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Abstract

Brain abnormalities, including tumors, cancers, and neurodegenerative diseases, are
rising globally due to factors like pollution, unhealthy lifestyles, and stress. Neurode-
generative diseases such as Alzheimer’s and Epilepsy are particularly challenging as
they remain incurable, and their diagnosis is often time-consuming. The complex-
ity of the brain makes identifying the causes of these disorders di cult, hindering
e ective treatment strategies. Consequently, neurologists and neuroscientists are
increasingly relying on computer scientists to enhance diagnostic procedures and fa-
cilitate faster, more e ective treatment. This thesis focuses on leveraging computer
vision techniques to tackle real-world problems related to the diagnosis, treatment,
and primary care of brain disorders, speci cally Alzheimer’s disease and brain tu-
mors. We rst discuss about the works related to brain tumors. We rst developed
a 3D brain tumor segmentation model. Accurate segmentation is vital for diagnosis
and surgery. The deep graph cut (DGC) model that we proposed combines a 3D
UNet with graph cut algorithms, re ning the energy function using UNet probability
maps. This method outperformed existing approaches and the model’s robustness
and accuracy make it valuable for clinical applications. Brain tumor surgery can
bene t from segmentation, but treatment planning requires tumor classi cation.
For this task, we did another work and developed a coarse-to- ne approach using
radiology and histopathology data. A 3D CNN model rst detects glioblastoma
from MRI images. Then, 2D CNN features are extracted from Whole Slide Images
(WSI) at two magni cation levels. A Graph Convolutional Network (GCN) clas-
si es non-glioblastoma cases. This method achieved a balanced accuracy of 91.4%
on the CPM-RadPath2020 dataset, demonstrating enhanced classi cation accuracy
and resilience. Further investigation focused on predicting genetic markers for brain
tumors, essential for treatment planning. We developed an algorithm to predict ve
glioma-causing biomarkers (IDH, ATRX, MGMT, 1p/19q codeletion, and TERT)
using WSI and genetic data. A composite loss function captures individual, pairwise,

and group behaviors of the biomarkers. This approach achieved state-of-the-art pre-



diction performance on a new benchmark dataset, providing a comprehensive prog-
nosis and treatment strategy for glioma patients. We then studied neurodegenerative
diseases and solved certain di cult problems to improve therapy and reduce neuro-
radiologist’s and neurosurgeon’s workload. Our rst approach classi es Alzheimer’s
into four stages using Di usion Tensor Imaging (DTI) data. The leading cause of de-
mentia is Alzheimer’s disease (AD), causing memory loss and cognitive decline. This
work uses 3D DTI scans of a patient to classify the stage of AD it belongs to. The
stages are Early Mild Cognitive Impairment (EMCI), Late Mild Cognitive Impair-
ment (LMCI), AD and Normal Control (CN), i.e., healthy patient. This is the rst
work that attempts classi cation into four classes simultaneously. Separate Convo-
lutional Neural Networks are trained on DTI-derived values, and a Random Forest
Classi er (RFC) is trained on average values for each brain region. The combined
method achieved a 92.6% classi cation accuracy on the ADNI database, demonstrat-
ing the e cacy of this approach. Next, we focused on hippocampus segmentation,
crucial for diagnosing neurodegenerative diseases. The proposed method uses a 3D
Attention UNet combined with a Histogram of Oriented Gradients (HOG) based
loss function, capturing shape and structural details. Validated on public datasets,
the method outperformed several state-of-the-art techniques, demonstrating its ef-
fectiveness for accurate 3D hippocampus segmentation. We further re ned this work
to segment subregions within the hippocampus. We present a novel deep graph cut
approach for hippocampus sub eld segmentation, crucial for diagnosing neurodegen-
erative diseases. The method incorporates deep learned shape information into the
energy function of a graph cut and uses a modi ed - swap technique to improve
segmentation accuracy and execution time. The proposed method outperformed
several state-of-the-art techniques, achieving superior segmentation results. Overall,
this thesis demonstrates the potential of computer vision techniques to signi cantly
improve the diagnosis and treatment of brain disorders, o ering valuable tools for

clinicians and researchers.
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Chapter 1

Introduction

This chapter provides an outline of the importance of neurological disorder detection
in the medical imaging community. In section 1.1, we discuss the motivation behind
this research work. Section 1.2 presents an overview of neurodegenrative diseases
and brain tumors. In section 1.3 we discuss the imaging modalities that we used
in our work. Section 1.4 gives an introductory overview about the basic theory and
concepts used in this work. We then present a brief overview and background about
the works we have done in section 1.5. We examine the research gaps in section 1.6.
This is followed by the organization of this thesis in section 1.7. We nally end this

chapter, highlighting our contributions in section 1.8

1.1 Prologue

Advances in neuroimaging and machine learning are transforming the landscape of
medical diagnostics, particularly in the realm of neurological disorders and brain
cancers. This thesis embarks on an ambitious journey to harness the power of
state-of-the-art deep learning techniques and innovative algorithmic approaches to
enhance the diagnosis and treatment of complex neurological disorders. From the
nuanced classi cation of Alzheimer's Disease stages using sophisticated Di usion
Tensor Imaging scans to pioneering loss functions for precise hippocampus segmen-
tation, this work delves into the intricate interplay between advanced imaging tech-

nologies and cutting-edge computational methods.
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Furthermore, the thesis introduces novel methodologies for 3D brain tumor seg-
mentation by fusing graph cut and deep learning techniques, and explores multi-
modal classi cation models that signi cantly elevate the accuracy of glioma diag-
nosis. By integrating genetic data with histopathological analysis, it also paves the
way for predictive models that o er deeper insights into glioma biomarkers, aiming
to tailor treatment strategies more e ectively.

Through comprehensive experimentation and validation on public datasets, the
research presented here not only pushes the boundaries of current diagnostic capa-
bilities but also sets the stage for future innovations in computer-aided diagnosis in
neurological disorders. This thesis is a testament to the potential of interdisciplinary
approaches in tackling some of the most challenging problems in medical science,

promising to inspire further advancements and applications in the eld.

1.2 Neurological Disorders

Neurological disorders encompass a wide range of conditions that a ect the brain,
spinal cord, and nerves. These disorders can have signi cant impacts on cognitive,
motor, and sensory functions. This chapter focuses on brain tumors and brain can-
cers, followed by a discussion on neurodegenerative diseases like Alzheimer's Disease
and brain structures a ected by it. Understanding the pathology, symptoms, and
current treatment options for these conditions are crucial for advancing medical re-
search and improving patient care. We rst discuss brain tumors and brain cancers
and how computer-aided intervention and improve the diagnosis and treatment pro-
cess. Brain tumors and brain cancers are critical conditions that arise from abnormal
growths within the brain. They can be benign or malignant, with varying degrees
of severity and treatment challenges. Understanding their pathology, symptoms,
and management is vital for improving patient outcomes and advancing therapeutic

strategies. The following sections discuss brain tumors and brain cancers in detail.
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1.2.1 Brain Tumors

Brain tumors are abnormal growths of cells within the brain or central spinal canal,
as shown in Fig. 1.1. They can be benign (non-cancerous) or malignant (cancerous).
Approximately 700,000 people in the United States are living with primary brain
tumors, with about 85,000 new cases diagnosed each year [11]. Brain tumors can
originate from brain cells, nerve cells, meninges, or metastasize from other parts
of the body. The exact cause of brain tumors is often unknown, but genetic and
environmental factors may play a role. Symptoms depend on the tumor's size, type,
and location. Common signs include headaches, seizures, cognitive or personality
changes, and motor or sensory de cits. Diagnosis is made using neuroimaging tech-
niques such as MRI and CT scans, along with biopsy procedures to determine the
tumor's histology. Treatment can be complicated by the tumor's location and its
potential impact on critical brain functions. Recurrence is common, and complete
resection may not always be possible. Computer vision can assist in the precise
delineation of tumor boundaries in neuroimaging, aiding in surgical planning and
radiation therapy. Machine learning algorithms can analyze imaging data to dif-
ferentiate between tumor types and predict growth patterns, improving treatment

planning and monitoring.

Figure 1.1: MRI image of an axial slice of brain showing the tumor mass as a bright
irregular structure
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(a) Cellular image of  (b) Cellular image of (c) Cellular image of
astrocytoma oligodendroglioma glioblastoma multiforme

Figure 1.2: Dierent types of glioma tumors as seen from a histopathological image

1.2.2 Brain Cancers

Brain cancers are malignant tumors that originate in the brain (primary brain can-
cers) or spread to the brain from other body parts (metastatic brain cancers). Among
primary brain cancers, gliomas are the most common and aggressive type, necessi-
tating signi cant focus and research due to their complex nature and poor prognosis.
Gliomas are a diverse group of tumors originating from glial cells in the brain. About
30% of all brain and central nervous system tumors are gliomas. Furthermore, 80%
of all malignant brain tumors are also gliomas [12]. The most notable subtypes

include:

" Astrocytomas: Originating from a type of glial cells in brain called astro-
cytes, these tumors range from low-grade (pilocytic astrocytoma) to high-grade

(glioblastoma multiforme).

" Oligodendrogliomas: Derived from oligodendrocytes (a type of glial cells in

brain), these tumors often have better prognoses than astrocytomas.

" Glioblastomas: The most aggressive subtype, characterized by rapid growth
and resistance to traditional therapies, with a median overall survival of ap-

proximately 15 months [13].

Histopathology images of the above subtypes are shown in Fig. 1.2, where we can
see the cellular structures of the di erent glioma subtypes. Focusing on gliomas,
particularly glioblastomas, is critical due to their aggressive nature, high mortality
rates, and the complexity of their treatment. Despite advances in surgical techniques,

radiation therapy, and chemotherapy, the prognosis for glioblastoma remains poor,

4
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with approximately 15 months of survival time post-diagnosis. Gliomas represent
about 44.6% of all brain tumors in children and adolescents, emphasizing the need
for focused research and improved therapeutic strategies [12].

Recent research highlights the importance of genetic biomarkers and mutations

in the diagnosis and treatment of gliomas:

~

IDH1/IDH2 Mutations: Common in lower-grade gliomas, these mutations are

associated with better prognosis and responsiveness to certain therapies [14].

MGMT Promoter Methylation: The methylation status of the MGMT gene

promoter can predict the response to alkylating agents like temozolomide [15].

1p/19q Co-deletion: This chromosomal deletion is characteristic of oligoden-
drogliomas and is associated with a favorable response to therapy and improved

survival rates [16].

TERT Promoter Mutations: These mutations are often found in glioblastomas

and are associated with poorer prognosis [17].

Understanding these genetic alterations allows for the development of targeted thera-
pies and personalized treatment plans, improving outcomes for patients with gliomas.
Computer vision techniques play a pivotal role in the detection, diagnosis, and
treatment planning of gliomas. Machine learning algorithms can analyze MRI and
CT scans to accurately segment tumors, di erentiate between tumor types, and
assess tumor progression. This technique involves extracting large amounts of quan-
titative features from medical images, which can be used to predict tumor behavior,
treatment response, and patient outcomes. Deep learning models can integrate imag-
ing data with genetic and clinical information to predict prognosis and guide treat-
ment decisions. Augmented reality and computer-assisted navigation systems can
help neurosurgeons precisely locate and resect tumors while preserving critical brain
functions [18]. The integration of genetic insights and computer vision techniques
holds signi cant promise in enhancing the diagnosis, treatment, and management of
glioma tumors. Ongoing research and interdisciplinary collaboration are essential to

further improve outcomes for patients with these challenging brain cancers.

5
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Figure 1.3: Dierence between a healthy brain and a brain having Alzheimer's
Disease. [1]

We now shift our focus to the Alzheimer's Disease, a prominent neurodegenrative
disease. In this context, we also discuss Hippocampus, a structure in the brain, which
is often found to be a ected by the Alzheimer's Disease, as well as other diseases,

such as, Epilepsy.

1.2.3 Alzheimer's Disease

Alzheimer's Disease (AD) accounts for 60-80% of dementia cases worldwide. Demen-
tia is a broad term used to describe a decline in the cognitive function severe enough
to interfere with daily life. Alzheimer's Disease leads to progressive degeneration of
brain cells, signi cantly impacting cognitive abilities and memory [19].

Approximately 55 million people worldwide have Alzheimer's disease, a number
expected to double every 20 years. By 2050, it is projected that 139 million people
will be living with Alzheimer's [20]. The global cost of dementia, largely driven by
Alzheimer's, is estimated to be ovef1.3 trillion annually, projected to rise to $2.8
trillion by 2030 [21].

Alzheimer's disease is marked by the accumulation of amyloid-beta plagques and
tau tangles in the brain, as shown in Fig. 1.3. These deposits disrupt cell communi-

cation and lead to cell death. The hippocampus, responsible for memory formation,
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is one of the rst regions to be aected. The cortex, involved in thinking and
decision-making, also deteriorates as the disease progresses.

Early symptoms of Alzheimer's include di culty remembering recent events and
names. As the disease progresses, symptoms worsen to include severe memory loss,
disorientation, and signi cant changes in behavior and personality.

Diagnosis of Alzheimer's involves clinical assessments, neuroimaging (such as
MRI and PET scans), and biomarker analysis in cerebrospinal uid. Early and
accurate diagnosis is challenging but crucial for managing the disease.

Treatment options for Alzheimer's are limited and primarily focus on slowing
disease progression rather than reversing or curing the condition. Current therapies
have variable e cacy, and there is a critical need for more e ective treatments.

Computer vision can signicantly aid in the detection and monitoring of
Alzheimer's disease [22]. Advanced image processing techniques can quantify amy-
loid and tau load from PET scans, providing a more objective measure of disease
progression. Automated volumetric analysis of MRI scans can track atrophy in
speci ¢ brain regions, aiding in early diagnosis and treatment monitoring. These
technologies enhance early detection, potentially leading to better management and
outcomes for patients.

In summary, Alzheimer's Disease, as the leading cause of dementia, poses sig-
ni cant challenges in terms of diagnosis, treatment, and management. Advances in
computer vision and neuroimaging techniques o er promising avenues for improving

early detection and monitoring of this debilitating condition.

1.2.4 Disorders related to Hippocampus

The hippocampus is a crucial structure located within the medial temporal lobe of
the brain as shown in Fig. 1.4. It plays a signi cant role in the formation of new
memories, spatial navigation, and the consolidation of information from short-term
memory to long-term memory. Damage or dysfunction in the hippocampus is as-
sociated with several neurological and psychiatric conditions. Diseases a ecting the

hippocampus include Alzheimer's Disease, epilepsy, depression, and schizophrenia.
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Figure 1.4: Hippocampus inside the brain [2]

Each of these conditions can lead to signi cant cognitive and behavioral impair-
ments, highlighting the importance of the hippocampus in brain function [23].

Alzheimer's Disease (AD) is the most well-known condition associated with hip-
pocampal damage. AD is characterized by the accumulation of amyloid-beta plaques
and tau tangles, leading to neurodegeneration in the hippocampus and other brain
regions. This degeneration results in progressive memory loss, disorientation, and
cognitive decline [24].

Over 50 million people worldwide are a ected by epilepsy, making it one of the
most common neurological diseases globally [25]. Epilepsy, particularly temporal
lobe epilepsy (TLE), often involves the hippocampus. TLE is characterized by re-
current seizures originating in the temporal lobe, where the hippocampus is located.
These seizures can cause hippocampal sclerosis, a condition marked by neuronal
loss and gliosis (scarring) in the hippocampus. Patients with TLE often experience
memory de cits and spatial disorientation [26].

The hippocampus is highly susceptible to damage due to its unique structure
and function. In Alzheimer's Disease, the accumulation of amyloid-beta plaques and
tau tangles disrupts neuronal communication and leads to cell death, particularly
a ecting the hippocampus [24]. In epilepsy, recurrent seizures cause excitotoxicity,
leading to neuronal loss and gliosis in the hippocampus [26].

The symptoms associated with hippocampal damage vary depending on the spe-

ci ¢ disease but often include memory loss, disorientation, and cognitive impair-

8
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ments. In Alzheimer's Disease, patients experience progressive memory decline and
di culty with spatial navigation. In epilepsy, patients may have memory de cits
and confusion following seizures.

Diagnosing hippocampal-related diseases involves a combination of clinical as-
sessments, neuroimaging (such as MRI and PET scans), and neuropsychological
testing. Biomarker analysis in cerebrospinal uid can also aid in diagnosing condi-
tions like Alzheimer's Disease.

Despite available treatments, many patients continue to experience seizures.
Identifying the exact brain regions responsible for seizures can be di cult, mak-
ing targeted treatments challenging. Computer vision techniques can enhance the
segmentation of hippocampus and analyse the degree of damage by comparing it to
a healthy hippocampus through detailed analysis of neuroimaging data. Automated
analysis of MRI data can improve the accuracy of diagnosis and the identi cation

of seizure onset zones, potentially leading to more e ective surgical interventions.

1.3 Image Modality

This section provides a comprehensive overview of the image modalities used in
the thesis, focusing on radiological and histopathological data. The radiological
data includes Di usion Tensor Imaging and various Magnetic Resonance Imaging
techniques, while the histopathological data consists of H&E stained Whole Slide
Images of brain tissue. Each modality's principles, features, capture methods, and

common le formats are discussed.

1.3.1 Radiological Data

(A) Diusion Tensor Imaging

Di usion Tensor Imaging (DTI) is an advanced MRI technique that measures the
di usion of water molecules in biological tissues. It is particularly e ective for vi-
sualizing the orientation and integrity of white matter tracts in the brain. DTI is
captured using MRI scanners equipped with di usion-sensitized gradients. These

gradients measure the di usion of water in multiple directions, producing data that

9
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Figure 1.5: Axial FA map of a DTI scan

is processed to generate di usion tensors, which describe the magnitude and direc-

tionality of di usion [27]. DTI has the following features that are used in our work.

" Fractional Anisotropy: Measures the degree of anisotropy of water di usion,

indicating the integrity of white matter tracts.

Mean Diusivity : Represents the average rate of water diusion within

tissue, useful for identifying tissue abnormalities.

Echo Planar Imaging : It is an MRI sequence that allows for the rapid

acquisition of images by capturing all spatial frequencies required for image
reconstruction following a single excitation pulse. The primary advantage of
EPI is its speed, making it suitable for applications where rapid imaging is

essential, such as DTI.

DTI data is typically stored in formats such as NIfTI (.nii, .nii.gz) or DICOM, which
support multi-dimensional data necessary for 3D imaging. An example DTI image

is shown in Fig. 1.5.

10
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(B) Magnetic Resonance Imaging (MRI)

MRI includes several techniques, each providing di erent tissue contrasts and infor-

mation.

T1 weighted Imaging T1-weighted images are produced by exploiting the di er-
ences in longitudinal relaxation times (T1) of tissues. This is achieved by applying

a radio frequency pulse and measuring the time it takes for protons to realign with
the magnetic eld. T1l-weighted images are captured using spin-echo sequences or
gradient-echo sequences on MRI scanners. T1 weighted images have the following

key features-

" High-resolution anatomical details: Excellent for visualizing the structure
of the brain.
" Contrast between dierent tissue types: Useful for identifying normal

and pathological structures.

T1l-weighted images are commonly stored in DICOM format for clinical use and
NIfTI format for research purposes. T1-weighted MRI is crucial in detecting brain
parenchymal and meningeal abnormalities, enhancing the diagnostic accuracy in

clinical practice [28].

T2-weighted Imaging Principles and Capture Method: T2-weighted images
highlight di erences in transverse relaxation times (T2), where tissues with high
water content appear bright. These images are captured using spin-echo or fast
spin-echo sequences on MRI scanners. The important features of T2 imaging are

speci ed below-

" High sensitivity to uid content: E ective for detecting edema, in am-

mation, and other uid-related abnormalities.

" Clear di erentiation between gray and white matter: Useful for iden-

tifying lesions and structural abnormalities.

11
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T2-weighted images are also typically stored in DICOM and NIfTI formats. T2-
weighted MRI has been shown to be e ective in di erentiating high-grade gliomas

from metastases, providing valuable diagnostic information [29].

T1 Contrast-Enhanced Imaging This technique involves the use of gadolinium-
based contrast agents to enhance the visibility of certain structures or abnormalities
by shortening the T1 relaxation time of tissues. Images are captured using spin-echo
or gradient-echo sequences post-contrast administration. The noteworthy character-

istics of T1 Contrast Enhanced Imaging are given below-

" Enhanced contrast between normal and pathological tissues: Im-
proves detection and characterization of tumors, vascular abnormalities, and

in ammation.

" Dynamic imaging capabilities: Useful for assessing blood-brain barrier

integrity and perfusion.

Contrast-enhanced images are stored in DICOM and NIfTI formats. Enhanced T1
imaging has proven superior in identifying abnormalities in brain parenchymal and

meningeal diseases [28].

T2 - FLAIR (Fluid-Attenuated Inversion Recovery) Principles and Cap-

ture Method: T2-FLAIR imaging suppresses the signal from cerebrospinal uid,
making it easier to detect lesions near uid- lled spaces. This is achieved by ap-
plying an inversion recovery pulse before the standard T2-weighted sequence. The

characteristics of T2-FLAIR is mentioned below-

" Suppression of CSF signal: Enhances the visibility of lesions in the periven-

tricular region and around the brain's uid spaces.

A

High sensitivity to white matter lesions: Useful for diagnosing multiple

sclerosis, epilepsy, and other conditions involving white matter abnormalities.

T2-FLAIR images are typically stored in DICOM and NIfTI formats. T2-FLAIR

imaging provides signi cant diagnostic bene ts in detecting meningeal lesions and

12
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Figure 1.6: Axial view of T1, T1l-contrast enhanced, T2 and T2-Flair scans. [3]

di erentiating between various brain pathologies [30]. An example slice image of the

di erent types of MRI images discussed above are shown in Fig. 1.6.

1.3.2 Histopathological Data
(A) H&E Stained Whole Slide Images (WSI)

Hematoxylin and Eosin (H&E) staining is a routine technique in histopathology
that provides detailed visualization of tissue architecture [31]. Hematoxylin stains
cell nuclei blue, while eosin stains the extracellular matrix and cytoplasm pink. WSIs
are created by scanning stained glass slides at high resolution using digital pathology
scanners, which capture the entire tissue section in a digital format The key features

of this image modality are as follows-

" Detailed tissue architecture: Provides a comprehensive view of tissue mor-

phology, essential for diagnosing various diseases.

~ High-resolution imaging: Allows for detailed examination of cellular and

tissue structures. See Fig. 1.7 for reference.

WSIs are commonly stored in formats such as .svs, .ndpi, .ti, and .vms, which

support high-resolution and large le sizes necessary for detailed pathology images.

13
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Figure 1.7: Whole slide image of a tumor tissue. H&E stain. The whole
slide image (top) is substantially reduced in size digitally from the original scan,
but a sample (bottom) is shown at near original resolution. Image courtesy:

https://picryl.com/media/whole-slide-image-of-wilms-tumor-974458

1.4 Basic Theory and Concepts

In this section, the theoretical foundations and key concepts in computer vision,
machine learning, and deep learning, integral to the research work carried out in the
thesis, are presented.

We rst discuss classical computer vision models, focusing on graph cuts. We
explore the graph cut method for image segmentation, delving into fundamental
concepts like min-cut/max- ow problems, modifying energy functions with data
and smoothness terms, and the critical role of seeding in segmentation accuracy. We
also discuss extensions to multi-class problems, focusing on algorithms like alpha-
expansion and alpha-beta swap for handling multiple labels, and illustrate their
applications in various vision tasks. We have used graph cuts in more than one of
our works. For brain tumor segmentation, we used graph cuts to complement the
drawbacks of deep learning architecture called U-Net. For Hippocampus segmenta-
tion, we used multi-class graph cuts to achieve ne grained multi-class segmentation.

Next, we brie y discuss about the machine learning models we used in our work,

14
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particularly the Random Forest algorithm. The ensemble learning approach, where
multiple decision trees are built on random data subsets, and predictions are aggre-
gated for improved accuracy, is used in our work on Alzheimer's Disease stage clas-
si cation. The Random Forest's working mechanism, advantages such as handling
high-dimensional data and preventing over tting, and its applications in di erent
industries like healthcare and nance makes it a good classi er for handling multiple
feature based data in our work.

We then discuss about deep learning models used in our work. Prominent CNN

architectures that we used are:

" DenseNet: Known for its dense connectivity, reducing the vanishing gradient
problem and improving feature reuse. We used this as a deep feature extractor

for histopathological images in our work on brain tumor classi cation [32].

" U-Net: Designed for biomedical image segmentation, notable for its symmet-
ric U-shaped structure and skip connections for precise localization [33]. We
used UNet and its variants in multiple works like Brain tumor segmentation,

Hippocampus segmentation and multi-class Hippocampus segmentation.

Finally, the thesis introduces graph-based neural networks, particularly Graph Con-
volutional Networks (GCNSs) [34], which is like the extension of traditional neural
networks to handle graph-structured data by rede ning the convolution operation
for nodes and their connections. We have used GCNs in brain tumor classi cation
tasks and was able to achieve state of the art results with it.

The details of each model and algorithm used in the thesis is explained in detail
in Chapter 2 with visual illustrations and captivating descriptions along with the

mathematical foundations.

1.5 Brief Overview

This section gives a broad overview on the related works of various neurological

disorder detection and analysis problems addressed in this thesis.
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1.5.1 Brain Tumor Segmentation

Brain tumor segmentation methods can be broadly classied into three groups,
namely, Without Learning, Supervised Learning, and Unsupervised Learning meth-

ods.

(A) Methods Without Learning

Some examples of this class are - thresholding and region growing techniques.

Thresholding  Thresholding is a simple, fast technique that converts a scalar im-
age into a binary image based on a threshold value, separating foreground and
background regions. The threshold value is iteratively updated based on the mean

intensities of the partitioned regions until it converges [35, 36].

Region Growing Region growing initializes with a seed point and groups neigh-
boring pixels with similar properties to form regions. This method is computation-

ally simple but sensitive to seed initialization and noise [37].

(B) Supervised Learning Methods

Supervised methods use labeled training data to build models that classify pixels
during testing. These methods include clustering algorithms and machine learning
techniques, like, Support Vector Machines (SVM) and Arti cial Neural Networks
(ANN) [38].

Arti cial Neural Networks (ANN) Arti cial Neural Networks (ANNS) mimic
the behavior of biological neurons, processing input signals and transmitting them
through multiple hidden layers to produce a nal output. The output of each arti -
cial neuron is a non-linear function of the sum of its inputs, and the network learns

by adjusting the weights of the connections between neurons to minimize errors [39].

Convolutional Neural Networks (CNNSs) Convolutional Neural Networks

(CNNs) are a type of ANN speci cally designed for processing structured grid
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data like images. CNNs automatically detect and learn features from input im-
ages through di ernet types of layers. Detailed explanation of CNNs can be found

in Chapter 2.

Deep Neural Networks (DNNSs) Deep Neural Networks (DNNs) extend the

concept of ANNs by adding more hidden layers, allowing them to model more
complex functions. However, DNNs require a large amount of training data and
substantial computational resources, which can be a limitation in medical imaging

applications [40,41]. More details on DNN is provided in Chapter 2

(C) Unsupervised Learning Methods

Unsupervised methods do not require labeled training data. They automatically
group pixels into clusters based on image features like intensity and texture. Tech-

niques include k-means clustering and Active Contour Models (ACM) [42].

Hybrid Techniques Hybrid techniques combine multiple methods to leverage
their respective advantages. Examples include integrating Fuzzy C-means (FCM)

with SVM for improved classi cation accuracy [43].

k-Means Clustering k-means clustering partitions image data into k clusters,
iteratively updating cluster means to minimize within-cluster variance. This method

is e cient but may not always converge to the optimal solution [44].

Active Contour Models (ACM) ACMs are deformable models that evolve to
match object boundaries based on image gradients and external forces. They can
handle signi cant variability but require good initialization and can be computa-

tionally intensive [45].

Combining Methods Combining methods like FCM and SVM provides accu-
rate classi cation and e cient segmentation by balancing sensitivity to noise and

preserving image information [46].

17



Chapter 1 Introduction

1.5.2 Brain Tumor Detection and Classi cation

Brain tumor classi cation using MR images is a challenging and essential task in
medical image analysis. Various methods have been developed over the years to

enhance the accuracy and e ciency of brain tumor classi cation.

(A) Traditional Machine Learning Methods

Preprocessing, feature extraction, feature selection, dimension reduction, and clas-
si cation are typical phases in machine learning approaches for classi cation. Since
the feature extraction stage frequently requires specialist knowledge, it might be
di cult for non-experts to use these techniques e ciently. Two types of features
can be extracted: high-level (local) features like Bag-of-Words (BoW), Fisher Vector
(FV), and Scale-Invariant Feature Transform (SIFT) and low-level (global) features

like intensity and texture characteristics. [47], [48], [49].

(B) Deep Learning Methods

The advent of deep learning has signi cantly transformed the landscape of medical
image classi cation. CNNs are particularly successful due to their ability to learn
feature representations directly from the data, bypassing the need for manual feature
extraction. Deep learning approaches do not require handcrafted features and can
automatically generate powerful discriminating features using a hierarchical learning
approach. This capability makes CNNs highly e ective in capturing both low-level
and high-level features from MR images [50{54].

To address the limitations posed by small datasets, transfer learning has emerged
as a viable solution. Transfer learning involves using a pre-trained CNN model on a
large dataset and ne-tuning it for the speci c task at hand. This approach leverages
the knowledge learned from natural images and adapts it to medical images, thus
improving performance even with limited data. Studies have shown that ne-tuning
pre-trained models like VGG19 can signi cantly enhance classi cation performance

for brain tumor MR images [55{57].
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1.5.3 Genetic Biomarker Detection

Biomarker detection is crucial for the diagnosis, prognosis, and treatment of var-
ious diseases, especially brain cancer. Recent advances in machine learning (ML)
and deep learning (DL) have signi cantly enhanced the ability to identify relevant
biomarkers from complex datasets. Although not much work in this direction with
regards to brain tumor, we discuss some works done for other diseases along with the
works done for brain tumor bio markers that can help provide the basic background
and motivation for this type of research.

We now discuss the works categorising it into three types of bio markers - diag-

nostic, prognostic and predictive.

(A) Diagnostic Biomarkers

Diagnostic biomarkers are essential for con rming the presence of a disease and
distinguishing between di erent subtypes of cancer. ITIH5 and DKK3 were found
to be probable biomarkers with a precision of 93% by Kloteet al. pursuing promoter
methylation of seven putative tumour suppressor genes in breast cancer [58]. Using
LASSO, Chi-Squared, and Information Gain approaches for feature selection and RF
and SVM for classi cation, Rehmanet al. employed machine learning algorithms to

validate the signi cance of miRNAs as breast cancer biomarkers [59].

(B) Prognostic Biomarkers

Prognostic biomarkers forecast patient outcomes and illness recurrence. Using clin-
ical and RNA-seq data from the TCGA portal, Maet al. developed ML methods

to uncover 16 gene prognostic markers for lung adenocarcinoma (LUAD), and they
validated their ndings with GEO datasets [60]. In order to nd prognostic small
nucleolar RNAs (snoRNAs), Xinget al. employed survival-related Cox regression
analysis models [61]. They chose candidates using LASSO regression and validated
using multivariate Cox proportional hazard models. Wonget al. applied a deep
multilayer perceptron network to identify prognostic genes for glioblastoma (GBM),

achieving signi cant results in survival analysis [62].
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(C) Predictive Biomarkers

Predictive biomarkers help classify individuals likely to respond to specic treat-
ments. Namet al. developed the Gene Ranker method to identify predictive mark-
ers from gene expression data, integrating networks using WGCNA and generating
scores for genes such as OTC, B3GNTY9, and Clorf167 [63]. Zte#aal. introduced

a graph convolutional network (GCN) to prioritize protein-coding genes using IncR-
NAs datasets, achieving high accuracy in AUC and AUPR values [64]. Zhaeg al.
proposed a network-based deep learning approach for gene prioritization, construct-
ing a human molecular interaction network and training it with GNN to identify key
genes [65].

Biomarker detection in brain tumors has gained signi cant attention due to its
potential to improve diagnosis and treatment. Yaret al. used a deep learning ap-
proach to identify glioblastoma biomarkers from MRI data, achieving high accuracy
in distinguishing tumor subtypes [66]. Liet al. developed a machine learning model
that integrates genomic and clinical data to predict patient outcomes in glioma,
identifying key biomarkers such as IDH1 and MGMT [67]. Cheret al. applied
a convolutional neural network (CNN) to RNA-seq data to discover biomarkers
for brain metastases, demonstrating the method's potential in clinical settings [68].
Furthermore, recent studies have highlighted the use of liquid biopsies, where circu-
lating tumor DNA (ctDNA) and extracellular vesicles (EVs) are analyzed using ML

techniques to identify brain tumor-speci ¢ biomarkers [69].

1.5.4 Alzheimer's Disease Stage classi cation

Recently, there are more reports on detecting Alzheimer's Disease by using MRI
data and machine learning (ML) techniques and Deep Learning (DL) Techniques.

We rst discuss the ML techniques used, followed by DL techniques.

(A) Traditional Machine Learning Techniques

Early studies applying machine learning (ML) to Alzheimer's Disease (AD) focused

on traditional algorithms such as Decision Trees (DT), Support Vector Machines
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(SVM), Nawve Bayes (NB), and k-nearest neighbors (k-NN). These methods used
manually selected linguistic features from radiological data. For instance, Guinn
et al. compared DT, SVM, and k-NN on conversational samples [70]. Orimaye
et al. evaluated DT, NB, SVM with radial basis function, and neural networks,
concluding that SVM performed best [71]. Yanchevat al. applied random forest
(RF) classi ers using automatically extracted semantic features [72]. Decision Trees
(DT) are a non-parametric supervised learning method used for classi cation and
regression. They create a model that predicts the value of a target variable by
learning simple decision rules inferred from the data features [73]. Breiman al.
used Random Forest (RF), which is an ensemble learning method for classi cation
and regression that operates by constructing a multitude of decision trees at training
time and outputting the class that is the mode of the classes or mean prediction of

the individual trees [74].

(B) Deep Learning Techniques

Recent advancements in neural networks have signi cantly enhanced Alzheimer's
Disease (AD) classi cation. Orimayeet al. used a deep-deep neural network lan-
guage model (D2NNLM) with high-order n-gram features to distinguish between
AD and control samples [75]. Karlekaet al. applied convolutional neural networks
(CNN), long short-term memory (LSTM) networks, and hybrid CNN-LSTM models
for the same task. These results indicate that neural networks outperform tradi-
tional ML algorithms in AD classi cation due to their ability to automatically learn

complex patterns from large datasets.

1.5.5 Hippocampus Segmentation

Hippocampus segmentation has been a critical area of research due to its implica-
tions in diagnosing and understanding various brain diseases, such as Alzheimer's
disease, temporal lobe epilepsy, and schizophrenia. Traditionally, segmentation
methods have been categorized into manual, semiautomatic, and fully-automated

approaches. Manual segmentation is the gold standard, but is labor-intensive and
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time-consuming. Semiautomatic methods require user interaction, whereas fully-
automated methods aim to eliminate this need. We discuss below four di erent

categories of segmentation approaches.

(A) Atlas-Based Segmentation

Atlas-based segmentation methods are quite popular. By lining up the target im-
age and the labelled atlas image, Fischdt al. [76] were able to segment di erent
brain areas. Multi-atlas-based techniques have been developed as a response to the
shortcomings of single atlas registration. These approaches entail registering each
atlas picture to the target image and then combining all propagating atlas labels to
produce the nal segmentation result. Researchers have concentrated on enhancing
label fusion approaches and image registration procedures to improve multi-atlas

segmentation performance [77].

(B) Classi cation-Based Segmentation

Another approach is classi cation-based segmentation, where the segmentation task
is transformed into a pattern recognition problem. This method involves feature ex-
traction from the target image followed by the use of supervised learning algorithms
such as random forests and support vector machines (SVM) to build a classi cation
model. Researchers have introduced techniques like multi-scale and sparse represen-

tation to improve feature representation and classi er performance [78] [79].

(C) Deep Learning-Based Segmentation

Deep learning techniques have recently demonstrated better results in tasks involving
the segmentation of medical images. Particularly e ective are Convolutional Neural
Networks (CNNs) and U-net designs. Hippocampal segmentation research has been
resurrected by U-Net [33], which has greatly increased segmentation speed and pre-
cision. Because deep neural networks can automatically learn complicated patterns
from vast datasets, studies have shown that they perform better than traditional

machine learning techniques [80].

22



Chapter 1 Introduction

(D) Hybrid Approaches

A combination of classical and deep learning (DL) techniques can yield superior seg-
mentation performance compared to using DL or classical methods alone. Published
works, such as, [81] and [82] demonstrate this for lung nodule segmentation. In case
of 3D brain tumor segmentation [83], integrating UNet with graph cut addressed

the manual seeding issue of graph cut and the undersegmentation problem of UNet

caused by limited data.

1.6 Research Gaps

This section highlights the existing research gaps in the speci c problem domains
addressed in this thesis. These gaps reveal the importance of the problems we aim

to solve.

1.6.1 Brain Tumor Segmentation

Despite the advancements in brain tumor segmentation methods, several research
gaps persist that limit the e cacy and generalization of these techniques in clinical
applications.

Firstly, classical methods like thresholding and region growing, while tend to
be computationally e cient and simple, su er from signi cant limitations. These
methods are highly sensitive to initial conditions, such as, seed selection in region
growing and threshold values in thresholding. They also struggle with segmenting
tumors that have irregular shapes, varying intensities, or that are located near com-
plex anatomical structures. The reliance on manually de ned parameters makes
these methods less adaptable to the diverse range of tumors encountered in clinical
practice. Therefore, there is a need for more adaptive and robust methods that can
automatically adjust to di erent tumor characteristics.

Secondly, while supervised learning methods, particularly machine learning tech-
niques like SVM and ANN, have shown promise in improving segmentation accuracy,

they rely heavily on the availability of large, well-annotated datasets for training.
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The scarcity of such datasets in medical imaging, combined with the time-consuming
and subjective nature of manual annotation, poses a signi cant challenge. Hybrid
techniques that combine the strengths of both classical and deep learning approaches
show potential for improving segmentation accuracy and robustness. However, the
optimal integration of these methods remains an open research question. Some chal-
lenges in choosing and combining di erent methods includes understanding how to
balance the trade-o s between computational e ciency, segmentation accuracy, and
robustness to variations in tumor presentation.

Finally, a major gap in current research is the ability of segmentation methods to
handle particularly challenging cases, such as tumors with highly irregular shapes,
heterogeneous textures, or those adjacent to critical brain structures. Most existing
algorithms are designed for typical tumor appearances and may fail in these complex
scenarios. Therefore, developing more sophisticated algorithms that can e ectively
segment such di cult cases is crucial.

Addressing these research gaps will be essential for advancing the eld of brain
tumor segmentation and translating these methods into reliable tools for clinical
use, ultimately improving patient outcomes through more accurate diagnosis and

treatment planning.

1.6.2 Brain Tumor Detection and Classi cation

Despite the advancements in brain tumor classi cation using MR images, several
critical research gaps need to be addressed to improve the reliability and applicability
of these methods in clinical settings.

Firstly, traditional machine learning methods, while e ective, often involve com-
plex preprocessing steps such as feature extraction, feature selection, and dimen-
sionality reduction. These steps require expert knowledge, making them di cult to
implement for non-experts in the eld. Additionally, the reliance on handcrafted
features, whether low-level like intensity and texture or high-level, like Bow and
SIFT, can limit the adaptability of these methods to di erent datasets or imaging

conditions. The challenge lies in automating these processes or developing more
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generalized approaches that can perform well across a variety of imaging conditions
without the need for extensive manual intervention.

Secondly, deep learning methods, particularly CNNs, have shown considerable
promise in brain tumor classi cation due to their ability to learn features directly
from data. However, these methods face signi cant challenges related to over tting,
especially when trained on small datasets. While CNNs excel at capturing both low-
level and high-level features, they often require extensive computational resources
and time for training, particularly as model architectures become more complex.
This can limit the accessibility of these methods, especially in resource-constrained
environments.

Another critical research gap is the underutilization of multimodal data in brain
tumor classi cation. Recent research has demonstrated that using multi-modal data
can induce complementary features that can be learned by deep learning models to
provide better classi cation accuracy [84]. We have explored the use of multi modal
data in our works.

Addressing these research gaps will be crucial for advancing the eld of brain
tumor classi cation and ensuring that these methods can be e ectively integrated
into clinical work ows, ultimately leading to better diagnosis, treatment planning,

and patient outcomes.

1.6.3 Genetic Biomarker Detection

Despite the promising advancements in biomarker detection for brain tumors, par-
ticularly through the integration of deep learning and machine learning techniques
with genetic and genomic data, several key research gaps persist.

Firstly, the identi cation of genetic mutations as biomarkers for brain tumors,
such as, IDH1 and MGMT in gliomas, has signi cantly advanced our understanding
of tumor subtypes and patient prognosis. However, most existing studies have pri-
marily focused on a limited set of well-known genetic mutations. There is a need for
more comprehensive investigations that explore a broader spectrum of genetic alter-

ations, including rare mutations and epigenetic modi cations, which could provide
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additional prognostic and therapeutic insights.

Finally, the integration of multi-omics data (e.g., genomic, transcriptomic, and
proteomic data) with clinical data presents a powerful approach for biomarker dis-
covery, as demonstrated by Liet al. [67] in glioma prognosis. However, there are
challenges related to the standardization and harmonization of multi-omics data,
particularly when integrating datasets from di erent platforms or institutions. There
is a critical need for the development of robust computational frameworks and data-
sharing platforms that can e ectively integrate and standardize multi-omics data,

enabling more reliable biomarker discovery.

1.6.4 Alzheimer's Disease Stage classi cation

Despite the signi cant advancements in applying machine learning (ML) and deep
learning (DL) techniques for Alzheimer's Disease (AD) stage classi cation, several
critical research gaps persist.

First, while much of the existing research has focused on classifying AD stages,
there is a notable lack of studies speci cally targeting the early stages of the disease,
such as, early mild cognitive impairment (EMCI), and late mild cognitive impairment
(LMCI). Identifying these stages is crucial, as early intervention can signi cantly
slow the progression of AD. The diculty in classifying these early stages stems
from the subtlety of symptoms and the overlap with normal aging processes, which
requires the development of more sensitive and speci ¢ models.

Second, most studies to date have focused on classifying AD stages in isolation,
typically distinguishing between binary stages such as AD vs. non-AD or MCI vs.
healthy controls. There is a signi cant gap in research that attempts to classify
multiple stages of AD simultaneously. Multi-stage classi cation is essential for a
detailed understanding of disease progression and could improve the precision of
interventions tailored to speci ¢ stages of AD.

Finally, while CNNs and LSTMs have been combined in hybrid models to cap-
italize on their respective strengths, the exploration of other hybrid or ensemble

techniques, particularly those that might integrate traditional ML methods with
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DL approaches, remains sparse. Such models could potentially improve classi ca-
tion accuracy and generalization across di erent datasets.

Addressing these gaps could lead to signi cant advancements in the early de-
tection and stage-speci c treatment of Alzheimer's Disease, ultimately improving

patient outcomes.

1.6.5 Hippocampus Segmentation

Despite the progress in hippocampus segmentation techniques, several issues remain
unaddressed, limiting the potential of these methods in clinical applications.

Firstly, although atlas-based segmentation methods have been extensively stud-
ied, their performance is highly dependent on the quality of the image registration
and label fusion processes. The challenge arises in accurately aligning the atlas
images with target images, especially when there are signi cant anatomical varia-
tions among individuals. While multi-atlas strategies attempt to mitigate this by
incorporating multiple references, there is still a need for more robust and exible
registration techniques that can handle diverse and complex brain structures. Addi-
tionally, the computational cost and time required for multi-atlas approaches remain
a concern, particularly in large-scale studies or real-time clinical settings.

Secondly, although deep learning-based segmentation methods, particularly
CNNs and U-Net architectures, have revolutionized the eld by automating feature
learning and signi cantly improving segmentation accuracy, they are not without
limitations. One major challenge is the need for large, annotated datasets to train
these models e ectively. Such large datasets are often unavailable in the eld of
medical imaging because of privacy issues and the labor-intensive nature of human
annotation. The fact that deep learning models have a tendency to over t on limited
datasets, which results in poor generalization on new data, exacerbates this prob-
lem. Furthermore, while deep learning models excel at capturing complex patterns,
they can sometimes struggle with the ne details necessary for precise hippocampus
segmentation, particularly in cases of subtle pathological changes.

Another research gap lies in the integration of classical and deep learning tech-
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niques. Although preliminary studies suggest that combining these methods can lead
to improved segmentation performance, the optimal way to fuse classical approaches
with deep learning remains an open question. For instance, while hybrid methods
like the integration of U-Net with graph cut techniques have shown promise, they
still face challenges such as balancing the strengths of each method and addressing
issues like under-segmentation and the need for manual intervention. Addressing
these gaps will be critical for advancing the accuracy, e ciency, and clinical utility

of hippocampus segmentation methods, ultimately improving diagnosis and treat-

ment planning for various neurological conditions.

1.7 Organization of Thesis

We organize the thesis in the following manner: Ichapter 2 we have stated the
fundamental concepts and theoretical background of dierent models utilized in
solving di erent brain disorder problems. Inchapter 3 we have addressed the issue
of 3D brain tumor segmentation using a synergism of classical and deep learned
techniques. Inchapter 4 we have proposed a novel brain tumor classi cation using
multi modal data. In chapter 5 , we designed a \multi-label" brain tumor bio marker
prediction framework using histopathology data. Inchapter 6 we have provided a
detailed description of DTI based Alzheimer's disease detection model. dnapter 7

we have proposed a \shape-driven" hippocampus segmentation framework using
radiology data and also extended this model to segment important sub regions inside
the hippocampus. Inchapter 8 , we nally conclude this thesis and discuss some of

the future directions of current neurological disorder problems with high practical

utility.

1.8 Contributions of the Thesis

In this thesis, we have ve major contributions. We mostly decide upon the problems
in the domain of brain disorders after careful discussion with clinicians at the Insti-

tute of Neurosciences, Kolkata by considering factors like real-world challenges faced
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during patient analysis, treatment and diagnosis. We now present each contribution
in the following paragraphs.

Brain tumor segmentation is crucial for tumor diagnosis and surgical planning.
A common challenge encountered by radiologists and neurosurgeons is accurately
delineating the boundaries of a tumor when the abnormality is not well-de ned
and spreads into the surrounding tissue. Neuro-radiologists desire a concise yet
precise method for identifying tumors that can expedite the preoperative diagnosis.
To tackle the challenge of e ective 3D tumor segmentation, we propose a novel
approach to 3D brain tumor segmentation using a combination of deep learning and
graph cut techniques on MRI data. Speci cally, probability maps generated by a
UNet model for classifying voxels as tumor or background are utilized to enhance
the graph cut energy function. We introduce new expressions for the data term,
region term, and weight factor that balance these terms for individual voxels in our
model, detailed description of which is available in Chapter 3. The performance of
our approach is validated using the BRATS 2018 dataset, demonstrating superior
segmentation accuracy compared to using graph cut or UNet independently, as well
as other state-of-the-art methods.

Histopathological classi cation of brain tumors relies on identifying specic
histopathological features unique to each tumor type. Accurate classication of
gliomas into astrocytoma, oligodendroglioma, and glioblastoma is crucial for patient
prognosis, treatment, and management. While microscopic examination is the gold
standard, it is subject to signi cant inter-observer variability. Machine learning al-
gorithms that utilize speci c histopathological characteristics can help reduce this
variability by providing objective analysis. This work addresses brain tumor classi-
cation using both radiology and histopathology data through a coarse-to- ne ap-
proach combining deep learning and Graph Convolution Networks (GCNSs). Initially,

a 3D CNN is employed to detect glioblastoma from MRI images. For distinguishing
astrocytoma and oligodendroglioma, Whole Slide Images (WSIs) are used in the sub-
sequent stage. During this ne classi cation phase, 2D CNN features are extracted at

two di erent magni cation levels, constructing a graph with nodes as concatenated
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feature embeddings and edges determined by a Radial Basis Function (RBF) kernel.
The GCN, utilizing a normalized graph Laplacian, ensures improved relation-aware

representation, leading to more accurate classi cation. Our method demonstrates

state-of-the-art performance on the CPM-RadPath2020 challenge dataset. Please
see Chapter 4 for detailed explanation of the work.

Brain cancer has a very high mortality rate, with gliomas being the most com-
mon and deadly malignant brain tumors. Recent biological studies have shown
that a comprehensive analysis of biomarkers responsible for genetic mutations in
gliomas can lead to better prognosis and treatment plans for patients. We simulta-
neously predict ve crucial genetic markers|IDH, 1p/19q codeletion status, ATRX,
MGMT, and TERT, using deep learning on Whole Slide Images. Our deep learning
solution features a novel composite loss function that combines individual, pairwise,
and group-wise traits of these biomarkers. Multi-label weighted cross-entropy loss
captures individual characteristics, a conditional probability loss models pairwise
behavior, and a spectral graph loss addresses group properties. Extensive experi-
ments and an ablation study demonstrate the e ectiveness of our approach, achieving
state-of-the-art prediction performance as described in Chapter 5.

In order to detect early signs of Alzheimer's disease and to monitor the disease
progression, automated classi cation of Alzheimer's disease is essential. We perform
a novel task of directly classifying four di erent stages, namely, Alzheimer's Dis-
ease, Healthy, Early Mild Cognitive Impairment (EMCI), and Late Mild Cognitive
Impairment (LMCI), using 3D DTI data. The DTl modality o ers information re-
garding brain structure through measurements of Fractional Anisotropy (FA) and
Mean Di usivity (MD), as well as Echo Planar Imaging (EPI) intensities. We train
CNNs, especially, VoxCNNs individually on di erent types of such data, like FA
values, MD values, and EPI intensities from 3D DTI scan volumes. Furthermore,
we input the mean FA and MD values for each speci ¢ brain region, which are calcu-
lated based on the Colin27 brain atlas, into a random forest classi er (RFC). These
four models, consisting of three separately trained VoxCNNs and one RFC, are used

independently to solve the four-class classi cation problem mentioned above. The
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individual classi cation ndings are combined at the decision level using a modulated
rank averaging technique, resulting in a high classi cation accuracy. The proposed
technique has been convincingly demonstrated to be e ective through comprehensive
experimentation on the publicly available ADNI database and with state-of-the-art
comparisons, details of which is availalble in Chapter 6.

Hippocampus (HC) segmentation is crucial for diagnosing neurodegenerative dis-
eases such as Alzheimer's, Parkinson's, and common neurological disorders like
epilepsy. Studying HC atrophy can provide biomarkers and improve techniques
for detecting and predicting these illnesses, making segmentation vital in neuro-
radiology. While manual segmentation is highly accurate and considered the gold
standard, it is extremely time-consuming and labor-intensive. This has led to the
development of e cient automation techniques. In this work, we propose a 3D HC
segmentation solution from MRI data using a shape-driven loss function and atten-
tion UNet. We develop a Histogram of Oriented Gradients (HOG) based formulation
to extract shape features and suggest a pooling technique as an alternative to his-
togram calculation for HOG, please see Chapter 7 for the methodology in detials.
This addresses the issue of histograms being non-derivable, which makes error cal-
culation from histograms unsuitable for backpropagation in deep learning models.
Our model's performance is validated on two publicly available datasets, HarP and
Kulaga-Yoskovitz (KY), demonstrating superior segmentation accuracy compared to
the attention UNet model with only Dice loss and other state-of-the-art approaches.

Examining the hippocampus (HC) sub elds is crucial for detecting early signs
of brain abnormalities. However, segmenting these sub elds is challenging due to
their complexity and the need for manually annotated high-resolution magnetic res-
onance images. Building on our previous HC segmentation work, we propose an
innovative deep graph cut approach, enhanced by shape information, for automatic
segmentation of HC sub elds. Our method incorporates a deep-learned shape term
into the graph cut energy function. Additionally, we designed a modied -
swap technique that leverages deep learning to improve the execution time of the

multi-class segmentation algorithm. The detailed description of the work can be
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found in Chapter 7. Our solution outperforms several state-of-the-art methods on
the publicly available KY dataset.
To summarize our contributions, we highlight the main aspect of each contribu-

tion below-

1. We have developed a superior 3D brain tumor segmentation method by fusing

Graph Cut and Deep Learning techniques on MRI scans [83].

2. We have created an innovative multi-modal classi cation model for classifying
Glioblastoma, Astrocytoma, and Oligodendroglioma brain tumors with high

accuracy [85].

3. We have made predictions of glioma bio-markers using a model combining ge-
netic data with Whole Slide Images, targeting IDH, 1p/19q codeletion, ATRX,
TERT, and MGMT.

4. We have proposed a state-of-the-art classi cation model for simultaneously

classifying four stages of Alzheimer's Disease using from DTI data [86].

5. We have constructed a novel loss function for deep learning-based hippocampus
segmentation [87] using MRI scans. We have further extended the solution to
multi-class, improving diagnosis and treatment of diseases like Alzheimer's

Disease, Dementia, and Epilepsy.
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Chapter 2

Theoretical Foundations

This chapter explores classical computer vision models, machine learning models,
and deep learning models foundational to this thesis. Key concepts discussed include
graph cuts for image segmentation, the Random Forest algorithm, and advanced
neural network architectures such as Convolutional Neural Networks, DenseNet, and

UNet, along with graph-based neural networks like Graph Convolutional Networks.

2.1 Classical Computer Vision Models

We rst discuss about some classical computer vision models used in this thesis.

2.1.1 Graph Cut

Firstly, we de ne the fundamental terminology used in this context. Consider a
graph G = hV. Ei, which comprises a set of nodeg and a set of directed edgek
connecting these nodes. The node skt = fs;tg [P includes two distinguished
terminal nodes, namely the sourcs and the sinkt, alongside a set of non-terminal
nodes denoted a®. Figure 2.1 presents a simple illustration of a graph containing
terminals s and t. Such N-dimensional grids are commonly utilized in vision and
graphics applications.

Each edge within the graph is associated with a non-negative weight or cost
w(p; 9. The cost associated with a directed edgegfg may di er from that of the

reverse edged;p. An edge is termed at-link if it connects a non-terminal node
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Figure 2.1: Graph construction for a 3 3 image. The dotted line denotes a cut. [4]

in P with a terminal node. Conversely, an edge is termed amlink if it connects

two non-terminal nodes. The collection of all (directed) n-links is represented by
N. The set of all edge< in the graph comprises the n-links inN and the t-links

f(s; p); (p;t)g for non-terminal nodesp 2 P . As shown in Figure 2.1, the t-links are
the edges attached to the source S and the sink T, whereas, the n-links are the edges

connecting any two gray pixels.

(A) The Min-Cut and Max-Flow Problem

An s=t cut C (often simply referred to as a cut) is a partition of the graph's nodes
into two disjoint subsetsS and T such that the sources belongs toS and the sink

t belongs toT. Figure 2.1 illustrates an example of such a cut. The cost of a cut
C= fS;Tgis determined by summing the weights of the \boundary" edge9(0q)
wherep2 S andg2 T . When (p; g is a boundary edge, it is sometimes stated that
the cut C severs the edgep; 9. The minimum cut problem seeks to identify a cut
with the minimum cost among all possible cuts.

A pivotal result in combinatorial optimization reveals that the minimum s=t
cut problem can be resolved by determining the maximum ow from the source
to the sink t. Informally, the maximum ow represents the greatest \amount of
water" that can be transported from the source to the sink, with the graph edges

interpreted as directed \pipes" having capacities equivalent to edge weights. The
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Ford-Fulkerson theorem [88] asserts that a maximum ow frons to t saturates a
set of edges within the graph, thereby dividing the nodes into two disjoint subsets
fS ;T g corresponding to a minimum cut. Consequently, the min-cut and max- ow
problems are equivalent, with the value of the maximum ow equating to the cost

of the minimum cut.

2.1.2 Graph Cuts for Solving the Max-Flow Min-Cut Prob-
lem

Graph cuts address the max- ow min-cut problem by constructing a ow network
and identifying the ow con guration that maximizes the ow from the source s to

the sink t.

(A) Energy Function in Graph Cuts

The energy function in graph cuts is typically used to formulate and solve segmenta-
tion problems. The energy functionE (f ) generally consists of two terms: the data

term and the smoothness term.

E(f ) = Edata(f ) + Esmooth (f ) (2.1)

(B) Data Term:
The data term Ey4, (f ) measures how well the labeling ts the observed data. It
is often de ned as:
X
Edata(f) = Dp(fp) (2.2)

p2P

whereD,(f ) is the penalty for assigning labef, to pixel p.
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(C) Smoothness Term:

The smoothness ternEqmootn (f ) €Nncourages spatially coherent labelings. It is typi-

cally de ned as:

X
Esmootn (f) = Voo(fpi fq) (2.3)
(p;a)2N

where Vp(fp; T o) is the penalty for assigning labeld , and f to neighboring pixels

p and g.

(D) Seeding:

Seeding is a crucial step in graph cuts for image segmentation. It involves manually
or automatically marking certain pixels in the image as belonging to the foreground
(object of interest) or the background. These marked pixels are referred to as seeds
and is used to set the data term in the energy function more accurately. Pixels
marked as foreground seeds are strongly biased towards being labeled as the fore-
ground, and similarly, background seeds are biased towards being labeled as the
background. This is achieved by assigning very high or very low data penalties
Dy(f,) to these seeded pixels, ensuring they in uence the segmentation result sig-

ni cantly.

(E) Minimizing the energy

In image segmentation, the goal is to partition the image into regions that correspond
to di erent objects or textures. The graph cut method can be used to nd an
optimal segmentation by minimizing the energy function de ned above. By nding
the minimum cut, as shown in an example graph in Fig. 2.2, we can obtain the
optimal labeling f that minimizes the energy functionE(f). This minimum cut
corresponds to the segmentation that best ts the data while maintaining spatial

coherence. The algorithm for graph cut is shown in Algorithm. 2.1.
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Algorithm 2.1:  Graph Cut Algorithm
Input: Graph G = (V;E) whereV s the set of vertices anckE is the set of
edges.
Input: Source nodes 2 V and sink nodet 2 V.
Input: Energy functionc:E! R*.
Output: A minimum cut (S; T) that separates the sources and sinkt.
1 Initialize S=fsgandT =V nS;
while there exists an augmenting patP from s to t in the residual graph
Gy do
Find the augmenting path P using Breadth First Search (BFS);
Determine the bottleneck capacity = min f¢ (u;v) j (u;v) 2 Pg;
foreach edge(u;v) in the path P do
Subtract from the forward edge capacity: ¢ (u;Vv) = ¢ (u; V)
L Add to the reverse edge capacity: ¢ (v;u) = ¢ (v;u) + ;

N

N o o b~ W

Identify the set S of all vertices reachable frons in the residual graphGs ;
9 Let T =VnS;
10 return The minimum cut is the set of edgeéu;v) whereu2 Sandv 2 T,;

o]

Figure 2.2: An example of segmentation a 3 3 image with graph cut. [5]
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