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ABSTRACT

This thesis addresses some of the critical challenges in brain tumor diagnosis,
classification, and post-surgical evaluations. By leveraging advanced quantitative
imaging techniques, machine learning, and deep learning approaches, the studies aim
to bridge some of the existing gaps in tumor segmentation, grading, and treatment
planning, thereby improving diagnostic accuracy and optimizing therapeutic

interventions.

This thesis consists of 5 chapters. Chapter 1 includes background about brain tumors,
particularly Glioma. It also provides details on the role of MRI in its diagnosis,
treatment planning, and monitoring. Some details on machine learning and deep
learning are also included. A detailed literature review of the current research work
in brain tumors is provided, followed by identifying research gaps. Finally, it presents
the objectives of the current study, data information, and thesis outlines. Chapter 2
focuses on automated brain tumor segmentation. Accurate segmentation is vital for
clinicians to make informed decisions regarding treatment strategies and monitor
disease progression eftectively. In this chapter, three sub-studies were conducted to
develop frameworks using ML and DL models to segment gliomas and their
subcomponents, such as enhancing tumors, non-enhancing tumors, and necrotic
regions. The studies utilized multi-parametric MRI data from glioma patients.
Optimization of the segmentation frameworks, including U-Net, MultiRes U-Net,
and nnU-Net architectures, ensured robust and generalizable performance across
multicenter datasets. Chapter 3 is on the grading and classification of gliomas, a
critical aspect of brain tumor management that influences prognosis and therapeutic

strategies. Conventional MR imaging often falls short of capturing the physiological
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changes associated with tumor progression, necessitating advanced imaging
methods. This chapter introduces two sub-studies for pre-operative glioma grading
and subtype classification using quantitative DCE-MRI parameters and ML models.
The first study focuses on distinguishing low-grade gliomas from high-grade
gliomas based on quantitative perfusion parameters. The second study further
classifies glioblastomas into IDH wild type and IDH mutant subtypes, which have
distinct prognostic and therapeutic implications. A novel imaging biomarker, the
"Fragmented Tumor Vasculature (FTV) sign," observed on susceptibility-weighted
imaging, was proposed for differentiating IDHt glioblastomas from IDHm: grade 4

astrocytomas.

Chapter 4 focuses on two critical challenges in the post-surgical evaluation of
glioblastoma: distinguishing true progression from pseudoprogression and
accurately segmenting post-surgical cavities. The first study integrates quantitative
diffusion and perfusion MRI parameters with MGMT promoter methylation status
to develop ML models for TP and PsP discrimination. On conventional
neuroimaging, TP and PsP often present similar features, leading to diagnostic
uncertainty for radiologists and oncologists. Misclassification can result in
unnecessary repeat surgeries or the administration of expensive and potentially
harmful therapies. By providing a precise distinction between TP and PsP, the
proposed framework enables oncologists to adapt treatment plans promptly and
reduce the psychological burden of "scanxiety" experienced by patients and their
tamilies.

The second study in Chapter 4 introduces a U-Net-based DL framework for
segmenting post-surgical cavities in glioma patients. Accurate segmentation of

resection cavities is essential for assessing the extent of tumor removal, planning
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subsequent treatments like radiation therapy, and monitoring disease recurrence.

Finally, Chapter 5 presents the conclusion and future directions.

Collectively, the studies presented in this thesis leverage quantitative multi-
parametric MRI data and advanced ML/DL methodologies to address significant
challenges in brain tumor management. By automating tumor segmentation,
improving grading and classification accuracy, and enhancing post-surgical
evaluation, these methods aim to optimize diagnostic workflows and support

clinicians in making data-driven decisions.

Keywords: Tumor Segmentation, Dynamic Contrast-Enhanced MRI, Glioma
Grading, Machine Learning, Deep Learning
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model segmentation results (blue color) overlaid on FLAIR image. This Figure
is adapted from our publication [1087. .....ccccooiiiiiiiiiiiiiiiccicccce, 59

Figure 2.4: shows the systematic approach to develop the (a) Model-1 (for locating
tumor region), (b) Model-2 (for predicting label: WT), (c) Model-3 (for
predicting label: ET), (d) Model-4 (for predicting label: NCR). The developed
models were based on the U-Net architecture.............c.ccccocovviiiiiniiinne. 61

Figure 2.5: Showing example images from the BraTS 2021 training data set
(Dataset-3). (a) FLAIR images of three different slices from three different cases
(b) Ground truth mask overlaid on FLAIR images of three different slices from
three different cases (c) Predicted mask from Model-2 overlaid on FLAIR
images of three different slices from three different cases. ...........cccccccovvnrennne. 64

Figure 2.6: Workflow illustrating the steps involved in developing an automatic
tumor (FLAIR hyperintense region) segmentation model and its subsequent
evaluation using DSC on a separate, independent test dataset DSr.l!
((Abbreviations- DB: database; WT': whole tumor (FLAIR hyperintense region);
FLAIR: fluid-attenuated-inversion-recovery; MRU-Net: MultiRes U-Net;
GDL: generalized dice loss; U-Net-1: U-Net trained using DSt/ dataset;
MRU-Net-1: MRU trained using DST.! dataset; nnU-Net-1: nnU-Net trained
using DS dataset; U-Net-2: U-Net trained on BraTS'21 dataset; MRU-Net-
2: MRU trained using BraTS'21 dataset; nnU-Net-2: nnU-Net trained on
BraTS'21 dataset; U-Net-3: resulting model when U-Net-2 further trained
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using DStM! dataset; MRU-Net-3: resulting model when MRU-Net-2 further
trained using DSt dataset; nnU-Net-3: resulting model when nnU-Net-2
further trained using DSt dataset; DSC: dice similarity coefficient; DSl :
local hospital test dataset; T1-W: T,-weighted; To-W: Te-weighted; PD-W:
proton density weighted; TM: tumor mask; CBV: cerebral blood volume; CBF:
cerebral blood flow; BAT: bolus arrival time)
Figure 2.7: Grad-CAM activation maps show how the model layers isolate the
predicted region over the number of encoder and decoder stages for considered
grade 4 glioma cases. The last image shows the color overlay of the predicted
map on the FLATR Image. ..o 71
Figure 2.8: The figure illustrates a visual juxtaposition of the outcomes achieved by
the developed deep learning models in contrast to the ground truth (GT).
Subfigures (A-N) present the FLAIR images, FLAIR images with overlaid
tumor masks (B, G & L), FLAIR images with overlaid U-Net-3 predicted tumor
masks (C, H & M), FLAIR images with overlaid MRU-Net-3 predicted tumor
masks(D, I & N), and FLAIR images with overlaid nnU-Net-4(E, J & O)
predicted tumor masks, corresponding to grade 2, grade 3, and grade 4,
respectively (Abbreviations — TM: ground truth tumor mask; PM: predicted
tumor mask; U-Net-3: resulting model when U-Net-2 further trained using
DSt dataset; MRU-Net-3: resulting model when MRU-Net-2 further trained
using DSt dataset; nnU-Net-4: resulting model when nnU-Net-2 further
trained using DS1I'! dataset along with gamma transformed images). ........... 75
Figure 2.9: Shows example images from Dataset-3 showing three different slices
from three different cases (A) To-FLAIR images, (B) Ground truth mask
overlaid on T.-FLAIR images, (C) Predicted mask overlaid on T.-FLAIR
images. This Figure is adapted from our publication [1087........ccccccvvvvuerivnurnnes 84
Figure 2.10: Proposed workflow: classification model development........................... 88
Figure 2.11: FLAIR images of LGG (first row) and metastasis cases (second row);
Ground truth mask of non-enhancing tumor and edema region overlaid on the
FLAIR images of LGG and metastasis cases respectively (third column from
left); Classifier predicted mask of non-enhancing tumor and edema region
overlaid on the FLAIR images of LGG and metastasis cases, respectively (fourth
column from left); Classifier predicted mask (LR approach) after smoothening
of non-enhancing tumor and edema overlaid on the FLAIR images of LGG and
metastasis cases, respectively (fourth column from left). ..., 91
Figure 3.1: Shows representative slices of 3 glioma patients (grade 2, grade 3, and
grade 4) from the dataset-1 consisting of pre-surgery T:-W, Post-contrast T'-
W, To-W, and FLAIR images. The fourth column of the figure shows the
ground truth of the tumor mask (FLAIR hyperintense region) overlaid on
FLAIR images (Abbreviations- T:-W: Ti-weighted; To-W: T.-weighted;
FLAIR: fluid-attenuated-inversion-recovery; TM: tumor mask). .................... 101
Figure 3.2: Shows the workflow of developing an automatic glioma grading model
(LGG vs. HGG) using DCE perfusion parameters and its subsequent evaluation
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using accuracy and ROC-AUC on independent test dataset (Abbreviations- TM:
tumor mask; CBV: cerebral blood volume; CBF: cerebral blood flow; BAT: bolus
arrival time; GTKM: generalized-tracer-kinetic-model; K#s: volume transfer
coefficient; Ve: volume fraction of extravascular extracellular space; V;: volume
fraction of plasma volume; Kep: the rate constant of back flux; SMOTE: synthetic
minority over-sampling technique; RF: random-forest) ...........ccccccccccecniinann. 103
Figure 38.3: Subfigure (A) shows the random forest-based feature importance of
considered input features for classifier development (descending order), (B)
ROC Curves Mlustrating AUC Values of 0.90 for support-vector-machine
(SVM) with radial basis function (RBF) kernels in diftferentiating LGG vs. HGG
(Abbreviations- ROC: receiver operating characteristic curve; AUC: area under
the curve; LGG: low grade glioma; HGG: high grade glioma). ....................... 106
Figure 8.4: The figure showcases a representative slice from an enhancing IDH
glioma patient included in the analyzed dataset, highlighting pre-surgery
FLAIR, post-contrast T;-weighted (T,-W), and SWI images (A-C). Subfigure
(D) presents the ITSS vasculature mask alongside tumor subcomponents
overlaid on the post-contrast T,-W image, with subfigure (E) offering a
zoomed-in view of this overlay. Subfigure (I) identifies FTV (orange arrow) and
normal vessels (blue arrow) on the SWI image, while subfigure (G) provides a
magnified view of both Structures. ... 115
Figure 3.5: Fragmented intra-tumoral thrombosed microvasculature (FTV) in
Glioblastoma IDHw:. The figure illustrates a representative slice from an
enhancing IDHy: glioma patient in the analyzed dataset, featuring pre-surgery
FLAIR, post-contrast T:-W, and SWI images (A-C). Subfigure (D) shows a
SWI image with orange and blue arrows pointing to F'T'V and normal vessels,
respectively. Subfigure (E) provides a zoomed-in view of the F'T'V and normal
vessels. Tumor subcomponents are overlaid on the post-contrast T;-W images
(F), while the intratumoral susceptibility signal (I'TSS) vasculature mask
derived from SWI images is depicted in (G). Subfigure (H) displays the I'TSS
vasculature alongside the tumor subcomponents overlaid on the post-contrast
T,-W images, with subfigure (I) presenting a zoomed-in view of this overlay.
Subfigures (J-L) represent the corresponding rCBV, Ve, Ktans images. The
orange and blue arrow on the rCBV map shows the low and high values for the
FTV and normal vessels, respectively(M). Subfigure (O) represents the
concentration time plot for the healthy (blue curve) vessels and FTV (orange
curve). Subfigures (P-U) shows the histopathology images. H&E section (200x)
showing a highly cellular tumor with palisading necrosis (arrow) (P). Subfigure
(Q) shows the H&E section (400x) in high magnification, showing a highly
cellular glial tumor. The tumor cells show moderate to marked pleomorphism.
Subfigure (R) features H&E section (100x) showing numerous thrombosed
vessels (arrow). Subfigure (S) presents the H&E section (200x) in high
magnification showing a thrombosed vessel. Subfigure (T) demonstrates strong
positivity for OLIG2 immunohistochemistry. CD34 highlights endothelial cells
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in dilated and thrombosed vessels (U) (Abbreviations: FLAIR: fluid-attenuated
inversion recovery; T,-W: T-weighted; SWI: susceptibility-weighted imaging;
rCBV: relative cerebral blood volume, Ktrans: volume transfer coefficient; Ve:
fraction of extravascular and extracellular space volume)..........ccc.cccooeuerninnne. 118
Figure 3.6: Absence of fragmented intra-tumoral thrombosed microvasculature in
Astrocytoma grade 4 IDHme. The figure illustrates a representative slice from a
non-enhancing IDHn: glioma patient in the analyzed dataset, featuring pre-
surgery FLAIR, post-contrast T1-W, and SWI images (A-C). Subfigures (D-F)
display the corresponding rCBV, Ve, and K¥as images. Note the absence of
fragmented intra-tumoral thrombosed microvasculature within the tumor on
SWI. (Abbreviations: FLAIR: fluid-attenuated inversion recovery; T,-W: T-
weighted; SWI: susceptibility-weighted imaging. ...........ccccococviiiiiiiininnnis 120
Figure 8.7: Absence of fragmented intra-tumoral thrombosed microvasculature
(FTV) in IDHy: glioma. The figure illustrates a representative slice from an
IDHy: glioma patient in the analyzed dataset, featuring pre-surgery FLAIR,
post-contrast T,-W, and SWI images (A-C). Tumor subcomponents are
overlaid on the post-contrast T,-W image (D). The intratumoral susceptibility
signal (I'TSS) vasculature mask derived from SWI images is depicted in
subfigure (E). Subfigure (E) shows the blank mask, as no I'T'SS was observed on
SWI images. Subfigure (F) displays the absent I'T'SS vasculature mask alongside
the tumor subcomponents overlaid on the post-contrast T;-W images.
Subfigure G presents a zoomed-in view of the I'T'SS vasculature with the tumor
subcomponents overlaid on the post-contrast T,-W images. Subfigures (H-J)
represent the corresponding rCBV, Ve, and Kt images (Abbreviations:
FLAIR: fluid-attenuated inversion recovery; T,-W: T,-weighted; SWI:
susceptibility-weighted imaging; rCBV: relative cerebral blood volume; Ktrans;
volume transfer coefficient; Ve: fraction of extravascular and extracellular space
VOIUINIE)....ooii e 121
Figure 3.8: Absence of fragmented intra-tumoral thrombosed microvasculature in
IDH glioma with necrotic components. The figure illustrates a representative
slice from an IDHp glioma patient with necrosis in the analyzed dataset,
teaturing pre-surgery FLAIR, post-contrast T:-W, and SWI images (A-C).
Tumor subcomponents are overlaid on the post-contrast T,-W images (D),
while the intratumoral susceptibility signal (ITSS) vasculature mask derived
tfrom SWI images is depicted (E). Subfigure (E) shows the blank figure, as no
I'TSS was observed on SWI images. Subfigure (I) displays the I'T'SS vasculature
alongside the tumor subcomponents overlaid on the post-contrast T,-W
images. Subfigure (G) presents a zoomed-in view of the I'TSS vasculature with
the tumor subcomponents overlaid on the post-contrast T;-W images.
Subfigures (H-J) represent the corresponding rCBV, Ve, and K™ images
(Abbreviations: FLAIR: fluid-attenuated inversion recovery; T,-W: T)-
weighted; SWI: susceptibility-weighted imaging; rCBV: relative cerebral blood
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volume, Ktrans: yvolume transfer coefficient; Ve: fraction of extravascular and
extracellular space voOlume). ... 122
Figure 3.9: Subfigures (A), (B), and (C) show the confusion matrices for Rater-1,
Rater-2, and Rater-3, respectively, assessing the classification based on
fragmented intra-tumoral thrombosed microvasculature (FTV) sign observed
in SWI images, with histopathology findings as the ground truth. Subfigure (D)
presents the confusion matrix corresponding to the perfusion parameter, Ktrans,
used in classfICatioN........cccciiiiiiiriiiiii s 123
Figure 4.1: Workflow depicting the steps in developing a prediction model in
distinguishing TP from PsP and subsequent evaluation of diagnostic
performance by calculating accuracy, sensitivity, specificity, and AUC on a
separate, independent test dataset (Abbreviations - DTI: diffusion tensor
imaging; DSC-PWI: dynamic susceptibility contrast-perfusion weighted
imaging; MD: mean diffusivity; FA: fractional anisotropy; CL: coefficient of
linear anisotropy; CP: planar anisotropy; CS: spherical anisotropy; ROC:
receiver operating characteristic curve; AUC: area under the ROC curve)....185
Figure 4.2: Subfigures(A-I) A 56-year-old male patient with GBM, status post gross
total resection and chemoradiation. Post-contrast T-weighted image (A) shows
a heterogeneously enhancing lesion located in the right parietal region and
extending into the lateral ventricles, which had increased from prior scans. To-
FLAIR image (B) demonstrates a large area of associated hyperintense signal
abnormality. DTI-derived maps CL (C) and FA (D) show median values of
anisotropy indices (CL = 0.04 and FA = 0.12) from the contrast-enhancing
regions of the neoplasm. DSC-PWI-derived CBV map (E) shows a markedly
elevated rCBViax value of 7.08 from enhancing regions (white arrows). A
photomicrograph (F) of hematoxylin-eosin (H & E) stain from this case
demonstrates areas of high tumor cellularity, pseudopalisading necrosis,
endothelial proliferation, and increased mitotic activity consistent with the
findings of TP (The magnification is 100x (10x eyepiece, 10x objective lens)).

Figure 4.3: The bar plots (A) representing the feature importance (in descending
order) based on a random-forest algorithm. The ROC curve (B) exhibits an AUC
of 0.84 for the best prediction model (SVM with RBF kernel) in distinguishing
TP from PsP. (Abbreviations- FA: fractional anisotropy; rCBV: relative cerebral
blood volume; MD: mean diffusivity; CL: coefficient of linear anisotropy; CP:
planar anisotropy; CS: spherical anisotropy; ROC: receiver operating
characteristic curve; AUC: area under the ROC curve; SVM: support vector
MACKINE ... s 147

Figure 4.4: The Boxplot labelled A to H depicts the classification training and cross-
validation accuracies of logistic regression (LR), support vector machine with a
radial basis kernel (quadratic SVM), random forest (RF), medium neural
network (MNN) across the six folds, with Series 1 to Series 9 representing
teature vectors. IFeature vector: Seriesl={ FA}, Series2= { A, rCBV},
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Series3={ FA, rCBV, MD}, Series4= { FA, rCBV, MD, CP}, Seriess= { IA,
rCBV, MD, CP, CL}, Series6= { IFA, rCBV, MD, CP, CL, rCBV max}, Series7=
{ FA, rCBV, MD, CP, CL, rCBVax, MDmin}, Seriess= { FA, rCBV, MD, CP,
CL, rCBVmax, MDmin, MGMT}, Series9= { FA, rCBV, MD, CP, CL, rCBV nax,
MDumin, MGMT, CS}. (Abbreviations- I'A: fractional anisotropy; rCBV: relative
cerebral blood volume; MD: mean diffusivity; CL: coefficient of linear
anisotropy; CP: planar anisotropy; MGMT: OS-methylguanine-DNA-
methyltransferase; CS: spherical anisotropy). ..., 149
Figure 4.5: Kaplan-Meier (KM) curves illustrate that patients with PsP have
significantly longer overall survival compared to those with TP (log-rank
p=0.043) in subfigure (A). Additionally, GBM patients with MGMT promoter
methylation status exhibit longer overall survival than those without (log-rank
p=0.015) in subfigure (B). KM curves also show that GBM patients with lower
rCBV have significantly longer survival times compared to those with higher
median rCBV (20.5 + 2.47 vs. 18.1 £ 1.09 months, log-rank p=0.011) in
subfigure (C). Furthermore, there is a trend towards longer survival for GBM
patients with lower rCBViax (17.9 £ 2.4 vs. 18.9 = 1.24 months, log-rank
p=0.081) in subfigure (D) (Abbreviations —PsP: pseudoprogression; TP: true
progression; GBM: glioblastoma; MGMT:  OSf-methylguanine-DNA-
methyltransferase; rCBV: relative cerebral blood volume)............cccccccevrineee. 152
Figure 4.6: Provides a visual comparison between the results obtained by the
developed deep learning models and the ground truth (GT). Subfigures (A-J)
present the post-operative FLAIR image, post-operative FLAIR image with
overlaid GT (B, G), FLAIR image with U-Net, predicted tumor mask overlay
(C, H), post-operative FLAIR image with U-Net, predicted tumor mask
overlay(D, I) and post-operative FLAIR image with U-Nets predicted tumor
mask overlay(E, J), all pertaining to glioma patients (Abbreviations:- FLAIR:
fluid-attenuated-inversion-recovery; PM: predicted masks). .........cccccccocvvuruace 155
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