with a 8 mm Gaussian filter be-

fore kinetic maps computation. Also, to be sure not to miss the arterial first pass in the very

N
w



early phase of the TACs, we choose to keep a nonuniform gridding approach. Future refine-
ments may be of interest to speed up the procedure with less than 2000 sampled points. Fi-
nally, the pipeline was automated to allow the computation of multiple patient kinetic maps
at once, and transferred to the parallel calculation platform at the Laboratoire de Mathé-
matiques d'Orsay. To be launched, the automated procedure required for each patient the

following input data:
e The 4D "®F-FDG PET denoised data, in NIfTI format

e The tumor and AIF masks in NIfTl format, previously generated semi-automatically

(67)
e The glycaemia in mmol/L.

The PET technical challenges were clarified, and we will now discuss the MRI foundations and

methodological challenges we encountered.

Ju— 54



versité Paris-Saclay

W
(9]




2. MRI imaging: from bases to our
purpose challenge
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The phenomenon of nuclear magnetic resonance (NMR) was discovered in 1938 by Isidor
Isaac Rabi (Columbia University, New York, USA), who received for its work the Nobel Prize of

Physics in 1944 (https://www.nobelprize.org/prizes/physics/1944/rabi/biographical). The first

experimental NMR measurements were made by Felix Bloch (Stanford University, USA) and
Edward Mills Purcell (Harvard, USA) in 1946, who shared the Nobel Prize for Physics in 1952

(https://www.nobelprize.org/prizes/physics/1952/purcell/biographical). In the 1970s, Paul

Lauterbur (University of New York, USA) and Peter Mansfield (University of Nottingham, Unit-
ed Kingdom) applied the NMR principle to imaging and thus defined the beginnings of Mag-
netic Resonance Imaging (MRI). Their work led to the development of MRI in the 1980s-90s,
which earned them the Nobel Prize in Physiology and Medicine in 2003

(https://www.nobelprize.org/prizes/medicine/2003/summary/). MRI could not have been de-

veloped without the fundamental scientific works of Joseph Fourier (Signal processing, Ecole

Normale, 19th century, Paris, France), Sir Joseph Larmor (Electrodynamics, Cambridge Univer-
sity, 19th century, United Kingdom), and Erwin Hahn (principles of spin echo, 1949, Stanford
and UC Berkeley, California, USA).

2.1.1.The phenomenon of Nuclear Magnetic Resonance

Nuclei with unpaired proton/neutron or both have magnetic properties. Table 2.1 summariz-

es the atoms with magnetic properties occurring in the human body.



Nuclide Annotation | Natural |Gyromagnetic ratio | Relative sensitivity 1

Abundance
Hydrogen-1

Carbon-13

Nitrogen-14

Fluorine-19

Sodium-23

Phosphorus-31

Table 2.1: Nuclei with magnetic properties in the human body.

The magnetic moment i of a nuclide is a characteristic derived from quantum physics, which
is related to the intrinsic angular momentum (or spin I) of its moving electric particles by the

following equation:
i=y.1(.1)

Where y is the Gyromagnetic ratio. Under natural conditions, the spins of an object have a
random orientation, and the overall magnetic resultant of this object is zero. Submitted to an
ideally homogeneous magnetic field Bo, the majority of spins will align in the direction B, by

experiencing a torque T (Figure 2.1), which is defined as follow
T=jixB,=y.IxB, (2.2

Where the angular momentum vector I (the spin) precesses around B, at angular frequen-

¢y w =y X By, named the Larmor frequency.



o~

Figure 2.1: The torque principle. Iis the angular momentum vector (the spin) and ji the magnetic mo-
ment of the nuclide. Submitted to a magnetic field BO, the majority of spins align in the direction B, by
experiencing a torque T, and precess around B, at larmor frequency w.

A rotating magnetic radiofrequency (RF) pulse (Bf) close to the Larmor frequency, perpen-
dicularly applied to the spins aligned along B, tilts them into the transverse plane by energy
transfer (NB: the principle of Heisenberg uncertainty does not allow to define individual spin
trajectory, but only for a spin population). This interaction corresponds to the resonance
phenomenon. The flip phenomenon (angle = a), referred to “excitation”, is determined by the
envelope, duration and the frequency width of Bf). The return to equilibrium, referred to
“relaxation”, generates an electromagnetic signal named free induction decay (FID) (Figure

2.2).



Electromagnetic signal
(Free induction decay)

w = yXB,

Equilibrium Resonance / Excitation Relaxation

Figure 2.2: the phenomenon of Nuclear Magnetic Resonance (NMR). Under equilibrium, the spins are
aligned along Bo. A rotating RF pulse applied to the spins at Larmor frequency tilts them by energy
transfer (excitation). The spins return then to equilibrium (relaxation) and generate an electromagnetic
signal named free induction decay (FID).

2.1.2. Principles of Nuclear Magnetic Resonance Imaging

MRI consists in applying the NMR principle to an object and spatially encoding the measured
signal using magnetic field gradients to generate an image (2D or 3D image). A supercon-
ducting solenoidal electromagnet (coil cooled with liquid helium) generates a high intensity
permanent static magnetic field (Bo) - typically a 60cm bore 3T on the Signa PET-MRI- which
is 60,000 times stronger than the earth magnetic field. Active or passive shielding limits the
extension of the magnetic field. In addition, a Faraday cage isolates the device from potential
external electromagnetic interactions. In clinical practice, the targeted nucleus is 'H hydrogen,
naturally abundant in the human body (y = 42.576 MHz/T). Submitted to Bo, the spins of the
object of interest are aligned and precess at the Larmor frequency. Additional magnetic fields
transiently generate gradients of low intensity in the 3 planes of the space (x, y, z) to allow

slice selection and spatial encoding of the signal (Figure 2.3).
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Figure 2.3: MR principles. The spins in the MR magnet are aligned to E_o (green); the RF chain (red)
transmits a rotating RF pulse B} to the spins and receives the electromagnetic signal B{ generated by
the spin relaxation. The received signal is spatially encoded by using transient magnetic gradient fields
(orange).

2.1.2.1.  Tissue excitation and signal measurement

Based on the NMR properties, a radiofrequency pulse that matches the Larmor frequency is
applied to the object of interest (RF, magnetic field Bf) using RF transmitter coils (wire loops).
For 'H, and according to equations (2.1) and (2.2), the RF is typically centered at
42.6 MHz/T x 3T = 127.8 MHz on the 3T Signa PET-MRI system. The excited spins are tipped
into the transverse plane, inducing transient longitudinal and transverse magnetization vector
components that precess at the Larmor frequency. Based on the basic principles of electro-
magnetism (Faraday’s law of induction (68), the transverse magnetization component gener-
ates an alternating electrical current in a receiver RF coils (B7), which is frequency-encoded
by applying gradient fields. The receiver coil’s signal is proportional to the signal amplitude
generated by the magnetization in the excited tissue sample. As the precessing 'H nuclei are

gradually dephased, the signal induced in the receiving coil decreases and constitute the
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“free induction decay”. The transmitter and receiver RF coils constitute the RF chain. A cali-
bration of the system at the spin resonance frequency (typically 127.8 MHz at 3T for 'H) is
necessary to get an optimized signal. Two receiver RF coils can (ideally) be placed at right
angles with a 90° phase difference to increase the signal to noise ratio (SNR) by a factor of
V2. The signal detected from the net magnetization M, in quadrature, has a complex notation
with two channels: a real part (in-phase, I) and an imaginary part (quadrature phase, Q), as
illustrates Figure 2.4. To increase the SNR, several pulses-excitations can be performed to

obtain several FIDs. The signal collected is therefore an average of the multiple FIDs obtained.

Quadrature (Q) = « imaginary »

\ G Q A n ns
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Figure 2.4: Detection in quadrature. The MR signal has real (Re) and imaginary (lm) components. Signal
data may be reconstructed as a “real” image, an “imaginary” image, a phase image (®) or a Magnitude
image (Magnitude). In clinical practice, Magnitude images are used for diagnosis. Phase-images may
be used for velocimetry or susceptibility mapping purposes.

2.1.2.2.  Magnetization relaxation: T; and T relaxation times

After a B excitation pulse, the net magnetization vector is flipped by an angle a, then pro-
gressively realigns with Bo (relaxation state). This vector can be separated into two compo-
nents: a longitudinal magnetization M, (which is restored with a time constant T1: spin-lattice
or Ti relaxation), and a transverse magnetization M,,, (which vanishes with a time constant T2:
spin-spin or T2 relaxation), the latter generating the MR signal (free induction decay) based
on the Faraday's law of induction (68). The return of magnetization to equilibrium (M,) can be

formalized by the Bloch equations (69)

=20 = y (MyB, — M,B )——*(23)

dM,,(8)

M
2= =y(M,B, ~ M,B,) — 7 (2.4)
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aMz(t) _
dat

v(MxBy — MyB,) — “zT‘lM" (2.5)

Where M,,, , are the net magnetization along the x, y and z axis respectively, and B, ,, are the
Bi magpnetic field in the x and y directions. When Bf is turned off (Bf = 0), the net magneti-
zation vector realigns with Bo. During this relaxation phase, the longitudinal magnetization M,
recovers as the spinning nuclei release energy, whereas the transverse magnetization M,,

decreases because of spinning nuclei dephasing. The Bloch equations are then rewritten as

dMz(t) _ Mo—M;(t)
o0 = 220 26)

AMyy (8) _ My ()
a T, @27

Considering a Bf RF pulse with & = 90°, initial M,,, = M, and M, = 0, equations (2.6) and (2.7)

yield
M,t) = M, (1 - e(’t/n)) 28)

M,y (t) = Mo x el /) (2.9)

Ty and T2 relaxation times are the rates of longitudinal magnetization recovery (M,) and
transverse spin dephasing (M,,) respectively. In fact, the spins also experience local field in-
homogeneities that accelerate the spin-spin dephasing, defined as T*. T, and T.* are linked

by the following relationship:
1 _ 1

Where AB, is the difference in magnitude of the locally varying field. Ty and T, concepts are

summarized in Figure 2.5.
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Figure 2.5: Tr and T: magnetization components. At t =T, M,(t) = M, (1 —é) ~ 0.63 M, At t =
Ty, My (£) = Mo X5 = 037 M.

Ty and T; relaxation times are determined by the environment of the 'H dipoles. Briefly, T is
strongly determined by the abundance of macromolecules, because of their energy transfer
capabilities. On the other hand, T, is driven by the level of water fluidity in the vicinity of mac-
romolecules, on which depends the degree of magnetic field homogeneity. Consequently, T
and T; relaxation times depend on tissues characteristics. As example, in pure fluids, Ty and T

value are long because
e There a few macromolecules to allow energy transfer (T)

e The rapidly moving water molecules generate motional averaging with homogeneous

magnetic environment that limits the dephasing of the spins (T>).
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Gray matter 968-1815 83-109
White matter 750-1735 65-75
| rr VTN a1:371

898-1509 27-44

1116-1341 39-67
1400-1700 74-80
745-809 31-34
| spleen | 1232-1328 60-61
106-586 40-160

Table 2.2: Ranges of T and T mean values in human tissues at 3T (adapted from (71)).

2.1.2.3. Contrast mechanisms

In MR, differences in T1 and T, weighting create tissue contrasts (T1-weighted, T-weighted or
proton density respectively). Those weights are fine-tuned by two key acquisition parameters:
the repetition time (TR, in ms) and the echo time (TE, in ms), basically defined as follows: TR is
the time between two consecutive Bf excitation pulses, whereas TE is the time between a
Bs*excitation pulse and the signal measurement (72). Because the difference in T; relaxation
time between two tissues is emphasized at short TRs, T1-weighted imaging mainly relates to
TR fine-tuning. In the same way, because the difference in T relaxation time between two
tissues is emphasized at long TEs, T.-weighted imaging mainly relates to TE fine-tuning. And
finally, because image contrast in MR is defined by the balance between both TR and TE pa-

rameters, MR images are thus more or less T1 or T, weighted, as illustrated in Table 2.3.

Weighted contrast

T,-weighted Short Short
T,-weigthed Long Long

Long short

Table 2.3: Image contrast in MRI. Tuning TR and TE parameters make the MR signal more T: or T2-
weighted.




2.1.24. MR pulse sequences, k-space and Fourier transform

The measured signal is spatially-encoded and converted to imaging data by repeating MR
pulse sequences (series of RF pulses, time-varying gradients tuning, and signal-encoding
steps). For this purpose, magnetic gradients are switched on and off rapidly along the x,y or
z directions to generate transient additional magnetic field that vary linearly along the cho-
sen direction. The precession frequency of 'H dipoles changes linearly with position along the

axis of interest, and can be then spatially located along the axis of interest (Figure 2.6).
Let consider the following equations

B =By +G.7(2.11)

Gy x
Where G = |Gy|and 7 = H
G, z

f= %t X B (2.12)
Given an axis of interest i, combining equations (2.11) and (2.12) yields
Afi=LxB =L x (Ai x Gi) (2.13)

Where Ai is the distance between two points of interest along i-axis.

Without spatial gradients With spatial gradients
Afi = Y- x(By + AXGy)
2n

¢ &

l Yo Yo 2o ' X0, Y0 %0

Same precession frequency

No spatial localisation Faster Slower

Figure 2.6: Spatial encoding with transient magnetic gradients. Transient magnetic field gradient ap-
plied along an axis of interest generates spatial variations in the precession frequency of nuclides.



A targeted slice of tissue is firstly excited by applying a narrow band RF excitation pulse (B;)
that matches the precession frequency of the desired location, along with a spatial gradient
of interest (x,y or z direction). This selective excitation-thickness can be varied with the gra-

dient amplitude and the bandwidth of B as illustrated in Figure 2.7.

Frequency of precession

F
requency B} .
Stronger /l/l/\\ B Bo
| Bandwidth Gradient i
amplitude
f o Weaker
—
> Location
Slice thickness

Figure 2.7: Slice selection. A transient spatial magnetic field gradient is applied along an axis of inter-
est, together with an excitation RF pulse that matches the precession frequency of the desired location
along the considered axis. Slice thickness may be adjusted by tuning the gradient amplitude or/and
the bandwidth of B .

The complex signal measured in the selected slice is then encoded in a spatial-frequency
domain named k-space (73). For this purpose, the two other gradients are turned on and off
sequentially to fill the k-space grid along its x- and y- axes. By convention, the nominal echo
time (TE) of an MR pulse sequence corresponds to the time at which the k space center (kx

=0, ky = 0) is sampled. A general overview of MR pulse sequence is provided in Figure 2.8 A,
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and concept of k-space with its main general features are illustrated in Figure 2.8 B and C.

Briefly, k-space presents several key properties:

e First, the coordinates of k-space are spatial frequencies that describe features varia-

tions into the MR image.

e Second, the MR signal is sampled discretely along the kx and ky axis, and the data
sample coordinates along each axis are governed by the net strength and duration of

the related gradients according to
k@) = [;y.G(t).dt' (2.14)
With y is the gyromagnetic ratio, G(t) the gradient of magnetic field as a function of time.

e Third, a 180° RF pulse switches the actual (ks ky) coordinates to the opposite (kx, ky)

coordinates symmetric to the k-space center.

e Fourth, frequencies are hierarchically ordered into k-space. Low spatial frequencies
that encode the shape and contrast in the MR image are mapped to the center of k-
space, whereas high spatial frequencies (edges and details) are mapped to the pe-

riphery of k-space (Figure 2.8 C).

e Fifth, dimensions of k-space and related MR image are interlinked. The extent of k-
space coverage along the ki (i € {x,y,z}) axis is inversely proportional to the pixel size
Ai along the i-axis in the image domain: ki maximum = 1/2Ai . Also, the distance between
two sampled points along the ki-axis of the k-space (Aki) is inversely proportional to

the field of view (L;) along the corresponding axis in the image domain: Aki = 1/Li

(Figure 2.8 C). Because of those interlinks, the Nyquist frequency sampling must be

respected to avoid aliasing artefacts in the MR image (74).

e Finally, because a basic MR pulse sequence typically encodes one line of the k-space,
the same sequence needs to be repeated with a step-wise increment in the phase en-
coding gradient to acquire every new line of the k-space (Figure 2.8 A and B, purple,

red and green lines).
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Figure 2.8: Basics of an MR pulse sequence and k-space. A. MR pulse sequence diagram. B. k-space
filling properties. C. k-space spatial properties.

Therefore, the total number of MR pulse sequences required to acquire the full k-space is

driven by the number of phase-encoding steps, and impact the scan time:



Scan Time = TR X NSA X Npg (2.15)

Where TR is the time between two successive RF excitation pulses, NSA is the number of sig-
nal averages (also named NEX for number of excitations), and Nee is the number of phase-
encode steps. Based on equation (2.15), several tricks can be used to potentially speed-up

the scan time, with their respective flaws:

e Reducing the TR requires rapid gradient switching with potential electrical side effects

(nerve stimulation) and less signal due to incomplete longitudinal relaxation.

e Reducing Nt by using an accelerator factor R (sub-sampling of the k-space using par-
allel imaging technics) yields a reduced FOV in the PE direction. The risk of aliasing ar-
tefacts (Nyquist frequency is no longer respected) may be minimized by using parallel

imaging.

Also, fast k-sampling methods can be used: Partial Fourier sampling exploits Hermitian sym-
metry property of the k-space, but yields reduced SNR; in echo planar imaging (EPI), all the k-
space trajectories can be acquired in one (single shot) or several (multi-shot) acquisitions by
using rapid iterative inverted frequency-encoding gradient combined with transient phase-

encode steps.

Importantly, the way the frequency and phase encoding gradients are combined defines the
pattern of k-space filling (73,75) (Figure 2.9). Cartesian k-space filling (rectangular grid) re-
mains the most widely used in clinical routine, because of the fast and efficient image recon-
struction-related algorithms. Non-cartesian k-space filling (radial or spiral) is more computa-
tionally intensive and classically requires initial rectilinear gridding before image reconstruc-
tion. However, its advantages are a better sampling of the center of the k-space with intrinsic

motion correction, a better k-space coverage and higher gradient efficiency.



T I T
Cartesian filling Radial filling Spiral filling

Figure 2.9: Main k-space filling patterns.

Finally, the data acquired in the k-space (frequency domain) are Fourier-transformed (Dis-
crete Fourier Transform, FT) to be reconstructed in several ways: “real”, “imaginary”, “phase”
or “magnitude” images (image domain). In practice, the optimized version of the Discrete
Fourier Transform (the fast FT) requires 2" points to be sampled, reason why k-space axes are

typically power of 2 (64, 128, or 256) (74). Figure 2.10 illustrates the main principle of FT.

Frequency domain

Image domain

kx

Magnitude image

2D Discrete Fourrier Transform (2D DFT)
M-1N-1

1 i kax, KyY
Fllaky) =y D, D f@e G
x=0 y=0 |F(kx, ky)| = [R2(ky, k) + 12 (ke k)|

fxy) —

1 [Rkxdey)
@ (b, ky) = tan™? [ 700

Inverse 2D Discrete Fourrier Transform (2D DFT?)

M-1N-1
N =55 D, z Fl ky)e 30

x=0 y=0

Figure 2.10: Principe of discrete FT. The variables (x,y) represents the imaging data, (k,k,) the fre-
quency data, flx, y) the magnitude image, |F (kx, ky)| the Fourier spectrum (real and imaginary parts),
and ¢ (kx, ky) the phase data.



2.1.2.5.  Main MR pulse-sequences

To close this first part, we will just briefly review the two categories of MR pulse sequences
(spin echo SE; and gradient echo GRE), from which almost all others are derivatives. As men-
tioned before, an MR pulse sequence is a combination of RF pulses, gradient variations, and
signal-encoding steps. Two-dimensional MR pulse sequences consist in acquiring the signal

in a slice, whereas 3D ones concern multiple slices in one acquisition.

A SE pulse sequence is based on the spin echo properties initially demonstrated by Hahn in
the 1950s (76), by using RF pulse sequence to restore the transverse magnetization of the
precessing 'H nuclei that gradually dephase. The successive application of two RF pulses of
any flip angle value a, separated by a delay time of TE/2 generates an echo at TE (the “spin
echo”), corresponding to the rephasing of the spins inherently altered during the free induc-
tion decay. A classical SE pulse sequence includes a 90° RF pulse followed by a 180° rephas-
ing pulse (Figure 2.11). To speed up the scan time, fast variants of SE have been proposed
(fast or turbo SE), consisting in one 90° RF pulse followed by N 180° rephasing pulses (echo
train length, ETL) that generate multiple echoes (the echo train) in a reduced acquisition time,

proportional to 1/ETL.

TR

a=90° « = 180" Readout
i Spin Echo

RF / Signal

Time (ms)

Figure 2.11: General concept of spin echo pulse sequence.

In a GRE pulse sequence, one RF pulse partially flip the spins (flip angle a), and the gradient
are used to dephase (negative gradient) and rephase (positive gradient) the transverse mag-

netization of the precessing 'H nuclei (Figure 2.12) (NB: because gradient pulses do not refo-



cus magnetic field inhomogeneities, GRE sequences are more sensitive to magnetic suscepti-

bility illustrated by local signal loss).

TR

a GRE readout a
GRE Echo

—
F——
>

RF/signal | *\AVAUnUAVAVAWAVAVAVAVA VI U!\VI\V/\VAVAV

Time (ms)

-
-

Rephasing gradient

Gradient

Dephasing gradient

Figure 2.12: General concept of GRE pulse sequence.

Depending on the way to fine-tune the gradients (timing, amplitude and duration), numerous

GRE sequences exist and may be classified based on:

e Which of the FID, echo or both is rephased (GRE with FID/Echo/combined FID and

echo refocusing)

e Whether cycle-to-cycle transverse coherence is preserved or spoiled (coherent or

spoiled GRE sequences).

GRE sequences are fast MRI imaging approaches mainly used for rapid 2D or 3D acquisitions.
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MRI allows a wide variety of imaging contrast, either for structural or functional purposes. In
this project, we used diffusion weighted imaging (DWI), but also T1/T> relaxometry and dy-
namic contrast-enhanced MRI (DCE-MRI) in the same imaging protocol. In this section, | will
sum-up the main characteristics of these MRI approaches, and will expose in what the use of

these sequences was challenging for this project, with several preliminary tests we performed.

2.2.1. Diffusion Weighted Imaging

2.2.1.1.  Main concepts

Because the microscopic diffusion of water molecules is naturally restricted within biological
tissues (membranes, organelles, macromolecules, compartments, etc.), its effective measure-
ment is reduced compared to a Brownian free diffusion model. Diffusion-weighted imaging
(DWI) consists in measuring the random motion of water molecules within voxels of a tissue
of interest. For this purpose, an approach introduced by Stejskal and Tanner in the 1960's (77)
consists in combining SE sequence with strong diffusion gradient pulses (DGP of weighting
level b), symmetrical to the SE 180° rephasing pulse, in x, y, and z directions (isotropic DWI)

(Figure 2.13).
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Figure 2.13: Diffusion-weighted pulse sequence. Diffusion gradient pulses (DGPs) are applied symmet-
rically to the SE 180° refocusing pulse. Non-diffusing molecules being dephased by the first DGP are

rephrased by the second DGP. However, diffusing molecules are not perfectly rephased by the second
DGP, inducing signal loss.

The value of b (in s/mm?®) depends on several parameters: the amplitude, the width (duration)

and the interval of each pair of DGP, as given by
b= y2G?8%(A - ‘j-) (2.16)

With y the Gyromagnetic ratio, G the Amplitude of the diffusion gradient pulses, § the dura-
tion of the diffusion gradient pulses, and A the time interval between the diffusion gradients

pulses.

Between the applications of DGPs, water molecules are dephased by the first DGP and re-
phased by the second DGP. In case of non-diffusing water molecules, the spins are submitted
in the same way to the two DGPs, being dephased by the first DGP then rephased by the
second DGP. Whereas in case of diffusing water molecules, the spins are no longer submitted
in the same way to the second DGP, and will not be rephased. The signal loss related to their
imperfect rephasing is related to their degree of diffusivity. The diffusion-weighted images
can then be generated from the geometric mean of the signal measured in each of the direc-

tions of the space as follows:

Université Paris-Saclay
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SI = 3[5.5,5, (2.17)

DWI are purely qualitative images with mixed T2-weighted / diffusion components. To quanti-
fy the diffusion component, the apparent diffusion coefficient (ADC) is calculated by adjust-
ing the DWI signal SI at different b values (typically between 0 and 1500 s/mm? in clinical
practice) to the Stejskal-Tanner formula (77)

Sp = S, x e(7b*4P0) (2 18)

Where Sy, is the measured signal intensity on DWI with weighted b value, S, is the measured
signal intensity on DWI with weighted b value = 0 s/mm” (No diffusion gradient), b is the

weighted diffusion value, and ADC is the Apparent Diffusion Coefficient.

Conceptually, ADC represents the slope of a mono exponential graph of signal attenuation
plotted against increasing b values (typically 2 or 3 in clinical practice), that are typically log-
linearized for fitting as illustrated in Figure 2.14 (78). Other approaches out of the scope of
this project are based on bi or multi-exponential decays are used for intra voxel incoherent
motion (79), require more b values, show high degrees of variability and reproducibility, and

are currently used for research purpose only.

Log(Signal intensity)

Slope = —ADC

b values
by b, by

Figure 2.14: Apparent Diffusion Coefficient computation. For each voxel, signal intensity values for two
or three b values are log linearized and fitted to an ordinary least squares fitting algorithm. ADC value
corresponds to the opposite of the regression slope.

In this project, three b values were used to calculate all the ADC maps: b = 20 s/mm?, b =

500 s/mm?, and b = 800 s/mm?®.



2.2.1.2.  DWI technical challenges

We had to face two main methodological challenges to implement DWI for the purpose of

this project:
e Geometric distortions related to Echo Planar Imaging (EPI)
e ADC maps computation using unified multimodal pipeline.

First, DWI is mainly based on EPI (80), because of its fast k-space sampling properties (one
acquisition of a 2D section lasts about 50-100 ms). Although being relatively robust to mac-
roscopic motion, EPI is highly sensitive to Bo field inhomogeneities due to its inherent k-space
filling properties: in EPI, the filling of k-space trajectories relative to the signal evolution is
almost instantaneous along the x-direction, but not along the y-direction. Because the occur-
rence of magnetic field susceptibility artefacts across the image space is related to the speed
of filling the k-space, the accumulation of errors (and related geometric distortions) occurs

along the phase-encoding direction (73). The phenomenon is illustrated in Figure 2.15.

Phase error accumulation
RF ..NWMN_J\,_— i = Geometric distortions K,
BH nq Time
G, s

Phase encoding

G, —ﬂ—ﬂ-\/\/\/\/\/\/\/\-—

AA A Frequency encoding
S(t) VA"
]

k-space filling

Figure 2.15: DW-SE-EPI and geometric distortions. The filling of k-space is almost instantaneous along
the x -direction, but not along the y-direction. The accumulation of errors (and related geometric dis-
tortions) occurs along the phase-encoding direction.
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In lungs, millions of air-tissue interfaces with different magnetic susceptibility properties (x)
generate local susceptibility gradients with Bo field inhomogeneities. These off-resonance
effects corrupt the local Larmor frequency of the spins along the y-axis of the k-space during
EPI acquisitions. This signal mismapping along the y-direction results in spatial
shifts/geometric distortions of the corresponding voxels in the reconstructed images after
inverse Fourier Transform (Figure 2.16). The spatial shifts observed in DWI data makes any
multimodal voxel-wise approach unrealistic. Surprisingly, we found only one study applied to

head and neck cancer that addressed specifically this problematic in PET-MRI (81).
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Figure 2.16 Spatial shift in DWI due to EPI sensitivity to BO field inhomogeneities. The susceptibility
gradient at the interface air-soft tissues induces local fields BO inhomogeneities, corrupting the preces-
sion of the spins. For the same tumor, DWI data (green) are spatially shifted compared to the T1-
weighted ones (red).

Second, the software that currently propose solutions do not integrate full PET and MRI mul-
timodal computation tasks. As previously explained, | decided to program in-house pipelines
to free myself from these constraints, by applying state-of-the-art computation procedures
for the majority of the imaging parameters. As the software that currently propose solutions
to compute ADC maps are proprietary, computation procedures are not available to users.
Furthermore, standardized procedure is currently lacking (82). Therefore, because of its ro-
bustness and computational-effectiveness for our voxel-wise purpose, log-linear fitting pro-

cedure was used to adjust equation (2.18) to DWI signal data (b values of 20, 500 and
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800 s/mm?), by using Levenberg-Marquardt least-square fitting algorithm. The procedure

was implemented in Python environment (libraries numpy, nilearn, nibabel and pandas).

2.2.1.3.  Preliminary tests: correction of susceptibility-induced

A)

EPI-related distortions

Context

Many approaches have been proposed to minimize the distortion effects in EPI.

Reducing the FOV matrix is a simple efficient method (83,84). However, on PET-MRI
system, the MRI FOV is locked in superior/inferior direction by the PET FOV, and can-

not be substantially adapted according to the MR acquisitions.

Multi-shot EPI reduces the distortion by partitioning the filling of the k-space, but re-
mains very sensitive to respiratory movements during the acquisition of the different

shots (85).

Bo mapping by using the double TE approach (86,87) exploits the phase difference be-
tween two images acquired at different TE, which is proportional to the difference in

echo times and field inhomogeneities Bo

A® = yATE X B, (2.19)

The Bo map is therefore obtained by dividing the difference of the two-phase images (A® ) by

the difference in TE (ATE). A major drawback remains the need of MRI raw data (real and im-

aginary parts of the signal), which requires to keep complex data.

The reverse phase encoding method consists in acquiring two EPI acquisitions
(weighting b = 0 s/mm?) in direct and reverse phase encoding directions (28). The Bo
field map is thus estimated from the two magnitude images (in phase opposition) by
symmetric non-linear registration along the phase-encode direction, and used to

generate an undistorted image (29,88).

Because reverse phase encoding is easily implementable on any PET-MRI system, we as-

sessed its feasibility and accuracy for 3T PET-MRI oncology purpose.

—— 79



B)  Phantom experiments

1) Phantom design

To reproduce susceptibility-induced geometric distortions in EPI and evaluate their impact on
ADC maps, a dedicated phantom with susceptibility gradients was built (Figure 2.17), made
up of:

» One compartment (rectangular plastic box of 2L) filled with water

» Two 50 mL polypropylene centrifugation tubes (Falcon® brand) each containing 50 mL of a
pure liquid component with different magnetic susceptibilities (y, dimensionless) and known

diffusion coefficients (ADC):

o Water (H20) for High Performance Liquid Chromatography, yy,, = —9 X 107¢, ADC =
2.32x10”° mm?/s at ambient temperature (HPLC, LC/MS, CAS: 7732-18-5, Manufactur-
er: ).T. Baker®);

o Acetonitrile (C2H3CN), solvent for chemical reactions, ycouzen = —28 X 1076, ADC =

3.18x10° mm?/s (CAS: 75-05-8, Manufacturer: Carlo Erba®).

The tubes were kept at the bottom of the submerged compartment by means of polyeth-
ylene foam bases fixed beforehand (Pattex® gel 100% multi-use, 24h of drying before im-

mersion).
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Figure 2.17: Home-made phantom for susceptibility-induced geometric distortions.

2) Phantom acquisitions

Three successive acquisitions were performed on the Signa PET-MR (GE Healthcare,

Waukesha, WI, USA) at room temperature (21.8°C) and included the following sequences

(thoracic surface coil, suite GEM Coil, GE Healthcare):

e A series of EPl-based SE DWI acquisitions (single echo, 2D axial) in the direct phase
encoding direction (TR/TE = 4290/70.9 ms; flip angle = 90°, matrix = 256x256, cutting
thickness = 5 mm, bandwidth = 1953.12 Hz, voxel size = 1.64 x 1.64 x 6 mm, values of

b in s.mm? = [0, 20, 500, 800]] s.mm?)

e Two SE acquisitions (b = 0 s/mm?), in direct and reverse phase encoding directions,

with the same acquisition parameters otherwise.

e A high-resolution 3D fast spoiled gradient echo Ti-weighted sequence with inversion
recovery (3D IR-FSPGR BRAVO, TR/TE = 8.86/3.72 ms) for spatial image reference (3D-
Ti).

lllustration of one phantom acquisition is provided in Figure 2.18.
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Figure 2.18 : Phantom acquisitions (3D IR-FSPGR BRAVO).

3) Correction of geometric distortions

We used the open access academic software HysCO (Hyperelastic Susceptibility Artifact Cor-
rection(89), developed by Lars Ruthotto (Department of Mathematics and Computer Science,
Emory University, Atlanta), implemented in the ACID Toolbox for SPM12 (Statistical Paramet-
ric Mapping, www.spm.fil.ion.ucl.ac.uk). This software generates an estimate of the Bo field
inhomogeneities from the direct and reverse phase SE images, using nonlinear registration
algorithm and fields deformation prior. The Bo field map estimate is then applied to all the

DWI data (b = 20, 500 and 800 s/mm?) to obtain distortion-corrected DWI (Figure 2.19).
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Figure 2.19 HysCO concept. The direct and reverse phase SF images are used to estimate the Bo field
inhomogeneities by using nonlinear registration algorithm and fields deformation prior. Then the Bo
field map estimate may be applied to correct DWI data from distortion.

4) Data processing

Data processing was performed off-line on a standalone personal computer (Intel Core i5,
central processing units at 2.7 GHz; 8 GB of random-access memory) using Python (version
3.6; Python Software Foundation, www.python.org) and Matlab (version 2015a; MathWorks,
Natick, Mass). First, all the SE data were resampled to the T1-weighted MRI isotropic refer-
ence space. For each tube, a morphological mask was semi-automatically generated from the
3D-T1 reference by using the segmentation tool ITK-SNAP (67,90). Then all the DWI data (un-
corrected and corrected from distortion) were masked to compute the regional ADC maps

within the whole tubes.
5) Statistical analyses

For each tube (H20 and C2H3CN), the voxel-wise percent differences between uncorrected
ADC maps (uUADC) or distortion-corrected ADC maps (cADC) and the phantom ground truth

(ADChz20 = 2.32%10” mm?/s and ADCcarzcn = 3.18x10°° mm?®/s) were computed. Two-tailed



paired t-tests were performed between the percent maps to test for significant difference at
the voxel level. Also, the RMSE of the ADC measures within the whole tubes (H:0 and

C2HsCN) were computed for each of the 3 phantom acquisitions as follows:

RMSE = |[5n, $220 (2.20)

i=

Where 9 are the measured values, yn the ground truth values, n is the number of voxels with-
in the tube (H20 or C2H3CN). All the statistical analyses were performed using Python (version
3.6; Python Software Foundation, www.python.org). All p-values < .05 were considered signif-

icant).
6) Results

As illustrated in Figure 2.20, phantom experiments showed that magnetic susceptibility at the
water-acetonitrile interface generated major EPI-related geometric distortions in the phase
encoding directions: the shape of the tube containing acetonitrile successively showed strong
distortion to the right for the left-to-right encoding direction (x-axis phase encoding), and to
the left for the right-to-left encoding direction (x-axis reverse phase encoding). Also, the

shape of the tube was restored by the reverse phase encoding method.

Ty-weighted sequence EPI phase EPI reverse phase EPI corrected

Slc

Acetonitrile

Figure 2.20 Distortions induced by susceptibility gradients in the phase encoding direction at the wa-
ter/acetonitrile interface (Bottom).

Results of the curve fitting procedure for ADC maps computation are exposed in the Appen-

dix section A.5 (Figure A. 5). Within the water tube, relative errors were 2.4% + 8.1% for uADC



and 2.0% + 8.3% for cADC (difference between the uADC and cADC maps = -0.32% + 3.9%).
Within the whole acetonitrile tube, relative errors were -25.4% + 17.8% for uADC and -23.6%
+ 17.6% for cADC (difference between the uADC and cADC maps = 7.2% + 38.6%). Also,
voxels exceeding 20% error threshold within the whole tube were reduced from 60.1% to

48.9% after correcting the distortion. The results are summarized in Figure 2.21.

ADC maps regional differences vs Ideal Ground Truth

uncorrected distortion-corrected

Figure 2.21: the ADC regional percent differences maps (mean of the 3 phantom experiments) against
the related ideal ground truth (pure water: 2.3x10-3 mm2/s; pure acetonitrile: 3.18x10-3 mmZ2/s). For
water, correcting the distortions did not modify the regional ADC values, whereas the extent of ace-
tonitrile regional errors was consistently reduced in the distorted area.

When considering a targeted distorted region in the acetonitrile tube (Figure 2.22), the same
spherical mask matched perfectly between the 3D-T1 and EPI-corrected images but appeared
outside the uncorrected EPI data. Within this particular area, relative errors were -25% +
10.6% for uADC and -18.4% + 12.6% for cADC (difference between the uADC and cADC maps
= 8.7% + 9%). Voxels exceeding 20% error threshold were reduced from 85.3% to 31.4% after
correcting the distortion. Also, cADC values within this area were statistically closer to the

ground truth (t = -114.64, p<.001), and the RMSE of ADC values was reduced (Figure 2.23).
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Figure 2.22: Left panel: The mask (red sphere) generated on the 3D-T1 reference image appears clearly
outside the tube on the uncorrected EPI image, whereas its position perfectly matches the corrected
EPI image. The corresponding ADC values are modified up to 30% when correcting the geometric dis-
tortions. Right panel: the ground truth is represented by a solid red line. The ADC corrected for distor-
tions (cADC) were still biased but significantly closer to the ground truth both in terms of values (top)

and distribution (bottom).
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Figure 2.23: RMSE of acetonitrile ADC values uncorrected and corrected from distortion. The values of
each phantom session and the session average are computed specifically in the distorted area.

7) Validation on real clinical data
X Patients data and image post-processing

The reverse phase encoding correction method was applied on 12 consecutive patients (the
main lesions characteristics are provided in section 3.1.5, Table 3.2). The workflow dedicated
to distortion correction is summarized in Figure 2.24. The DWI data were warped to the cor-
responding 3D T1-weighted MRI resampled to 2 mm? isotropic using the Advanced Normali-

zation Tools (ANTSs), a state-of-the-art medical image registration toolkit (91).

The quality of the coregistration between DWI (non-warped and warped) and 3D-T1 clinical
data was assessed both visually and quantitatively by computing the normalized mutual in-

formation metric of the lesion data as follows (92):

IX;Y) = Srexyer P, ¥)log (’%) (2.21)

where X and Y are the two images of interest, x and y their related voxels intensity values,
Rfx) and p(y) are the marginal probabilities of x,y and p(x,y) their joint probability. As for
the Phantom study, the image post processing was performed off-line on a standalone per-
sonal computer (Intel Core i5, central processing units at 2.7 GHz; 8 GB of random-access

memory) using Python (version 3.6; Python Software Foundation, www.python.org).
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Mutual information metric
DWI & 3D-T, matching

MRI-(PET)
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Figure 2.24: workflow dedicated to DWI/ distortion correction. DWI data were corrected for geometric
distortions and warped to their corresponding isotropic 3D-T1 volume (2mm?’). The quality of the co-
registration between the corrected DW/ data and their 3D-T1 was assessed by mutual information.
ADC maps were then computed from masked DWI data for voxel-wise tumor regional analyses.
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* Results

As shown in Table 2.4, the warping procedure improved the mutual information metric be-
tween the EPI and the 3D-T1 images from 0.3 to 17% for 10 of the 12 lesions. Performing the
distortion correction before warping further improved coregistration for all the data (relative

gain = 0.4% to 44%).

Mutual information metric using 3D-T, image as the reference
Raw data Warped data
EPI EPlwarped A% EPI A% A%
(vs EPI) corrected for distortion and warped (vs EPI) (vs EPl warped)

_ 0.618 0.470 -315 0.529 -16.8 +11.2
- 0.816 0.986 +17.2 0.99 +17.6 +0.4
- 0.414 0.426 +2.8 0.491 +15.7 +13.2
_ 0.725 0.793 +8.6 0.827 +12.3 +4.1
0.289 0.290 +0.3 0.298 +3.1 +2.7
_ 0.369 0.397 +7.1 0.423 +12.8 +6.2
_ 0.342 0.414 +17.4 0.545 +37.3 +24
_ 0.709 0.747 +5.1 0.829 +14.5 +9.9
_ 0.498 0.424 -17.5 0.757 +34.2 +44
_ 0.447 0.524 +14.7 0.490 +8.8 +7
_ 0.382 0.445 +14.2 0.469 +18.6 +5.1
_ 0.357 0.396 +9.9 0.428 +16.6 +7.5

Table 2.4: Mutual information metric values using 3D-T1 as the reference volume. DW/ data were

resampled to 2-mm3 isotropic voxel resolution for the metric computation.

Clinical illustrations of EPI-related distortion effects in the phase-encoding direction are pro-
vided in Figure 2.25 (A). The lesion of interest (right upper lobe) appears distorted in the
phase-encoding direction from the reference red dotted line, which is centered on the lesion
on the corrected image. The inhomogeneity field maps for all patients generated from the
forward and reverse phase-encoding polarity EPI acquisitions are also provided (B). In all par-
ticipants, the targeted lung lesions were impacted, as illustrated by the high magnitude of Bo

inhomogeneity in the lesion areas (red circle).



Forward polarity DWI reverse polarity DWI corrected DWI
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Patient #8 Patient #9 Patient #10

S

Patient #11 Patient #12 Patient #13 Patient #14

Figure 2.25: EPl-related distortion on 3T PET-MRI. A: example of forward- and reverse-polarity EPI ac-
quisitions, with increased distortion in the phase-encoding y-axis direction (i.e, the vertical axis). The
exact lesion position (centered by a red line) is provided on the corrected DWI. B: estimated inhomo-
geneity-field maps of all thoracic acquisitions (lesions are tagged with red circles). The maps were z-
scored for standardization and the normalized grayscale coding for magnitude of inhomogeneities
was set to + 7 standard deviations from the mean.

As shown on Figure 2.26, substantial lesion mismatches between uncorrected EPI and 3D-T1

images were observed, whereas the corrected EPI images appeared less distorted and

matched the 3D-T1 images correctly.
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Uncorrected DWI  Distortion-corrected DWI
(overlaid on 3T-T,) (overlaid on 3D-T,)

3D-T; MRI

Figure 2.26: Two illustrative examples of matching improvement between DWI and 3D-T1 PET-MR/
data after distortion correction (Top. Patient 2; Bottom. Patient 13). In the two cases, the data were not
warped to clearly illustrate the specific distortion-correction effect.

The uncorrected and the distortion corrected DWI data were finally semi-automatically
masked using ITK-SNAP (90) to compute ADC maps. As expected, the distortion correction
impacted the ADC results generated from the DWI images, as illustrated in Figure 2.27. The
mean ADC values computed from the uncorrected and corrected DWI data were different (t
values ranged from -27.3 to 38.9, p < .001). At the voxel regional level, the percent-map dif-

ferences ranged from -100% to more than +150% depending on the lesion.
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Figure 2.27: ADC maps computed from the uncorrected EP/ data (first column, uncorrected ADC) and
corrected EPI data (middle column, Distortion-corrected ADC), and the voxel-wise relative percent
difference maps (last column). All the maps are provided in axial view, with 4-mm FWHM Gaussian
smoothing. ADC are expressed in 10-3mm?.s”".

2.2 14. Conclusion

To summarize this methodological subpart, we assessed the effectiveness of reverse phase
encoding in correcting DWI geometric distortion for multimodal thoracic PET-MRI voxel-wise
analyses. Basically, the signal lost in areas of Bo inhomogeneities prevents the complete re-
covery of true ADC values. However, returning distorted signal to its proper location should

partially improve the regional ADC values.
Based on our experiments,

e The correction of distortion by reverse-phase encoding on diffusion-weighted 3T PET-
MRI showed that correcting the distortion improved the apparent diffusion coefficient
(ADC) by reducing the mean error against the ground truth from -25% to -18.4%, (p
<.001) and reducing the number of voxels with more than 20% error from 85% to

31%.

e The regional difference between corrected and uncorrected ADC maps of lung tumors

ranged from -100% to more than +150%.
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For all lung tumors, the coregistration of multimodal PET-MRI data was improved
from 0.4 to 44%, and voxel-wise rs values between ADC and standardized uptake val-
ue revealed null or weak monotonic relationships (mean rs of 0.016 + 0.24). This work
was recently published and validate the use of reverse-phase encoding to correct dis-

tortions in diffusion-weighted imaging of lung tumors in 3T PET-MRI (93).
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2.2.2. Relaxometry

Unlike conventional MRI, which remains qualitative (images are more or less Ti- or Ta-
weighted), relaxometry is a quantitative imaging method based on tissue nuclear magnetic
resonance properties. MR relaxometry consists in measuring the T1, T2 or T2* relaxation times
(in ms) of tissues using adapted MR sequences. Current fields of application in medicine are
dominated by neurology (inflammatory diseases such as multiple sclerosis, neuro-oncology),
cardiology (tissue characterization of myocardiopathies, amyloidosis) and osteo-articular
(study of cartilage). In oncology, Damadian firstly proposed in 1974 the use of NMR relaxo-
metry to characterize tumors (94). Fifty years later, only few tumors subtypes have been ex-
plored by MR relaxometry (95-99). The wide variability in imaging protocols and T1/T relaxa-
tion values makes this MR quantitative method still highly challenging in clinical routine, and
only range of magnitude in T1/T2 relaxation times of several tissue structures are currently

defined (70,71), with significant overlaps.

Anyway, combining T1/T2 relaxometry to other quantitative imaging parameters could be of
interest to characterize the tumors, reason why we decided to implement this approach in

our multimodal PET-MRI research work applied to lung cancer.

222.1. T1 relaxometry

T1 relaxometry may be based on inversion/saturation recovery (IR/SR) or variable flip angle
(VFA) approaches. All these methods have been extensively studied and have their own
specificities. However, it is important to mention that IR/SR methods have been mainly used
and optimized for cardiac imaging purpose, whereas VFA approaches remain more generalist
approaches. | will briefly summarize the underlying concepts of these methods in the follow-

ing paragraphs.

A Inversion and saturation recovery methods

The reference method for measuring T1 longitudinal relaxation times is the single-point inver-
sion recovery approach (IR Ti-mapping) (100,101) which consists of inverting the longitudinal

magnetization M, by a 180° pulse (inversion) and acquiring a series of independent meas-



urements (single points) of the T:1 signal recovery at different inversion times (Figure 2.28).

The pulse sequence can be either a SE or GRE.

Mz Mz Mz
1 1 1
0 Time 0 Time 0 Time
1 TR 4 TR -1 TR
180° SE or GRE 180"
inversion pulse readout inversion pulse
Ao, I\AA AAA AA.\ A I\ﬂr\ Anr\ AAA
Lkl L LA v LA w
Ty T, T,

Figure: 2.28 Inversion recovery pulse sequence. Independent signal measurements are performed at
different inversion times (Tl) after the 180° inversion pulse.

According to the Bloch equations, signal recovery along the M, axis can be formalized as fol-

lows:
STD=cA-2¢ m4e /my@22)

Where C is the constant to optimize, and Tl the inversion time of the IR acquisition. Also, if TR

>> Ti (typically TR > 5T1), the equation can be simplified as follows:

—TI/
STH=Cx(1-2e /m)(2.23)

The major disadvantage of standard IR is that extremely long TRs are necessary to achieve
complete recovery of the T1 signal along the M, axis. Given its prohibitive acquisition time,

several alternatives have been developed to be feasible in clinical routine.

The Look-Locker approach (702,703) is a modified version of standard IR that includes a
unique inversion pulse, followed by a rapid sequence of N “a” pulses (separated by a time
interval 7) with GRE readout. In this case, the residual transverse magnetization between each
consecutive a pulse has to be controlled (by respecting a delay time 7 of 5xTz between each

a pulse, or by using gradient spoiling). Also, the T1 value obtained is underestimated due to
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continuous perturbation of the magnetization, and represents an "apparent” T1 or Ty (Figure

2.29).
Mz True T1
1 -~
TAE
0 Time
|
-1 TR
T
190° a GRE a a 1
Inversion pulse readout inversion pulse

Aaag AI\
(L)

ik

—

Tl To

Figure 2.29: Look-Locker pulse sequence. One inversion pulse is followed by several signal measure-
ments. Compared to the reference IR method (red), the Ti value obtained is underestimated due to
continuous perturbation of the magnetization, and represents an "apparent” T1 or Ty (purple).

T; measured after the n® sampling (n = 1, ..., N) is formalized as follows:

Sn=Bx(1—=Tye 'm)(224)

Mo(l-e_T/T;) Ty = — (cosa(l-[cosae’r/Ti]N—l) + 1).

T — >
=\ . 1+cosafcosa e~ /T1|N-1
1-cosae 1 Jsina

With g =

And finally, the true T1 is obtained given the following relationship:

. _ T
I = 77~ Ln (cosa) (2.:25)
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The Modified Look-Locker Imaging (MOLLI) approach (704 has been specifically conceptual-
ized for rapid cardiac imaging and allows the acquisition of images in apnea (about 20 sec-
onds). The principle is to use only two to three 180° pulses followed by balanced steady
state-free precession single-shot acquisitions to different Tls. Between each 180° pulse, short
periods of rest are observed in order to restore the longitudinal magnetization between each

cycle (Figure 2.30).
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Figure 2.30: MOLLI pulse sequence. Two to three IR pulse are performed. For each IR, three to five sig-
nal measurements are performed at the same period of the cardiac cycle.

The images are acquired at the same time of the cardiac cycle, the 180° pulses being syn-

chronized to the heart rate (typically 5 (3) 3 or 5-1-1). The signal is obtained according to
(-Tl/ .
SI(TH =|(A—Bxe M) (2.26)
From equation (2.26), the true T1 is given by
T, =T] X (=) 227)

Finally, the saturation recovery methods (SR) use saturation pulses instead of inversion puls-
es. For example, SASHA (saturation-recovery single-shot acquisition) approach, also designed
for cardiac Ti-mapping, uses a 90° magnetization preparation instead of the 180° inversion
pulse (Figure 2.31), with two advantages: the 90° pulse eliminates half the residual magneti-

zation of previous cycles. An estimate of the true T value is therefore directly obtained (705).
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Ts1 Ts2 Ts3 TSn

Heart beats J, ‘,
| |

Figure 2.31: SASHA pulse sequence. IR pulse is replaced by a 90° saturation pulse (SR). Independent
signal measurements are performed at the same period of the cardiac cycle after the 90° inversion
pulse.

The signal is obtained according to
-TS
SITS) =A—(1—e' /™) (2.28) for the 2-parameters model

-TS
SI(TS)=A—-BX e /Tx)) (2.29) for the 3-parameters model

B.  Variable flip angle method

Signal intensity in a Spoiled GRE pulse sequence (SPGR) is a function of T1, TR, and flip angle
a. Assuming TR > T2 and a perfect free equilibrium-precession state of the SPGR sequence,
the signal S at a particular angle « is given by the following non-linear function:
TR
Mo(l—e_n) sina

S=—— 2 (2.30)
1-cosae T1

S is the signal of an SPGR sequence (absolute value), a the flip angle, TR the repetition time.

The variable flip angle (VFA) method consists of estimating the T1 value by fitting, at constant
TR and with variable flip angles (@ = 1, ..., n) the signal S from equation (2.30) (Figure 2.32).




Signal intensity

a a a a
3 2 2 ™ Flipangle @

SPGR sequence

....... SPGR signal behavior
@® Measured data

Figure 2.32: VFA concept. The signal intensity of an SPGR pulse sequence is acquired at different fljp
angles a,,. The signal behavior at different flip angles is then linearized and fitted, the Ti value being
proportional to the inverse of the regression slope

For this purpose, equation (2.30) can be rearranged asy = mx + b (706, 707)

Sn = Sn
—e T1

sinay, tanay,

+C(231)

Where S, is the signal measured at a flip angle a,,. Finally, the T value is estimated from the

linear regression slope calculated from (2.31)
— —TR
n= / Ln(slope) (2.32)

With TR the repetition time. The main advantages of VFA are the acquisition speed, the large
spatial coverage together with high anatomical resolution, allowing highly resolute 3D-T1
maps. However, this approach is extremely sensitive to B field inhomogeneities, especially in

high fields (see below).
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C.  Technical considerations concerning Bi field inhomogeneities for flip angle sensitive T1-

mapping methods (Look locker and VFA)

At the Larmor resonance, the value of flip angle a depends on Bf
a=y [y Bf(t) dt 2.33)

Where « is the flip angle, y the gyromagnetic ratio, and Bf the transmit RF field. From equa-
tion (2.33) we can directly deduce that local inhomogeneities of Bfinduce variations in flip
angle and corrupt the estimated T1 values. This issue increases with the MR field strength
and cannot be neglected at 3T. For this reason, T1-mapping methods that are sensitive to flip
angle all require the acquisition of a Biregional map to calibrate the nominal flip angle (i.e
the value of a which is set at the console) to its actual value (i.e the true flip angle experi-

enced by the spins).

For this purpose, several methods for correcting By field inhomogeneities have been pro-

posed:
1) Amplitude-based methods

Double-angle method (DAM) (708 709): by assuming a complete recovery of the signal after

the TR, the signal measured is proportional to sin a. Two successive pulse sequences are

made with flip angles o (S1) and 2a (Sz) respectively, corresponding to the following relations:
S1 = A X sin (a)(2.34)
52 = A X sin(2a) = 2A X cos(a) sin(a) (2.35)
From (2.34) and (2.35), we can deduce the true agcrua
Qgctual = €0s ™t (j—:) (2.36)

Because the complete regrowth of the signal between two acquisitions is required, and be-
cause TR >> Ty, this method is slow. Furthermore, this method works especially for high flip

angles (Sz2 / S1 =1 for flip angles < 20 °; S, / S1 < 0.5 for flip angles > 60°).

Double-echo method (double SE)(770,777) exploits the stimulated echo properties of SE se-

quences. Using an EPI pulse sequence, the signal Si is measured after a first pulse of flip an-
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gle 2a (spin echo), and the signal Sz after the second pulse of flip angle o (stimulated echo, at

time To). The true @gcpyq is then deduced from the relation:
- (Sz P/, -1(52);
QAqctual = €OS S—l) xe 'Ti= cos (5_1) if TD << T1(2.37)

Although much faster and requiring only one sequence, this 2D approach is intrinsically sub-
ject to the artifacts of the EPI methods, in particular the geometric distortions induced by the

inhomogeneities of Bo fields.

Actual flip angle imaging method (AFI)(772) allows rapid acquisitions of large 3D volumes. A

double TR GRE pulse sequence with one RF Bf pulse is used. After the RF Bfpulse of flip an-
gle o, two successive signals S1 and Sz are measured at TR1 and TRz respectively, with TR2 >

TR1. Assuming the main assumption TR = TRy + TR, K Ty:

_ TR,

n=n (2.38)
=%

r=5 (2.39)

The true @ gctyq is then deduced from (2.38) and (2.39) as follows:

@qctual = €0S™1 (r::'__rl) (2.40)

Pre saturation method Turbo FLASH (SAT-TFL)(773-7175) consist of two 2D acquisitions of the

same flip angle B, one without preparation of the magnetization (S1), the other with prepara-
tion of the magnetization by applying a nominal angle a (S2). Assuming a complete recovery
of the transverse magnetization between S1 and Sz, and a measurement of Sz immediately

after @pominat: the true ageeyuq is deduced by
Qgctuat = cos~1 () 247)

Double refocused echo (DREAM)(776) is based on the same principle as the previous one:

preparation of the magnetization before recording the signal. On the other hand, two succes-
sive nominal pulses a are carried out for the preparation of the magnetization, followed by a
flip angle B to generate two successive echoes Si1 (stimulated echo) and Sz (free induction

decay signal) during the same acquisition. The effective angle o is deduced by

Qgerual = tan™t (%) 42
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2) Phase-based methods

Phase sensitive method (777,778 consists in measuring the signal of a GRE sequence includ-

ing two successive 90° phase-shifted excitation pulses (2a and o) twice (S for the first acqui-

sition and S; for the second acquisition), the two 2a RF pulse being 180° phase-shifted. The

effective angle o may be deducted from the linear relationship between the phase of -Z_z and

the flip angle a. This approach is nevertheless sensitive to By fields inhomogeneities.

Bloch-Siegert shift method (779 consists in inducing a phase-shift of the signal (wBS) using

an off-resonance pulse (RF) applied after the excitation pulse. Since this phase shift is propor-

tional to B{, the value of the field Bf is deduced from the formula:
wBs = ) (5.43)
This approach is fast and robust to T values and B, inhomogeneities. However, it induces a
significant increase of the specific absorption ratio (SAR) with tissue warming.
3) Pros and Cons for Bf mapping methods

Among these different Bf mapping methods, the double-SE, DREAM, Phase sensitive and
Bloch-Siegert methods are specific absorption-rate (SAR) expensive, limiting their use for
long multimodal imaging protocol in clinical routine. Of the remaining methods, DAM is very
slow, sensitive to T1 value, and is efficient only for high flip angles. AFl and SAT-TFL are finally
robust against T1 or By parameters, and relatively SAR-sparing. AFl is slower than SAT-TFL,
but allows 3D acquisition, with good accuracy for a wide range of flip angle values, making it

a good generalist candidate for Bf mapping.

2222 T2 RELAXOMETRY

A Main concept

T relaxometry consists of measuring the phase shift of the spins (transverse magnetization
M,,) after the application of an RF pulse. All the sequences used are based on the spin echo
properties initially demonstrated by Hahn in the 1950s (76 707). After a SE pulse sequence,

the signal measured follows the equation

S=Mo [1 - e(_;_‘:)] x e T (2.44)
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If TR » T, the T1 component can be removed and (2.44) yields
_IE
S=M,x e T2 (2.45)
To estimate T2 relaxation time (T2-mapping), the signal is sampled at different TE (Figure 2.33)

and adjusted by least squares method (Levenberg-Marquardt) to an exponential decay model

TE;

Si=M,xe T2 (2.46)

-------- T, signal behavior
@® Measured data

L
>

TE, TE, TE; TE; TE

Figure 2.33: T2-mapping concept. The T2 signal decay is sampled at different TF and fitted to an expo-
nential model.

B.  Technical considerations concerning T2-mapping pulse sequences

The reference standard remains the single-echo SE pulse sequence (Figure 2.34). However, its,
very long implementation (one acquisition per TE) remains a major drawback that strongly
limits its use in clinical practice. The faster version proposed by Meiboom and Gill (720, 727),
multi-echo SE (several TE per acquisition), consists in a 90° RF pulse followed by N successive
180° rephasing pulses performed at regular intervals (Figure 2.34). Alternating phase-shift
(90°) pulse can be implemented to reduce the accumulated phase errors (Carr-Purcell-
Meiboom-Gill, CPMG). Accelerated CPMG-based methods (multi echo turbo or fast spin
echo, ME-FSE) combine multi echo SE with ordered phase encoding (Figure 2.34). Multiple

lines of k-space are thus filled within one TR, and acquisition time is significantly reduced.



However, because the lines of k-space are filled at different TEs, actual image contrast is re-
duced. Also, the nominal (effective) TE and ETL have to be adapted to minimize image blur-
ring effects. Finally, modified CPMG approaches using GRE sequences inherently reduce the

SAR, but lower flip angles are in turn more sensitive to Bf inhomogeneities.

TR

a=9" a=180" GRE readout a=9%"
Spin Echo

SE pulse sequence Time (ms)

TE

CPMG pulse sequence

TE;

a=9%0 @ =180 « = 180" «= 180" @ =950
Spin Echo

MEFSE pulse sequence

Figure 2.34: single-shot SE pulse sequence and its accelerated versions (CPMG and MEFSE). SE method
consists in performing one acquisition per TE. CPMG method consist in generating a train of multiple
echos by performing N successive 180° refocusing pulses. The signal is measured at each TE following
the initial 90° RF pulse. In MEFSE, the CPMG concept is applied with ordered phase encoding to speed
up the filling of k-space.
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Importantly, the mono-exponential decay is rarely verified in clinical practice especially be-

cause
e The tissue structures are inherently heterogeneous

e RF pulse imperfections generate stimulated or secondary echoes, leading to signal

decay corruption and T2 values over estimation (722).

Also, background noise originating from the system or/and from the imaging data may alter
the signal fitting procedure, in particular for TE sampling of long T2 components (723). De-
noising approaches before adjustment may be used (724), or a noise floor offset parameter

may be added to the equation (2.46) to minimize the T2 over estimation (725, 726).

2.2.2.3.  Preliminary test for implementation of T1/T2 mapping
A Context

We had to face a double challenge to implement T1/T2 mapping on the Signa PET/MRI sys-
tem for our purpose specifically: first, T1/T2 mapping pulse sequences are not routinely avail-
able on PET-MRI systems, limiting the choice of methods we could use. Second, this project
focused on lung tumors specifically. This implied to choose pulse sequences that were feasi-
ble in clinical routine and robust to thoracic motion (i.e. fast acquisitions allowing breath

hold-condition or motion-compensable pulse sequences).

B.  Phantom experiments

1) Material

We used a quantitative MRI System Phantom (qMRI, High Precision Devices, Inc., Boulder,
Colorado, USA). The gqMRI phantom consists of a plastic sphere of 20 cm diameter encap-
sulating 3 arrays, each array containing 2 cm diameter spheres of known T1, T2 and proton

density values (Figure 2.35).
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T, ground truth
NiCl, Ty(ms)

T,ground truth

MnCl,

(4 5%, mM) +SD (+ 5%, mM)

sy 0.299 1989 +1.0 0.013 581.3 +0.39
0.623 1454 +2.5 0.021 4035 +0.55

T,array 1.072 984.1+ 0.33 0.031 278.1+0.28
1.720 706 + 1.5 0.047 190.94 +0.011
2,617 496.7 +0.4 0.069 133.27 +0.073
3912 3515+ 0.9 0.101 96.89 + 0.049
5.731 247.1+0.01 0.145 64.07 + 0.034
8.297 1753+ 0.1 0.207 46.42 +0.014
11.936 125.9+0.3 0.296 31.97 +0.083
17.07 89.0+0.17 0.421 22.56 £ 0.012

Figure 2.35 : MRI System Phantom (QMRI, High Precision Devices, Inc, Boulder, Colorado, USA). EFach
sphere of the Tr and Tz arrays have calibrated Tr and Tz values.

2) Methods

Based on the considerations exposed in section 2.2.2.1, we tested two Ti-mapping methods:
one saturation-recovery method (SMART1) highly robust to magnetic field inhomogeneities,
designed for cardiac imaging purpose (37,727); and VFA method which remains the most
widely use method in clinical practice. Because of its inherent high sensitivity to magnetic
field inhomogeneities, we tested the AFlI Bf mapping procedure to correct the flip angle in-

accuracies (772.

For T2-mapping, we used a MEFSE pulse sequence, which is the most widely used T2-mapping
method in cardiac imaging (30). To prevent for potential T> overestimation, two previously

published fitting procedures were tested:

e First echo discarding to compensate potential signal oscillations in the early echoes

(726,128-131).

e Miller's noise correction (724) that corrects the signal of the surrounding background

noise (signal offset) by considering the high square images according to
Ipenoised (TE)Z = Isignal(TE)z = Inoise (TE)Z (2.47)
S(TE;)? = (My)? e™2TEU/T:" (2.48)

T, = ZIne (2.49)
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Also, and for the same reasons previously exposed, the image post-processing was imple-

mented in Python environment (libraries numpy, SciPy, nilearn, nibabel and pandas) to allow

multimodal unified post-processing pipelines.

3) Phantom acquisitions

Two identical phantom experiments were performed at 1-week intervals on the same Signa

PET/MR (GE Healthcare, Waukesha, WI, USA) by using a thoracic phased array from the GEM

Coil Suite (GE Healthcare, Waukesha, WI, USA). Acquisition parameters were:

SMART1: TR/TE = 3.051/1.336 ms; flip angle = 45°; pixel bandwidth = 781.25 Hz; slice

thickness = 5 mm, matrix size of 128 x 128, 10 slices.

VFA: a set of nine independent 3D spoiled gradient echo pulse sequences with varia-
ble flip angles; TR/TE = 5.636/1.54 ms, nominal flip angles a = [2°, 4°, 6°, 8°, 10°, 15°,
20°, 30°, 40°); pixel bandwidth = 976.562 Hz; slice thickness = 5 mm, matrix = 192 x
128, 12 slices.

AFI pulse sequence to correct T1 from B field map inhomogeneities: flip angle = 50°;
TR1/TR2= 40 / 200 ms; pixel bandwidth = 976.562 Hz; slice thickness = 5 mm; matrix =
192 x 128, 12 slices).

2D MEFSE pulse sequence: TR/TE = 4976 ms / [14, 42, 70, 98, 126, 154, 182, 210] ms;

slice thickness = 5 mm; matrix 128x128, interpolated at 256x256, six slices.

4) Data processing

The spheres of T1/T2 imaging data were semi-automatically masked using ITK-SNAP (90).

T1smart1, T1vra, and T2merse relaxation times were estimated from the masked data as follows:

T1-mapping.: T1smart1 (directly generated on the vendor workstation) followed the
saturation recovery fitting equation (2.28). T1vra values were estimated from the equa-
tions (2.31) and (2.32). T1vra values with B mapping (T1ar) were obtained from the
same equations by replacing the nominal flip angles « by the actual flip angles arye
computed from the equations (2.38), (2.39) and (2.40). Results of the curve fitting pro-
cedures are available in Appendix section A.6 (Figure A. 6, Table A. 3 and Table A. 4).
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e T.-mapping: assuming a theoretical mono-exponential signal decay, T2wmerse values
were estimated by linear fitting of the log-linear values of voxel intensities (S;) along

echo times (TE;):
Log (S;) = Log(M,) — TE;/T, (2.50)

The log-linear decay model was chosen because of better fitting results in the case of signal
decay corrupted curves, and for higher fitting precision using the SciPy library (although mul-
ti-exponential approach has no relevance in pure fluids, it is less robust and requires larger TE
sampling, typically 40 to 100 points that are difficult to apply in clinical routine (732). Results
of the curve fitting procedures are available in Appendix section A.7 (Figure A. 7, and Tables

A.5 A.6and A.7).
5) Statistical analyses

For each T1/T2 sphere, the accuracy of phantom measurements was assessed by calculating
the RMSE of the two phantom sessions (for more details, please refer to equation (2.20)). Re-
liabilities between the two phantom sessions were assessed by computing the intra class cor-
relation coefficient estimates of the measured T1 or T2 relaxation times (ICC) and their 95%
confidence intervals (mixed effect model, absolute agreement) (733). All statistical analyses
were performed with Python (version 3.6; Python Software Foundation, www.python.org) and

R studio (version 3.4.0; R Project for Statistical Computing, www.r-project.org).

6) Phantom results
e Ti-mapping

Accuracy of Ti-mapping depended both on the method used and the target value in the two

sessions, as illustrated in Figure 2.36 and Table 2.5.
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T, phantom measurements
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Figure 2.36: Results of the T;-mapping experiments. For each sphere, (x-axis) the corresponding
measured T; values (y-axis, top, the vertical black lines corresponding to SD) and RMSE (y-axis, bot-
tom) are provided.

Sphere 6

Sphere 7 | Sphere 8 | Sphere 9 ' Sphere 10

Sphere1 Sphere2 Sphere3 Sphered4 SphereS5

Ground truth in ms

VFA session 1 205(103) 171(11.8) 150(15.2) 92(13) 45 (9) 32(9) 24(9.7) 12(6.9) 14(11.1) 11(124)
VFA session 2 797 (40) 593 (40.8) 431(43.8) 309(43.8) 220(44.3) 150(42.6) 112(45.3) 78(44.6) 60(47.6) 42(47.2)
AFl session 1 300 (15) 199(13.6) 106(10.8) 125(17.7) 39(7.8) 33(94) 22(89) 11(6.3) 13(103) 9(10.1)
AFl session 2 425(21.4) 287(19.7) 198(20.1) 185(26.2) 89(17.9) 52(14.8) 45(18.2) 31(17.7) 28(22.2) 21(23.6)
UL s RTEULTB 112(5.6) 126(8.7) 44(45) 32(45) 22(44) 106(30) 34(13.8) 40(22.9) 88(69.8) 176(198)
SULUAS R TR 224 (11.3) 153 (105) 25(25) 26(3.7) 26(52) 17(4.8) 30(12.1) 58(33.1) 56(44.4) 96(108)

RMSE in ms (%)

Table 2.5: RMSE values for the two T;-mapping experiments. For T; values above 500ms, T1syarrr was
the most accurate for the two sessions.

B mapping (T1ar) partially improved the accuracy of the VFA method. In particular, T1aq was

not optimal for high T1 values, that may be explained by the following considerations:

e We used short TRs for the AFI pulse sequence to verify the main AFl assumption

(equations 2.32 and 2.33), which is driven by the T1 expected values. Higher the TR to
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T1 ratio will be (the optimal ratio depends on the flip angle considered), better will be

the accuracy of flip angle measurements (flip-angle weighted signal) (734 735).

e As shown in Figure 2.32, signal intensity of an SPGR pulse sequence depends on the

flip angle considered (the signal intensity is maximized at the Ernst angle ap =

—iR
arcos(e T1)).

These problematics are largely beyond the scope of our project. For information, the trade-
off between optimal TR, AFI assumption, optimal flip angles and expected T1 values may be

optimized by simultaneously combining VFA and AFl acquisitions (736).

Finally, T1smart1 was the most reliable, as illustrated in Table 2.6.

VFA 0.996 [0.986-0.999]

“ 0.854 [0.166-0.968]
SMART1 0.992 [0.843-0.999]

Table 2.6: ICC of the T;-mapping phantom experiments.

e T2-mapping

Accuracy of T2-mapping is provided in Figure 2.37 and Table 2.7.



T, phantom measurements

600 | mm  Groundtruth
‘ B No_correction_1
500 mm  No_correction_2
e First_Echo_1
g 400 I First_Echo_2
c | Bl First_Echo_and_Miller's noise_correction_1
§ 300 : I First_Echo_and_Miller's noise_correction_2
K] i
= 200 '

U ow o a4

¢ 581ms 404ms 278ms 191ms 133ms O7ms 64ms 46ms 32ms  23ms
T, phantom RMSE
7S wmm MEFSE_1
150 mm MEFSE_2
I First_Echo_1
125 First_Echo_2
» I First_echo_and_Miller's noise_correction
5100 B First_echo_and_Miller's noise_correction
&
S 75
<
50
) l If |
8 Ul wo sib e wi

581ms 404ms 278ms 191ms 133ms 97ms 64ms 46ms 32ms 23ms

Figure 2. 2.37 results of the T:-mapping experiments. For each sphere, (x-axis), the corresponding
measured T2 values (y-axis, top, the vertical black lines corresponding to SD) and RMSE (y-axis, bot-
tom) are provided.

Sphere 1 | Sphere 2 | Sphere 3 | Sphere 4 | Sphere 5 | Sphere 6 | Sphere 7 Sphere 8 Sphere 9 | Sphere 10

Ground truth in ms

MEFSE 1 76(13) 54(13.4) 28(10) 20(10.5) 8(6) 10(103) 6(9.4) 9(19.6) 27(84.4) 60(260)
MEFSE 2 17(29) 12(30) 7(25) 4(21) 10(75) 7(7.2) 6(9.4) 9(19.6) 18(56.3) 35(152)
MEFSE_First echo_1 69(11.9) 49(12.1) 28(10.1) 19(10) 9(6.8) 11(11.3) 8(125) 13(28.3) 40(125) 172(748)
MEFSE_First echo_2 13(22) 9(22) 9(32) 5(26) 11(83) 8(83) 7(10.9) 11(239) 25(78.1) 57(248)
IR DR TS 69 (11.9) 49(12.1) 28(10.1) 19(10) 9(6.8) 11(11.3) 8(12.5) 13(283) 40(125) 172(748)
WES MG DRy 13 (2.2) 9(22) 9(3.2) 5(26) 11(83) 8(83) 7(10.9) 11(239) 25(78.1) 57(248)

RMSE in ms (%)

Table 2.7: RMSE values in ms (%) for the T2-mapping experiments.



First echo discarding (726,728-1737) without or with Miller's noise correction (724) did not
improved the accuracy of the method. Miller's noise correction had no impact on the T2 accu-
racy in our experiments. Also, the measurement errors dramatically increased for very low T2

values when using these correction methods. These results may be explained by the fact that:

e The eight TE values we chose to sample the T2 signal decay were adapted to T2 ex-
pected values in biological tissues (T2 in the range 50-150ms (70, 77), reason why only

two TE values were in the range 10-50ms.

e Discarding the first echo penalized our fitting procedure from early TE. The remaining

seven TE values were thus non-optimized for low T2 values sampling.

Finally, in all the cases, T2merse provided high reliability between the two sessions (ICC =

0.989, 95CI = 0.923-0.995).



C Experiments on real clinical data

1) Patients data and image processing

Based on our phantom experiments, saturation recovery pulse sequence (SMART1) for Ti-
mapping and MEFSE for T2 mapping were tested clinically on 15 patients (main characteristics

are provided in Table 3.2, page 162).

The T1/T2-mapping sub-study workflow is illustrated in Figure 2.38.

MRI { MRI biomarker mapa
T,/T,-mapping acquisitions (isotropic 2mm?)

Tspmarms

SMART1

Multimodal mask
(ITK-SNAP)

3D-T; weighted MRI
(isotropic 2mm?)

Figure 2.38: T,/T>-mapping sub-study workflow. For each patient, whole volume T; map and MEFSE
imaging data were resampled to the 3D-T, weighted volume (previously resampled to 2mm’). T; map
of the tumor was then generated by masking the resampled whole volume T1syarrr map; and T2uerse
map was computed off-line from the resampled masked MEFSE data.

For each patient, the T1/T2 MRI data were resampled into the same isotropic reference space
(i.e. the 3D Ti-weighted MRI resampled to 2mm isotropic resolution, 3D-T1). Then, T1/T2 and
3D-T1 tumors data were masked semi-automatically with ITK-SNAP (90 to be intersected into
one multimodal tumors mask (for details please refer to Figure 3.3, in section 3.1.4). T1/T2
parametric tumors maps were finally computed from the masked data. T1smarr1 tumor maps
were obtained by masking the SMART1 whole volume maps. T2merse tumor maps were com-

puted off-line according to equation (2.50).



2) Statistical analyses

The relationships between T1 and T2 relaxation times of the tumors were finally assessed at
the regional voxel level. Spearman correlation coefficients (rs) between the measured T1 and
T2 relaxation times were computed along with their respective bootstrapped 95% confidence
intervals (n = 1000 iterations). The statistical analyses, performed with R studio (version 3.4.0;

R project for Statistical Computing, www.r-project.org),

3) Results

Results of the T1and T2 maps of the 15 lung tumors are provided in Figure 2.39.
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Figure 2.39: T; and T> maps of the 15 lung tumors. For display, all the maps were smoothed by using a

3 mm Gaussian filter.

The measured T1 and T2 relaxation times and density estimates of the tumors are provided in

Figure 2.40 and Figure 2.41.
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Figure 2.40: Measured T, relaxation times (x-axis) and the corresponding density estimates (y-axis). For
each tumor, the mean T; value and standard deviation is also provided in the legend. Mean T1syarr:
ranged from 1 188 ms to 2 171 ms.
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Figure 2.41: Measured T, values (x-axis) and the corresponding density estimates (y-axis). For each
tumor, the mean T value and standard deviation is also provided in the legend. Mean T2uzss were in

the range 73-111 ms.
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The relationships between Ty and T relaxation times of the tumors are shown in Table 2.8.

tumorne | |5 confidnce nterval
- -0.16 [-0.24; -0.09]
- 0.04 [-0.02; 0.1]
- -0.008 [-0.08; 0.06]
- 0.24 [0.19; 0.29]
- -0.71 [-0.81; -0.58]
- 0.19 [0.01; 0.35]
_ 0.30 [0.26; 0.32]
_ -0.14 [-0.23; -0.04]
_ 0.24 [0.20; 0.28]
_ 0.47 [0.43; 0.50]
_ 0.14 [0.09; 0.18]
_ 0.04 [-0.03; 0.1]
_ -0.02 [-0.04; 0.005]
0.46 [0.43; 0.48]
_ -0.09 [-0.14; -0.04]

Table 2.8 voxel-wise correlations between measured Tr and Tz relaxation times. No strong relationships
between the two biomarkers were observed at the regional voxel level. All the biomarker pairs showed, /
absolute r: values (Iry|) less than 0.5, except for the Ti/Tz pair for one tumor (tumor 7, which was the
smallest lesion: 107 voxels, 1.6cm of maximum axial diameter). The majority of the biomarker pairs
showed absolute rs values less than 0.2 (9 tumors), and moderate correlations (0.2 < |ry| <0.5) were
observed for 5 tumors. Furthermore, for 4 tumors, the correlation was not significant (confidence inter-
vals in italic).



2224, Conclusion

In this methodological subpart, we implemented two Ti-mapping strategies (SMART1 and
VFA without and with By correction with AFl) and one T>-mapping approach (MEFSE) on a 3T
signa PET-MRI device. Based on our phantom experiments, we then clinically applied T+/T>-

mapping on 15 lung tumors.
Our phantom experiments showed that:

e SMART1 outperformed VFA for T:-mapping both in terms of accuracy and reliability
(even when considering AFl Bf correction) to estimate the expected T relaxation

times of biological tissues at 3T (70, 77).

e MEFSE was an accurate T,-mapping procedure to estimate the expected T, relaxation
times of biological tissues at 3T (70 77). First echo discarding (726 728-737) and Mil-
ler's noise correction (724) did not improve the accuracy of the measured T, relaxa-

tion times.

Quantitative T1/T> maps of 15 lung tumors, respectively generated with SMART1/MEFSE ro-

bust pulse sequences, showed:

e A wide variability in the regional distribution of Ty and T relaxation times among the

tumors

e No strong relationship between T; and T relaxation times at the voxel level for 14 of

the 15 tumors (93.3 % of the tumors).
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2.2.3.Dynamic contrast-enhanced MRI

223.1. Main concepts

Dynamic contrast-enhanced (DCE-MRI) is a quantitative imaging technique developed during
the 1990s that uses a bolus injection of paramagnetic gadolinium contrast agent to measure
the exchanges between blood and the extravascular space at the microcirculatory level,
based on the signal enhancement kinetics (T; shortening) normalized per mass or volume of

tissue.

The net tissue enhancement depends on the contrast agent leakage capability through the
capillary wall. In the case of gadolinium, it represents a combination between perfusion and
interstitium accumulation/release. In the tissue of interest, the signal measured thus reflects a
mix between perfusion, vascular permeability and the fractional volume of interstitial space

(Figure 2.42).
The main microcirculatory parameters are (737):
e Tissue blood flow (Fy).

e Tissue blood volume fraction (v,), which corresponds to the volume of capillary blood

per tissue volume.

e Permeability or surface-area product (P x S) that corresponds to the leakage rate of

molecules through the capillary membranes per volume unit.
e Transfer constant (K;qns) Which is a surrogate of (P x S) and Fy.

e Interstitial volume or extravascular extra cellular volume fraction (v,).
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Figure 2.42: DCF principles and microcirculatory parameters.

DCE-MRI have shown promising result in the field of oncology (for review please refer to

(738-740), and several levels of analysis of increasing complexity have been proposed:

The simple visual approach is the most common method in clinical routine, which consists in

subjectively characterizing the shape of the signal intensity curves (Figure 2.43 A).

Semi-quantitative approach consists in calculating empirical indexes by integrating the dif-
ferent parts of the signal intensity curves: the time to peak time (TTP), the wash-in, the wash-
out, the area under the curve (AUC), the maximum enhancement (ME) and the percentage of
maximum enhancement (% ME) compared to the pre-contrast reference signal (Figure 2.43

B).
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Figure 2.43: Visual and semi-quantitative analyses in DCE. Visual analysis consists in qualitatively de-
scribing the shape of the signal intensity curves. Semi-quantitative analysis consists in calculating em-
pirical indexes by integrating the different parts of the signal intensity curves

Finally, the absolute quantitative approach relies, as for dynamic quantitative PET imaging, on
pharmacokinetic modeling, and provides insight into the underlying tumor vascularization
through the microcirculatory parameters of perfusion and capillary permeability defined
above. Numerous compartmental or spatially distributed kinetic models have been devel-
oped over the past 30 years with their respective strengths and weaknesses (for review cf
(740, 747). Because of the lack of standardization in DCE-MRI (32), standard 2-compartment
Tofts model (TM) ( 742) remains the most widely used for DCE-MRI clinical studies, defined by

KTGHS -
Ce(t) = Kerans [y Cp(@)e™C "D dr (2.51)
_ Ktrans
kep = = (2.52)
Where C;(t) is the measured tissue concentration of contrast agent, C,(t)the measured

plasma concentration of contrast agent, Ki-qns @ surrogate of blood flow (Fr) and the sur-

face-area product (P x S), and v, the extravascular extra cellular volume fraction.

Importantly, the original TM does not consider the fraction of tissue vascularization v,, which

cannot be neglected in highly vascular tissues such malignant tumors. This is why a revised
version of the Tofts model, or extended Tofts model (ETM), introduces the intravascular con-

tribution v,C, (t) to the tissue concentration (743):

Co(t) = UGy ) + Kerans fy Co(@)e™ 7"/ iz 253)
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Figure 2.44 illustrates the TM approaches, which have been extensively used in many tumor

subtypes, including NSCLC (744~ 747).

Figure 2.44: Tofts models (top: standard Tofts; bottom: extended Tofts).
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2.2.3.2. Technical considerations for DCE kinetic modeling im-
plementation

A, Pre-contrast T;-mapping

Accurate DCE analyses require an estimate of the pre-contrast enhanced T; relaxation times.
Approaches using pre-defined fixed values of T: have a double disadvantage. T measure-
ments depend on numerous parameters as explained in section 2.2.2.1: magnetic field inho-
mogeneities, sequences and acquisition parameters, magnetic field strength, which explain

the great range of T; values in human tissues in the literature (70,71).

Also, the choice of a fixed T1 value implies that the tissue of interest is homogeneous, which
is not the case in tumors. Therefore, it seems relevant to have true estimates of regional T1

relaxation times for accurate voxel-wise DCE analyses of the tumors.

B Motion correction

Physiological movements during DCE-MRI acquisition degrade the DCE analyses. Motion
correction of the dynamic DCE frames is therefore mandatory before analyses, including rigid
or non-rigid standard registration procedures (148-151) or more advanced motion compen-

sation techniques (152,153).

C  Noise filtering

Noise filtering: multiple MR-based denoising methods have been proposed (spatial, trans-
formed or statistical domains (754-756). In any case, the goal is to reduce the noise without

altering anatomical details of images nor temporal resolution.

D.  Arterial input function

DCE-MRI analysis requires an arterial input function. Several input function measurement

approaches can be used (for extended review please refer to (140)):

e Population-based methods are input function models generated from samples of giv-
en populations. This approach is nevertheless approximate because of its standard-

ized nature.

¢ Image-based measurement approaches (IDIF) are currently the most used, consisting

of setting a region or volume of interest on a feeding vessel and measuring its signal
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over time. It is also sometimes necessary to correct the delay of arrival of the contrast
agent due to the distance with the feeding vessel. Nevertheless, in practice, the esti-

mation of this delay time is difficult to correct, and therefore rarely performed (137).

E Signal conversion to gadolinium concentration

The signal measured over time must be converted into gadolinium concentration [Gd], using

the following equation
€O = (s~ ) /Roa (254)

With T1o being the pre-contrast T; relaxation time (estimated or fixed), Raq4 the contrast agent
relaxivity, and Ti(t) the measured T, signal over time, which is obtained according to the for-

mulas

1

O TR xln[

] (2.55)

1-cos axA

SI(t)
A=BX—= 50 (2.56)

B=—1Fw_ (757

1-cos aXE,,

TR
Eo= e\ T30 (2.58)

Where «ais the flip angle of the 3D SPGR pulse sequence, TR is the repetition time of the 3D
SPGR pulse sequence, Sl (¢) and S| (@) are the signal strengths at time t and time 0. The alter-
native method called "Look up table" based on a phantom calibration of different T1 values,
allows to estimate the relaxation times T1 without passing through a T1 baseline mapping.

Nevertheless, this method assumes a great signal uniformity.

Finally, because gadolinated contrast agents have an exclusive plasma distribution, [Gd]gicod

must be converted into [Gd]piasma, by considering the relationship:
[Gd]siood = [Gd]piasma X (1 — Hct) (2.59)

Where Hct is the Hematocrit.
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2.2.3.3.  Preliminary test for DCE maps computation

As previously mentioned, the vendor workstations currently do not allow full dynamic PET
and MRI voxel-wise quantitative analyses. Hence, all the post-processing steps of DCE-MRI
were recomputed using in-house procedures in Python environment. For this section, we
used the DCE data of patient 1 (for more details, please refer to sections 3.1.1, page 148 for

patient’s characteristics; and section 3.1.2, page 150 for MRI acquisition procedure).

A Pre-contrast T;-mapping

We used the SR pulse sequence validated in our phantom experiments (section 2.2.2.3). The

corresponding T1 map is provided in Figure 2.45.

Post-contrast enhanced 3D-T,-weoghted MRI

2500 ms
1500 ms

0Oms

Figure 2.45: Pre-contrast T1-mapping using the SMARTT pulse sequence.
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B Motion correction

Patient physiological motion (cardiac or respiratory motion, voluntary motion) may signifi-
cantly alter the quality of the signal intensity curves and corrupt the DCE kinetic analyses. The
total DCE scan duration (7 minutes) precluded breath-hold acquisitions. Furthermore, the 3D
fast SPGR pulse sequence used to gain sufficient volume recovery and temporal resolution
ruled-out respiratory triggering for motion compensation. Although advanced DCE motion
compensation methods have been studied (152,153), no advanced MR-based motion com-
pensation procedure was available locally for this project. Therefore, we applied a standard
frame-to-reference non-linear coregistration procedure illustrated in Figure 2.46. For this
purpose, we used the SynQuick normalization procedure implemented in ANTs (91). Briefly,
rigid plus affine plus symmetric diffeomorphic non-linear transformations (Syn) are applied
sequentially to maximize a mutual information-cost metric between the moving image and

the fixed image.

The method was automated but computationally intensive (around 2 to 5 minutes per frame)
on a standalone personal computer (Intel Core i5, CPU 2.7 GHz; 8 GB of RAM). For conven-
ience sake, this computation task was performed at the computing cluster of Laboratoire de

Mathématiques de Paris-Saclay.

/ Frame 1
W

Gadolinium — |

Post-contrast enhanced 3D-T,

(registration & resampling) 2mm? isotropic
Reference space Motion corrected DCE 4D data
2mm? isotropic

N

Raw DCE 4D data
Native space

Figure 2.46: DCE motion correction. For each patient, all the DCE frames (120 frames of 3.4 second
each) were warped to a reference morphological space (i.e. the post contrast-enhanced 3D-T: volume
resampled to 2mn7’ isotropic).
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Figure 2.47 provides the AIF, voxel-wise (voxels n°351 and 501 are displayed here) and mean
tumor (540 voxels) signal intensity curves of the patient test, without and with motion com-
pensation (NB: For the signal extraction, aorta and tumor were masked semi automatically

using ITK-SNAP (90).
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Figure 247 results of the motion correction procedure. AlF (red), voxel-wise (in blue) and mean (in
green) tumor signal time curves, without and with motion correction, are exposed. Signal irreqularities
and shapes along time were only slightly impacted.
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C Noise filtering

In MRI, noise from real and imaginary components of the signal measured in quadrature (cf
Figure 2.4) has Gaussian distribution. In final magnitude images, noise is additive and follows
a Rician distribution. As mentioned in section Technical consideration for DCE kinetic model-
ing implementation (page 132), numerous MR-based denoising methods have been pro-
posed. Also, parallel imaging induces spatial noise inhomogeneities, that precludes the use of
basic denoising post-filtering methods. Therefore, to evaluate the influence of noise on the
DCE signal intensity curves, we assessed on the same patient test the effect of an advanced
MR denoising algorithm with spatial adaptation of the Rician distribution of the signal (NLM

algorithm) implemented in ANTs (757).
Signal-to-noise ratio (SNR) is basically defined by

SNR = £972L 5 60)
SD

Where SD is the standard deviation of signal over many measurements under the same con-
ditions. As a surrogate, the standard deviation within a region of interest void of signal is of-
ten used. Considering equation (2.60), the last DCE frame of the patient test was semi-
automatically masked with ITK-SNAP (90) and SNR was computed by following the procedure
illustrated in Figure 2.48:

e A semi-automated tumor VOI was generated (Signal VOI).

e A semi-automated rectangular VOI was set out of the body, in a signal free-region. To
be sure no signal artefact would corrupt the chosen VOI, the image was scaled at its

maximum before the region definition.
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No noise filtering Noise filtering

Figure 2.48: SNR computation procedure before and after denoising.

Table 2.9 provides the results of SNR calculation.

__
Signal VOI Voxel count 837
| Meansignal | 364.7 346.8
Background VOI 900
462 3.48

78.95 99.72

Table 2.9 Extracted parameters from the tumor and background VOIs before and after denoising, and
corresponding SNR. SNRR increased from 78.95 before noise filtering to 99.72 after noise filtering, that
corresponds to a relative SNR of + 1.26.
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Figure 2.49 provides the results of denoising on the signal intensity curves.
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Figure 249: Results of the noise filtering. Voxel-wise and mean signal activity curves (motion corrected
data), without and with noise filtering, are exposed. In both cases, the signal irreqularities were not
substantially improved.

The denoising results appeared modest. Also, denoising process required 13 GB of RAM and

23 hours of calculations on this individual DCE dataset.

We thus conclude that, despite motion compensation, the residual disturbances we observed

in the signal activity curves were mainly due to patient motion, and that noise filtering had

only modest influence on the quality of the DCE data. Based on those results, and consider-

ing the huge computational task of the denoising procedure we tested, we thus decided not

to correct for the noise for the rest of the project.
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D.  Arterial input function

As performed in section 1.4.2, we used IDIF method to extract the arterial input function. A

small standardized VOI was manually placed in the center of the thoracic aorta.

E. Conversion of Signal intensity to contrast agent concentration

For each voxel, the measured signal measured was converted to [Gd] according to equations
(2.54) to (2.59), where T1o values were estimated for each voxel by using the SR method de-
scribed in section 2.2.2.3, page116; Rgd was set to 3.4 s".mM (158); and [Gd]sicod Was cor-
rected into [Gd]piasma by fixing Hct to 0.45 (159).

2.2.3.4.  DCEF kinetic modeling implementation
A Methods

As previously exposed, the extended Tofts Model (ETM) (Figure 2.44) was retained for the
DCE pharmacokinetic modeling of the lung tumors. The ETM was implemented in Python
environment (libraries numpy, nilearn, nibabel, pandas, math and scipy) as a differential

equation system, which is defined as follows (160)

dC,(t) — (Ktrans
dt ve

) x (Co(6) — Ce(®))
(261)
Coa(t) = vpCp(t) + veCe(t)
Where % =Kep

As for the PET dynamic pharmacokinetic modeling exposed before, we used an iterative sec-
ond order Runge-Kutta numerical method analysis to resolve the system. A Levenberg-
Marquardt non-linear least square fitting algorithm was used to minimize the cost function
(1.12), where S(B) is the minimum sum of squares deviations between the measured and es-
timated Cgq values (y; and f(x;, B) respectively) at each time-point i, x; is the measured C,

value at each time-point i, and 8 = {Krans, Ve, Up}-

Several constraints were also implemented to optimize the fitting procedure:
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e Empirical [0-10 min""] numerical bounds were imposed to the K;-qns kinetic parame-
ters

e [0-1] numerical bounds were imposed to v.and v, expected values.

B Results of the implementation of DCE kinetic modeling

Figure 2.50 shows the RMSE per voxel for uniform and nonuniform gridding approaches,

defined by:

RMSE = %n X ||Measured Cgq — Estimated Cgql|,(2.62)

With N the number of frames.
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Figure 2.50: Per voxel RMSE of gridding approaches for curve-fitting. The x-axis represents the voxel
identity numbers in the tumor, and the y-axis the corresponding RMSE in mmol/L. The median RMSE

(IQR) were 0.11 mmol/L (0.08-0.15) both for the uniform and nonuniform gridding.
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Figure 2.51 shows the RMSE (equation (2.62) with N the number of voxels) per frame for the

uniform and nonuniform gridding approaches.

0.030

0.025

o
=]
N
o

RMSE in mmol/L
o
o
-
w

0.010

0.005

Uniform gridding
Non uniform gridding

0 20 40 60 80 100

Frame number

Figure 2.51: Per frame RMSE of gridding approaches for curve-fitting. The x-axis represents the frame
identity numbers, and the y-axis the corresponding RMSE in mmol/L. The median RMSE (IQR) for the
106 frames were 0.008 mmol/L (0.006-0.01) both for the uniform and nonuniform gridding.

Figure 2.52 provides the estimated [Gd] from the curve fitting procedure.
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Measured signal
Estimated signal (uniform gridding)
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Figure 2.52: Result of the curve fitting procedure for the DCE of the patient test. The measured [Gd] (in
black) is compared to the estimated [Gd] computed from the estimated kinetic parameters
Kerans» v, V). Uniform and nonuniform gridding provided the same results strictly.
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And finally, Figure 2.53 provides the related DCE 3D maps.

Kirans (min?)

Figure 2.53: 3D maps of DCE kinetic parameters Ky, qns, Kep, Ve and v, for the tumor test (540 voxels of
2mm3). For better visual rendering, all the maps were smoothed with a 3 mm Gaussian filter.

For patients details, the curve fitting results of all patients are illustrated in the Appendix sec-

tion A.8 (Figure A. 8 and Table A. 8).

2.2.3.5. Conclusion
Our preliminary tests for the implementation of DCE kinetic modeling showed that
e  Our motion correction method was not very effective

e A denoising step based on an advanced MR denoising algorithm with spatial adapta-

tion of the Rician distribution of the signal did not improve the signal intensity curves.

e Uniform and nonuniform signal sampling provided the same accuracy with 4000

sampled points.

e Considering the high degree of motion corruption in the signal intensity curves, the
curve fitting procedure was acceptable at the voxel level, with low to moderate RMSE

values for the majority of the voxels.

Based on these results, we decided to keep the same nonuniform gridding used for PET ki-
netic modeling for the rest of the project. Despite low performance, and because no ad-
vanced methods were available for this project, we systematically applied our motion correc-
tion method to the DCE data before kinetic maps computation. As for PET kinetic modeling,
the pipeline was automated, transferred to the parallel calculation platform at Laboratoire de

Mathématiques d'Orsay, and required the following input patient data to be launched:
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e 4D DCE imaging data, standardized to 2 mm?3, into NIfTI format.

e Pre-contrast enhanced T1-maps, also resampled to 2 mm?3.

e Tumor and AIF masks (previously generated by using ITK-SNAP (90).
e Gadolinium relaxivity Rsq at 3T

e Hct

e DCE frame duration

e Frame number of the first-past aortic enhancement, defined visually
e Flip angle a of the 3D fast SPGR pulse sequence

e TRyvalue of the 3D fast SPGR pulse sequence

Additional illustrations of voxel-wise fitting analyses for all the patients included in the DCE

kinetic analyses are provided in Appendix section A.8 (Figure A. 8 and Table A. 8).
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Based on the methodological challenges exposed and resolved in the first two chapters, we

were able:

e To implement the full F-FDG PET kinetic model to generate voxel-wise kinetic maps

of Ky, k3, k3, vy, and MRGlu in lung tumors.

e To correct the geometric distortions in DWI and improve the PET-MRI multimodal im-
age matching of lung tumors, allowing DWI-related voxel-wise multimodal analyses

of lung tumors.
¢ To generate reliable voxel-wise T1/T> maps of lung tumors.

e To implement the extended Tofts model to generate acceptable kinetic maps of

Kirans: Ve kep, and v, at the regional lung tumor level.

In this last chapter, we will now extract all these ®F-FDG PET and MRI imaging biomarkers
from treatment-naive and biopsy proven NSCLC patients, combine them together and go

further insight the characterization of biological heterogeneity of NSCLC.
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Currently, the duration of PET-MRI procedures for clinical oncology may be considered a
strong limitation compared to what is done with last generation of PET/CT systems. Howev-
er, the simultaneous PET-MRI acquisitions has brought up to date kinetic modeling ap-
proaches: because a PET-MRI acquisition is inherently long (35 to 50 minutes for a standard
whole-body PET-MRI with basic morphological MR pulse sequences), we chose to use this
long duration to perform state-of-the-art dynamic PET acquisitions. Therefore, we got around
the issue of the one-hour post-injection delay requirement in clinical ®F-FDG PET imaging, by
immediately starting the dynamic thoracic PET acquisition after the intravenous injection of
8F-FDG, and exploited this one-hour duration to perform numerous thoracic MRI acquisi-
tions. For routine, because the "®F-FDG PET-MRI replaced the standard '8F-FDG PET-CT plus
brain MRI, a whole-body post contrast-enhanced PET-MRI acquisition including the brain was

added to the course, lengthening the protocol by about 30 minutes.

3.1.1. Patients recruitment

Patients with NSCLC were prospectively recruited in several medical centers from ile de

France:
¢ Institut Gustave Roussy (clinical trial)
e Hopitaux Universitaires Paris-Saclay (routine)
e Hopital Marie Lannelongue, le Plessis Robinson (routine)
e Hopital de Melun, Melun (routine)

A Clinical research trial

| designed an interventional clinical research trial promoted by Gustave Roussy, in partner-
ship with GE Healthcare and CEA, entitled “Multiparametric PET-MRI Integration for a New
Approach to Tumor Heterogeneity in Non-Small Cell Lung Cancer (NSCLC): Pilot Study
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(IMAHTEP, ClinicialTrials.gov identifier: NCT03606070). A total of 20 participants with locally
advanced NSCLC (stages 1B, II1A/IIIB of the TNM classification 7 edition) or trace metastatic
stage |V (oligometastatic patients with up to 5 metastases in up to 3 organs) were planned to
be recruited by Dr Caramella (radiologist, MD, MSc, appointed Principal Investigator by
Gustave Roussy) between November 2017 and May 2019 (total duration of the clinical trial:
30 months, November 2017-March 2020). The participants were planned to undergo two
thoracic "®F-FDG PET-MRI dedicated examinations in addition to their standard imaging
workup, performed before the chemoradiotherapy treatment (the baseline PET-MRI scan)
and at mid-treatment (3314 Gy, second PET-MRI scan). All details of the draft and agree-

ments (in French) are available in Appendix (5.3).
Inclusion criteria were defined as follows:

e Patients with locally advanced NSCLC or oligometastatic disease with up to 5 metas-

tases in up to 3 organs
e Exclusive therapeutic management by concomitant radio-chemotherapy
e Signed consent
e Patients affiliated with the social security scheme or beneficiary of a similar scheme
Exclusion criteria were defined as follows:
e Patients under 18-year old
e Pregnant or lactating women

e Persons deprived of liberty by judicial or administrative decision, adults who were

subject of a legal protection measure or unable to give consent
e Previous cancer in the 2 years prior to registration
e Previous radiotherapy or thoracic surgery

e Patients under experimental treatment or for whom the administration of an experi-

mental treatment is planned

e Contraindications for MRI (including contrast agent ones): claustrophobia; severe re-
nal insufficiency (eGFR MDRD or Cockcroft < 30 mL/min); patients with metallic im-

plants not compatible with MRI, electronic medical devices)
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e Contraindications for ®F-FDG PET imaging: Uncontrolled diabetes mellitus, hypergly-
cemia > 1.8 g/L.

B Clinical routine

During 6 months (between November 2018 and April 2019), 29 consecutive patients with
suspected NSCLC (highly suspicious lung nodule or mass on routine CT scan) who required a
baseline ®FDG PET imaging underwent a whole body '8FDG PET-MRI including a one hour
dedicated dynamic PET-MRI thoracic acquisition. The exclusion criteria were claustrophobia,
metal implants, renal failure (eGFR MDRD or Cockcroft < 30 mL/min), and uncontrolled dia-
betes mellitus. The protocol complied with the Declaration of Helsinki principles, and it was
approved by the local institutional review board. A written informed consent was obtained

from all patients to use their anonymized medical data for research purpose.

3.1.2. Dynamic thoracic PET-MRI protocol

All images were acquired on the same hybrid 3T PET-MRI scanner (Signa PET/MR, GE
Healthcare, Waukesha, WI, USA) by using a thoracic phased array from the GEM Coil Suite
(GE Healthcare, Waukesha, WI, USA). All patients were positioned in supine position into the
PET-MRI, with a respiratory belt positioned around the abdomen and a finger-type heart rate
sensor positioned to the right index. A peripheral catheter was placed on the left arm and
connected to the contrast agent automated power injector. The thoracic PET bed position
was centered onto the lung tumor. Importantly, the MRI FOV position was locked in superi-
or/inferior directions by the PET FOV, limiting the possibilities of FOV modifications during

simultaneous PET-MRI acquisitions.

In all cases, the dynamic PET acquisition was started 10 seconds before the manual intrave-
nous injection (left arm) of 3-4 MBq of "8F-FDG per kilogram body weight not to miss the

first-pass radiotracer. Then, the following MR pulse sequences were performed:
e Two-point Dixon pulse sequence for MR-AC

e T2 PROPELLER pulse sequence with respiratory triggering (expiration phase)
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e SE-single-shot EPI acquisitions with both direct (anterior-posterior) and reversed
phase-encoding polarity (posterior-anterior direction) for distortion correction (cf sec-

tion 2.2.1.3) (93).
e EPI DWI for ADC map computation

e SMART1 pulse sequence (127) for pre-contrast Ti-mapping and MEFSE pulse se-

quence for T>-mapping (for more details, please refer to section 2.2.2.3).
e Pre-contrast 3D T1-FSPGR pulse sequence (LAVA-FLEX)

e DCE acquisition (3D T1-FSPGR) performed before, during and after bolus injection of
gadolinium (0.2 mmol/kg body weight, Dotarem, Guerbet GmbH; injecting rate of

2 ml/s by power injector) using under free breathing).

e Post-contrast 3D T1-FSPGR pulse sequence (LAVA-FLEX) in breath-hold position (ex-

piration phase).

According to the local expertise, the dynamic PET data were histogrammed into multiframe
sinograms as follows: 41 frames of 12x 10's, 12x20s, 4 x 60 s, 5x 120 s, 8 x 300 s respective-
ly. The multiframe sinograms were reconstructed using an iterative algorithm (3D ToF-OSEM,
6 iterations and 28 subsets with ToF and PSF modeling, and with random, dead time, scatter,
decay, and attenuation corrections, matrix size = 256 x 256; voxel size = 2 x 2 x 2.78 mm),

without post-filtering.

A summary of the ®F-FDG PET-MRI imaging workflow is provided in Figure 3.1, and the cor-

responding main MRI acquisitions parameters are provided in Table 3.1.

141



2point- DIXON

7 o0 D

LA O

T,-PROPELLER

Full dynamic one-stop-shop procedure

Tumor
Biological behavior
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Figure 3.1: Full dynamic "°F-FDG PET-MRI protocol applied to NSCLC. The patients underwent a one-
hour thoracic F-FDG PET-MRI acquisition, including: a dynamic "®F-FDG PET acquisition, and the fol-
lowing MR pulse sequences performed simultaneously: a DIXON pulse sequence for MR-AC a T-
PROPELLER pulse sequence for anatomy, DWI pulse sequence with reverse phase-encoding acquisi-
tions to compute ADC maps without geometric distortions; SR pulse sequences for Tr mapping; MEFSE
pulse sequences for Tz mapping, DCE acquisitions performed before, during and after the intravenous
injection of gadolinium, and a post-contrast Ti-weighted 3D SPGR pulse sequence for contrast-
enhanced anatomy.
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Table 3.1: MR pulse sequences of the full dynamic PET-MRI protocol.
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3.1.3. Workflow for processing multimodal '®F-FDG PET-MRI data

As explained through the manuscript, no vendor-workstation currently allows full multimodal
PET-MRI post-processing workflows. Also, because acquisition matrices are adapted to each
modality/pulse sequence, the reconstructed matrices and voxel sizes varied across the imag-
ing modalities and MR pulse sequences. Therefore, the simultaneity of PET and MRI acquisi-
tions on hybrid PET-MRI devices does not exempt from image post-processing to allow mul-
timodal analyzes at the voxel level. For this reason, in-house voxel-wise post-processing mul-
timodal imaging workflows were developed using the freely available Python programming
environment, which has become very popular for its broad collection of image post-
processing tools. Because Python libraries expect image files to be in the NIfTI format, all the
PET and MRI imaging data were first converted from DICOM to NIfTI format, by using the

open source software dem2niix (161).

To allow multimodal comparisons at the tumor voxel level, the PET and MRI imaging data of
each patient were standardized to their corresponding post-contrast-enhanced 3D-T1

weighted MRI before in-house maps computation (Figure 3.3):

e The denoised 4D PET, T1-map and MEFSE data were resampled to their correspond-
ing 3D-T1 isotropic space.
e DWI raw data were corrected from geometric distortions by using the reverse phase

encoding method described in section 2.2.1.2 and recently published (93).

e DCE data were motion corrected and co-registered to the reference space as de-

scribed in section 2.2.3.3.
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Figure 3.2: Image processing workflow for multimodal voxel-wise analyses. Imaging data were ac-
quired, and standardized in the same isotropic reference space. Parametric maps were then computed
from masked tumor data. For Ti-mapping, whole volume parametric map were directly generated by
the vendor workstation. These maps were resampled to the reference space, and masked with the tu-
mor masks to obtain the tumor parametric maps without off-line computation.
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3.1.4.Tumor Segmentation task for PET-MRI voxel-wise multimodal
analyses

To date, threshold-based methods are the most widely used to segment PET tumor data be-
cause of the inherent PET image properties and their facility to use (162). However, its accura-
¢y and robustness were validated on optimized phantom experiments with idealistic condi-
tions (especially homogeneity and sphericity) that are not frequently verified in clinical prac-
tice (162-164). To overcome this limitation, and based on the results of our previous PET vali-
dation study (67), the freely available semi-automatic active-contour algorithm ITK-SNAP (90)

was used for all the PET and MRI segmentation tasks.

Briefly, the SNAP algorithm consists in modelling a closed surface that iteratively evolves to
fit the lesion boundaries, driven by regularity constraints and image intensity properties. The
lesion boundaries are defined either by converting the input image into gradient magnitude,
either by thresholding the intensities of the input image into background and foreground.
One or several spherical seeds are then positioned on the lesion of interest to initialize the
segmentation task. For each tumor, because the number of slices were not homogeneous
among the imaging modalities/MR pulse sequences, the tumor was first segmented on iso-
tropic "®F-FDG PET, T1smarti, MEFSE, DWI and post-contrast 3D-T; weighted MRI inde-

pendently, and then combined the masks of interest into multimodal tumor masks.

N

- S 4
Standardized 2mm? imaging data Segmentation area)(_ SPeedimage ) (* Snake |

after thresholding propagation
. — SN
Multimodal

Tumor mask

BF-FDG PET

Figure 3.3: Semi-automated segmentation procedure for multimodal mask generation. For each pa-
tient, a region of interest was roughly defined on the standardized imaging data. For each modality, a
thresholding speed image was automatically generated and manually tuned to emphasize the lesion
boundaries. A close surface (the snake) was initialized around the tumor and automatically evolved to

fit the lesion boundaries. Finally, the generated masks of the different modalities were intersected into
one multimodal tumor mask.
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3.1.5.Usable PET-MRI data

At the final step of this work, a total of 38 patients underwent a thoracic "®F-FDG PET-MR)|,
which 29 came from clinical routine and 9 from the IMAHTEP research trial. Among them,
only 18 patients could be exploited. Pie chart of the usability of the '8F-FDG PET-MRI data is
provided in Figure 3.4.

IMAHTEP_failure

Clinics effective IMAHTEP_effective

Clinics_failure

Figure 3.4: Pie chart of the patients’ data (total = 38 patients).

Also, a general flowchart of the clinical PET-MRI experiments is available in Figure 3.5, and the

main characteristics of the effective patients are available in Table 3.2
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IMAHTEP clinical trial Clinical routine
N=9NSCLC N =29 lung lesions
Exclusions, N =15
Screen failure, N2 2 « No evidence of Primary lung cancer, n=9
[R— « MR surface coil failure, n=1
........................................ «Wrong FOV, n=1
* Patient motion during acquisition, n=1
* No #f-FDG-avid lesion, n=1
«18E.FDG peripheric redistribution, n=1
* No lesion on the 3D T1 weighted MR, n=1

* Delay time before treatment, n=1
* Withdrawal, n=1

hnieal | N=3

*Wrong FOV, n=1
« MR surface coll fallure, n =2 Technical limitations, N = 2

* DWI warping-failure, n=1
N=4 N=14 *DWI non-usable, n =1

18E.FDG PET-MRI
DWI distortion experiments
N=12

1£.FDG PET-MRI available
N=18

] ( Histological limitations, N = 2

L-No histology
( Technical limitation, N=1

LT-mapplng non-usable

ME.FDG PET-MRI
Tu/Trmapping experiments ( Histology limitations, N = 3 }

N = 15 biopsy-proven lung cancers

*SCLC, n=1
\-No histology, n=2

-~

* DCE failure
.

1%6.FDG PET-MRI : Dynamic PET/DCE-MRI experiments
N = 14 biopsy-proven NSCLC

Technical limitations, N =3

Technical limitations, N= 1 *DWI and T-mapping non-usable, n =1
* DWI warping-failure, n=1
* Distortion non available *DCE failure, n =1

Histology limitations, N =3
*SCLC
*No histology,n=2

13E.£DG PET-MRI : Full multiparametric analyses
N = 11 biopsy-proven NSCLC

Figure 3.5 Flowchart of the PET-MRI clinical experiments. The blue boxes concern the DWI clinical ex-
periments, the red boxes the Ti/Tz-mapping experiments, the green boxes the PET/DCE experiments,
and the yellow boxes the full dynamic multijparametric experiments.
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Table 3.2: Patients’ characteristics.

Université Paris-Saclay



In the last section of this project, and based on the whole methodology exposed in the previ-
ous parts, we propose to go further insight the characterization of NSCLC by exploring the
potential interlinks between the PET and MRI image-based biomarkers computed from the

multimodal PET-MRI imaging protocol.

3.2.1. Deciphering metabolic and perfusion/vascularization biomarkers
interlinks

32.1.1. Context

In the era of precision medicine, multiparametric imaging offers many opportunities to better
characterize the biological process of tumors. In lung cancer, previous "8F-FDG PET/MRI im-
aging studies have been performed mainly for disease clinical staging (8,20,21,23,165), SUV-
ADC correlation analyses (166-169) and prognostic value (170).

Although metabolism and vascularization are two fundamental hallmarks of cancer (171),

e Only few multimodal imaging studies compared them in primary NSCLC (144,172-
175),

e Of which only two combined dedicated ®F-FDG PET and DCE-MRI imaging data
(144,175).

So far, full dynamic ®F-FDG PET and DCE-MRI analyses have never been performed simulta-
neously at the regional tumor level, and may be of particular interest to better characterize

the spatial heterogeneity of these two cancer hallmarks in NSCLC (176,177)

3212 Methods

In this part, we thus assessed the metabolism/vascularization regional interlinks in 14 patients

of this project, representing a total of 21 571 voxels of 2 mm?3 (88 to 5 356 voxels). Main char-
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acteristics of the patients are provided in Table 3.2. After the general image processing de-

scribed on Figure 3.3, two level of dedicated analyses were performed.

A At the whole dataset level

A correlation matrix (spearman, rs) of all the PET and DCE kinetic parameters was computed
at (14 patients, 21 571 voxels) after data z-scaling (zero mean and unit variance) and clean-
ing-up from outliers (z-score > 3). The PET/DCE r, coefficients were estimated along with

their respective bootstrapped 95% confidence intervals (n = 1000 iterations).

B At the tumor regional level

The PET/PET, DCE/DCE and PET/DCE voxel-wise interlinks were estimated for each of the 14
tumors. Absolute rs estimated values (|75]) were considered low under 0.4, moderate between

0.4 and 0.7, and high above 0.7 (778).

32.1.3. Results

A At the whole dataset level

The full characteristics of ®F-FDG PET/DCE kinetic parameters are provided in Appendix sec-
tion A.11 (Table A. 9). The main characteristics of ®F-FDG PET/DCE kinetic parameters are

summarized in Figures 3.6 and 3.7.
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Figure 3.6: Boxplots of dynamic DCE and "*F-FDG PET parameters with dimensions (median with IQR).
Ktrans and Kep ~ values were 044 min’ (0.14-092) and 079 min’ (044-1.3) respectively.
K1,k2,k3,and MRGlu values were 025 mL.min’.ml” (0.17-0.33), 0.68min’ (048-1.02) 0.11 min’
(0.07-0.2), 0.20 ymol.mL”.min”" (0.13-0.29) respectively.
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Figure 3.7: Boxplots of dynamic DCE and "°F-FDG PET parameters without dimensions (arbitrary units,
medjan with IQR). v,,v, and v, values were 0.08 (0.05-0.10), 0.64 (0.24-1.0) and 0.04 (0.0007-0.19)
respectively.
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The correlation matrix of the ®F-FDG PET and DCE kinetic parameters is provided in Figure

38.

. h

DCE parameters
Kep

s

18F-FDG PET parameters
K2 K1
3 $

- 2 Ktrans Ve Kep Vp MRGlu Vo K1 2 K3

| JL J
DCE parameters 18E.FDG PET parameters

Figure 3.8: Spearman correlation matrix of the PET and DCFE dynamic parameters. monotonic relation-
ships varied function of the kinetic parameters considered.

The PET/DCE rs coefficients are provided in Table 3.3 along with their respective boot-

strapped 95% confidence intervals (n = 1000 iterations).

DCE parameters

0.05 0.08 0.22 0.05 -0.06
[0.04;0.07] [0.06;0.09] [0.20;0.23] [0.03;0.06] [-0.08;-0.05]
-0.09 0.04 0.18 -0.05 -0.20
[-0.1;-0.08] [0.02;0.05] [0.16;0.19] [-0.07;-0.03] [-0.21;-0.18]
0.13 0.11 0.15 0.10 0.06
[0.11;0.14] [0.09;0.12] [0.13;0.16] [0.09;0.12] [0.05; 0.08]
0.06 0.001 0.13 0.02 -0.05
[0.05;0.07] [-0.01;0.02] [0.12;0.15] [0.006;0.03] [-0.06;-0.03]
MRGlu vy K, k, ks

13F-FDG PET parameters

Table 3.3: PET/DCE interlinks. Estimated rs values and their 95% confidence intervals are provided. All
PET/DCE interlinks were weak at the whole dataset level.
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B At the tumor regional leve/

Figure 3.9 provides the results of the PET/PET, DCE/DCE and PET/DCE regional interlinks.

PET-PET |1 ) 3‘4 m 1 | 12 [ 13 | 14
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MRGlu-k3 -= [ | | | 10
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Figure: 3.9 PET/PET, DCE/DCE and PET/DCE regional interlinks at the tumor level.

Figures 3.10 and 3.11 illustrate two interesting tumor cases (n°5 and 18) with a majority of
moderate to high PET/PET and DCE/DCE interlinks, but with poor PET/DCE interlinks profiles.

Interestingly, K;rqns and ks regional kinetic parameters showed high inverse relationship. This



multimodal pattern of poorly perfused/vascularized area together with high cellular density
and metabolic activity suggested an aggressive hypoxic tumor area. PET/DCE maps of all pa-

tients are available in the Appendix section A.11 (Figure A. 9).

Tumor #5

T2 propeller

ml.mintml? 4 a. pmol.ml*.min?

Figure 3.10: DCE and "*F-FDG PET multiparametric maps of the left upper lobe tumor (patient 5). For
llustration, all parametric maps were smoothed with a 3mm Gaussian filter.

Tumor #18
T2 propeller Kirans

0.5 1.0 0.1 0.14 0.22
| | | :
0 0 - 0 0 o 0

ml.min?.mI* min? min? . pmol.mI.min?

Figure 3.11: DCE and "°F-FDG PET multiparametric maps of the right posterior upper lobe tumor (pa-
tient 18). For illustration, all parametric maps were smoothed with a 3mm Gaussian filter.



32.14. Conclusion

In this part, we could assess the metabolism/vascularization regional interlinks in 14 NSCLC,
both at the whole dataset (21 571 pooled voxels of 2 mm?) and at the individual tumor re-

gional level (tumors of 88 to 5 356 voxels of 2 mm?).
At the whole dataset level,

e DCE/DCE interlinks were moderate to high mainly. Only K.,/v. and Kp/v, showed

weak correlations (rs = 0.23 and 0.37 respectively).

e PET/PET interlinks were more heterogeneous: Ki/k, and ks/MRGlu interlinks were
high (rs = 0.72 and 0.77 respectively), k, and kz; were moderately correlated (rs=0.49)
and K; and k3z were weakly correlated (rs =0.15). Also, PET interlinks with v, parameter

were weak in all the cases.
e PET/DCE interlinks were also weak in all the cases.

At the tumor regional levels, a wide variability in PET/PET, DCE/DCE and PET/DCE regional
interlinks was observed. Interestingly, K; — Kirans regional interlinks were mainly weak. Alt-
hough being in line with previous Head and Neck ®F-FMISO (179) and preclinical VX-2 *N-
NHs (180) PET / DCE-MRI studies, this trend is not surprising considering the three following
key concepts:

e First, "Perfusion” reflects a weighted mixture of blood flow and Permeability-Surface
area product (137,181,182) that depends, in the case of fixed flow and microvascular
characteristics, on the tracers exchange properties (*®F-FDG is actively transported
across the cellular membrane, whereas Gd is a purely extra cellular diffusive contrast

agent).

e Second, DCE Tofts models do not consider the intra-cellular space (ICS) (143,183),
whereas standard compartmental PET models (24 do not distinguish the extravascu-
lar extracellular space (EES) from the ICS, assuming steady state between EES and ICS

at the injection time.

e Consequently, K;depends on a mixed perfusion-extraction weighting of "®F-FDG that
may, in the case of high metabolic rate conditions, overestimate the perfusion com-

ponent (181).



In 7 of the 14 tumors, k3 and K;qns showed area of low to moderate inverse relationship. In
all the case, the regional profile was a high k3 to low K;,.,s uncoupling ratio, a well-known
hallmark of tumor hypoxia/aggressiveness (184). Also, v, and v, parameters were low to
moderately positively correlated for 7 tumors, inversely correlated for tumors, and non-
significant for 2 tumors. We explain these heterogeneous interlinks by the same tracer ex-
changes considerations exposed above. The inverse relationship observed for the last tumor
(tumor n°18) may be explained by the EES/ICS consideration exposed above: because this
tumor presented a large area of high metabolic activity (ks) with poor perfu-
sion/vascularization in DCE (Kiqns and vp,), the vascular/perfusion parameters assessed with
PET probably reflected the high extraction rate of the tumor cells rather than the true regional

vascular profile.

Anyway, these dynamic PET/DCE-MRI voxel-wise analyses showed that individual metabo-
lism/vascularization regional interlinks appear highly heterogeneous, and emphasize the wide

heterogeneity of NSCLC tumor being.

3.2.2.Intra Tumor partioning — What are we measuring?

3.2.2.1. The supervoxel opportunity

In this last part, to go further insight the regional characterization of NSCLC tumor being
based on PET-MRI dynamic imaging, our aim was to explore the overall meaning of the
voxel-wise regional interlinks between the biomarkers of structure (ADC, Ty and T, relaxation
times), glucose metabolism (Ky,k;, k3, v, and MRGlu), and perfusion/vascularization
(Ktrans: Ve, Kep, vp) by exploring their spatial relationship at the supervoxel level, defined here

as a group of voxels with similar ®F-FDG PET-MRI multimodal properties.

In other words, based on our exhaustive combination of '8F-FDG PET and MRI biomarkers

extracted from biopsy-proven and treatment naive NSCLC,

e Can we partition any NSCLC tumor into fewer relevant super voxels of biological sig-

nificance?
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e If the answer is yes, what are we measuring mainly at the supervoxel level?

For this purpose, we could exploit the data of 11 tumors (17 316 pooled voxels, Figure 3.5).
The characteristics of patients are available in Table 3.2. Also, for all patients, the correspond-
ing parametric maps with the overall 12 features are available in Appendix section A.13

(Figure A. 10).

Starting from the information provided by 12 image-based features (ADC, T, and T relaxa-
tion times, Kirans, Ve, Kep, Vb, K1, k2, k3,v, and MRGlu) at the whole dataset level, a two-step

methodological procedure was followed :

e Tumor clustering: each tumor was first partitioned into regional clusters by using un-
supervised clustering procedure. Multiparametric profiles of the clusters were as-
sessed. Also, for 2 of the 11 patients, the clustering results could be compared to his-

tology to assess the biological relevance of our tumor partitioning.

o Dimensionality reduction by features selection: secondly, advanced machine learning
methods were used to identify, among all the features, the most relevant that best

defined the tumor supervoxels.

3.2.2.2. Identification of supervoxels by tumors clustering

A Main concepts

Clustering consists in organizing a set of data into fewer homogeneous groups. Within each
cluster, the data are grouped according to a similar characteristic, which is maximized into
the cluster and minimized between the clusters (185). Data similarity is typically based on the
notion of distance (norms-, correlations-, or sets-based distances). Clustering methods may

be basically classified into three main categories, depending on the algorithmic process:
e Partition-based approaches (exclusive/hard or overlapping/fuzzy)
e Hierarchical-based approaches (agglomerative or divisive)
e Model-based approaches (probability distributions)

Many clustering methods are available in the scikit-learn library of Python (https://scikit-

learn.org/stable/modules/clustering.html#overview-of-clustering-methods). The most widely
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used method remains K-means clustering, a partition-based approach that separates samples
in n distinct groups / clusters by minimizing the within-cluster-sum-of-squares (i.e. the Eu-
clidean distance between each point and the arithmetic mean position/centroid of its cluster).
Although being easy to implement, K-means clustering has many limitations, in particular the
lack of cluster structure flexibility; the equal variance requirement of all the clusters; the ran-
dom initialization of the centroids positioning; and the need to choose the number of clus-
ters “a priori”, although the "elbow method” based on the optimal inertia (sum of squared

distances of samples to their closest cluster center) or the Gap statistic (186) may be used.

Gaussian Mixture Model (GMM) is a model-based clustering approach (187). Given the gen-

eral equation of a Gaussian mixture distribution

p(x) = Xk=1 TN (x|, Zi0) (3.1)

Where x is the vector of voxel data points, K is the number of Gaussians to be modeled, my, is
the proportion of the voxel data points that belongs to the component k, and N (x|u, Zx) is

the multivariate Gaussian distribution of x, with mean vector g and covariance matrix Z

GMM fit the voxel data to p(x) and find the posterior distribution of the responsibilities that

each Gaussian has for each data point by expectation-maximization (Figure 3.12).

Cluster 1
Cluster 2
Cluster 3

Figure 3.12: Concept of Gaussian Mixture Model clustering. All the voxels are assigned to a Gaussian
Xi-(ui; 0y).

B Method's

GMM is more flexible than K-means, allowing different cluster structures (spheres or ellipses

with any orientation) and variances. Two recent PET/MRI studies (188,189) with histology val-
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idation (189) showed GMM to be relevant for tumor partioning into several tissue classes.
Because our preliminary clustering experiments based on K-means appeared non-relevant
(data not shown), we tested GMM on our dataset. Because we had no “a priori” on the opti-
mal number of clusters to partition the tumors based on our 12 features of interest, 11
Gaussian distributions partitions (n-1 features) were tested and compared using both the

Akaike Information and Bayesian Information criteria (AIC and BIC) (190,191)
AIC = 2k —2log(L) (3.2)
BIC = log (n)k — 2log(L) (3.3)

Where n is the sample size, & is the number of parameters estimated by the model, L is the
maximum value of the likelihood function of the model M, defined by L = p(x|8, M), with x

the observed data and 8 the parameter values that maximize the likelihood function.

Figure 3.13 shows the results of the GMM clustering results using & = {1, ...12}.

500000

01—
— AC
400000 g —25000
S -50000 ‘
g 300000 & =75000
c
[ v _
9 200000 5 209000
© —125000
100000 . © -150000
—175000
2 4 6 8 10 2 4 6 8 10
Number of clusters Number of clusters

Figure 3.13: AIC and BIC scores as function of the number of clusters. The red arrows indicate, both for
the AC/BIC score (left part) and their gradient versions (right part).

An optimal number & of clusters would be 3 < k < 4. We thus compared all the cluster maps
of the 11 tumors with k = 3 and k = 4 clusters. Because the differences were not relevant, we
thus considered k = 3 to be the most relevant, and kept this number for the rest of the pro-

ject.
C  Results

Based on the whole dataset (11 tumors, 17 316 pooled voxels), the unsupervised GMM clus-

tering algorithm provided 3 main regional clusters that could be applied to each tumor. The
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multimodal features correlations (spearman coefficient, rs) for the 3 clusters, together with
their respective number of voxels at the whole dataset level, are provided in Figures (3.14),
(3.15) and (3.16). Also, a summary of the biomarker values (median, IQR) at the whole dataset

level is provided in Table 3.4.
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Figure 3. 14: Multimodal PET/MRI features interlinks at the whole dataset level for cluster 1.

161




Cluster_2 - 7061 voxels
08
- 04
~00

--04
%

~OCE_Vp

T

- DCE_Ve

. e

.. o
.. o
. o

.

]

DCE_Vp -
MRG
PET A3 -
OCE_Ve
PET XL
PET K2 -
PET.VD

DCE_Ktrans -
DCE_Kep

Figure 3.15: Multimodal PET/MRI features interlinks at the whole dataset level for cluster 2.
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Figure 3.16: Multimodal PET/MRI features interlinks at the whole dataset level for cluster 3.
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Cluster 1 Cluster 2 Cluster 3
Voxels number 5977 7061 4278
ADC (x10~*mmZs?) 1.24[0.6-1.7] 1.4[0.8-1.9] 1.6[1.2-2.2]
T1(ms) 1523 [1386-1678] 1734 [1493-1944] 1663 [1301-1964]
T2 (ms) 80(73-91) 92 [81-101] 92 (85-99]
Kirans (min?) 1.07 [0.75-1.50] 0.26 [0.11-0.54] 0.37 [0.18-0.77]
Ve 1.0[1.0-1.0] 0.35[0.16-0.63] 0.33 [0.20-0.63]
Kep (min?) 1.07 [0.75-1.5] 0.70[0.42-1.24] 1.03 [0.63-1.76]
v, 0.29[0.09-0.7) 0.007 [0.0-0.03] 0.06 [0.02-0.13]
K, (ml.mint.ml?) 0.28 [0.22-0.37] 0.24[0.17-0.31] 0.29 [0.22-0.37]
k3 (min) 0.71[0.51-1.0] 0.63 [0.5-0.8] 1.38 [0.76-2.05]
k3 (min) 0.11 [0.07-0.17] 0.1[0.07-0.16] 0.37 [0.17-0.62]
MRGlu (umol.ml.min?) 0.22 [0.16-0.27] 0.18[0.13-0.27] 0.34 [0.24-0.46]
v, 0.08 [0.05-0.11] 0.07 [0.04-0.1] 0.06 [0.04-0.09]

Table 3.4: Mean profile of each cluster at the whole dataset level. All the between cluster differences
were statistically significant (Mann Whitney test, p < 0.05) except for K.,, between Clusters T and 2.

These unsupervised statistical clustering results show distinct biological behaviors among the

three supervoxels:

Cluster 1 (blue color code) appears characterized by low to moderate values of ADC
reflecting higher cellularity, low T+/T, relaxation times, with dominant interstitial space
(ve) and high permeability (Ki-qns), Whereas the cellular metabolic activity remains low
(k3 and MRGLU). The associated high vascular density/perfusion (Kiyans, vp, vp) may
thus suggest interstitial/fibrotic areas, the former known to be interlinked with neo-

angiogenesis (192-194).

Cluster 2 (yellow color code) appears characterized by significant lower cellularity
(ADC values are quite superior) compared to the cluster 1, with moderate to high in-
terstitial component (v,). The vascular density appears strongly lower compared to
the cluster 1 (v,), together with the perfusion (Ky, Kiyans)- Also, the glucose metabolic
activity is low (k3, MRGLU). This cluster may correspond to lower vascularized intersti-

tial/fibrotic tumor area.



e Finally, Cluster 3 (red color code) appears characterized by a lower cellular density
(ADCQ), significant higher metabolic activity (k, and k3;) combined with very low vascu-
lar density (v, and vp), well-known characteristics of tumor adaptation to hypox-

ia/tumor aggressivity (184,195).

D.  Confrontation to histology

For 2 of the 11 patients (patients 5 and 13), Dr MR Ghigna (Department of Pathology, Hopital
Marie Lannelongue) could make a direct confrontation to histology. For this purpose, surgical
specimens of lobectomy were oriented before slicing, with identification of the hilum, medi-
astinal side, lateral side, posterior and anterior side, by a method developed by Dr S. Mussot,
at Hopital Marie Lannelongue, Le Plessis Robinson, Université Paris-Saclay, France. The surgi-
cal specimens were then dissected starting from the apical (cranial) segment to the basal

(caudal) segment, resulting in multiples slices of 8 mm thickness, as illustrated in Figure 3.17.
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Patient n°5 /

Posterior

Apex

Figure 3.17: Surgical specimens with conservation of the anatomical orientation.

For each specimen, the tumor was measured and then dissected. A tissue block map was per-
formed for each tumor. The tissue blocks were then formalin fixed and paraffine embedded; 4

pum-thick blocks sections were stained with hematoxylin-eosin (Figure 3.18).
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Mediastinal side

Patient n°5

Figure 3.18: Staining with hematoxylin-eosin

Mediastinal side

Patient n°13

The immune-staining using the antibody CD34 was performed in selected block tissues to

evaluate the vessels density. Figures (3.19) and (3.20) provide direct confrontation between

the PET-MR based cluster results and the main histological profiles of the tumor slices.

Unlversité Paris-Saclay
Espace Technologique / Immeuble Discovery
Route de 'Orme aux Merisiers RD 128 / 91190 Saint-Aubin, France
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Figure 3.19: Face to face comparison between imaging and histology for the patient 5. For vessels den-
sity pictures, zoom is X 25 on the top and x 100 on bottom.
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Figure 3.20 Face to face comparison between imaging and histology for the patient 13. For vessels
density pictures, zoom is X 25.

Figures (3.18), (3.19), and (3.20) show overall good visual agreement between our PET-MRI

based clustering approach and the histological characteristics of the specimens:

e On Figures (3.18) and (3.19) (patient 5), block T2 (cluster yellow with blue on PET-MRI
images) is characterized by a moderate to high cellular density, with a relatively high
vascular density revealed by CD34 immunostaining (Figure 3.19), that correspond to a
mix between tumor and fibrotic tissue area. Block T11 (cluster red on PET-MRI imag-
es) shows large parts of necrosis (Figure 3.18) with low vessel density, the majority of

tumors cells being grouped nearby the rare neovascular structures (Figure 3.19).

e On Figures (3.18) and (3.20) (patient 13), block T10 (blue cluster on the PET-MRI im-

ages) is also characterized by a moderate to high cellular density, with a relatively
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high vascular density revealed by CD34 immunostaining (Figure 3.20). Block T15 (mix
of clusters red and yellow clusters on the PET-MRI image) has also concordant histo-
logical characteristics: Figure 3.18 shows vast areas of necrosis / interstitial tissue sur-
rounding tumor cells. On Figure 3.20, the left upper part of the block (red cluster on
the PET-MRI images) shows higher concentration of tumor cells with neovessels,
whereas the right part of the block (yellow cluster on the PET-MRI images) shows low

vascular and cellular density.

Our one-stop-shop ®F-FDG PET-MRI imaging protocol provided at least 12 ®F-FDG PET/MRI
imaging biomarkers of NSCLC in a 1-hour acquisition. Based on our unsupervised GMM clus-
tering approach, these multimodal imaging biomarkers of tissue structure, perfu-
sion/vascularization and glucose metabolism, all simultaneously combined together for the
first time in NSCLC, could identify 3 general intra-tumor sub-regional profiles. We could thus

respond “YES" to the first of the two questions asked at the beginning of this section.

Now remains the second one to elucidate: what are we measuring mainly in these 3 super

voxels?

3.2.2.3.  Supervoxel characterization by features selection

In this last part of the project, we tried to solve this particular issue by finding the most rele-
vant combination of features that best defined our 3 clusters. For this purpose, metaheuristic

procedures derived from machine learning and data mining were used (196).

A Main concepts

Numerous statistical approaches have been proposed to select features, and may be divided

into three main categories: filter, wrapper and embedded methods (Figure 3.21) (197):

¢ In filter methods, the relevance of features is entirely defined by their intrinsic proper-
ties via numerous univariate statistics (information gain, chi-square test, Fisher score,
correlation coefficients, ANOVA and linear discriminant analyses). Consequently, the
feature selection is not driven by the output task, and multicollinearity is not consid-

ered.
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e  Wrapper methods (backward elimination, forward selection, bidirectional elimination,
recursive feature elimination) integrate the model performance into the feature selec-
tion process. Although features interactions are considered here, the model has to be
trained and cross-validated for any feature subset combination, making this approach

computationally expensive.

Finally, the embedded methods (regularization for generalized linear models and de-
cision trees) are also based on the model performance to select the most relevant fea-
tures. Contrarily to wrapper methods, the features selection process is intrinsically
driven by the learning process, optimizing the number of features subsets. Therefore,

embedded methods are less computationally intensive and less prone to overfitting.

Filter methods

All features —— Selecting the Best Subset —» Learning Algorithm —_— Performance

Wrapper methods

Selecting the Best Subset

[ v
All features — Generate a subset Learning Algorithm — Performance
t J

Embedded methods

Selecting the Best Subset

[ ¥
All features —— Generate a subset [ Learning Algorithm Performance ]
t T

Figure 3.21: Feature selection methods.

B Methods

Based on those considerations, embedded methods were retained to find the best combina-
tion, among the dozen of ®F-FDG PET and MRI imaging biomarkers we extracted, that opti-
mize our multiclass classification task. For this purpose, three different supervised machine
learning algorithms were tested: two penalized regression procedures (Least Absolute
Shrinkage and Selection Operator-LASSO and Elastic Net) and one decision tree algorithm
(XGBoost).
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In our supervised learning classification task, the aim was thus to predict the cluster category

(1, 2 or 3) from a large dataset of input voxels, each characterized by 12 PET-MRI features.
1. Models and parameters

In supervised learning, given © the parameters to learn from the data, the objective or loss

function is formalized as follow:
0bj(0) = L(0) + 2(0) (3.4)

Where the training loss L measures the goodness of fit on training data, and the regulariza-

tion Q controls the complexity / stability of the model.
The most widely used regularization methods are
L1 norm (Lasso) : 2 = 1||0]|1(3.5)
L2 norm (Ridge) : 2 = 2||0|| (3.6)
o Linear classifiers: LASSO and Elastic Net

LASSO (798) and Elastic Net (199) penalized regressions consist in adding L1 (LASSO) or L1 +
L2 (ElasticNet) regularizations to a linear regression model. Given n the overall training data, i
the it" training example, y; the ground truth, 9; the prediction for the it" training example, d
the dimension of the training data, and w their corresponding weights, equations (3.4) and

(3.5) yield
ObjLasso Wi 9) = Tieq L 90) + A X—o|wj| B.7)

Where Y7_o|w;j| <t,t being a fixed value (the upper bound for the sum of the coefficients); A

is the tuning parameter that controls the strength of the regularization, by shrinking some of
the coefficients w; to 0. Larger is A, more the number of coefficients w; are shrunk to 0. If A=0,

we are in the case of a non-penalized regression.
In the same way, equations (3.4) and (3.6) yield

Objgiasticnet Vi 9i) = Tieq L0 90) + A1 Tio|wj| + A2 T—o wj* 3.8)
Where 1; and 2, are the two tuning parameters that control the regularization.

Because we are in the case of a multiclass classification task, a logistic loss was chosen, and

more precisely a cross-entropy loss function defined by
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Ly 9) = —ilog(®@) + (1 — yi) log(1 — 9:)) (3.9)

Finally, equations (3.7) and (3.9) yield

ObjLassoWi» 91) = ity [~ i log (xijw; ) + (1 = yi) log(1 — x;jw; )] + A X%, |w; | (3.10)

And equations (3.8) and (3.9) yield

Objgiasticnet Vir 9i) = Tiea[—ilog (xi;w;) + (1 — ¥ log(1 — x;w; )] + A Too |[wy| + 22 Tio wj?

(3.11)

o Extreme Gradient Boosting

Decision-trees-based machine learning algorithms are graphical predictive modeling ap-

proaches widely used for regression and classification tasks. Tree-based algorithms have

evolved over the years, and ensemble methods have been developed to improve their accu-

racy:

(e]

Bootstrap aggregating (bagging) is an ensemble meta algorithm that combine predic-

tions from multiple decision trees through majority voting mechanism (200).

Random forest is a bagging-based approach where only subset of features are ran-

domly selected to build multiple decision trees (201).

Boosting consist in combining weak predictor models into stronger ones to improve
the prediction task. Predictor models are generated, weighted, aggregated and im-
proved iteratively on a learning set of data whose weights are corrected progressively

(202).

Gradient Boosting combines boosting meta-algorithms with gradient descent optimi-

zation function (203,204).

Extreme Gradient Boosting (XGBoost), developed at the University of Washington, is
the last generation of decision-tree-based meta algorithms (205). XGBoost uses opti-
mized gradient boosting framework through systems optimization and algorithmic
improvement: hardware optimization, parallelized tree building, improvement of Tree
pruning computation, regularization to prevent overfitting (L1 and L2), quantile sketch

algorithm for weighted datasets, cross-validation capability

For tree-boosting, equation (3.4) has to be adapted to decision-tree algorithms:

172



First, let consider a general tree structure defined as
fe(x;) = Og(x), O€RT, q:R* - {1,2,...T} (3.12)

where x; is the i*" observation of a training dataset, T the number of leaves, 0 the vector of

output scores on leaves, and g a function assigning each data x; to the corresponding leaf.
Second, in tree-learning, given equation (3.12), the prediction value at step t, is defined by

9i(®) = o fie ) =987 + fo(:) 3.13)

And third, in Gradient boosting, the aim is to find optimal O values that minimize the loss

function, by gradient descent optimization. The regularization term Q1 is here defined by
O(f) =yT +3A%1, 07 (3.14)

Where v is an hyperparameters that control the degree of tree pruning, and A is a regulariza-

tion parameter that prevent overfitting.
Finally, given equations (3.12), (3.13), and (3.14), equation (3.4) becomes
Objxgpoost 0is 30 = Xy U 0,947 + fux)) + ZEA(S) (B15)

As we are in the case of a classification task, loss function is again a logistic loss. A general
overview of XGBoost is provided in Figure 3.22 (for more details, please refer to

https://xgboost.readthedocs.io/en/latest/tutorials/model.html.
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Tree Learning by Gradient descent
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Figure 3.22: Tree Learning by gradient boosting. At each step, the values of output scores of the leaves
are optimized by gradient descent, starting from the values of the previous tree. At the end, for each

observation, the predictions reach the observed classifications.

2. Processing

Overall procedure (Figure 3.23) was performed off-line on a standalone personal computer
(Intel Core i5, central processing units at 2.7GHz; 8 GB of RAM) using Python (library Scikit-
learn (206) and XGBoost (205)), and included the following methodological steps:

e A dataframe was first generated from the multimodal dataset (11 tumors), defined by
n = 17 316 rows (one row per voxel) and m = 13 columns (12 columns of ®F-FDG PET
and MRI features including MRGlu, vp, Ky, k, k3, ADC, Ty, T2, Kerans: Ve, Kep, Vp; and one
column for the cluster label). For consistency sake, all the outliers defined by a z score

> 3 SD (10% of the whole dataset) were set to 3 SD.

e '®F-FDG and MRI data were defined as input variables (X) and the cluster labels (1, 2
or 3) as the predicted values (y).

e To avoid overfitting, the whole dataset was randomly splitted into training and testing

sets by applying an empirical 75% / 25% ratio. Two samples of 12 987 and 4 329
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voxels were generated respectively. Because regularization of linear classifiers is af-
fected by the magnitude of the data, the features were normalized for LASSO and

ElasticNet classifications tasks.

N voxels X M features Label N voxelsxM features Label

Embedded learning method \

75% /\
’ i Mf
"

Hyper pammqtlers optimization
(Grid Search with 5-Fold CV) J

N voxelsxM features Label

. 25%

— = = Validation
= 10-Fold CV

Figure 3.23: Overview of the feature selection methodology.

3. Results
o Linear classifiers

Linear classifiers (LASSO and ElasticNet) were tested in a one-stop-shop fashion by using the
Logistic Regression classifier function (equation (3.9) from the scikit learn library (206) (mul-
ticlass option = “multinomial”, solver: “saga”). A 5-fold cross-validated grid search optimiza-
tion was performed (score function: “accuracy”) to find the best linear predictive classifier
with optimized hyper parameters in a one-stop-shop procedure. After preliminary experi-

ments, the following hyperparameters values were tested:
o Penalty: {L1 norm, ElasticNet}
o Cfor regularization strength: {0.01, 0.5, 0.8, 1, 1.2, 1.5, 2, 2.5, 5, 10, 25}
o L1 ratio for ElasticNet mixing parameter: {10, 10, 107, 105, 105}

The grid search procedure provided the following hyperparameters:
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o Penalty: L1 norm
o Cfor regularization strength: 0.8
o L1 ratio for ElasticNet mixing parameter: 10"

The pre-trained model with these optimized hyperparameters provided an accuracy score of
94 % (for comparison, a simple LASSO regressor without optimization provided an accuracy
score of 83 %) to predict the cluster profile of a voxel. Figure 3.24 provides the overall fea-
tures weighting for each of the three clusters. Importantly, the model retained all the 12 fea-
tures to reach this accuracy score. When applying this pre-trained model to the validation set
with a 10-Fold cross validation procedure, we finally obtained an overall mean accuracy of

94% (SD = 0.5%).
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Figure 3.24: Features importance according to the magnitude of the linear regression coefficients.
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o XGBoost

The XGBClassifier function from xgboost library was used (205). For our multiclass task, only
the main parameters were specifically defined (objective function = “multi: softprob”, number
of class = 3). Also, to find the best compromise between features selection and accuracy of
the model, multiple feature importance thresholds were explored. Figure 3.25 provides the

pre-trained model accuracy, function of the number of features selected.

Accuracy: 98.48%

Thresh=0.007, n=12, Accuracy: 98.48%
Thresh=0.008, n=11, Accuracy: 98.41%
Thresh=0.009, n=10, Accuracy: 98.31%
Thresh=0.010, n=9, Accuracy: 98.22%
Thresh=0.016, n=8, Accuracy: 98.34%
Thresh=0.023, n=7, Accuracy: 98.24%
Thresh=0.025, n=6, Accuracy: 98.34%
Thresh=0.047, n=5, Accuracy: 98.01%
Thresh=0.074, n=4, Accuracy: 96.70%
Thresh=0.167, n=3, Accuracy: 94.76%
Thresh=0.195, n=2, Accuracy: 90.21%
Thresh=0.419, n=1, Accuracy: 74.24%

95

8

Accuracy in %
©
w

80

75

2 4 6 8 10 12
Number of Features

Figure 3.25: Accuracy of the XGBoost classifier function of the number of features selected. feature
importance thresholds are based on the Number of times a feature is selected for splitting, weighted
by the squared improvement to the model as a result of each split, and averaged over all trees (207).

The best accuracy reached 98.5% when considering 12 features. However, starting from
74.2% with one feature, accuracy exceeded 95% when considering 4 or more features.

Figure 3.26 provides the feature importance scores obtained for the 12 features.
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Figure 3.26: Features importance plot. F-scores (x -axis) correspond to the number of times the features
(y-axis) are used to split the data across all trees. the most important features considered by the mode/
are v, ks, k, andv, parameters.

Based on these results,

e A target threshold of 0.05 was set to reach an overall accuracy of 97%, by using the 4
most important '8F-FDG PET and MRI features identified above

e And the classifier was restarted.

Figure 3.27 provides the feature importance scores of the dimensionality reduced model.
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Figure 3.27: Features importance plot of the selected features. F-scores (x-axis) correspond to the
number of times the features (y-axis) are used to split the data across all trees.

When applying the pre-trained XGBoost selected model to the validation set with a 10-Fold

cross validation procedure, we finally obtained a mean overall accuracy of 97% (SD = 0.7).

The same clustering process as initially performed for the overall features (12 features) was

then re-applied, but this time with the 4 features selected by XGBoost. Results are provided in

Figure 3.28 and Table 3.5.
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Figure 3.28: AIC and BIC scores as function of the number of clusters for the 4 selected features.
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Cluster 1 Cluster 2 Cluster 3

Number of voxels of 2mm? 6232 6895 4189

5977 7061 4278
1.0 [1.0-1.0] 0.46 [0.23-0.71) 0.22 [0.14-0.35]
1.0 [1.0-1.0] 0.35[0.16-0.63]  0.33 [0.20-0.63]
0.30 [0.09-0.7] 0.01 [0.0-0.05] 0.02 [0.005-0.05]
0.29 [0.09-0.7] 0.007 [0.0-0.03]  0.06 [0.02-0.13]
0.73 [0.52-1.0] 0.62 [0.5-0.8] 1.33[0.79-1.97]
0.71[0.51-1.0] 0.63 [0.5-0.8] 1.39 [0.76-2.06]
0.11 [0.07-0.17] 0.09 [0.07-0.13] 0.35 [0.23-0.60]
0.11 [0.07-0.17] 0.1[0.07-0.16] 0.38 [0.17-0.63]

Table 3.5: Mean profile of each cluster at the whole dataset level. All the between cluster differences
were statistically significant (Mann Whitney test p < 0.05). Initial values (12 features) are provided in
grey for comparison.

As illustrated in Figure 3.28, unsupervised GMM clustering provided the same number of
clusters. Also, the biological behavior among the three supervoxels was similar (Table 3.5).
Comparison of the 3D cluster maps (12 or 4 features) is provided in Appendix section A.14
(Figure A. 11).

3224. Conclusion

Our metaheuristic approach showed that the three supervoxels we identified can be summa-
rized by four main PET-MRI parameters: v,, ks, vp, and k, respectively ordered by feature im-

portance:

e DCE parameter v, is considered an estimate of the tumor interstitial space, that may
represent either conjunctive or necrotic tumor parts (208). Interestingly, previous
studies showed v, to be a significant predictor of tumor response to treatment in

several malignancies (209,210) including locally advanced NSCLC (211).

e DCE parameter v, is an estimate of the tumor microvascular density. Again, this bi-
omarker has recently been shown to be of clinical relevance for the diagnosis of brain
metastases (212) and the response assessment of stereotactic body radiation therapy

in NSCLC (213).

k3

e PET parameters k, and ks reflect the net enzymatic activity through the ratio Tt
2 3

(214,215). Interestingly, PET kinetic modeling also showed high relevance as surro-
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gates of tumor aggressiveness or prognosis factors in a wide variety of malignancies

(216-219), including NSCLC model (220).

Based on these overall results, the supervoxels we identified may thus represent 3 main PET-

MRI biological “signatures”:
e Interstitial space
e Vascular density

e Tumor cell aggressiveness / adaptation to hypoxic condition.
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Tumor heterogeneity is considered an important factor of progression and resistance to
treatment. Non-small cell lung cancer (NSCLC), a naturally highly heterogeneous tumor mod-
el, is the leading cause of cancer death worldwide. Oncological imaging, essential for the di-
agnosis, pre-therapeutic staging and monitoring of NSCLC, is mainly based on morphological
and / or semi quantitative metabolic criteria, which are intrinsically limited, and cannot cap-
ture the tumor biological complexity. In the era of precision medicine and the emergence of
personalized therapies, the development of more "holistic" imaging biomarkers is necessary
to better characterize this tumor heterogeneity. Quantitative multiparametric imaging offers
unique opportunities to characterize tumor biological being at the intra-tumor regional level,
and integrated PET-MRI devices could significantly improve our multimodal quantitative
analysis capabilities in this field. PET-MRI applied to NSCLC is emerging, and its comprehen-
sive multi-parametric assessment had never been performed at the intra-tumor regional lev-
el. We therefore proposed, in this highly stimulating project, to assess the feasibility of a
complete dynamic simultaneous PET-MRI multi-parametric approach to characterize the intra

tumor regional biological heterogeneity of NSCLC.

Due to the inherent lock-in capabilities of commercially available integrated PET-MRI sys-
tems, and the lack of advanced multimodal post-processing pipelines on professional work-
stations, we had to face numerous methodological challenges to reach our goal: We imple-
mented the reference "8F-FDG PET compartmental model of Sokoloff in Python programming
environment to generate “home-made” PET kinetic 3D maps of glucose metabolism. For this
purpose, the kinetic parameters of glucose metabolism were computed by fitting the related
PET data to the state-of-the-art Sokoloff's compartmental model on a voxel-wise basis, using
“in-house” second order Runge-Kutta procedures combined with Levenberg-Marquardt non-
linear least-square fitting optimization. To validate the approach, several implementation
tests were performed on 2 patients, including denoising, noise-weighted or adaptive adjust-
ment of the cost-function. We validated, on original phantom experiments, a reverse phase-
encoding method to correct EPI geometric distortions related to DWI, that we could not ne-

glect in this 3T PET-MRI multimodal imaging project applied to the Lung. We thus performed
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a prospective clinical evaluation on 12 patients with Lung Cancer, and showed significant
improvement in DWI-related PET-MRI image matching of our tumors, with significant impact
on the regional quantitative ADC maps. We implemented and tested, on the 3T PET-MRI de-
vice, T1/T» quantitative MRI applied to lung tumors. Accuracy and reliability of variable flip
angle (VFA, without and with B; mapping) and saturation recovery (SR) T:-mapping and mul-
ti-echo FSE T>-mapping (MEFSE, without and with first echo discarding + Miller's noise filter-
ing) were assessed on phantom experiments performed twice at 1 week of delay time. We
showed that SR-based Ti-mapping outperformed VFA (without and with B; mapping) to es-
timate T; relaxation times above 500ms, both in terms of accuracy and reliability. Also, we
showed MEFSE T,-mapping to be highly accurate and reliable for estimating T relaxation
times in the range 64-278ms, without the need to discard the first echo or remove the noise
floor. Given these experimental results, we then clinically tested T:/T> mapping on 15 pa-
tients, and generated, for the first time on integrated 3T PET-MRI, T+/T, parametric maps of
lung tumors. We implemented the reference DCE-MRI compartmental model (extended ver-
sion) in Python programming environment to generate “home-made” DCE kinetic 3D maps of
perfusion/vascularization. For this purpose, the kinetic parameters of perfusion / vasculariza-
tion were computed by fitting the related DCE data to the state-of-the-art extended Tofts
compartmental model on a voxel-wise basis, using “in-house” second order Runge-Kutta
procedures combined with Levenberg-Marquardt non-linear least-square fitting optimization.
Estimation of the relaxation time Tio, respiratory motion compensation, noise filtering, and

DCE signal conversion into [Gd]plasma Were considered.

Based on the validation of these methodological steps, we designed an original full dynamic
PET-MRI simultaneous imaging protocol project we applied on treatment naive NSCLC pa-
tients. All patients were recruited via two channels: a prospective clinical research protocol
(IMAHTEP, ClinicalTrial.gov NCT03606070) in partnership with the Thorax committee of
Gustave Roussy Institute, Paris-Saclay University; and a prospective clinical recruitment | built
in partnership with the Department of Thoracic Surgery, Hopital Marie-Lannelongue (Paris-
Saclay University, Le Plessis-Robinson, France) and the Department of Respiratory and Inten-
sive Care Medicine, Pulmonary Hypertension National Referral Center, Hopitaux Universitaires
Paris-Saclay, Assistance Publique-Hopitaux de Paris, CHU Bicétre, Kremlin-Bicétre, France).

Using multimodal post-processing procedures specifically designed to allow ®F-FDG dynamic
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PET and DWI/T-mapping/DCE-MRI multimodal analyses at the tumor voxel level, we con-
fronted for the first time on integrated 3T PET-MRI, at the regional voxel level, the biomarkers
of metabolism and perfusion / vascularization in 14 biopsy-proven and treatment naive
NSCLC. We showed high inter and intra individual heterogeneity in the regional interlinks
between metabolism and vascularization, two fundamental biological hallmarks of tumor
progression, and highlighted their complementarity. Also, we showed on 11 biopsy-proven
and treatment naive NSCLC, that a voxel-wise unsupervised Gaussian Mixture partitioning of
the multidimensional PET-MRI data ultimately individualized 3 generic supervoxels. By using
metaheuristic machine learning approaches, we identified a surrogate PET-MRI biological
signature of these 3 supervoxels, which could be defined, with an accuracy of 97%, by 4 of

the 12 biomarkers we studied: v, v,, k, and ks.

Simultaneous dynamic ®F-FDG PET-MRI is clinically feasible in NSCLC, and has unique capa-

bilities to decipher the regional interlinks between the fundamental hallmarks of cancer.

e o 186



This multimodal methodological work demonstrated the clinical feasibility of a multidimen-
sional 8F-FDG PET-MRI protocol applied to NSCLC, and explored at the regional intra-tumor
level its multiparametric functional signature, that could serve as a basis for future larger pro-
spective studies. Anyway, several methodological limitations should be further improved to
optimize such multiparametric quantitative approach. Respiratory motion corrupts the dy-
namic imaging data and impacts the kinetic parameters estimates. Rapid changes in PET ra-
diotracer distribution or MRI contrast-enhancement together with no visible structures and
inherent low SNR in early PET frames make motion compensation challenging in dynamic
PET-MRI. Combining advanced DCE motion compensation methods (152) with PET dynamic
joint motion estimation/correction frameworks (221) could be a nice way to address these
multiple technical considerations into unified procedures. Also, MR relaxometry remains chal-
lenging in clinical practice due to numerous technical dependencies and lack of standardiza-
tion. The T-mapping sequences we used in this project were accurate and reliable. However,
because they are historically designed for cardiac imaging purpose, we could only acquire
several slices for each tumor. Furthermore, our protocol required one sequence for T, and T»-
mapping respectively. Recently, quantitative MRI has gained renewed interest in other clinical
applications with the emergence of synthetic MRI and Finger Printing (222-226). These new
paradigms of data acquisition and post-processing provide multiple 3D contrast and para-
metric maps in one-stop-shop procedures, with fewer technical dependencies. Their imple-
mentation and optimization on integrated PET-MRI systems would be of high interest to lev-
erage the PET-MRI multimodal quantitative capabilities. In the era of precision medicine, mul-
tiparametric PET-MRI should open the way to highly-personalized treatment evaluation. In

this way, future steps could be:

e To validate this PET-MRI multimodal-based tissular characterization of tumors on

larger prospective cohorts

e To use such fully integrated PET-MRI multiparametric procedure to further improve

the prediction of response to innovative treatments.
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APPENDIX
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A.1. Influence of data sampling on our PET kinetic modelling

Considering a tumor subset of 57 voxels, we used 29 different levels of data sampling for our
nonlinear least square fitting procedure (range = 20 to 2000 points) sampling were tested, by

using the following empirical increment:
e From 20 to 200 points, with a 10 points regular increment,
e From 200 to 1000 points, with a 100 points regular increment,
e 1500 points

e 2000 points.
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Figure A. 1: This plot represents the number of points to be sampled (x-axis) function of the mean
L2 norm of the overall voxels (y-axis) that corresponds to VN x RMSE, where N is the number of
frames. We can clearly see that, on this subset of 57 tumor voxels, the algorithm provides the same
performance for uniform and non-uniform gridding above 1000 points.
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Figure A. 2 : These plots represent for each frame (x-axis) the L., norms of the 29 levels of points to be
sampled (boxplots). We can see that, considering all the levels of data sampling, for the first 5 frames,
the nonuniform gridding had better performance compared to uniform gridding (both lower L., norm
values and variability). For the 5th to the 30th frame, the nonuniform gridding provided less outliers.
For the 31th to the 41th frame, the uniform gridding appeared more consistent.
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A.2. PET kinetic modeling accuracy without smoothing

Uniform gridding
Weighted uniform gridding
Non uniform gridding
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“ . Uniform gridding
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RMSE in kBqg/mL between the maesured signal and the computed signal

Figure A. 3: Without smoothing, the mean iteration number was increased (18.6, 28.7 and 18.2 respec-
tively for uniform, uniform weighted and nonuniform) and for 12 voxels, the nonuniform method did
not converged after the maximal 400 iterations. Also, as provided in the figures, RMSE among the
frames were higher (median values were 10.6, 11.2 and 11.7 kBg/ml). In all the case, RSME between the
4th and 5th frame (40s and 50s post-injection respectively) increased together with the signal meas-
ured, corresponding to the first blood pass. Overall RMSE4 and RMSE5 were 48.4 kBqg/m/ and 18.3
kBg/mlL; 47.4 kBg/mL and 20.9 kBq/ml; and 47.1 kBq/mL and 20.7 kBg/mL for the uniform, uniform
weighted and nonuniform gridding respectively (for the smoothed PET data: 52.3 kBq/mL and 12.8
kBg/mlL,; 46.8 kBq/mL and 22.4 kBq/ml,; and 46.8 kBq/mL and 22.4 kBq/mL for the uniform, uniform
weighted and nonuniform gridding respectively).
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Figure A. 4 : For each patient, three illustrative voxels are presented. The black dotted line corresponds
to the measured signal, and the green solid line to the estimated signal after curve fitting. Also, the

overall voxel-wise RMSE is provided in the right panel (x -axis is the voxel identity number in the tumor
of interest, and'y -axis is the RMSE in kBq/mL).
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A4. Summary of the PET kinetic fitting procedures.

Voxels of 2mm?3 | Mean (SD) Median (IQR)

2.3(1.3) 1.9 (1.3-2.8)

2 1271 1.2 (0.4) 1.1 (0.9-1.4)

3 799 2.5(2.6) 1.52(0.97-2.80)
4 211 1.7 (0.3) 1.7 (1.5-1.9)

5 1207 2.8(0.5) 2.8 (2.4-3.1)
7 88 2.2(0.5) 1.9 (1.8-2.4)
8 629 7.8(1.9) 7.8 (6.6-9.0)
11 318 29(037)  2.8(2.6-32)
12 2409 0.89 (0.45) 0.80 (0.64-1.02)
13 2338 1.59 (0.41) 1.53 (1.31-1.83)
15 1151 2.0(09) 1.75(1.44-2.31)
16 5356 1.3(0.38) 1.26(1.03-1.51)
17 3845 1.31(0.40)  1.23 (1.05-1.5)
18 1409 1.03(0.18) 1.02 (0.9-1.14)

Table A. 1. Summary of the voxel-wise RMSF of the PET kinetic modeling for the 14 patients. RMSFE (in
kBg/mlL) are provided as mean (SD) and median (IQR).



A5. Phantom experiments: quality of the fits for ADC map computation.
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tralues
Water corrected for distortions Acetonitrile corrected for distortions
6000 7000
00 6000
5000
4000
- 5 4000
§woo &
2000
2000
2000
1000
0

1000 - — .
0
<20 5500 5800 20 00 00
bvalues bralues

Figure A. 5: For the two tubes (water and acetonitrile), DWI signal intensities (session 1) are provided
in a voxel-wise fashion for each of the 3 b values. Top: the data noncorrected for distortions are pro-
vided, bottom: the data corrected for distortions are provided.

ADC maps computation : quality of the fits

No correction Correction
Water

Tube Water Acetonitrile Acetonitrile
Voxels 144 617 180 304 144 617 180 304
Mean (SD) 0.04 (0.05) 0.10(0.11) 0.04 (0.05) 0.11(0.11)
(YELIELR((e1:3] 0.03 (0.02-0.05) 0.07 (0.03-0.13) 0.03 (0.02-0.05) 0.08 (0.04-0.15)
Mean (SD) 0.05 (0.06) 0.11 (0.10) 0.05 (0.06) 0.12 (0.1)

(\YELIELE{[o1:30 0.03 (0.02-0.05) 0.08 (0.04-0.2) 0.03 (0.02-0.06) 0.09 (0.04-0.2)
Mean (SD) 0.05 (0.06) 0.09 (0.09) 0.04 (0.05) 0.1 (0.09)

(L IELN((el:30 0.03 (0.02-0.05) 0.06 (0.03-0.1) 0.03 (0.02-0.05) (0.08 (0.04-0.1)

Session 1 | RMSE

Session 2 | RMSE

Session 3 | RMSE |

Table A. 2 : Quality of the curve fitting procedures after loglinear fitting of the signal intensities. RMSE,
expressed as Log(Signal intensity), are provided before and after correction of the distortion.
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A.6. Phantom experiments: results of the curve fitting procedures for T;-
mapping

Tlyea Tian
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Figure A. 6 : Results of the two Ti-mapping phantom sessions. VFA and VFA plus AFl correction are
plotted. In both cases, the true signal (x-axis) is plotted against the measured signal (y -axis).

H

Voxels  RMSEmen(SD)  RMSEmedian(IQR) RMSE mean(SD) RMSE megian(IQR)
[ 2 | 4.4(0.4) 4.5(4.3-4.7) 3.9(0.6) 3.9(3.74.2)
[ 2 | 4.1(0.6) 4.2(3.8-4.5) 3.7 (0.6) 3.6(3.34.2)
3| 3(0.4) 3(2.7-3.2) 2.9(0.4) 2.8(2.6-3.2)
[ 4 | 3.5(0.6) 3.5(3.2-3.9) 4.0 (0.6) 4.2 (3.6-4.6)
[ 5| b 5.0(0.3) 5.1(4.7-5.2) 5.5 (0.5) 5.5 (5.1-5.8)
[ 6 | 5.5 (0.6) 5.4 (5.0-5.9) 8.8(0.7) 8.8 (8.3-9.3)
[ 7 | 6.5(0.7) 6.6 (5.8-6.8) 12.9(0.5) 12.9 (12.7-13.3)
8 | 8.5 (0.6) 8.7 (8.0-9.0) 17.6 (2.0) 18.2 (15.9-19.2)
[ 9 | 12.6 (1.4) 12.8 (12.0-13.3) 27(2.2) 26.8 (25.6-28.6)
EN 19.5 (2.4) 19.4 (17.9-21.9) 46.6 (5.1) 46.1 (41.4-50.7)

Sn

sinan

Table A. 3: Results of the curve fitting procedures for Ti-mapping (VFA). RMSE are expressed in
(a.u).
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T | Sesnd | sedon2

N CICH Voxels RMSEmean(SD) RMSE median(IQR) RMSE mean(SD) RMSEmedian(IQR)

[ 1| 4.5(0.4) 4.6 (4.3-4.8) 3.5 (0.6) 35(3.2-3.7)
EN 4.1(0.6) 4.2(3.8-4.5) 33(0.6) 32(3.03.7)
[ 3| 2.9(0.4) 29(2.63.2) 25(03) 25(2.22.8)
4| 3.6(0.7) 3.6(3.3-3.9) 3.7(0.6) 3.9 (3.3-4.0)
[ 5 | ” 5.0(0.3) 5.1(4.7-5.2) 4.8(0.4) 4.8(4.5-5.1)
[ 6 | 5.5 (0.6) 5.5 (5.0-5.9) 7.6 (0.6) 7.6 (7.2-7.9)
6.5(0.7) 6.6 (5.8-6.8) 11.1(0.5) 11.0 (10.9-11.4)
[ 8 | 8.5(0.6) 8.6 (8.0-9.0) 15.1(1.6) 15.5 (13.6-16.4)

12.6 (1.4) 12.8 (11.9-13.3) 23.0(1.8) 22.9(21.9-24.3)
E 19.4 (2.4) 193 (17.8-21.8) 40.0 (4.2) 39.7 (35.8-43.2)

Table A. 4 : Results of the curve fitting procedures for Ti-mapping (AFl). RMSE are expressed in
(a.u).
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A7. Phantom experiments: Results of the curve fitting procedures for
T2-mapping
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Figure A. 7 : MEFSE, MEFSE with First echo discarding, and MEFSE plus First echo discarding plus Mil-
ler’s noise correction results for the two T2-mapping phantom sessions. In all cases, the true signal (x -
axis) is plotted against the measured signal (y -axis).
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| Thes | sesioni | Sesion2 ____|

TLcY Voxels  RMSE,0(SD) RMSE 00 (IQR) RMSE,,,1(SD) RMSE, .0 (IQR)

0.006 (0.001)  0.005 (0.005-0.006) 0.01 (0.002) 0.01 (0.008-0.01)

2 0.008 (0.002)  0.007 (0.007-0.009) 0.007 (0.002) 0.007 (0.006-0.008)

3 0.007 (0.002)  0.006 (0.006-0.008) 0.008 (0.002) 0.009 (0.007-0.009)

4 0.01 (0.004) 0.01 (0.09-0.01) 0.01 (0.002) 0.009 (0.009-0.01)
5 0.009 (0.002) 0.009 (0.008-0.01) 0.01 (0.003) 0.01 (0.009-0.01)
6 12 0.03 (0.01) 0.03 (0.02-0.03) 0.03 (0.007) 0.03 (0.02-0.03)
7 0.05 (0.02) 0.06 (0.04-0.06) 0.04 (0.01) 0.04 (0.03-0.05)
8 0.2 (0.02) 0.2 (0.18-0.22) 0.14 (0.03) 0.14 (0.12-0.17)
[ 0.5 (0.06) 0.5 (0.46-0.51) 0.43 (0.16) 0.35 (0.34-0.44)
0.9(0.2) 0.9 (0.7-1.01) 0.65 (0.04) 0.65 (0.62-0.67)

Table A. 5. Results of the curve fitting procedures for T2merse. RMSE are expressed in
Log(Signal intensity) (a.u).

T2perse Session 1 Session 2
First echo

LN Voxels RMSE ,e3n(SD) RMSE eqian(IQR) RMSE,,5(SD) RMSE,,.qn(IQR)
1 0.005 (0.001) 0.005 (0.004-0.005) 0.007 (0.002) 0.007 (0.005-0.008)
2 0.007 (0.001) 0.007 (0.006-0.008) 0.005 (0.002) 0.006 (0.004-0.006)
3 0.007 (0.002) 0.006 (0.006-0.009) 0.008 (0.002) 0.008 (0.007-0.01)
4 0.01 (0.005) 0.01 (0.008-0.01) 0.009 (0.001) 0.009 (0.008-0.009)
5 o 0.009 (0.002) 0.009 (0.008-0.01) 0.008 (0.004) 0.007 (0.006-0.01)
6 0.03 (0.01) 0.03 (0.02-0.03) 0.02 (0.007) 0.03 (0.02-0.03)
7 0.05 (0.02) 0.05 (0.04-0.06) 0.04 (0.01) 0.04 (0.03-0.05)
8 0.2 (0.03) 0.2 (0.17-0.21) 0.14 (0.03) 0.13 (0.12-0.15)
9 0.4 (0.06) 0.41 (0.40-0.43) 0.4(0.2) 0.3 (0.28-0.41)
10 0.6 (0.16) 0.6 (0.5-0.8) 0.5 (0.05) 0.5 (0.4-0.5)

Table A. 6 : Results of the curve fitting procedures for T2uerse with First echo discarding. RMSFE are ex-
pressed in Log(Signal intensity) (a.u).

T2p0e8s¢ Session 1 Session 2

First echo & Noise corr

Sphere Voxels RMSE ;,5(SD) RMSE,,.4-(IQR) RMSE,,,,(SD) RMSE ,0q5n(IQR)
1 0.009 (0.002) 0.009 (0.008-0.01) 0.01 (0.004) 0.01 (0.009-0.02)
2 0.01 (0.002) 0.01 (0.01-0.02) 0.01 (0.003) 0.01 (0.008-0.013)
E} 0.014 (0.005) 0.01 (0.01-0.02) 0.017 (0.005) 0.017 (0.014-0.019)
4 0.02 (0.009) 0.02 (0.016-0.03) 0.02 (0.002) 0.02 (0.016-0.019)
5 5 0.02 (0.004) 0.02 (0.015-0.022) 0.016 (0.007) 0.014 (0.011-0.02)
6 0.06 (0.02) 0.05 (0.04-0.06) 0.05 (0.014) 0.05 (0.04-0.054)

0.1(0.03) 0.1(0.07-0.12) 0.08 (0.03) 0.08 (0.06-0.1)

8 0.4 (0.05) 0.4 (0.3-0.4) 0.28 (0.06) 0.26 (0.24-0.30)
9 0.9(0.12) 0.82 (0.80-0.86) 0.76 (0.34) 0.59 (0.56-0.82)
10 1.3(0.3) 1.24(1.0-1.5) 0.91(0.10) 0.90 (0.83-0.96)

Table A. 7 : Results of the curve fitting procedures for T2merse with First echo discarding and Miller’s
noise correction. RMSE are expressed in Log(Signal intensity) (a.u).

200



o1 P it
sty

Patient 1
{ [Gd] in mmol/L \
$ 8 ¢ ¢ H
it
w l
¥
8 & 3
RMSE in mmol/L
e s ¢

TR w e m wm m LI CE

Time in secondes

= — = o .
N - =] - =
. 2. .
i B i [T
'; - o I P 4
= - £ OB AT ol B
£ )i W o A BeX
k=) o g oy » P23 ErOS
o ¥ DEERIR ’} k
w} - .. -

i

Time in secondes

"
P et -
AT

s
¥
2
¥
i
¥
]
¥
¥
¥
¥
¥
L}
¥
¥
¥
¥
¥
¥
¥
¥

Patient 3
{ 1Gdl in mmol/L \
$ s ¢t ¢ ¢ s
$ ¢ ¢
RMSE in mmol/L
e % » » » % E T
¥
¥
¥
§
¥
§
b

: ] 5>=2h = | |
< ¥ X 4 i
e ] :: :
Z: "'.'1'_.._.... :; : § 2| o .! 4 B .
v - ':'!-h - . . L L4 hedile el ol o . a » » vf*“! o w »

"

o l‘r‘ﬁﬁ%fw&&#

R i e} i 141
TR w e m e wm T W m w m m m w TR o w w e m

Patient 5
/ [Gd1 in mmol/L \

T

I =

I 3

1 2 =2 = =
I

i

i

RMSE in mmol/L

Université Paris-Saclay
Espace Technologique / Immeuble Discovery 20 1
Route de FOrme aux Merisiers RD 128 / 91190 Saint-Aubin, France



Patient 7
1Gd in mmol/L

" - )
. - | | N
" “n 3| -.'.
- - . T ——ra™s o
Time in secondes Voxels
— » = o .
vl - m =" »
- " - .
© - A - -
P . £ e . .
£ . “ ‘
= - - —— i -
il f el .
Time in secondes
" . ‘ .
<o o
4l §: : i
2| Ew . £
. (| 1] W .
3 ‘ V| - 2] .
Sl . || | . ‘“ . R .
- uf,—-" .« N S -
0 W e e N e e oM v W W me e ne e e W fe e e = me N - b -
Time in secondes Voels
N e - e o
N o 3,
€ - = - £
c
g. _ A ) g, _
i | ' ¢ e et it o i Asbanh i i
3 W e e e e we  me 0] L ] N v W e o e -"- . » faad faad e
Time in secondes Vowels
- o — - ] . Gy
g Il N “ - £
= . |l - g !
8 1 : . |
Time in secondes
Université Paris-Saclay

Espace Technols

ogique / Immeuble Discovery

Route de FOrme aux Merisiers RD 128 / 91190 Saint-Aubin, France

202



—awr
v pomat | 3, me g8 | 131 e oo
[~ i i

[
b

Patient 15
[Gd] in mmol/L

nnnnnnnnnnnnnnnnnnnnnnnnnn

Patient 16
[Gd] in mmol/L
1
i
1
1
it
i
i
RMSE in mmol/L .

i

5 g
g e

1

= | = — »|

. fmeny v bete. < ‘

< N

)| .. 5

N ] 5

&l 8 z,

=z | A1 1

Time in secondes

Figure A. 8 : For each patient, the same three illustrative voxels shown in Figure A. 4 are presented. The
red line corresponds to the blood concentration of gadolinium, the blue line to the plasma concentra-
tion of gadolinium, and the green line to the estimated signal after curve fitting of the plasma concen-
tration of gadolinium. Also, the overall voxel-wise RMSE is provided in the right panel (x-axis is the
voxel identity number in the tumor of interest, and'y -axis is the RMSE in mmol/L).
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A.9. Summary of the DCE kinetic fitting procedures.

RMSE in mmol/L

Voxels of 2mm3 | Mean (SD) Median (IQR)

0.13 (0.07)  0.11 (0.08-0.15)

2 1271 0.12 (0.07)  0.11 (0.07-0.16)
3 799 0.27(0.9)  0.09 (0.05-0.2)
4 211 0.25(0.7)  0.12 (0.09-0.20)
5 1207 0.1(0.05)  0.09(0.06-0.12)
7 88 1.39(3.1)  0.29(0.1-0.8)

8 629 1.30(4.9)  0.50(0.3-1.0)

11 318 1.50(8.0)  0.24(0.14-0.6)
12 2409 0.07 (0.1)  0.06 (0.05-0.07)
13 2338 0.19(0.32)  0.11(0.07-0.2)
15 1151 0.25(0.39)  0.16(0.1-0.3)

16 5356 0.6(2.8)  0.15(0.09-0.31)
17 3845 0.30(0.72)  0.13 (0.08-0.33)
18 1409 0.63(2.6)  0.13 (0.08-0.25)

Table A. 8 : Summary of the voxel-wise RMSE of the DCF kinetic modeling for the 14 patients. RMSF (in
kBg/mlL) are provided as mean (SD) and median (IQR).
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A.10.Clinical trial: the IMAHTEP study

GE Healthcare

ATTESTATION
Paris, le 18 Avril 2017

A qui de droit,

Nous, Louise DELEVOYE, attestons par la présente, donner l'autorisation @ I'Institut Gustave
Roussy, d'utiliser les documents suivants dans le cadre de I'étude clinique IMAHTEP menée
avec le systéme SIGNA™ PET/MR :

- Manuel de l'opérateur du systéme SIGNA™ PET/MR [Rév. 2, janvier 2015] ;

- Certificat de marquage CE;

- Déclaration CE de conformité SIGNA™ PET/MR.

Cordiclement,

GE MEDICAL SYSTEMS
Société en Commandite Simple
Louise DELEVOYE 283, RUE DE LA MINIERE
Counsel Research 78530 BUC - FRANCE
GE Healthcore RCS VERSAILLES B 315013 359

Tél. +33 (0)1 30 70 40 40

euros
de lo Miniere

France
T+331011 207040

RCS Versailies

Université
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: m het{ s fos o/
65 - ik :
Durée du contrat - Date de début et date de fin : 3@ wo Lo

Partenaires :

Montant du Financement alloué au Laboratoire: (640 eum [T

A
Le
Vu, I&Direaeur du Laboratoire
Mr ARREARAE e
manuel DURAND
: m»um"“"‘:‘w
a faou W“"“Z“m.aﬁ
Le 2£/63[ 2 L ey Bicbire codex
Vu, Le Responsable Scientifique
A Orsay
Le
Vu, Pour le DARI d'UPSud
Madame Soizic LEFEUVRE
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FICHE D'EVALUATIUIN DED CUUID D'UINCUNIKAL (non europeen)

Nom du Laboratoire UPSud :

Nom des (du) partenaires extérieurs Nbre chercheurs Colt pour la durée
(Hommes par jour) du contrat

IEvaluallan €HT

1) COUT GLOBAL DU PERSONNEL TITULAIRE AFFECTE AU CONTRAT

ICR2 ou MC2 583,75 € HT/jour 0,
CR1 ou MC1 647,90 € HT/jour 0,0
DR2 ou PR2 715,85 € HT/jour 3 coiits environnés 0.0
DRI ou PRI 805,26 € HT/jour 0.00]
DRO ou PRO 855,87 € HT jour 0,00}

[2) DEPENSES SUPPLEMENTAIRES NECESSAIRES A L'EXECUTION DU CONTRAT

Rémunérations des per I 0,
Foncti g b 34 684,
Equipement

Frais de missions

Heures de calcul

Autres services extérieurs

Utilisation de "Trés Grands Equipements”

[Autres dépenses
[TOTAL DES DEPENSES EVALUEES incluant 14% de frais généraux Al 30330,23)
Participation de ['Industriel : montant du contrat de recherche
[ Taux a¢ |
dans le cas d'une prestation de service (A=B) : participation
B| 34 684,004 | 86 % (*)]
dans le cas d'une collaboration de recherche : 1
Montant agede % ['Etude (hors frais genéraux) | 29 828,24 I
Directeur du Laboratoire
ustification du "taux de participation de Uindusoriel” (*,
et autres observations NOM : DARRASSE ¢
Prénom : Luc > 2
Date :
Signature :
R ble Scientifi
NOM * BESSON/DURAND
Prénom : FlorenEmmanuel
Date: ZF /o3 2wl F
Signature :
= ¢
— U '
27/072017
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GE HEALTHCARE
283, rue de la Miniére
78533 BUC, FRANCE

Al'attention de M. SOUCHAY
Orsay, le 24 mars 2017

Objet : Offre de prix dans le cadre d'une collaboration sur le protocole de recherche IMATEP

Réf : DRF/JOLIOT/GAF/2017-022

Monsieur,

Dans le cadre de la collaboration que vous envisagez avec I'lR4M sur le projet IMATEP au
Service Hospitalier Frédéric Joliot 2 Orsay, nous vous proposons I'offre de prix suivante :

Pour un examen TEP-IRM avec ['°F)FDG : 1334 € HT, soit 1601 € TTC (TVA 20%)
Pour 26 examens TEP-IRM avec ["*FJFDG : 34 684 € HT, soit 41 621 € TTC (TVA 20%)

Validation du devis : 3 mois, une convention de recherche biomédicale devra étre signée

Condition de facturation :

- annuellement en fonction du nombre d'examens réalisés
- payable a 30 jours fin de mois date d'émission de facture

Nous vous prions d'agréer, Monsieur, nos salutations distinguées.

Copie (mail) :

DRF/JOLIOT/SHFJ : V.Lebon

DRF/JOLIOT/Dir : S.Pietri - M.Roux - E. Cousin
Université Paris-Sud / IR4M : F.Besson

Commissaniat  rérergie atomigue 2t aux énergies atematives
Centre de Saciay 91191 Gif-3ur-Yvette Cedex

oC 141 . ORSAY

T +33(0)169087306 = +33C)'6908 7538

magali roux@oea fr

Sranissement Juohc A SaMcEde rausnel o sommerosl I0S Oans 3 775 685 019

Vincent Lebon i

e

Direction de la Recherche Fondamentale
Institut des Sciences du Vivant Frédéric Joliot

Université Paris-Saclay
Espace Technologique /

Route de 'Orme aux Merisi

uble Discovery

ers RD 128 / 91190 Saint-Aubin, France
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GUSTAVE/
ROUSSY

CANCER CAMPUS / \
GRAND PAR!

DIRECTION DE LA RECHERCHE CLINIQUE
Directeur : Professeur Gilles VASSAL

Jérome Ducrocq
0142116031
jerome.ducrocq@gustaveroussy.fr

Université Paris-Saclay

COMPTE RENDU

VENDREDI 15 JANVIER 2016
Salle de réunion de la DRC +1

Le Board Gustave Roussy Promoteur analyse, trés tét dans leur développement, les
projets de recherche biomédicale que leur investigateur principal propose a la
promotion par Gustave Roussy.

Les comptes rendus sont envoyés aux porteurs de projet ainsi qu'au responsable du
comité.

Membres présents : M. DI PALMA, J. DUCROCQ, E. LANOY, G. VASSAL, D. VUILLIER
Membres excusés : E. BENHAMOU, A. LE CESNE, J. MURET
Copie : A. EGGERMONT, E. SOLARY, M. DUCREUX

Projet n°2016-002: de C. CARAMELLA (F. BESSON) : « Intégration multiparamétrique TEP-
IRM pour une nouvelle approche de I'hétérogénéité tumorale dans le cancer bronchique non a
petites cellules (CBNPC) »

Projet sur une nouvelle approche de I'hétérogénéité tumorale dans les cancers bronchiques
NPC suite a I'émergence de la TEP-IRM permettant de combiner les deux techniques avec un
méme appareil. Il s'agit d'une étude exploratoire/observationnelle qui vise a réaliser des
examens TEP-IRM avant et aprés traitement en plus des examens classiques avec un double
objectif : étudier la complémentarité TEP-IRM et la prédiction a la résistance au traitement. 30
patients seraient inclus.

AVIS DU BGRP : AVIS FAVORABLE

Commentaires :

209
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** INBOUND NOTIFICATION : FAX RECEIVED \

TIME RECEIVED REMOTE CSID DURATION  PAGES STATUS
June 15, 2017 1:03:37 M GMT+02:00 +33155874290 38 1 Received
Fax énis par : +33155074298 ANSH/DHD TAG —15-86-17 12:55 Pg: 11
ansMm R
I#—”ﬂ“
Ovection ae dp e saintDenis, le 15 JUIN 2017
A patert of Logoes
Dossier s par Myram MALOTAUX

Té 433 (0)1 65 87 3696
Fax: +33 (0)1 85 87 37 42
E-mall | ec dm-cos@ansm sante i

Oblet - Inégration Multiparamétrique TEP-IRM pour une nouvelle Approche de Hétérogéndité
Tumorale dans le cancer bronchique non @ petites celiules (CBNPC) : Etude Pilote

N* d'enregistrement : DMDPT-RIALMM2016-A02074.47

Madame,

Par courriel daté du 24/04/2017, vous avez adressé & lAgence nationale de sécurité du médicament et
des produfts de santé (ANSM) une demande d'autorisation de recherche portant sur un disposit!
médical/dispositif médical de dlagnostic in vitro pour la recherche citée en objet.

Au vu du dossler fourni (version 1.0 du 19/04/2017 du protocole ), ['autorise cette recherche en France.

En vertu de M'article L. 1121-4 du code de la santé publique, je vous précise toutefols que cette recherche
doit bénéficler d'un avis favorable d'un comité de protection des personnes (CPP) pour pouvor dtre
mise en place en France.

Je vous rappelie notamment que, pendant le déroulement de la recharche et pour ce qui conceme
'ANSM, toute modification substantielie du dossier initialernent soumis doit faire Fobjet d'une demande
d'autorisation en vertu de larticle L. 11238 du code de la santé publique et des
réglementaires prises pour son appiication. Les effets/événements indésirables graves ainsi que les
faits nouveaux susceptibles de porter atteinte 4 la sécunté des personnes sont & déclarer en vertu de
larticle L. 1123-10 du code de la santé pubiique. La fin de l'essal est également & déclarer en vertu de
l'article L. 1123-11 du code de la santé publique.

Je vous prie d"agréer, Madame, Monsieur, Fexpression de mes salutations distinguées.

Le chef de produits |
INSTITUT GUSTAVE ROUSSY médicaux !
114 rue Edouard Vaillant Jaide patient i

Direction des médicaux de
94805 VILLEJUIF CEDEX o technk
A 'attention de Madame Valérie Johnson
Télécopie : 01.42.11.62.90

Héldne BRUYERE

Copic : CPP "Est-III"

Immmm-mmm-u»nmswnu-m }

Université Paris-Saclay
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CoMITE de PROTECTION des PERSONNES EST-111

Hopital de Brabois. Rue du Morvan - 54511 VANDEUVRE-LES-NANCY Cedex
Téléphone : 03 83 1543 24 - Télécopie : 03.59.62.06.02 - Courriel : cppest.3@chru-nancy.fr

Projet de recherche enregistré
Sous les références

N°ID RCB: 2016-A02074-47
N° CPP: 17.06.02

Le Comité a été saisi le 22 juin 2017 par Mme Valérie JOHNSON, Chargée d’affaires réglementaires et
assurance qualité, représentant I'Institut Gustave Roussy, promoteur, pour 'examen des modifications apportées
au protocole intitulé :

« Intégration Multiparamétrique TEP-IRM pour une nouvelle approche de I'hétérogénéité tumorale dans le
cancer bronchique non a petites cellules (CBNPC) : étude pilote »,

Dont I'investigateur est Mme le Dr Caroline CARAMELLA - Service Radiodiagnostique ~ Institut Gustave Roussy.

Le Comité a examiné ces modifications lors de sa séance du 4 juillet 2017. Ont participé aux
délibérations :

- les membres du College n®1 :

Catégorie 1: Mr Peton (Titulaire), Mme Luporsi (Titulaire), Mr Perrin (Titulaire), Mr Beau (Titulaire)

Catégorie 2 : Mr Groscolas (Suppléant),

Caltégorie 3 : Mr Bureau (Titulaire), Melle Raffy (Suppléante),

Catégorie 4 : Mr Pfeiffer (Titulaire), Mme Hertz (Suppléante),

- les membres du College n®2:

Catégorie 5: Mr Martinet (Suppléant),

Catégorie 6 : Mme Torchia (Titulaire),

Catégorie 8 : Mme Toussaint (Titulaire), Mme Dumas Lavenac (Suppléante),

Catégorie 9 : Mr Vidal (Titulaire), Mme Boutet (Suppléante), Mme Sommelet (Suppléante), Mr Gris (Suppléant).

Le Comité a adopté la délibération suivante : AVIS FAVORABLE pour :

Le courrier de demande d’avis daté du 24.04.2017

Formulaire de demande d’avis daté du 24.04.2017

Document additionnel daté et signé du 24.04.2017

Attestation d’assurance datée du 27.04.2017

Le mail de Ja société SHAM France en date du 16.06.2017

Protocole version n°1.0 du 19.04.2017

Le résumé du protocole : version n°1.0 du 19.04.2017

Le manuel opérateur du systéme SIGNA PET/MR Rév.2 (01/2015)

L'autorisation délivrée par le tiers propriétaire des données (GE Healthcare) au promoteur pour
Iutilisation des données relatives au dispositif

La note d’information et le formulaire de ¢ t t: version 1.1 du 22.06.2017
La liste investigateurs : version 1.0 du 28.03.2017

CV des investigateurs principaux.

NB : il convient de corriger la lettre d’information. 7 patients sont mentionnés au lieu de 20.
vendredi 7 juillet 2017
Le Président

Docteur P. PETON

Y

Université Paris-Saclay
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NOTE
D'INFORMATION

&

FORMULAIRE

DE CONSENTEMENT

“ INTEGRATION MULTIPARAMETRIQUE TEP-
IRM POUR UNE NOUVELLE APPROCHE DE
L’HETEROGENEITE TUMORALE DANS LE
CANCER BRONCHIQUE NON A PETITES
CELLULES (CBNPC) : ETUDE PILOTE ”

“IMAHTEP”

N°CSET 2016/2499
N° d’enregistrement 2016-A02074-47

(Original pour le médecin-investigateur,
copie a remettre au patient)

Investigateur Coordonnateur : Dr CARAMELLA
Promoteur : Gustave Roussy

Gustave Roussy
promoteur

GUSTAVE/

ROUSSY
CANCER CAMPUS /\

GRAND PARIS

Université Paris-Saclay
Espace Technologique / Immeuble Discovery 21 3
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Madame, Monsieur,

Votre médecin vous propose de participer a une étude clinique. Cette recherche biomédicale est a
l'initiative de Gustave Roussy qui est promoteur de cette étude. Le médecin qui vous suivra
pendant I'étude est appelé médecin-investigateur.

Avant que vous ne décidiez de participer a cette étude (et de dater et signer le formulaire de
consentement), il vous est demandé de lire attentivement ces pages. Elles vous apporteront les
informations nécessaires concernant les différents aspects de I'étude, les éventuels bénéfices,
risques et génes qu'elle pourrait vous occasionner. N'hésitez pas a poser des questions au
médecin-investigateur car il est Ia pour y répondre. Vous pouvez prendre le temps nécessaire pour
vous décider a participer ou non a cette étude clinique. Et si vous le souhaitez, vous pouvez en
discuter avec votre entourage ou votre médecin traitant avant de prendre votre décision.

/Il LES OBJECTIFS DE LA RECHERCHE

Les outils d'imagerie actuels essentiels dans la prise en charge de votre cancer, permettent
difficilement d'évaluer a un stade trés précoce (c'est a dire peu de temps aprés le début du
traitement), les effets de la radio-chimiothérapie sur le cancer. Pour cette raison un suivi régulier
apres traitement est réalisé, de maniére a suivre les changements du cancer dans le temps, et
ainsi pouvoir évaluer les effets du traitement.

Une nouvelle méthode d'imagerie appelée TEP-IRM, combinant des informations plus
sophistiquées, est disponible depuis moins d'un an en France. L'objectif de cette recherche est
d'explorer les informations fournies par cette nouvelle méthode d'imagerie TEP-IRM sur votre
cancer, car elle pourrait permettre d'évaluer, plus rapidement que les outils d'imagerie actuels, les
effets du traitement par radio-chimiothérapie sur votre cancer.

/Il LA METHODOLOGIE

Cette recherche ne retardera ni ne modifiera d’aucune maniére la prise en charge habituelle
de votre cancer. Vous réaliserez, en plus de votre bilan classique, deux examens d'imagerie
supplémentaires dénommés TEP-IRM :

- Le premier examen TEP-IRM sera réalisé juste avant le début du traitement ;
- Le deuxieme examen TEP-IRM sera réalisé environ 2 mois et demi aprés le début du
traitement.

/Il LE DEROULEMENT DE L’ETUDE

Vous réaliserez vos deux examens sur la méme machine TEP-IRM, au sein du Service Hospitalier
Fréderic Joliot situé a Orsay, en lle de France. Le premier examen sera réalisé dans les jours
précédant le début de votre traitement. Le deuxieme examen, également réalisé au sein du
Service Hospitalier Fréderic Joliot, aura lieu environ deux mois et demi aprés le premier examen.

Pour chacun des deux examens TEP-IRM que vous réaliserez, il faudra compter environ 1h30

dans le service (installation dans la machine d'une durée de 20 minutes, et réalisation des images
dans la machine pendant 1h00).

Version 1.2 du 17/07/2017 page2/8
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Pour chacun des deux examens TEP-IRM :

- Vous devrez étre a jeun dans les 6h précédant 'examen ;

- Le meédecin responsable de I'étude vous réexpliquera les procédures de I'examen,
s'assurera de votre consentement a la réalisation de I'examen, vérifiera I'absence de
contre-indications a la réalisation de I'examen (claustrophobie, insuffisance rénale sévére,
diabéte non équilibré, prothéses métalliques et pacemaker) et recueillera sur un petit carnet
les informations nécessaires pour I'examen (votre poids, votre taille, la date de début de
votre traitement le cas échéant) ;

- Une manipulatrice en radiologie

o Mettra en place un petit cathéter veineux sur votre bras droit
o Veérifiera votre taux de sucre dans le sang avec un petit appareil adapté qui
prélévera une goutte de sang au bout de votre doigt ;

- Vous serez ensuite allongés sur le dos dans la machine TEP-IRM (qui ressemble a une
IRM), pour une durée totale d'une heure ;

- Pour votre confort, un oreiller et des reposes jambes vous seront proposes ;

- Vous aurez également des bouchons d'oreilles et un casque car la machine peut faire un
peu de bruit ;

- Un électrocardiogramme et une ceinture abdominale adaptée permettront de suivre votre
pouls et votre respiration tout au long de I'examen ;

- Vous disposerez d'une alarme dans la main de votre choix, vous permettant de signaler, a
n'importe quel moment de I'examen, toute géne ou probléme ;

- Les images débuteront juste aprés I'administration, par le petit cathéter de votre bras, d'un
premier produit (*F-FDG) permettant de réaliser les images TEP ;

- Environ 5 minutes avant la fin de I'examen, un deuxiéme produit (Gadolinium) vous sera
administré par le méme cathéter, permettant de réaliser certaines images IRM.

Au décours de I'examen, la manipulatrice en radiologie vous enlévera votre petit cathéter et le
médecin responsable s'assurera, avant de vous libérer, que tout va bien pour vous. Une petite
collation vous sera également proposée. Vous pourrez ensuite retourner chez vous normalement,
sans aucune précaution particuliére.

Dans le cadre de cette étude, aucune visite particuliere ne sera effectuée en dehors de I'entretien
réalisé par le médecin responsable au moment de chaque examen TEP-IRM.

Vous serez suivi par votre médecin oncologue-radiothérapeute, dans le cadre de votre maladie, de
maniére tout a fait standard.

/Il NOMBRE DE PARTICIPANTS ET DUREE DE L’'ETUDE

Cette étude est la premiére de ce type et chacun des vingt participants ne réalisera que deux
examens TEP-IRM. Ces deux examens n'auront aucune influence sur la prise en charge habituelle
de votre cancer.

/Il LES BENEFICES ATTENDUS
Cette étude pourrait concourir 8 mieux comprendre les effets du traitement sur votre cancer, et

évaluer les modifications plus précocement que les méthodes d'imagerie actuellement utilisées.
Les examens réalisés n'auront aucune influence sur la prise en charge habituelle de votre cancer.

Version 1.2 du 17/07/2017 page3/8
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/Il LES RISQUES

De maniére générale, le risque inhérent a la réalisation d'un examen TEP-IRM doit étre considéré
comme négligeable. Quelques effets indésirables mineurs, strictement identiques aux examens
TEP et IRM que vous aurez déja passé de maniére séparée lors du bilan standard de votre
cancer, peuvent étre mentionnés :

a) Les risques liés a la machine TEP : Aucun risque répertorié.

b) Les risques liés a la machine IRM :

o Sensation de fourmillement / échauffement : les champs magnétiques permettant de
réaliser les images peuvent parfois induire une sensation de fourmillement et ou
échauffement. Ces effets sont transitoires et sans danger pour votre santé.

o Le bruit : d'une maniére générale, le bruit excessif lors de la réalisation des images
peut rendre inconfortable I'examen, et, en I'absence de précautions, provoquer une
diminution de I'audition. Pour ces raisons, la mise en place de bouchons dans les
oreilles et d'un casque anti-bruit est le moyen le plus facile et le plus efficace pour
prévenir tous les désagréments dus au bruit.

Associés a I'administration des produits par voie intraveineuse :
o Comme pour toute pose de cathéter, il existe un risque de petit hématome (un "bleu"), de

douleur ou d'infection au site de prélévement (a I'endroit ou a été effectué la piqare), et de
malaise.

o Le premier produit injecté ("*F-FDG permettant de réaliser les images TEP) ne présente
strictement aucun effet secondaire, notamment toxique ou allergique.

o Le deuxiéme produit injecté (Gadolinium permettant de réaliser certaines images IRM) peut
potentiellement, en cas d'insuffisance rénale chronique, induire une fibrose des reins. Par
conséquent, cette étude n’inclura donc pas de patients a risque, et seuls des produits de
catégorie 2, c'est a dire a risque minime ou inexistant de fibrose, seront utilisés. Comme
pour tout produit de contraste, des réactions d’hypersensibilité peuvent étre observées, et
ce notamment en cas de terrain a risque : antécédents d'allergie, sensibilité aux produits de
contraste, asthme. Pour éviter ce type d’'effet indésirable, cette étude n'inclura donc pas de
patients présentant des antécédents de réaction allergique ou d'asthme.

/Il LES ALTERNATIVES THERAPEUTIQUES

Le médecin-investigateur pourra vous donner davantage d'informations a propos des risques et
bénéfices liés a votre participation a cette étude clinique. N'hésitez pas a lui poser la question
avant de prendre votre décision. Dans tous les cas, vous bénéficierez d'une prise en charge
appropriée.

/Il PARTICIPATION VOLONTAIRE / INTERRUPTION DE PARTICIPATION

Votre participation a cette étude est entierement libre et volontaire. Vous devez étre affilié(e) a un
régime de sécurité sociale ou bénéficiaire d'un tel régime (y compris la CMU) pour pouvoir y
participer. Vous ne pouvez pas participer simultanément a une autre étude.

Vous pouvez décider de refuser de participer ou de sortir de I'étude a tout moment, sans avoir a
vous justifier et sans que cela n'ait de conséquence sur votre suivi médical ni sur la qualité de vos
soins ultérieurs.

Si vous retirez votre consentement, les informations recueillies dans le cadre de cette étude seront

conservées et analysées, sauf si vous exprimez votre refus auprés du médecin investigateur. Dans
ce cas, les données de I'étude vous concernant seront détruites.

Version 1.2 du 17/07/2017 paged/s
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/I NOUVELLES INFORMATIONS SUR L’ETUDE

Vous serez informé(e) en temps opportun de toute nouvelle information concernant votre sante ou
donnée nouvelle qui pourrait influencer votre volonté de poursuivre votre participation a cette
étude. Si de nouvelles informations venaient a modifier celles qui vous sont présentées dans ce
document, un nouveau document vous serait remis afin que vous en soyez informé(e) et afin que
vous confirmiez, ou non, votre souhait de poursuivre cette étude.

/Il COUTS POTENTIELS / REMUNERATION ET INDEMNISATION

Vous ne serez pas payé(e) pour votre participation a cette étude. Néanmoins le colt de votre
transport sera pris en compte.

Vous bénéficierez gratuitement de tous les examens exclusivement requis pour cette étude, et qui
ne font pas partie de vos soins médicaux réguliers.

/Il ASSURANCE

Le promoteur de cet essai qui en assure la gestion et la responsabilité est Gustave Roussy — 114
rue Edouard Vaillant - 94 805 VILLEJUIF - France.

Gustave Roussy a souscrit une assurance (n° de contrat 124895) auprés de la Société SHAM
France) dans les conditions prévues a l'article L. 1121-10 du code de la santé publique,
garantissant sa responsabilité civile et celle de tout intervenant en cas de conséquences
dommageables de la recherche pour la personne qui s'y préte ou pour ses ayants droit. Si vous
estimez avoir subi un préjudice du fait de votre participation a cette étude, vous devrez en informer
votre médecin-investigateur.

/Il PROTECTION DES PATIENTS / CONFIDENTIALITE DES DONNEES

Conformément a la Loi 2004-806 du 9 ao(t 2004 sur les recherches biomédicales (Code de la
santé publique) et les Bonnes Pratiques Cliniques, ce protocole a été autorisé par I'Agence
Nationale de Sécurité du Médicament et des produits de santé (ANSM) le 15/06/2017 et il a regu
I'avis favorable d'un Comité de Protection des Personnes (CPP EST 3) le 07/07/2017.

Conformément aux recommandations du Plan Cancer, ce document a été soumis pour relecture,
avis et conseil au comité de patients de la Ligue nationale contre le cancer.

Tous les fichiers et les dossiers dans lesquels apparaitra votre identité seront gardés par le
médecin-investigateur et resteront strictement confidentiels. Votre dossier meédical restera
confidentiel et ne pourra étre consulté que par les autorités de santé et par des personnes diment
mandatées par le promoteur de I'essai et soumises au secret professionnel, sous la responsabilité
de votre médecin. Conformément a la loi n°2002-303 du 4 mars 2002 relative aux droits des
malades et a la qualité du systéme de santé vous avez un droit d'accés a votre dossier médical.

Dans le cadre de cette recherche, un traitement de vos données personnelles va étre mis en
ceuvre pour permettre d'analyser les résultats de I'étude. L'utilisation ultérieure des données
collectées dans le cadre de futures recherches scientifiques, en dehors de cette étude, est
également possible.

Le traitement se fera de maniére anonyme et confidentielle : les données seront identifiées par un
numeéro de code et/ou vos initiales ou les trois premiéres lettres de votre nom/prénom.

Ces données seront, dans des conditions assurant leur confidentialité, transmises au promoteur de
la recherche, et pourront également étre transmises a des personnes ou sociétés agissant pour
son compte, a des personnes ou sociétés partenaires ou, le cas échéant, a des autorités de santé
francaises ou étrangéres. Dans ce cadre, les données pourront étre transférées en dehors de la
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France, y compris vers des pays non-européen. Les destinataires peuvent éventuellement étre
situés dans un pays ne bénéficiant pas d'un niveau de protection des données équivalent a celui
en vigueur au sein de I'Union Européenne. Cependant, le promoteur prendra toutes les mesures
nécessaires a fin d'assurer la protection et la confidentialité des données, comme de garantir votre
anonymat.

Le traitement des données est soumis a la loi n® 78-17 du 6 janvier 1978 modifiée, relative a
l'informatique, aux fichiers et aux libertés Il est conforme aux requis imposés par la méthodologie
de référence, éditée par la CNIL, « MR-001 ». Il a fait I'objet d'une procédure d’'autorisation auprés
de la CNIL.

Conformément aux dispositions de la loi relative a l'informatique, aux fichiers et aux libertés,
précitée, vous disposez d'un droit d'accés et de rectification. Vous disposez également d'un droit
d'opposition a la transmission des données couvertes par le secret professionnel susceptibles
d'étre traitées. Vous pouvez exercer votre droit a tout moment en vous adressant au médecin-
investigateur.

Le médecin investigateur sera amené a communiquer des informations sur votre état de santé
apreés la fin de votre participation a I'étude (par exemple votre statut vital ou I'évolution de votre
maladie).

Les résultats de I'étude pourront étre communiqués a la communauté scientifique lors de
séminaires, de congrés ou publiés dans la presse scientifique, en garantissant la confidentialite
absolue des données vous concernant, ainsi que votre anonymat.

Selon les dispositions de l'article L 1122-1 du Code de la Santé Publique, les patients ayant
participé a I'étude seront informés, a leur demande, par les médecins-investigateurs des résultats
globaux de cette recherche a son terme.

Enfin, nous vous informons que votre médecin traitant sera informé de votre participation a I'étude,
sauf si vous exprimez votre refus auprés du médecin investigateur.

/Il CONTACTS POUR INFORMATIONS COMPLEMENTAIRES OU EN CAS
D’URGENCE

Si vous souhaitez obtenir des informations complémentaires ou si vous rencontrez un probléme
quelconque au cours de votre participation, veuillez contacter le médecin-investigateur, ou un
membre de son équipe :

Ou tampon
NOM & e
Téléphone : .......cccevvvvivvinnnnns

Vous pouvez également contacter le coordonateur de I'étude, le Dr CARAMELLA, au numéro
suivant : 01 42 11 43 99 (Gustave Roussy)
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FORMULAIRE DE CONSENTEMENT -- IMAHTEP
N°CSET 2016/2499 -- IDRCB N°2016-A02074-47

Nom du patient : Prénom : ......cccennnininnnns

I m'est proposé(e) de participer a une étude clinique organisée par Gustave Roussy, et
intitulée « Intégration Multiparamétrique TEP-IRM pour une nouvelle Approche de
I’Hétérogénéité Tumorale dans le cancer bronchique non a petites cellules (CBNPC) : Etude
Pilote ».
En application des dispositions du Code de la Santé Publique, j'ai pris connaissance de la note
d'information (page 1 a 6). Il m'a été laissé le temps de poser toutes les questions que je souhaitais et
toutes les questions posées ont regu une réponse satisfaisante.
J'ai bien noté que je suis libre d’accepter ou de refuser de participer a I'étude et libre
d’interrompre ma participation a tout moment, sans avoir a me justifier ni sans que cela n'ait de
conséquence sur la suite et la qualité de mon suivi médical.
Je déclare étre affilié(e) a un régime de sécurité sociale ou bénéficiaire d'un tel régime.
Les données médicales ainsi que le dossier médical me concernant resteront strictement confidentiels.
Je n'autorise leur consultation que par Gustave Roussy, ses partenaires ou prestataires ddment
habilités ainsi que par les autorités de santé. Je comprends que mon nom ne sera jamais mentionné
dans les rapports consacrés a cette étude et que mon identité ne sera pas communiquée.
J'accepte le recueil de mes données personnelles ainsi que leur traitement informatique par le
promoteur ou par des personnes ou sociétés agissant pour son compte. J'accepte que mes données
rendues anonymes soient éventuellement transmises en dehors de France, voire dans un pays ne
bénéficiant pas d'un niveau de protection des données équivalent a celui en vigueur au sein de I'Union
Européenne (sous la responsabilité du Promoteur). Je suis informé(e) que je dispose d'un droit
d'opposition a la transmission des données. Je peux exercer ce droit a tout moment et sous toutes
formes, par l'intermédiaire du médecin investigateur qui contactera Gustave Roussy.
Jai été informé(e)
= Qu'une assurance a été souscrite par Gustave Roussy permettant de couvrir les dommages
liés a I'étude conformément a I'art. L1121-10 du Code de la Santé Publique.
* Que cette étude sera conduite conformément a la législation francaise en vigueur et qu'elle a
recu l'autorisation de I'’Agence Nationale de Sécurité du Médicament et des produits de santé
et I'avis favorable du Comité de Protection des Personnes (CPP EST 3).

J'accepte librement et volontairement de participer a I'étude proposée (CSET 2016/2499, N°
IDRCB 2016-A02074-47)

Cocher les cases appropriées en fonction de votre volonté (OUI/NON)

{ Sauf refus éxbhmé bar écfrl,' /’acéeple librement et volontairement qde les données collectées
: pourront étre utilisées dans le cadre de futures recherches scientifiques en dehors de ce

protocole de recherche clinique.

Partie a remplir par le patient Partie a remplir par le médecin investigateur
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CANCER CAMPUS / \
GRAND PARIS

SERVICE PROMOTION DES ETUDES CLINIQUES _
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94805 Villejuif Cedex - France
www.gustaveroussy.fr

' Gustave Roussy
YV promoteur
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Acronyme IMAHTEP

GUSTAVE/
ROUSSY

CANCER CANPUS / ) §
GRAND PARIS

Code promoteur CSET 2016/2499

Code Promoteur de I'essai : CSET 2016/2499

N° ID-RCB : 2016-A02074-47

Intégration Multiparamétrique TEP-IRM pour une nouvelle Approche
de 'Hétérogénéité Tumorale dans le cancer bronchique non a
petites cellules (CBNPC) : Etude Pilote

Titre abrégé du protocole / Acronyme : IMAHTEP

Version finale n° 1.0 du 19/04/2017

INVESTIGATEUR |Nom : CARAMELLA Caroline

COORDONNATEUR

Adresse : 114 Rue Edouard Vaillant, 94800 Villejuif
Tél.: 0142114399
Fax:01421154 95

Email : Caroline. CARAMELLA@gustaveroussy.fr
Signature du Directeur de la
PROMOTEUR Gustave Roussy Direction de la Recherche
114 rue Edouard Vaillant Clinique:
94 805 Villejuif

GUSTAVE/ France ;%
sacsmcues  f '

Date : 19/04/2017
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Protocole IMAHTEP Code promoteur IGR2016/2499

PAGE DE SIGNATURE DU PROTOCOLE

« Intégration Multiparamétrique TEP-IRM pour une nouvelle Approche de
I'Hétérogénéité Tumorale dans le cancer bronchique non a petites cellules
(CBNPC) : Etude Pilote »

« IMAHTEP »

N°ID-RCB: 2016-A02074-47
N° CSET : 2016/2499

Version n°1.0 du 19/04/2017

Centre investigateur :
Service :

Nom et adresse de I'établissement :

Je soussigné, , reconnais avoir pris connaissance de I'ensemble du protocole
intitulé « « Intégration Multiparamétrique TEP-IRM pour une nouvelle Approche de I’'Hétérogénéité
Tumorale dans le cancer bronchique non a petites cellules (CBNPC): Etude Pilote », et je

m'engage a conduire ce protocole conformément aux Bonnes Pratiques Cliniques, aux dispositions
législatives et réglementaires en vigueur et tel qu'il est décrit dans ce document.

Date: ___/__ 120

Signature :
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Protocole IMAHTEP Code promoteur IGR2016/2499

CONTACTS DE L’ETUDE
Nom et Adresse Numéro Téléphone / Numéro Fax
Promoteur Gustave Roussy Tel:01421142 11

114 Rue Edouard Vaillant
94805 Villejuif Cedex

Investigateur Principal Dr CARAMELLA Caroline Tel:0142114399
Gustave Roussy caroline.caramella@qustaveroussy.fr
Statisticien Adrien ALLORANT Adrien. ALLORANT@gustaveroussy.fr
Gustave Roussy
DRC - SBE
Data manager Dr Florent BESSON Tel : 01452146 93
CHU Bicétre, AP-HP Fax:0145212112

Investigateur associé, doctorant du projet | florent.nesson@aphp.fr
IMATHEP, UMR 8081 Paris-Sud)

Pharmacovigilance Dr Salim Laghouati Tel: 0142116100
Guetave Roussy Fax: 0142116150
DRC - UFPV phv@gustaveroussy.fr
ARC promoteur Thibault RAOULT Tel: 0142 11 38 92
Guetave Rousey Fax: 0142116290
SPEC Thibault. RAOULT@gustaveroussy.fr
Version 1.0 du 19/04/2017 Confidentiel Page 3 sur 22

Université Paris-Saclay
Espace Technologique / Immeuble Discovery 223
Route de FOrme aux Merisiers RD 128 / 91190 Saint-Aubin, France




Université

Es;

chnologi
Orme aux M

Protocole IMAHTEP

Code promoteur IGR2016/2499

SYNOPSIS - PROTOCOLE CSET N°2016/2499

N°ID-RCB

2016-A02074-47 |Version et Date  [V1.0 [19/04/2017

Titre de I'Essai

Intégration Multiparamétrique TEP-IRM pour une nouvelle Approche de
I'Hétérogénéité Tumorale dans le Cancer Bronchique Non a Petites
Cellules (CBNPC) : Etude Pilote

Titre abrégé ou IMAHTEP Phase de I'essai Faisabilité
Acronyme
Promoteur Gustave Roussy

114 rue Edouard Vaillant
94805 Villejuif Cedex France

Investigateur
Coordonnateur

Dr CARAMELLA Caroline

secondaire(s)

Nombre de centres | Total |2 |France |2 | International |0

Objectif Principal | Estimer la reproductibilité intra et inter-opérateur d'une cartographie régionale
multiparamétrique TEP-IRM dans le cancer bronchique non a petites cellules
(CBNPC) localement avancé.

Objectif(s) Déterminer I'amplitude des modifications régionales des paramétres TEP-IRM

du CBNPC sous traitement.
Corrélation des paramétres d'imagerie a la survie des patients

Plan de I'étude

Etude pilote de faisabilité prospective monocentrique

1. CBNPC localement avancé (stades IIB, IlIA ou llIB de la classification

Critéres TNM 7°™ édition)
d’inclusion 2. Prise en charge thérapeutique exclusive par radio-chimiothérapie
concomitante administrée conformément aux recommandations
internationales (bithérapie par sels de platine)
3. Consentement signé
4. Patients affiliés au régime de la sécurité sociale ou bénéficiaire d'un
régime similaire.
1. Mineur
Critéres 2. Femme enceinte/allaitante
d’exclusion 3. Personne privée de liberté par décision judiciaire ou administrative,
personnes majeures faisant I'objet d'une mesure de protection légale ou
hors d'état d'exprimer leur consentement
4. ATCD de Cancer dans les 2 années précédant I'enregistrement
5. ATCD de radiothérapie / chirurgie thoracique
6. Patients sous traitement expérimental ou pour lequel I'administration d'un
traitement expérimental est prévue
7. Patients claustrophobes
8. Insuffisance rénale sévére (Clairance MDRD Cockroft < 30ml/min)
9. Diabéte non contrélé, hyperglycémie > 1,8g/L
10. Patient porteur d'implants métalliques non compatibles avec I''RM ou de

tout matériel médical électronique implanté de maniére inamovible (e.g
pacemaker, neurostimulateur, implants cochléaires, etc.)
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Protocole IMAHTEP Code promoteur IGR2016/2499
Traitements Caractérisation de I'hétérogénéité tumorale par une cartographie régionale
étudiés multiparamétrique TEP-IRM.

Les patients réaliseront :

- un examen TEP-IRM réalisé avant le traitement par radio-
chimiothérapie (TEP-IRM, dite baseline)

- un examen TEP-IRM réalisé a mi-parcours du traitement (TEP-IRM;
sous traitement), soit aprés avoir regu 334 Gy (environ 2,5mois aprés
la premiére TEP-IRM).

Critére Mesure de la reproductibilité intra et inter-opérateur des cartographies
d’évaluation régionales multiparamétriques TEP-IRM réalisées avant et sous traitement.
principal

Critéres Analyse de la variance (ANOVA) des parameétres d'imagerie obtenus avant et
d’évaluation aprés traitement (TEP-IRM; et TEP-IRM,).

secondaire(s)

Analyse descriptive de la survie (globale et sans progression) afin d'explorer
ses liens avec les parameétres d'imagerie.

Nombre de
patients

Aucune étude dans le monde n'a réalisé ce type d'évaluation TEP-IRM
combinée du CBNPC sous traitement sur une population homogéne (stade
tumoral, traitement) avec critéres de sélections pré-établis.

Ce projet pilote étant par conséquent une étude de faisabilité princeps, il n'est
pas possible a ce stade de prédire I'effectif de patients nécessaires a la mise
en évidence des changements des paramétres d'imagerie sous traitement.
Par conséquent un nombre arbitraire de patients est choisi: 20 patients
évaluables.

Total de patients France : 20 Gustave Roussy : 20
évaluables
Durée de I'essai Durée d'inclusion 12 mois

Durée maximale de participation
du patient

Jusqu'a réalisation du second TEP-IRM
(Environ 2,5 mois)

Durée de suivi du patient 15 mois

30 mois

Durée globale de I'essai
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Protocole IMAHTEP Code promoteur IGR2016/2499
Tableau ré tif des g
TEP-IRM, TEP-IRM
SUV et dérivés SUV et dérivés
TEP Textures Textures
. tgatio MRGlu (dynamique) MRGIu (dynamique)
nvestigations Morphologie Morphologie |
(paramétres d'imagerie) Diffusion Diffusion
IRM Cartographie ADC Cartographie ADC
Correction d'atténuation et du mouvement Correction d'atténuation et du mouvement
Perfusion (dynamique) Perfusion (dynamique
T1 et T2 mapping T1 et T2 mapping
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Protocole IMAHTEP Code promoteur IGR2016/2499
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Protocole IMAHTEP Code promoteur IGR2016/2499

1 INTRODUCTION ET RATIONNEL DE L'ESSAI

1.1 Synthése des résultats antérieurs

L’hétérogénéité tumorale est un facteur majeur de progression et de survie tumorale'?. Le cancer
bronchique non a petites cellules (CBNPC) est la premiére cause de mortalité oncologique dans le
monde avec une espérance de vie de moins de 10% a 5 ans pour les stades avancés. Le traitement de
référence du CBNPC localement avancé inopérable (stade lll) est la radio-chimiothérapie concomitante,
mais la grande hétérogénéité du CBNPC favorise I'émergence fréquente de résistances, notamment
locorégionales, aux traitements®. De plus, I'évaluation précoce est souvent difficile aprés radio-
chimiothérapie, parce que les critéres d'imagerie standard (RECIST 1.1) ne permettent pas de
discriminer de fagon fiable les effets post-thérapeutiques précoces (inflammation, radionécrose)
d'éventuelles récidives locales*®. C'est pourquoi I'imagerie oncologique multiparamétrique émerge. Les
biomarqueurs ciblant le métabolisme (TEP)®’ et la vascularisation tumorale (IRM)*'° ont montré des
résultats prometteurs en oncologie. Les quelques études multiparamétriques TEP et IRM fusionnées
déja réalisées dans le CBNPC restent néanmoins peu nombreuses (une dizaine en 15 ans), de
méthodologies hétérogénes, et enfin ne font pas d'analyse fine de I'hétérogénéité régionale intra
tumorale. Une meilleure caractérisation de cette hétérogénéité par une approche multiparamétrique
TEP-IRM combinée fine pourrait favoriser lidentification précoce de zones de résistance aprés
traitement, et permettre ainsi une adaptation thérapeutique beaucoup plus précoce.

Parce que l'imagerie hybride TEP-IRM permet de confronter de fagon unique les informations
multiparamétriques TEP et IRM (alignement parfait des images TEP et IRM, acquisitions de maniéere
simultanée), cette modalité d'imagerie pourrait, dans les années a venir, tenir une place de choix dans
I'évaluation oncologique du CBNPC.

1.2 Données du/des traitement(s) a évaluer
Les machines hybrides TEP-IRM combinées sont commercialisées dans le monde depuis 2011. Il existe
actuellement en France trois machines TEP-IRM, opérationnelles depuis I'an dernier (SHFJ d'Orsay, sur
laquelle sera réalisé ce projet, Pitié-Salpétriere et CERMEP de Lyon). Compte tenu du caractére
extrémement récent de ce type de machine, aucune donnée n’'existe actuellement sur I'apport des
machines hybrides TEP-IRM dans I'évaluation thérapeutique du CBNPC localement avancé. Partant du
constat que chacune des 2 modalités (TEP et IRM de perfusion) ont montré d'une part leur intérét
indéniable dans I'évaluation précoce sous traitement et le pronostic des patients oncologiques, et
compte tenu de la mise en exergue de I'approche combinée TEP-IRM dans I'évaluation initiale du
cancer bronchique illustrée par de récentes études'''®, nous pensons que la combinaison des
informations TEP et IRM a I'échelle du voxel, uniquement réalisable sur ce type de machine (recalage
parfait et simultanéité de I'acquisition des images TEP et IRM) permettrait une analyse plus fine de
I'hétérogénéité tumorale du CBNPC et donc une évaluation sous traitement plus performante que
chacune des deux modalités prises indépendamment I'une de l'autre. La robustesse de ce type
d'approche nécessite néanmoins d'étre évaluée et validée.

1.3 Evaluation du Bénéfice / Risque

Un dispositif TEP-IRM combine une machine TEP et une machine IRM en un seul appareil. Concernant
la TEP, linjection d'une quantité infime (dose dite « traceuse ») d'un produit radiopharmaceutique
émetteur de rayonnements ionisants a demi vie trés courte (en I'occurrence le '°Fluoro-deoxy-glucose,
analogue du glucose radiomarqué au '"*Fluor, demi vie = 110minutes) nécessaire a la réalisation des
images n'est pourvoyeuse d'aucun effet secondaire. D'autre part, l'irradiation résultante globale est
inférieure a 5-7 micro sieverts, soit deux fois moins que l'irradiation d'une TDM thoraco-abdominale de
radiologie standard (10-14 micro sieverts).

Concernant I'IRM, I'obtention des images est basée sur I'utilisation de champs magnétiques et d'ondes
de radiofréquences, dont I'utilisation en routine clinique n'a montré aucun effet délétére pour la santé. La
présence de bruit durant I'examen peut néanmoins rendre inconfortable I'examen, raison pour laquelle
I'utilisation de bouchons dans les oreilles et d'un casque protecteur est systématique et limite tous les
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désagréments sonores. L'administration de chélates de gadolinium nécessaire aux séquences de
perfusion peut potentiellement, chez les patients insuffisants rénaux chroniques, induire une fibrose
néphrogénique systémique, dont la physiopathologie reste a ce jour inconnue. Par conséquent nous ne
réaliserons nos examens que chez des patients présentant une fonction rénale satisfaisante, en utilisant
un produit de contraste de catégorie 2 (Dotarem®), c'est a dire a risque minime ou inexistant de fibrose
néphrogénique systémique. Ainsi le risque inhérent a la réalisation d'un examen TEP-IRM est considéré
comme négligeable.

Les examens TEP-IRM seront réalisés en plus et de maniére concomitante au bilan diagnostique
standard des patients, n’induisant par conséquent aucune perte de chance pour les participants
de I'étude.

2 OBJECTIFS DE L'ESSAI

2.1 Objectif principal
Estimer la reproductibilité intra et inter-opérateur d'une cartographie régionale multiparamétrique TEP-
IRM dans le cancer bronchique non a petites cellules (CBNPC) localement avanceé.

2.2 Objectifs secondaires
- Déterminer I'amplitude des modifications régionales des parametres TEP-IRM du CBNPC sous
traitement.
- Corrélation des paramétres d'imagerie a la survie des patients

3 METHODOLOGIE

Cette étude pilote de faisabilité est une étude exploratoire, prospective, multicentrique.
Un échantillon de 20 patients présentant un CBNPC localement avancé (stade IIB-IlIA-IIIB de la
classification TNM 7™ édition) bénéficiera, en plus et de maniére concomitante a la prise en charge
diagnostique et thérapeutique standard, de deux examens d'imagerie TEP-IRM, réalisés sur le méme
dispositif installé au Service Hospitalier Frédéric Joliot d'Orsay (CEA - Service Hospitalier Frédéric
Joliot , 4 place du Général Leclerc, 91401 Orsay Cedex) :

- Un examen TEP-IRM réalisé juste avant traitement (TEP-IRM, dite baseline)

- Un examen TEP-IRM reéalisé a mi-parcours du traitement (TEP-IRM; sous traitement), soit aprés

avoir regu 3344 Gy (environ 2,5 mois aprés la premiére TEP-IRM).

2,5 mois

TEP-IRM, TEP-IRM,

0 | T

Baseline | mi-parcours du traitement
Chimiothérapie d'induction Début radiochimiothérapie
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Protocole d'imagerie :

PET-MR

Gado injection
F,Iu“ m

FDG injection 60" post FDG injection

Toutes les acquisitions TEP-IRM de I'étude seront standardisées (protocole identique) et
centrées sur le thorax,

Modalités pratiques :

Patient allongé en décubitus dorsal pendant toute la durée de I'examen

Antenne surfacique sur le thorax

Cal-mousse au niveau des jambes, et oreiller au niveau de la téte pour plus de confort.
Bouchons d'oreille + casque d'insonorisation pour IRM.

Poire d'appel d'urgence dans la main pour signaler tout probleme éventuel.

Champ de vue :

Thorax incluant la masse tumorale et les principaux axes vasculaires médiastinaux (nécessaires
au calcul de la fonction d'entrée artérielle pour les séquences d'IRM de perfusion).

Acquisitions TEP :

L'acquisition des images TEP débutera immédiatement aprés l'injection intra-veineuse du
radiotraceur ("*F-FDG), en mode liste (c'est a dire enregistrement continu), pendant une durée
totale de 60 minutes.

L'enregistrement continu du mode liste permettra d'extraire les parameétres dynamiques du
meétabolisme glucidique (MRGIu, cf infra).

Selon les recommandations internationales, les parameétres statiques (cf infra) seront extraits 1h
post-injection, justifiant les 60 minutes de protocole d'acquisition.
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A 1 S SSe semen € ardiaqu sta
pneumatique positionnée au niveau de I'abdomen / monitoring ECG) :

Pendant I'acquisition des images TEP (soit 1 heure d'examen), différentes séquences IRM seront
successivement réalisées, comprenant notamment :

- Une séquence Dixon standard en apnée (< 20 secondes) qui permettra la correction
d'atténuation ultérieure des images TEP.

- Une séquence ZTE pour suivre le mouvement respiratoire.

- Des séquences structurelles en pondération T2 (respiration libre avec asservissement
respiratoire/cardiaque), qui permettront I'analyse morphologique de la masse tumorale.

- Des séquences de T1 et T2 mapping pour I'analyse quantitative tissulaire.

- Des séquences de diffusion (respiration libre avec asservissement respiratoire/cardiaque) qui
permettront I'étude de la densité cellulaire et le calcul du coefficient de diffusion apparent,
permettant de quantifier le degré de cellularité au sein de la masse tumorale.

- Une séquence standard d'IRM dynamique de perfusion d'une durée de 5 minutes (respiration
libre avec asservissement respiratoire/cardiaque), aprés l'injection intra-veineuse de gadolinium,
selon les recommandations internationales (QIBA version 1.0, 2012), qui permettra d'évaluer la
perfusion tumorale.

Ainsi, pour chaque TEP-IRM, I'ensemble du protocole durera au total 60 minutes et :

- Comportera I'injection intra-veineuse de deux produits ('*F FDG pour les images TEP et
Gadolinium pour I'lRM de perfusion)

- Le patient allongé et au repos dans la machine pendant I'examen pourra, a tout moment, signaler
toute géne/inconfort et / ou faire stopper le protocole.

Extraction et post-processing des données d'imagerie :
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Les paramétres TEP et IRM seront extraits a partir de volumes tumoraux d'intérét. Des masses
tumorales supérieurs a 33,5cm3 (3 x FWHM) seront nécessaires pour limiter les effets de volume partiel
pouvant influer sur le calcul des paramétres d'imagerie et la régionalisation tumorale'®"’.
Paramétres TEP :
a) Statiques:
Les parametres TEP statiques comprendront le SUV et ses dérivés (SUVmax, SUVmean,
SULmax, SULmean), ainsi que des indices texturaux'®.
b)  Dynamiques :
Les parameétres dynamiques ayant montré leur plus-value dans I'évaluation thérapeutique en
Oncologie'®?!, des données métaboliques dynamiques (MRGIu) seront également extraites.
Paramétres IRM :

Les paramétres IRM comprendront
a) Des indices dynamiques de perfusion standards (QIBA version 1.0, 2012),

b) Des paramétres de densité cellulaire (valeurs d’ADC calculées a partir des séquences de
diffusion).

c) Des paramétres de quantification tissulaire (T1 et T2 mapping)
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Analyses :

Pour chaque tumeur, les données d'imagerie seront analysées a I'échelle du voxel / groupes de voxels
(clusters). Les cartes d'activités régionales intra-tumorales ainsi générées seront finalement combinées
en paramétre composites d'activité biologique régionale (régionalisation paramétrique)'”.

Finalement les données TEP-IRM avant et sous traitement seront confrontées d'un point de vue
régional, afin d'évaluer les modifications tumorales régionales sous traitement.

4 SELECTION DES PATIENTS

4.1 Critéres d'inclusion
CBNPC localement avancé (stade IIB, IlIA ou IlIB de la classification TNM 78me edition)
Prise en charge thérapeutique exclusive par radio-chimiothérapie concomitante administrée
conformément aux recommandations internationales (bithérapie par sels de platine)
Consentement signé
Patients affiliés au régime de la sécurité sociale ou bénéficiaire d'un régime similaire

N -

hbo

4.2 Critéres de non inclusion
1. Mineur
2. Femme enceinte / allaitante
3. Personne privée de liberté par décision judiciaire ou administrative, personnes majeures faisant
I'objet d'une mesure de protection Iégale ou hors d'état d’exprimer leur consentement

4. ATCD de Cancer dans les 2 années précédant I'enregistrement

5. ATCD de radiothérapie / chirurgie thoracique

6. Patients sous traitement expérimental ou pour lequel I'administration d'un traitement expérimental
est prévue

7. Patients claustrophobes

8. Insuffisance rénale sévére (Clairance MDRD Cockroft < 30ml/min)

9. Diabéte non contrélé, Hyperglycémie > 1,8g/L

10. Patient porteur d'implants métalliques non compatibles avec I''RM ou de tout matériel médical

électronique implanté de maniére inamovible (e.g pacemaker, neurostimulateur, implants
cochléaires, etc.)

5 ENREGISTREMENT DES PATIENTS

Les patients seront identifiés lors des réunions de concertation multidisciplinaires et seront recrutés a
Gustave Roussy. Les patients éligibles et ayant signé le formulaire de consentement seront enregistrés
a Gustave Roussy.

6 DEROULEMENT DE L’ESSAI - TRAITEMENTS

Le patient aura un examen médical préalablement a la recherche. Ce bilan initial consistera en une
évaluation du stade de la maladie, une mesure du poids et de |a taille et une évaluation de la clairance a
la créatinine et du taux de glucose sanguin afin de confirmer que le patient est éligible a la recherche.
Les examens réalisés dans les 3 mois avant I'enregistrement du patient a I'essai ne nécessitent
pas d'étre répétés.

Aprés leur inclusion, les patients réaliseront :
- un examen TEP-IRM réalisé avant |e traitement (TEP-IRM; dite baseline)
- un examen TEP-IRM réalisé a mi-parcours du traitement (TEP-IRM, sous traitement), soit aprés
avoir regu 33+4 Gy (environ 2,5mois aprés la premiére TEP-IRM).
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Avant chaque TEP-IRM, un contréle de la glycémie sanguine sera réalisé par glycémie capillaire.

Les recommandations d'usage applicables lors des IRM devront étre respectées (e.g piercing, tatouage,
etc.).

En parallele de cet essai clinique, les patients inclus seront traités par association Radiothérapie-
Chimiothérapie (bithérapie a base de sels de platine) conformément aux recommandations
internationales.

La chimiothérapie devra débuter dans les 3 semaines suivant I'inclusion dans I'étude.

La radiothérapie débutera a J42 du début du traitement, mais pourra éventuellement étre débutée a J63.
Elle sera administrée a la dose de 66 Gy en 33 séances de 2 Gy.

Les données d'évolution de la maladie seront recueillies depuis les examens réalisés lors de la prise en
charge standard du patient.

7 CRITERES D'EVALUATION

7.1 Critére principal
Mesure de la reproductibilité intra et inter-opérateur des cartographies régionales multiparamétriques
TEP-IRM réalisées avant et sous traitement.

7.2 Critéres secondaires
Analyse de la variance (ANOVA) des parametres d'imagerie obtenus avant et aprés traitement (TEP-
IRMO et TEP-IRM1).
Analyse descriptive de la survie (globale et sans progression) afin d'explorer ses liens avec les
parametres d'imagerie.

8 DETERMINATION DU NOMBRE DE PATIENTS ET ANALYSE STATISTIQUE
8.1 Nombre de sujets nécessaires

Aucune étude dans le monde n'a réalisé ce type d'évaluation TEP-IRM combinée du CBNPC sous
traitement sur une population homogéne (stade tumoral, traitement) avec critéeres de sélections
préétablis.

Ce projet pilote étant par conséquent une étude de faisabilité princeps, il n'est pas possible a ce stade
de prédire I'effectif de patients nécessaires a la mise en évidence des changements des parameétres
d'imagerie sous traitement. Par conséquent un nombre arbitraire de 20 patients évaluables est choisi.

8.2 Analyse statistique
a) Reproductibilité intra et inter-opérateur d’une cartographie régionale multiparamétrique
TEP-IRM

Chaque observateur (au moins deux, Dr Caroline CARAMELLA et Dr Florent BESSON) effectuera deux
traitements de I'image d'une Iésion donnée, avec un intervalle de temps suffisamment long pour éviter le
biais de mémoire. La reproductibilité intra sera évaluée a partir de la stabilité des deux cartographies
régionales établies par le méme observateur sur la méme image. La reproductibilité inter observateur
sera mesurée a partir de la similitude des deux découpages en clusters réalisés par les deux
observateurs, a partir du traitement d'une méme image.

b) Amplitude des modifications régionales des paramétres TEP-IRM du CBNPC sous traitement.
On procédera a une analyse de la variance (ANOVA) des paramétres d'imagerie obtenus avant et aprés
traitement (TEP-IRMp et TEP-IRM;). L'effet du traitement sera évalué dans le cadre d'une ANOVA
multivariée par un test du rapport de vraisemblance.
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c) Analyse a la survie des patients

On procédera a une analyse descriptive de la survie, afin d'explorer ses liens avec les paramétres
d'imagerie.

8.3 Sujets analysés
Patients ayant effectué les deux examens TEP-IRM.

8.4 Analyses intermédiaires
Non applicable

8.5 Fin de I'essai
La fin de I'essai correspond a la date de recueil du décés du dernier patient ou a 15 mois aprés la
derniére TEP-IRM réalisée sous traitement (TEP-IRM,) par le dernier des 20 patients évaluable, la date
la plus précoce étant retenue.

9 EVENEMENTS INDESIRABLES GRAVES

Dans cette étude de faisabilité, la probabilité d'événements indésirables graves est faible.
Les seuls effets indésirables attendus liés a la recherche sont ceux liés a la réalisation de la TEP-IRM a
savoir une allergie au gadolinium.

9.1 Définition Générale
Est considéré comme un événement indésirable grave (EIG) tout événement :
Entrainant le décés,
Mettant en jeu le pronostic vital,
Entrainant une hospitalisation ou une prolongation d’hospitalisation,
Provoquant une invalidité permanente ou une incapacité temporaire grave,
Provoquant une anomalie congénitale, une malformation foetale ou un avortement,
Médicalement significatif.

Les termes invalidité et incapacité correspondent a tout handicap physique ou psychique temporaire ou
permanent, cliniquement significatif et retentissant sur l'activité physique et/ou la qualité de vie du
patient.

Est considéré comme médicalement significatif tout événement clinique ou résultat de laboratoire
considéré comme grave par l'investigateur et ne correspondant pas aux critéres de gravité définis ci-
dessus. lls peuvent faire courir un risque au patient et nécessitent une intervention médicale pour
prévenir une issue correspondant a I'un des critéres de gravité mentionné précédemment (exemples :
les transmissions d'un agent infectieux, les surdosages, les seconds cancers et les grossesses et faits
nouveaux peuvent étre considérés comme médicalement significatifs).

N'est pas considéré comme un événement indésirable grave (EIG) :

= Une hospitalisation < a 24 heures,

= Une hospitalisation programmée préalablement au début de I'essai et/ou prévue par le protocole
(biopsie, chimiothérapie..).

9.2 Critére d'intensité
Le critére d'intensité ne doit pas étre confondu avec le critére de gravité qui sert de guide pour définir les
obligations de déclaration.

L'intensité des événements sera estimée selon I'extrait de la classification NCI-CTCAE version 4.0 (cf
annexe |). L'intensité des événements indésirables non listés dans cette classification sera appréciée
selon les qualificatifs suivants :
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Légére (grade 1) : n'affecte pas I'activité quotidienne habituelle du patient

Modérée (grade 2) : perturbe I'activité quotidienne habituelle du patient

Sévere (grade 3) : empéche l'activité quotidienne habituelle du patient

Trés Sévere (grade 4) : impose des mesures de réanimation/ menace le pronostic vital
Déces (grade 5)

9.3 Conduite a tenir en cas d'événement indésirable grave
L'investigateur informe I'Unité Fonctionnelle de Pharmacovigilance (UFPV) de tous les Evénements
Indésirables Graves Attendus (EIG-A) et inattendus (EIG-l), qu'ils soient imputables ou non a la
recherche, qui se produisent durant I'étude ou dans les 30 jours suivant |la derniére TEP-IRM.

Tous les Evénements Indésirables Graves retardés (survenant aprés cette période de 30 jours)
considérés comme raisonnablement liés a la recherche doivent étre déclarés sans limitation de délai.

La déclaration des EIGs se fait en envoyant par fax, dans les 24 heures ouvrées suivant leur
constatation, le formulaire de notification d'un EIG.

Coordonnées de I'Unité Fonctionnelle de PharmacoVigilance :
Adresse : Gustave Roussy, Direction de la Recherche Clinique, Unité Fonctionnelle de PharmacoVigilance,
114 rue Edouard Vaillant 94805 Villejuif Cedex
Tél: 01421161 00 (9HOO — 18h00 du lundi au vendredi, sauf jours fériés)
Fax : 0142116150 E-mail : phv@gustaveroussy.fr

L'investigateur notera pour chaque événement :

Sa description aussi clairement que possible selon la terminologie medicale,

L'intensité,

La date de début et de fin de I'évéenement,

Les mesures entreprises et la nécessité ou non d'un traitement correcteur,

Son évolution. En cas d'événement non fatal, I'évolution devra étre suivie jusqu'a la guérison ou

le retour a I'état antérieur ou a la stabilisation d'éventuelles sequelles,

= La relation de causalité avec la TEP/IRM la pathologie traitée, une autre pathologie ou un autre

traitement. L'investigateur doit également joindre au rapport d'évenement indésirable grave, a

chaque fois que possible :

= Une copie du compte-rendu d’hospitalisation ou de prolongation d'hospitalisation,

= Une copie du rapport d'autopsie (le cas échéant)

= Une copie de tous les résultats d'examens complémentaires pertinents réalisés, y compris les
résultats négatifs pertinents en y joignant les valeurs normales du laboratoire,

= Tout autre document qu'il juge utile et pertinent.

Tous ces documents doivent étre anonymisés.

Des compléments d'informations pourront étre demandeés (par fax, par téléphone ou lors d'une visite)
par le moniteur et/ou 'UFPV.

9.4 Suivi des EIG et envoi des follow-up
L'investigateur est responsable du suivi médical approprié des patients jusqu'a la résolution ou la
stabilisation de |'effet ou jusqu'au décés du patient. Cela peut impliquer parfois que ce suivi se prolonge
aprés la sortie du patient de I'essai.

Il transmet les informations complémentaires a 'UFPV a l'aide d'un formulaire de déclaration des EIGs
(en cochant la case Suivi n® X pour préciser qu'il s'agit d'un follow-up et non d'un rapport initial) dans les
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24 heures suivant leur obtention. Il transmet également le dernier suivi & la résolution ou a la
stabilisation de I'EIG.

Il conserve les documents concernant I'effet indésirable présumé afin de permettre, en cas de nécessité
de compléter les informations précédemment transmises.

Il répond aux demandes d'informations complémentaires de 'UFPV afin de documenter I'observation
initiale et met en ceuvre les décisions de la DRC en rapports avec les EIGs.

9.5 Information des investigateurs, du CPP et de 'ANSM
L'UFPV adressera a tous les invesﬂgateurs de l'étude une copie de tout effet indésirable grave et
inattendu lié a la recherche.

L'UFPV avisera également les investigateurs, le CPP et I'ANSM de toutes les informations a sa
disposition jugées pertinentes quand a la sécurité des patients et pouvant conduire a une réévaluation,
dans le sens défavorable, du rapport bénéfice/risque de la recherche, provenant d'autres études
menées sur les mémes produits ou selon la méme méthodologie ou provenant de publication, de
notification spontanée ou d'une autre autorité réglementaire.

L'UFPV adressera également au CPP et 'ANSM un rapport annuel de sécurité conformément aux
exigences réglementaires.

10 CRITERES D'ARRET DE L'ESSAI

L'essai peut étre suspendu ou arrété par le promoteur en concertation avec le coordonnateur et en
accord avec les autorités compétentes pour les raisons suivantes :

- un recrutement insuffisant de patients.
1" ASPECTS ETHIQUES ET REGLEMENTAIRES

11.1 Réglementation
L'essai clinique est conduit conformément a :
- La déclaration d'Helsinki 1964, amendée a Fortaleza en 2013 ;
- LaDirective 95/46/CE relative au traitement des données a caractére personnel ;
- Eta laréglementation locale en vigueur notamment
o laloi de Santé Publique du 9 aoat 2004 ;

o l'ordonnance n°2016-800 du 16 Juin 2016 relative aux recherches impliquant la personne
humaine ;

o laloin°2016-41 du 26 Janvier 2004 relative a la modernisation du systéeme de santé ;

o laloi Informatique et Libertés du 6 janvier 1978 modifiée par la loi du 6 aoat 2004 relative
a la protection des personnes physiques a I'égard des traitements de données a
caractére personnel ;

o laloi n°2002-203 du 4 mars 2002 relative aux droits des malades et a la qualité du
systeme de santé.

11.2 Comité de Protection des Personnes — Autorité compétente
Ce protocole a été soumis au Comité de Protection des Personnes EST 3 qui a donné un avis favorable
le 07/07/2017 et a 'Agence Nationale de sécurité du médicament et des produits de santé (ANSM) qui a
donné son approbation le 15/06/2017.

Version 1.0 du 19/04/2017 Confidentiel Page 17 sur 22

Université Paris-Saclay

237




Protocole IMAHTEP Code promoteur IGR2016/2499

Toute modification substantielle du protocole fera I'objet d'une demande d'amendement auprés de ce
CPP et/ou de 'ANSM.

Gustave Roussy a souscrit une assurance de responsabilité civile auprés de la société SHAM France
(Lyon) (contrat N°124895).

Gustave Roussy déclarera le début et |a fin de I'essai au CPP et a TANSM.

Un rapport final de I'essai sera rédigé au plus tard 1 an aprés la fin de I'essai dont le résumé sera
adressé a 'ANSM et au CPP.

Gustave Roussy assurera |'archivage des documents essentiels de I'essai dans le classeur promoteur
pour une durée minimale de 15 ans aprés la fin de la recherche.

11.3 Information et Consentement des participants

Préalablement a la réalisation de toute procédure liée a la recherche biomédicale, toute personne se
prétant a la recherche exprime son consentement libre, éclairé et écrit. Ce consentement est recueilli
aprés que le participant ait été informé par l'investigateur lors d'une consultation et aprés un délai de
réflexion suffisant.

Aprés avoir pris connaissance de la notice d'information, le patient, s'il accepte de participer, devra dater
et signer le formulaire de consentement. Ce consentement doit également étre signé par l'investigateur.
L'original doit étre archivé par l'investigateur et une copie remise au participant a la recherche.

11.4 Responsabilités des investigateurs
L'investigateur principal de chaque établissement concerné s'engage a conduire l'essai clinique
conformément au protocole qui a été approuvé par le CPP et |'autorité compétente.

L'investigateur ne doit apporter aucune modification au protocole sans |'autorisation écrite du promoteur
et sans que le CPP et 'autorité compétente ait donné leur autorisation sur les modifications proposées.

Il est de la responsabilité de I'investigateur principal :

- de fournir au promoteur son curriculum vitae ainsi que ceux des co-investigateurs,

- d'identifier les membres de son équipe qui participent a |'essai et de définir leurs responsabilités,

- d'assurer le recrutement des patients aprés autorisation du promoteur,

Il est de la responsabilité de chaque investigateur :

- de recueillir le consentement éclairé daté et signé personnellement par le participant a la recherche
avant toute procédure de sélection spécifique a I'essai,

- de compléter régulierement les cahiers d'observation (case report form (CRF)) pour chacun des
patients inclus dans l'essai et de laisser a I'Assistant de Recherche Clinique (ARC) mandaté par le
Promoteur un acces direct aux documents-source afin que ce dernier puisse valider les données du
CRF,

- de dater, corriger et de signer les corrections des CRF pour chacun des patients inclus dans I'essai,

- d'accepter les visites régulieres de 'ARC et éventuellement celles des auditeurs mandatés par le
promoteur ou des inspecteurs des autorités compétentes.

Toute la documentation relative a I'essai (protocole, consentements, cahiers d'observation, dossier
investigateur, etc...), ainsi que les documents originaux (résultats de laboratoire, radiologies, comptes-
rendus de consultations, rapports d'examens cliniques, etc.) est considérée comme confidentielle et doit
étre détenue dans un lieu sar. L'investigateur Principal devra conserver les données ainsi qu'une liste
d'identification des patients pendant une durée minimale de 15 ans aprés la fin de I'étude.
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12 RECUEIL DES DONNEES

Les données seront colligées sur un cahier d'observation / fiches standardisées et incluront :

- Les caractéristiques des patients au moment de I'examen (age, poids, taille, glycémie, stade de la
tumeur, créatininémie)

- les données d'imagerie extraites pour I'étude (cf section 3).

La base de données sera hébergée au CHU Bicétre.
13 ASSURANCE QUALITE - MONITORING

Afin de garantir l'authenticité et la crédibilité des données, le centre de coordination a mis en place un
systéme d'assurance qualité qui comprend :

- la gestion de I'essai selon les procédures de Gustave Roussy,
- le contréle qualité des formulaires de consentement par I'ARC promoteur.

13.1 Monitoring
Le contréle qualité sur site sera effectué par 'ARC promoteur qui doit vérifier I'obtention du
consentement pour chaque participant.

14 PROPRIETES DES DONNEES / REGLES DE PUBLICATIONS

Les investigateurs s'engagent, pour eux-mémes et pour toutes les personnes amenées a suivre le
déroulement de I'essai, a garantir la confidentialité de toutes les informations fournies par Gustave
Roussy jusqu'a la publication des résultats de I'étude.

Toutes communications, manuscrits ou présentations doivent comporter une rubrique qui mentionne le
promoteur, les investigateurs / institutions qui ont participé a I'essai, les groupes coopérateurs, les
sociétés savantes qui ont contribué a sa réalisation et les organismes qui ont supporté financiérement la
recherche.
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Annexe 1 — Critéres de toxicité (CTCAE)

Se référer a I'échelle d’évaluation de la toxicité CTCAE qui est joint séparément
et que I'on peut télécharger sur le site du NCI

http://ctep.cancer.gov/protocolDevelopment/electronic _applications/ctc.htm#ctc 40

Cancer Therapy Evaluation Program

http://ctep.cancer.qov/

Common Terminology Criteria for Adverse Events v4.0 (NCI-CTCAE)
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A.11.PET and DCE kinetics parameters of the 14 tumors

Tumors | Voxels

1271

799

211

1207

629

318

2409

2338

1151

21571

015
(0.12-0.18)
0.19
(0.15-0.24)

(0.13-0.18)
029
(0.22-0.36)
033
(0.23-0.44)
031
(0.27-0.35)
025
(0.17-033)

(0.54-0.81)
0.68
(0.45-1.03)
031
(0.22-0.44)

(0.46-0.77)
130
(1.14-1.47)
0.41

(0.35-0.5)
0.66
(0.44-0.72)
055
(0.47-0.61)

(0.48.-1.02)

PET parameters

(0.1-0.14)
0.15
(0.10-0.20)
0.09
(0.05-0.14)

(0.15-0.24)
0.089
(0.068-0.109)
0.028
(0.022-0.034)
0.08
(0.05-0.1)
0.071
(0.059-0.088)
0.08
(0.05-0.14)
0.11
(0.09-0.14)

(0.07-0.2)

(0.12-0.17)
0.24
(0.19-0.26)
0.09
(0.07-0.10)
0.026
(0.022-0.032)
035
(0.30-0.38)
0.11
(0.09-0.14)
0.053
(0.048-0.06)
0.063
(0.045-0.084)
0.14
(0.11-0.19)
0.22
(0.14-0.34)
0.16
(0.13-0.19)
0.33
(0.22-0.43)
0.21
(0.15-0.25)
0.14
(0.11-0.17)
0.20
(0.13-0.29)

(0.09-0.18)
0.084
(0.076:0.093)

(0.16-0.19)
0.05
(0.03-0.07)

(0.077-0.14)
0.052
(0.032-0.072)
0.08
(0.05-0.10)

(0.13-052)
074
(0.59-1.03)
015
(0.06-0.60)
065
(0.22-1.19)
0.06
(0.04-0.11)
073
(031-154)
0.056
(0.03-0.12)
045
(0.13-0.94)
028
(0.15-0.46)
093
(0.57-1.29)
071
(0.29-1.12)

(0.55-1.26)
023
(0.12-05)
0.44
(0.14-0.92)

(0.08-1.0)
063
(033-1.0)
017
(0.13-0.21)

(0. 2;1-1.0)

(0.59-1.04)
0.49
(0.24-29.2)
1.06
(051-237)
0.41
(0.26-0.65)
114
(0.58-1.97)
011
(0.06-0.2)
167
(1.05-331)
055
(0.39-0.81)

(0.79-1.45)
088
(0.47-1.48)
1.023
(0.68-1.38)
053
(0.31-0.70)
079
(0.44-1.3)

(0.009-0.024)
0.05

(0.004-0.017)
3.1x10°
(0-0.076)

0.034
(0-0.09)
0.25
(0.0003-0.81)
0.08
(0.000073-0.27)
0.04
(0.001-0.11)
0.05
(0-022)
0.0083
(0-0.034

(0.0007-0.19)

Table A. 9 : PET and DCE kinetic parameters. For each tumor, data are provided as mean (IQR).
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A.12.lllustrations of the '®F-FDG dynamic PET and DCE kinetics
3D maps of the 14 tumors.
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Figure A. 9: PET and DCE kinetic parametric maps of the 14 tumors. For display, all the maps were
smoothed with a 3mm Gaussian filter.



A.13.lllustrations of the ®F-FDG and MRI whole multimodal 3D
maps of the 11 tumors.
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Figure A. 10: Full multiparametric maps of the 11 tumors. For display, all the maps were smoothed with
a 3mm Gaussian filter.
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A.14 lllustration of the 3D cluster maps after dimensionality re-
duction.
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Figure A. 11 : The first column corresponds to the 3D-Ti images of the tumors; the second columns to
the clustering based on 11 features; and the last column to the same clustering based on the 4 select-
ed features.
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Figure 1.1 : Concept of electron-positron annihilation. The positron (in orange) interacts with an electron (green)
to be converted into two photons of 511 keV. These two photons are emitted at approximatively 180°. 32
Figure 1.2 : PET signal detection (A) and storing into sinograms (B). For each projection along angle ¢, all the
LORs are integrated on a projection space and re-organized into sinograms. (C) direct and oblique planes. __ 33
Figure 1.3 : Overview of PET image reconstruction by iterative method (adapted from (37)). 34
Figure 1.4: ToF and PSF. ToF provides an estimate of annihilation position along the LOR, resulting in higher
signal-to-noise ratio, better image quality and faster iterative reconstruction. PSF gives the spatial resolution of

the system, defined by the full width at half maximum (FWHM). 34
Figure 1.5 : principles of MR-AC. In phase and Out phase imaging data are acquired, and Fat and Water images
are reconstructed and used to segment MR images into tissue classes. 36

Figure 1.6 : Two different PET imaging frameworks. Static workflow (dominant in clinical practice) consists in
acquiring one frame during a few minutes after a delay after radiotracer injection (typically 60 minutes for 1F-
FDG). Dynamic workflow consists in acquiring the signal continuously over time. Acquisition starts immediately
after the radiotracer injection, and may vary from minutes to more than one hour. 38
Figure 1.7 : SUV and its main derivatives. SUVsw is the most widely use metric in PET imaging. SUVism is
increasingly used to limit the underestimation of 8F-FDG uptake in obese patients. SUVmax is sensitive to noise in
the images; SUVmean is sensitive to the volume of interest; SUVreak is a compromise between SUVmax and SUVmean.

Total Lesion Glycolysis (TLG) is a surrogate of metabolic tumor volume (MTV) and SUVmean. 39
Figure 1.8 : Different levels for PET quantification. More the level of analysis is improved, more the complexity of
implementation is increased. 40
Figure 1.9 : Dynamic acquisition and TACs. By drawing VOIs in a large artery and the tissue of interest, the

related time varying radioactivity concentrations may be measured. 41

Figure 1.10: PET Sokoloff compartmental model. In this scheme, CBlood(t) is the time-varying activity
concentration of *®F-FDG in the arterial blood. C free(t) and CBound(t) are the two intracellular compartments
representing ‘F-FDG in its non-phosphorylated and phosphorylated states respectively. K1, k2 and k3 are the
microparameters to estimate (the ks microparameter can be neglected in this case, as no phosphorylated
glucose goes out from the cell). 41
Figure 1.11: methods for AIF measurement. Arterial sampling with radioactivity counting remains the gold
standard. However, this invasive procedure is rarely performed and model-based or image-derived input
functions (IDIF) are preferred in practice. 43
Figure 1.12: PET results with different levels of smoothing. A visual inspection of the post-filtered data (both the
3D volumes and the TACs of the tumors) shows that the voxel-wise TACs appear better regularized with higher
levels of smoothing, especially above 7mm. Also, as expected, a loss of sharp details together with the increase
level of smoothing is observed, especially in the contours of the lesion (green circle). 46
Figure 1.13: Nonuniform gridding for dynamic image sampling. 49
Figure 1.14: Number of iterations required per voxel to estimate the kinetic parameters. The x-axis represents
the voxel identity number in the tumor. The y-axis represents the number of iterations required to reach the
convergence of the Levenberg-Marquardt algorithm (max = 400 iterations). 49
Figure 1.15: Per voxel RMSE of gridding fitting approaches. The x-axis represents the voxel identity number in
the tumor. The y-axis represents the related RMSE in kBq/mL. 51
Figure 1.16: Per frame RMSE of gridding fitting approaches. The x-axis represents the identity number of the

PET frames. The y-axis represents the related RMSE in kBg/mL. 52
Figure 1.17: Curve fitting results of the PET kinetic modelling. The measured PET signal (in black) is compared to
the estimated PET signal calculated with the estimated kinetic parameters (K1, k2, k3, vb). The results are
provided per frame (top) and per minute (bottom). 52
Figure 1.18 Dynamic PET maps (for better display, the 3D kinetic maps were smoothed at 3mm). The vascular
(AIF) and tumor TACs were extracted from the denoised 4D PET data, and the K1, k2, k3, and vb PET kinetic
parameters were estimated by fitting the Sokoloff full kinetic model to the measured TACs on a voxel-wise
fashion. The estimated parameters were then used to compute Ki and MRGIlu parameters, together with the
corresponding 3D parametric maps. 53
Figure 2.1: The torque principle. lis the angular momentum vector (the spin) and u the magnetic moment of the
nuclide. Submitted to a magnetic field BO, the majority of spins align in the direction B0 by experiencing a
torque T, and precess around B0 at larmor frequency w. 59
Figure 2.2: the phenomenon of Nuclear Magnetic Resonance (NMR). Under equilibrium, the spins are aligned
along Bo. A rotating RF pulse applied to the spins at Larmor frequency tilts them by energy transfer (excitation).
The spins return then to equilibrium (relaxation) and generate an electromagnetic signal named free induction
decay (FID). 60

Und sité Paris-Saclay
we Technoogiue Immestle s 257



Figure 2.3: MR principles. The spins in the MR magnet are aligned to B0 (green); the RF chain (red) transmits a
rotating RF pulse B1 + to the spins and receives the electromagnetic signal B1 — generated by the spin
relaxation. The received signal is spatially encoded by using transient magnetic gradient fields (orange).____ 61
Figure 2.4: Detection in quadrature. The MR signal has real (Re) and imaginary (Im) components. Signal data
may be reconstructed as a “real” image, an “imaginary” image, a phase image (®) or a Magnitude image
(Magnitude). In clinical practice, Magnitude images are used for diagnosis. Phase-images may be used for

velocimetry or susceptibility mapping purposes. 62
Figure 2.5: T1 and T2 magnetization components. Att = T1,Mzt = M01 — 1le = 0.63 M0; Att = T2, Mxyt =
MO x 1e = 0.37 MO. 64
Figure 2.6: Spatial encoding with transient magnetic gradients. Transient magnetic field gradient applied along
an axis of interest generates spatial variations in the precession frequency of nuclides. 66

Figure 2.7: Slice selection. A transient spatial magnetic field gradient is applied along an axis of interest,
together with an excitation RF pulse that matches the precession frequency of the desired location along the
considered axis. Slice thickness may be adjusted by tuning the gradient amplitude or/and the bandwidth of

B1 +. 67
Figure 2.8: Basics of an MR pulse sequence and k-space. A. MR pulse sequence diagram. B. k-space filling

properties. C. k-space spatial properties. 69
Figure 2.9: Main k-space filling patterns. 71

Figure 2.10: Principe of discrete FT. The variables x, y represents the imaging data, (kx, ky) the frequency data,
f(x, y) the magnitude image, F (kx, ky) the Fourier spectrum (real and imaginary parts), and ¢ (kx, ky) the

phase data. 71
Figure 2.11: General concept of spin echo pulse sequence. 72
Figure 2.12: General concept of GRE pulse sequence. 73

Figure 2.13: Diffusion-weighted pulse sequence. Diffusion gradient pulses (DGPs) are applied symmetrically to
the SE 180° refocusing pulse. Non-diffusing molecules being dephased by the first DGP are rephrased by the
second DGP. However, diffusing molecules are not perfectly rephased by the second DGP, inducing signal loss.
75
Figure 2.14: Apparent Diffusion Coefficient computation. For each voxel, signal intensity values for two or three
b values are log linearized and fitted to an ordinary least squares fitting algorithm. ADC value corresponds to
the opposite of the regression slope. 76
Figure 2.15: DW-SE-EPI and geometric distortions. The filling of k-space is almost instantaneous along the x-
direction, but not along the y-direction. The accumulation of errors (and related geometric distortions) occurs
along the phase-encoding direction. 77
Figure 2.16 Spatial shift in DWI due to EPI sensitivity to BO field inhomogeneities. The susceptibility gradient at
the interface air-soft tissues induces local fields BO inhomogeneities, corrupting the precession of the spins. For

the same tumor, DWI data (green) are spatially shifted compared to the T1-weighted ones (red). 78
Figure 2.17: Home-made phantom for susceptibility-induced geometric distortions. 81
Figure 2.18 : Phantom acquisitions (3D IR-FSPGR BRAVO). 82

Figure 2.19 HysCO concept. The direct and reverse phase SE images are used to estimate the Bo field
inhomogeneities by using nonlinear registration algorithm and fields deformation prior. Then the Bo field map

estimate may be applied to correct DWI data from distortion. 83
Figure 2.20 Distortions induced by susceptibility gradients in the phase encoding direction at the
water/acetonitrile interface (Bottom). 84

Figure 2.21: the ADC regional percent differences maps (mean of the 3 phantom experiments) against the
related ideal ground truth (pure water: 2.3x10-3 mm2/s; pure acetonitrile: 3.18x10-3 mm2/s). For water,
correcting the distortions did not modify the regional ADC values, whereas the extent of acetonitrile regional
errors was consistently reduced in the distorted area. 85
Figure 2.22: Left panel: The mask (red sphere) generated on the 3D-T1 reference image appears clearly outside
the tube on the uncorrected EPl image, whereas its position perfectly matches the corrected EPl image. The
corresponding ADC values are modified up to 30% when correcting the geometric distortions. Right panel: the
ground truth is represented by a solid red line. The ADC corrected for distortions (CADC) were still biased but

significantly closer to the ground truth both in terms of values (top) and distribution (bottom). 86
Figure 2.23: RMSE of acetonitrile ADC values uncorrected and corrected from distortion. The values of each
phantom session and the session average are computed specifically in the distorted area. 87

Figure 2.24: workflow dedicated to DWI distortion correction. DWI data were corrected for geometric
distortions and warped to their corresponding isotropic 3D-T1 volume (2mm?>). The quality of the co-registration
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between the corrected DWI data and their 3D-T1 was assessed by mutual information. ADC maps were then
computed from masked DW!I data for voxel-wise tumor regional analyses. 88
Figure 2.25: EPI-related distortion on 3T PET-MRI. A: example of forward- and reverse-polarity EPI acquisitions,
with increased distortion in the phase-encoding y-axis direction (i.e., the vertical axis). The exact lesion position
(centered by a red line) is provided on the corrected DWI. B: estimated inhomogeneity-field maps of all thoracic
acquisitions (lesions are tagged with red circles). The maps were z-scored for standardization and the
normalized grayscale coding for magnitude of inhomogeneities was set to + 7 standard deviations from the
mean. 90
Figure 2.26: Two illustrative examples of matching improvement between DWI and 3D-T1 PET-MRI data after
distortion correction (Top. Patient 2; Bottom. Patient 13). In the two cases, the data were not warped to clearly
illustrate the specific distortion-correction effect. 91
Figure 2.27: ADC maps computed from the uncorrected EPI data (first column, uncorrected ADC) and corrected
EPI data (middle column, Distortion-corrected ADC), and the voxel-wise relative percent difference maps (last
column). All the maps are provided in axial view, with 4-mm FWHM Gaussian smoothing. ADC are expressed in

10-3mm?.s™. 92
Figure: 2.28 Inversion recovery pulse sequence. Independent signal measurements are performed at different
inversion times (Tl) after the 180° inversion pulse. 95

Figure 2.29: Look-Locker pulse sequence. One inversion pulse is followed by several signal measurements.
Compared to the reference IR method (red), the T1 value obtained is underestimated due to continuous

perturbation of the magnetization, and represents an "apparent" T1 or T1 * (purple). 96
Figure 2.30: MOLLI pulse sequence. Two to three IR pulse are performed. For each IR, three to five signal
measurements are performed at the same period of the cardiac cycle. 97
Figure 2.31: SASHA pulse sequence. IR pulse is replaced by a 90° saturation pulse (SR). Independent signal
measurements are performed at the same period of the cardiac cycle after the 90° inversion pulse. 98

Figure 2.32: VFA concept. The signal intensity of an SPGR pulse sequence is acquired at different flip angles an.
The signal behavior at different flip angles is then linearized and fitted, the T: value being proportional to the

inverse of the regression slope 99
Figure 2.33: T2>-mapping concept. The T2 signal decay is sampled at different TE and fitted to an exponential
model. 103

Figure 2.34: single-shot SE pulse sequence and its accelerated versions (CPMG and MEFSE). SE method consists
in performing one acquisition per TE. CPMG method consist in generating a train of multiple echos by
performing N successive 180° refocusing pulses. The signal is measured at each TE following the initial 90° RF
pulse. In MEFSE, the CPMG concept is applied with ordered phase encoding to speed up the filling of k-space.

104
Figure 2.35 : MRI System Phantom (qMRI, High Precision Devices, Inc., Boulder, Colorado, USA). Each sphere of
the T1 and Tz arrays have calibrated T: and T2 values. 106

Figure 2.36: Results of the Ti-mapping experiments. For each sphere, (x-axis), the corresponding measured T1
values (y-axis, top, the vertical black lines corresponding to SD) and RMSE (y-axis, bottom) are provided. __ 109
Figure 2. 2.37 results of the T>-mapping experiments. For each sphere, (x-axis), the corresponding measured T2
values (y-axis, top, the vertical black lines corresponding to SD) and RMSE (y-axis, bottom) are provided. __ 111
Figure 2.38: T1/T2-mapping sub-study workflow. For each patient, whole volume T: map and MEFSE imaging
data were resampled to the 3D-T: weighted volume (previously resampled to 2mm?3). T: map of the tumor was
then generated by masking the resampled whole volume T1smarr: map; and T2merse map was computed off-line

from the resampled masked MEFSE data. 113
Figure 2.39: T1 and T2 maps of the 15 lung tumors. For display, all the maps were smoothed by using a 3 mm
Gaussian filter. 114

Figure 2.40: Measured Ti relaxation times (x-axis) and the corresponding density estimates (y-axis). For each
tumor, the mean T1 value and standard deviation is also provided in the legend. Mean T1swart: ranged from
1188 msto2 171 ms. 115
Figure 2.41: Measured T2 values (x-axis) and the corresponding density estimates (y-axis). For each tumor, the
mean T2 value and standard deviation is also provided in the legend. Mean T2merse were in the range 73-111 ms.
116
Figure 2.42: DCE principles and microcirculatory parameters. 120
Figure 2.43: Visual and semi-quantitative analyses in DCE. Visual analysis consists in qualitatively describing the
shape of the signal intensity curves. Semi-quantitative analysis consists in calculating empirical indexes by
integrating the different parts of the signal intensity curves 121
Figure 2.44: Tofts models (top: standard Tofts; bottom: extended Tofts). 122
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Figure 2.45: Pre-contrast T1-mapping using the SMART1 pulse sequence. 125
Figure 2.46: DCE motion correction. For each patient, all the DCE frames (120 frames of 3.4 second each) were
warped to a reference morphological space (i.e. the post contrast-enhanced 3D-T1 volume resampled to 2mm?
isotropic). 126
Figure 2.47 results of the motion correction procedure. AlF (red), voxel-wise (in blue) and mean (in green) tumor
signal time curves, without and with motion correction, are exposed. Signal irregularities and shapes along time
were only slightly impacted. 127
Figure 2.48: SNR computation procedure before and after denoising. 129
Figure 2.49: Results of the noise filtering. Voxel-wise and mean signal activity curves (motion corrected data),
without and with noise filtering, are exposed. In both cases, the signal irregularities were not substantially
improved. 130
Figure 2.50: Per voxel RMSE of gridding approaches for curve-fitting. The x-axis represents the voxel identity
numbers in the tumor, and the y-axis the corresponding RMSE in mmol/L. The median RMSE (IQR) were

0.11 mmol/L (0.08-0.15) both for the uniform and nonuniform gridding. 132
Figure 2.51: Per frame RMSE of gridding approaches for curve-fitting. The x-axis represents the frame identity
numbers, and the y-axis the corresponding RMSE in mmol/L. The median RMSE (IQR) for the 106 frames were
0.008 mmol/L (0.006-0.01) both for the uniform and nonuniform gridding. 133
Figure 2.52: Result of the curve fitting procedure for the DCE of the patient test. The measured [Gd] (in black) is
compared to the estimated [Gd] computed from the estimated kinetic parameters (Ktrans, ve, vp). Uniform

and nonuniform gridding provided the same results strictly. 133
Figure 2.53: 3D maps of DCE kinetic parameters Ktrans, kep, ve and vp for the tumor test (540 voxels of
2mm3). For better visual rendering, all the maps were smoothed with a 3 mm Gaussian filter. 134

Figure 3.1: Full dynamic *8F-FDG PET-MRI protocol applied to NSCLC. The patients underwent a one-hour
thoracic *¥F-FDG PET-MRI acquisition, including: a dynamic *¥F-FDG PET acquisition, and the following MR pulse
sequences performed simultaneously: a DIXON pulse sequence for MR-AC; a T>-PROPELLER pulse sequence for
anatomy; DWI pulse sequence with reverse phase-encoding acquisitions to compute ADC maps without
geometric distortions; SR pulse sequences for Tt mapping; MEFSE pulse sequences for T2 mapping; DCE
acquisitions performed before, during and after the intravenous injection of gadolinium; and a post-contrast Ti-
weighted 3D SPGR pulse sequence for contrast-enhanced anatomy. 142
Figure 3.2: Image processing workflow for multimodal voxel-wise analyses. Imaging data were acquired, and
standardized in the same isotropic reference space. Parametric maps were then computed from masked tumor
data. For Ti-mapping, whole volume parametric map were directly generated by the vendor workstation. These
maps were resampled to the reference space, and masked with the tumor masks to obtain the tumor
parametric maps without off-line computation. 145
Figure 3.3: Semi-automated segmentation procedure for multimodal mask generation. For each patient, a
region of interest was roughly defined on the standardized imaging data. For each modality, a thresholding
speed image was automatically generated and manually tuned to emphasize the lesion boundaries. A close
surface (the snake) was initialized around the tumor and automatically evolved to fit the lesion boundaries.
Finally, the generated masks of the different modalities were intersected into one multimodal tumor mask. 146
Figure 3.4: Pie chart of the patients’ data (total = 38 patients). 147
Figure 3.5: Flowchart of the PET-MRI clinical experiments. The blue boxes concern the DWI clinical experiments,
the red boxes the T1/T>-mapping experiments, the green boxes the PET/DCE experiments, and the yellow boxes
the full dynamic multiparametric experiments. 148
Figure 3.6: Boxplots of dynamic DCE and ‘F-FDG PET parameters with dimensions (median with IQR).

Ktrans and Kep values were 0.44 min? (0.14-0.92) and 0.79 min (0.44-1.3) respectively.

K1,k2,k3,and MRGlu values were 0.25 mL.min.mL*? (0.17-0.33), 0.68 min™ (0.48-1.02), 0.11 min™ (0.07-0.2),
0.20 umol.mL2.min* (0.13-0.29) respectively. 152
Figure 3.7: Boxplots of dynamic DCE and ‘F-FDG PET parameters without dimensions (arbitrary units, median
with IQR). ve, vp and vb values were 0.08 (0.05-0.10), 0.64 (0.24-1.0) and 0.04 (0.0007-0.19) respectively. 152
Figure 3.8: Spearman correlation matrix of the PET and DCE dynamic parameters. monotonic relationships

varied function of the kinetic parameters considered. 153
Figure: 3.9 PET/PET, DCE/DCE and PET/DCE regional interlinks at the tumor level. 154
Figure 3.10: DCE and *8F-FDG PET multiparametric maps of the left upper lobe tumor (patient 5). For illustration,
all parametric maps were smoothed with a 3mm Gaussian filter. 155
Figure 3.11: DCE and *®F-FDG PET multiparametric maps of the right posterior upper lobe tumor (patient 18).

For illustration, all parametric maps were smoothed with a 3mm Gaussian filter. 155
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Figure 3.12: Concept of Gaussian Mixture Model clustering. All the voxels are assigned to a Gaussian

Xi~(ui; o). 159
Figure 3.13: AIC and BIC scores as function of the number of clusters. The red arrows indicate, both for the

AC/BIC score (left part) and their gradient versions (right part). 160
Figure 3.14: Multimodal PET/MRI features interlinks at the whole dataset level for cluster 1. 161
Figure 3.15: Multimodal PET/MRI features interlinks at the whole dataset level for cluster 2. 162
Figure 3.16: Multimodal PET/MRI features interlinks at the whole dataset level for cluster 3. 162
Figure 3.17: Surgical specimens with conservation of the anatomical orientation. 165
Figure 3.18: Staining with hematoxylin-eosin 166
Figure 3.19: Face to face comparison between imaging and histology for the patient 5. For vessels density

pictures, zoom is X 25 on the top and X 100 on bottom. 167
Figure 3.20 Face to face comparison between imaging and histology for the patient 13. For vessels density

pictures, zoom is X 25. 168
Figure 3.21: Feature selection methods. 170

Figure 3.22: Tree Learning by gradient boosting. At each step, the values of output scores of the leaves are
optimized by gradient descent, starting from the values of the previous tree. At the end, for each observation,

the predictions reach the observed classifications. 174
Figure 3.23: Overview of the feature selection methodology. 175
Figure 3.24: Features importance according to the magnitude of the linear regression coefficients. 177

Figure 3.25: Accuracy of the XGBoost classifier function of the number of features selected. feature importance
thresholds are based on the Number of times a feature is selected for splitting, weighted by the squared
improvement to the model as a result of each split, and averaged over all trees (207). 178
Figure 3.26: Features importance plot. F-scores (x-axis) correspond to the number of times the features (y-axis)
are used to split the data across all trees. the most important features considered by the model are

ve, k3,k2 and vp parameters. 179
Figure 3.27: Features importance plot of the selected features. F-scores (x-axis) correspond to the number of

times the features (y-axis) are used to split the data across all trees. 180
Figure 3.28: AIC and BIC scores as function of the number of clusters for the 4 selected features. 180
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Titre : Intégration dynamique TEP-IRM pour une nouvelle approche multiparamétrique de I'hétérogénéité tumorale dans le cancer

bronchique non a petites cellules (CBNPC).

Mots clés : Tomographie par émission de positrons; imagerie par résonance magnétique; imagerie multimodale TEP-IRM; cancer

bronchique non a petites cellules (CBNPC).

Résumé : L'hétérogénéité tumorale est un facteur important de
progression et de L'imagerie
multiparamétrique TEP-IRM offre des opportunités uniques de
caractérisation biologique cellulaire, mais n’a jamais été évalué
a I'échelle régionale intra-tumorale dans le cancer du poumon
non a petites cellules (CBNPC), premiére cause de déces
oncologique. Une approche multiparamétrique dynamique
simultanée TEP-IRM au ®F-FDG a été développée en ce sens.
Cette approche a nécessité I'implémentation « maison » de la
méthode de référence de quantification TEP du métabolisme
glucidique (modéle tri-compartimental de Sokoloff); le
développement d'une méthode de correction inédite des
distorsions géométriques en imagerie de diffusion, validée sur
fantdme et testée cliniquement ; la validation sur fantéme de
méthodes d'IRM quantitative (relaxométrie T1/T2), également
testées cliniquement; et I'implémentation « maison » du modéle
compartimental de Tofts (version étendue) pour I'évaluation
de la vascularisation tumorale en IRM dynamique de perfusion.

résistance au traitement.

Les résultats de nos travaux expérimentaux effectués a
I'échelle intra-tumorale régionale illustrent I'hétérogénéité
des rapports entre métabolisme glucidique et vascularisation
dans le CBNPC, deux caractéristiques biologiques
fondamentales de progression tumorale, et montrent qu'un
partitionnement tumoral non supervisé par modéle de
mélange gaussien, intégrant I'ensemble des biomarqueurs
TEP-IRM de ce projet, individualise 3 types de supervoxels,
dont la signature biologique peut étre prédite avec une
exactitude de 97% par 4 biomarqueurs TEP-IRM dominants,
révélés par méthodes métaheuristiques d'apprentissage
machine.

Title: Integrating PET-MR data for a multiparametric approach of tumour heterogeneity in non-small-cell lung cancer (NSCLC)

Keywords: positron emission tomography; magnetic resonance imaging; PET-MRI multimodal imaging; non-small cell lung cancer

Abstract: Tumor heterogeneity is an important factor of
progression and resistance to treatment. Multiparametric PET-
MRI imaging offers unique opportunities to characterize
biological cellular processes, but has never been evaluated at
the regional level in Non-Small Cell Lung Cancer (NSCLC), the
leading cause of oncological death. A simultaneous dynamic
multiparametric F-FDG PET-MRI approach has been
developed to this end. This approach required the “in-house”
implementation of the reference absolute PET quantitative
method of glucose metabolism (Sokoloff's tri-compartmental
model); the development of a method for correcting geometric
in diffusion weighted imaging,
phantom and clinically tested; the phantom validation of
quantitative MRl methods (T1/T2 relaxometry), also clinically
tested; and the "in-house" implementation of the Tofts
compartmental model (extended version) for the evaluation of
tumor vascularization by dynamic perfusion MRI.

distortions validated on

The results of our work, performed at the regional intra-
tumor level, illustrate the heterogeneity of the regional
interlinks between glucose metabolism and vascularization in
NSCLC, two fundamental biological hallmarks of tumor
progression, and show that an unsupervised
partitioning by Gaussian mixture model, integrating all the
PET-MRI biomarkers of this project, individualizes 3 types of
supervoxels, whose biological signature can be predicted with
97% accuracy by 4 dominant PET-MRI biomarkers, revealed
by metaheuristic machine learning methods.

tumor

Université Paris-Saclay
Espace Technologigue / Immeuble Discovery
Route de I'Orme aux Merisiers RD 128 / 91190 Saint-Aubin, France



