Diagnostic and Therapeutic Issues in Glioma Imaging
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Glial tumors represent the leading etiology of primary brain tumors. Their particularities lie in (i) their location in a highly
functional organ that is difficult to access surgically, including for biopsy, and (ii) their rapid, anisotropic mode of extension,
notably via the fiber bundles of the white matter, which further limits the possibilities of resection. The use of mathematical
tools enables the development of humerical models representative of the oncotype, genotype, evolution, and therapeutic
response of lesions.
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| 1. Introduction

Glial tumors, as the first etiology of primary brain tumors, are challenging both to diagnose and to treat. Yet their physical
biopsy is limitative, at best partial, and sometimes impossible, due to the location of the tumor and the vulnerability of the
brain. In addition, imaging, namely MRI, is the only way to assess their extensions. A standard MRI scan provides a
limited morphologic aspect of a tumoral process within the brain, revealing basic information including topography, size,
mass effect, extension and post-contrast increased signal, and non-quantitative parameters 1. The rise of fluctuations of
the blood oxygenation level dependent (BOLD) signal across different regions in the brain & has introduced a new
functional dimension to brain imaging. Indeed, functional magnetic resonance imaging (fMRI) has become a widely-used
tool for the investigation of cognitive processes in the human brain. It provides a new platform to explore the overall
structure of local and global functional connectivity by measuring the level of resting state simultaneous activation
between brain regions to detect the brain’s connectome Bl This “virtual brain” also requires powerful mathematical tools
such as the graph theory. Using this tool, the brain is viewed as a collection of nodes that are connected via edges &l. The
development of the connectome, or ‘wiring diagram’ of the brain, offers the potential to answer questions related to
connectivity BIIBIE Then, after removing part of the network during a surgical intervention, connection re-wiring (based
on brain plasticity) can be studied and predicted in silico.

| 2. Choosing the Parameters

From year to year, new MR sequences are proposed by research teams using different methodological procedures, thus
gathering information related to pathophysiological issues 9. The choice of each parameter must be (i) consistent with
the question to be addressed, (i) accessible with reliable, reproducible quantitative measurements, (iii) within a
reasonable acquisition time for the patient, (iv) integrable into a model, and (v) not redundant with other information. In
addition, key genetic and molecular pathway information needs to be captured with enough spatial resolution, as provided
by high- and ultra-high field MR scanners, in the shortest acquisition time possible [LH12],

Once acquired, the set of parameters should be post-processed and integrated into the pipeline to be delivered as quickly
as possible to the medical staff. As a consequence, the team in charge of processing this type of information should not
be made up of radiologists only, but should include all the following skills: NMR methodology, metrology, signal analysis
and treatment, computer science, mathematics and theoretical biology (TB) for integration into the models (Figure 1).
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Figure 1. (A) schematic comparison between physical (needle) biopsy: focal and partial and virtual, global biopsy (grid
superimposed in successive slices). (B) Different fields of knowledge required in a team for achieving numerical twinning
for an organ in the course of its pathological process.

If metabolic information is to be mutually consistent, the parameters for morphological analysis must be kept to a
minimum. Another challenge lies in the methods of extraction, quantification, and reproducibility of the parameters chosen.
Quantitative imaging can provide reliable T1 and T2 values to achieve this goal 23],

By providing anatomical and structural information about neoplasms and surrounding parenchyma, clinically-available
MRI sequences enable diagnosis and grading of gliomas. Sequences such as diffusion-weighted imaging (DWI), diffusion
tensor imaging (DTI), perfusion-weighted imaging (PWI), and proton MR spectroscopy (*H-MRS) are currently the
benchmarks for the detection and assessment of a brain tumor’s oncotype. These practices combine different classifiers
and machine learning 141151 However, the assessment of brain tumor patients, including complete extension assessment,
monitoring early responses to therapy, and predicting the outcome, remains challenging 28!,

The emergence and conceptualization of the central role of lactate, not only as an escape metabolite from the Krebs
cycle, but also as an energy substrate for tumor cell growth via the intratumoral lactate shuttle 17, has made it possible to
use its detection and quantification (easily achieved with proton spectroscopy) to model and predict the behavior of a
glioma. Thus, the detection of lactate resonance during WHO Il glioma monitoring predicts (i) an increase in Ki-67 above
4% (18] and (ii) the appearance of a perfusion increment above 1.75 (rCBVmax) 4, this increment in turn being predictive
of OS shortening.

3. Automatic Analysis of Tumoral Heterogeneity: The Challenge of
Segmentation

All the previously mentioned genetic-metabolic information can be identified by (semi) automatic spectra analysis and
should then be integrated into an Al process.

An MR-spectroscopy-based algorithm for in-depth characterization of brain lesions and prediction of a lesion’s molecular
traits has been developed. Dimensional reductions of metabolic profiles demonstrated distinct patterns throughout
pathologies. With a combination of a deep autoencoder and multi-layer linear discriminant models for voxel-wise
prediction of the molecular profile based on MRS imaging, Diamandis et al. found specific metabolite patterns in different
spatial regions [29. Yet, choline and lactate resonance allow flagging of a contrast enhanced tumor, thus allowing
metabolic prediction classification of molecular subgroups of tumors. The fingerprinting schedule consists in (i) acquisition
of a sub-sampled image set and library generation via sequence parameters; (ii) comparison of the library and the signal
for each voxel assignment to a tissue class (iii) creation of the resulting maps for enhanced image analysis (2,

Other spatial segmentation methods for brain tumors have been developed using innovative mathematical tools. There is
a morphological approach based on T2Flair volume acquisitions, using (i) a proliferation-diffusion equation &(c)/é(t) = p-c
+ V(D V-c) 24 (ii) a diffusion tensor sequence, (iii) segmentation with extraction of the equivalent diameter of the
spheroid (2V)1/3 to obtain the equivalent diameter, which is predictive of progression-free survival [23124125], However,
this method, while simple to implement, requires at least one year to provide significant information, and should be used in
complementarity with the previously-discussed metabolic method.

A more complex method, using a Cahn—Hilliard type equation (4th order PDE in space), integrates parametric information
from MRI while, takeing into account spatial diffusion, phase separation, and aggregation phenomena (low or high cell
concentrations in different parts of the tumor), thus restoring tissue heterogeneity and its temporal growth component
(anisotropy) (281,
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This method can be implemented in an in silico model supplied with in vivo metabolic data collected during the patient’s
MR examination.

4. Oncometabolic Representation: Dynamic Representation of Tumor
Behavior

After appropriate segmentation of the tumoral process, a dynamic estimation of key metabolites has to be performed for
therapeutic monitoring and outcome prediction. An approach to estimate glioma lactate kinetics has been proposed by
Perrillat et al. 0. The two variables of the system display distinct time evolutions. Thus, the system can be studied using
asymptotic and geometric analysis of slow-fast systems (Figure 2).
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Figure 2. Fast-slow system. Rapid variations of [Lac] (vertical lines) around a medium value (green cross) on asymptotic
trajectory, in accordance with in vivo spectroscopic quantifications.

The model has an associated viability domain, and generic orbits are almost parallel to the Y (LACc) axis. The generic
orbits then remain in the neighborhood of the slow curve while tending toward the stationary point. As a consequence,
generic orbits do not leave the viability domain. Beyond the mathematical presentation, this point means that metabolic
concentrations can be analyzed in vivo using MR examination despite MR’s weak temporal resolution.

This approach can be extended to the various metabolites involved in tumor dynamics (e.g., glutamate) that are
measurable with MRI 281281, Thys, by extension, the tumor is represented by a set of metabolites defining a global viability
domain. When confronted with imaging data from NMR spectroscopy and perfusion, the model provides results confirming
in silico simulations [&. Then, the glioma’s process and evolution can be represented by its metabolic concentration
trajectories in addition to standard imaging (Figure 3).
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Figure 3. Two examples of the evolution of local lactate concentration (red dots: patient data; black curve: model
simulation) in a WHO IV glioma &, In vivo measurements fit in silico predictions.



| 5. Other Genetic-Metabolic Issues

Analysis of the distribution of gray levels within an MRI image enables us to obtain the texture features of intra-lesional
heterogeneity BB \which is called a Texture Analysis (TA). Based on the general assumption that a tumor’s
heterogeneity should constitute a biomarker of its aggressivity, as it is correlated to the WHO grade 32, quantification of
its histogram (with and without filtration) is based on the parameter standard deviation (SD), which represents the width of
the histogram or degree of variation from the mean pixel value (equation shown below):
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This type of analysis can be used on different MR sequences or CT slices. However, the texture caused by necrosis,
which may be important to detect during LGG transformation, may be extracted via ADC textural analysis. TA of T1 post-
contrast may provide accurate quantitation of intra-lesional heterogeneity.

The fractal dimension (FD) is a non-integer number that characterizes the morphometric variability of a complex and
irregular shape B2 Two quantitative parameters can be automatically computed and correlated with each
histopathological type of tumor: the volume fraction of SWI signals within tumors (signal ratio) and the morphological self-
similar features (fractal dimension [FD]).

| 6. Building Connectomes
6.1. Metabolic Connectome

Considering the above statements assessing the interdependency of multiple metabolites involved in the tumor growth
process, several authors have built simulations of the impact of one variation (glucose consumption to produce lactate) on
global metabolism using multiple sampling bootstrap scheme assembled metabolic brain networks with optimal
parameters setup [B4351(36],

It is therefore possible today to produce an in silico representation of a global biological model of a glioma, based on
parameters derived from MRI. The consequences of the dynamic modifications of one metabolite upon the others can be
simulated.

6.2. Functional Connectome

Neurooncosurgery faces two major constraints that could be in opposition. It should be both as complete as possible and
respectful of functional anatomy. So-called functional brain mapping has hugely increased using both pre-operative
electrophysiology and MR-based BOLD acquisitions. By integrating a network-based model and localization with
neuroanatomy, the brain’s connectivity is considered in a global way, i.e., holistically. Based on the graph theory, the brain
is considered as a collection of nodes that are connected via edges EI7. The connectome analysis has revealed the
brain organization—where nodes are circumscribed brain regions and edges the degree of synchronization of
endogenous signals expected recovery B2, Glioma-induced alterations of the connectome 28l including Resting State
Network reorganization 28 and non-linear registration of structural data 22, may be quantified.

| 7. Therapeutic Simulation: Chemotherapy Modulation

Mathematical modeling can be adapted to describe the effects of resection 241 chemotherapy 42431441 radiotherapy
(4511461 or jmmunotherapy. Therefore it can help to plan anticancer therapy 44,

Lactate has been established as a fuel for glioma growth. Therefore, monitoring its concentration values obtained by 1H
Magnetic Resonance Spectroscopy and integrating those values into a realistic mathematical model within slow-fast
systems may be useful.

| 8. Outcome Prediction

Radiomics allows the conversion of imaging data into a high dimensional feature space using an automated data mining
algorithm 481491501 thys overcoming single parameter analysis in patients with glioblastomas. It assesses the spatial
heterogeneity of brain tumors, using clinically feasible and commonly performed T1-weighted, T2-weighted, and fluid-



attenuated inversion recovery (FLAIR) MRI. They can improve the estimation of prognoses Bl and the determination of
treatment response to anti-angiogenic therapy. Both perfusion WI and H-MRS have emerged as potential prognostic
factors for the outcomes of glioma patients under chemotherapy. For high grade gliomas under bevacizumab, both dsc
and dce markers are relevant 281491511521 For GG under TMZ 3], the mean relative decrease of metabolic ratios, mean
(D(Cho/Cr),/(CholCr)o), at n = 3 months is predictive of tumor response over the 14 months of follow-up (Figure 4). The
mean relative change between metabolic ratios, mean ((Cho/NAA),(Cho/Cr),)/(Cho/NAA),, at n = 4 months is predictive
of tumor relapse with a significant cutoff of 0.046, a sensitivity of 60% and a specificity of 100% (p = 0.004), Figure 4.

Figure 4. Comparison between dynamics fluctuations of metabolites ratios and volumetric measurements on LGG under
TMZ treatment: stronger variations within a short time delay allowing better monitoring. (A) axial image FLAIR of low-
grade glioma at 8 months (inflexion point %) with associated spectrum showing a ratio Cho/NAA at 0.48, (B) axial image
FLAIR of low-grade glioma at 9 month (circle represent the relapse) and the spectrum with a ratio Cho/NAA at 0.61.
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