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Resumo

Glioblastoma multiforme (GBM) € o tumor cerebral primdrio mais agressivo e prevalente em adul-
tos, conhecido pela sua rdpida progressao e progndstico desfavordvel. Pesquisas recentes destacam
o papel crucial da mutagdo da isocitrato desidrogenase (IDH) no GBM, que se correlaciona com
taxas de sobrevivéncia prolongadas e respostas de tratamento distintas. Esta pesquisa utiliza téc-
nicas de Machine Learning para prever o status da mutagao IDH através da andlise de imagens por
ressonancia magnética (RM), com o objetivo de avancar métodos de diagndstico ndo invasivos.

A pesquisa proposta empregou uma variedade de modelos de aprendizagem supervisionada,
incluindo Random Forest, Support Vector Machine, eXtreme Gradient Boosting, Logistic Regres-
sion, Naive Bayes e K-Nearest Neighbors para avaliar caracteristicas radiomicas extraidas de
multiplas sequéncias de RM. O estudo utilizou os datasets piblicos UCSF-PDGM e UPENN-
GBM para treinar e testar os modelos.

Seguindo o pipeline de Radiogenomics, a metodologia englobou o pré-processamento de im-
ages de RM, a extracdo de caracteristicas radiomicas e a aplicacio de técnicas de selecdo de car-
acteristicas e data augmentation para melhorar o desempenho do modelo. Os modelos treinados
demonstraram desempenho satisfatério, alcangando um melhor valor de AUC de 0.946 + 0.048.

Esta dissertagdo contribui para o desenvolvimento de sistemas de IA para a previsdo de mu-
tacdes IDH, integrando radiogenomics e machine learning. Também aborda o desequilibrio de
classes através de técnicas de data augmentation. Os resultados sugerem que a combinagdo de
RM e machine learning pode melhorar os diagndsticos ndo invasivos para GBM, oferecendo uma
abordagem fidvel para entender o panorama genético do glioblastoma e auxiliando no planeamento
de tratamentos personalizados.

Palavras-chave: Machine Learning, Imagens de Ressondncia Magnética, Radiogenomics, Isoci-
trato Desidrogenase, Glioblastoma multiforme.



Abstract

Glioblastoma multiforme (GBM) stands as the most aggressive and prevalent primary brain tumor
in adults, notorious for its rapid progression and poor prognosis. Recent research highlights the
crucial role of the isocitrate dehydrogenase (IDH) mutation in GBM, which correlates with ex-
tended survival rates and distinct treatment responses. This research leverages machine learning
techniques to predict IDH mutation status through magnetic resonance imaging (MRI) analysis,
aiming to advance non-invasive diagnostic methods.

The proposed research employed a range of supervised machine learning models, including
Random Forest, Support Vector Machine, eXtreme Gradient Boosting, Logistic Regression, Naive
Bayes, and K-Nearest Neighbors to evaluate radiomic features extracted from multiple MRI se-
quences. The study utilized the UCSF-PDGM and UPENN-GBM public datasets for training and
testing the models.

Following the Radiogenomics pipeline, the methodology encompassed MRI image prepro-
cessing, radiomic feature extraction, and the application of feature selection and data augmenta-
tion techniques to boost model performance. The trained models demonstrated satisfactory per-
formance, achieving a best AUC value of 0.946 + 0.048.

This dissertation contributes to the development of Al systems for IDH mutation prediction,
integrating radiogenomics and machine learning. It also addresses class imbalance through data
augmentation techniques. The findings suggest that combining MRI and machine learning can im-
prove non-invasive diagnostics for GBM, offering a reliable approach for understanding glioblas-
toma’s genetic landscape and aiding personalized treatment planning.

Keywords: Machine Learning, Magnetic Resonance Imaging, Radiogenomics, Isocitrate Dehy-
drogenase, Glioblastoma multiforme.
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United Nations Sustainable
Development Goals

The master’s dissertation titled "Machine Learning to Predict IDH Mutation Status through MRI
Analysis" addresses a critical issue in the treatment of glioblastoma multiforme by utilizing ma-
chine learning techniques to predict IDH mutation status based on magnetic resonance imaging
analysis. This chapter examines how the project aligns with the United Nations Sustainable Devel-
opment Goals (SDGs), specifically those aimed at improving health and well-being, and promoting
technological innovation.

Identification of SDGs

The dissertation project directly addresses the following SDGs:

* SDG 3: Good Health and Well-being

* SDG 9: Industry, Innovation, and Infrastructure

Specific Targets
Within the identified SDGs, the specific targets addressed by the project are:

* SDG 3.4: "By 2030, reduce by one third premature mortality from non-communicable dis-
eases through prevention and treatment, and promote mental health and well-being."

* SDG 3.8: "Achieve universal health coverage, including financial risk protection, access
to quality essential health-care services and access to safe, effective, quality and affordable
essential medicines and vaccines for all."

* SDG 9.5: "Enhance scientific research, upgrade the technological capabilities of industrial
sectors in all countries, in particular developing countries, including, by 2030, encouraging
innovation and substantially increasing the number of research and development workers
per I million people and public and private research and development spending”
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Contribution

SDG 3: Good Health and Well-being

The project contributes to SDG 3 by improving the diagnosis and treatment of GBM. The use of
machine learning to predict IDH mutation status can lead to earlier and more accurate diagnoses,
which is critical for effective treatment planning and improving patient outcomes. By facilitating
non-invasive diagnostic methods, the project reduces the need for biopsies, minimizing risks and
improving the quality of life for patients.

SDG 9: Industry, Innovation, and Infrastructure

The project advances technological innovation in the medical field by integrating advanced ma-
chine learning techniques with radiogenomics. This enhances the technological capabilities of
healthcare infrastructure and promotes the development of innovative diagnostic tools. The re-
search contributes to scientific knowledge and can stimulate further advancements in medical
imaging and cancer treatment technologies.

Performance Indicators

To evaluate the impact of the dissertation on the SDGs, specific performance indicators are estab-
lished:

1. For SDG 3:

(a) Accuracy of the predictive model in diagnosing IDH mutations.
(b) Number of early detections of IDH mutations in GBM patients.

(c) Improvement in patient survival rates and quality of life metrics.
2. For SDG 9:

(a) Number of technological innovations or tools developed as a result of the project.
(b) Increase in research publications and citations related to the dissertation topic.

(c) Amount of funding and resources allocated to follow-up research and development.
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Chapter 1

Introduction

Glioblastoma multiforme (GBM) is the most aggressive and prevalent primary brain tumor in
adults. Characterized by rapid progression and a poor prognosis, GBM presents a significant
clinical challenge. According to Orphanet data, it affects approximately 3 per 100,000 adults
annually in North America and Europe, with a higher incidence observed in males [31]. Globally,
the incidence rises to 6 per 100,000, with significantly lower rates observed in non-Caucasian
populations [79].

Without treatment, GBM can be fatal within six months. Patients often present with severe
symptoms including headaches, seizures, and cognitive or motor impairments, underscoring the
aggressive nature of this disease [43]. Despite advancements in medical interventions such as
surgery, radiation, and chemotherapy, the average survival time for GBM patients remains around
one year. This poor prognosis is largely attributed to the molecular and genomic heterogeneity of
GBM, resulting in diverse responses to treatment.

Recent research has demonstrated that mutations in the isocitrate dehydrogenase (IDH) gene
are associated with longer overall survival in GBM patients compared to those with wild-type
IDH [33]. Therefore, understanding the IDH mutation status is crucial for predictive assessments
and offers valuable insights into the disease’s progression.

The IDH mutation status also has significant implications for treatment strategies. Patients
with IDH-mutant glioblastomas often respond differently to therapies compared to those with
wild-type IDH, influencing clinical decision-making and personalized treatment plans [33]. Con-
sequently, exploring the molecular landscape influenced by IDH mutations is important for devel-
oping tailored treatment strategies and enhancing the management of glioblastoma patients.

This dissertation aims to deepen our understanding of GBM, and gliomas in general, by lever-
aging machine learning techniques to predict IDH mutation status based on magnetic resonance
imaging (MRI) analysis. By integrating radiogenomic data, this study seeks to bridge the gap
between radiological imaging and genomic information, ultimately contributing to more person-

alized and effective treatment approaches for GBM patients.
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1.1 Motivation and Goals

Traditional methods for delineating glioblastoma characteristics, specifically brain biopsy and
mRNA profiling, present significant challenges that require the exploration of alternative, non-
invasive, approaches. Brain biopsy, a standard diagnostic procedure, is inherently invasive, in-
volving the extraction of tissue samples directly from the tumor site [74]. This invasiveness not
only poses risks to patients, including potential complications and side effects, but also limits the
frequency with which samples can be obtained for monitoring disease progression. Additionally,
the heterogeneity of glioblastomas raises concerns about the representativeness of a single biopsy,
potentially providing an incomplete and biased view of the tumor’s molecular landscape [74].
Furthermore, these methods are also resource-intensive and expensive. It requires sophisticated
laboratory techniques and specialized equipment, contributing to the overall cost of diagnosis and
impeding widespread accessibility.

The motivation for this research stems from the imperative to address these limitations by
leveraging non-invasive methods. Magnetic resonance imaging has evolved as a promising al-
ternative in neuro-oncology, enabling high-resolution visualization of brain structures and abnor-
malities, and allowing for the non-invasive assessment of tumor characteristics [5]. Its ability
to capture dynamic changes over time makes it an ideal tool for monitoring disease progression.
However, the full potential of MRI in glioblastoma diagnosis and prognosis can be further realized
through the integration of machine learning.

Machine learning (ML) techniques offer a means to extract intricate patterns and relationships
from the vast and complex datasets generated by MRI scans. By automating the analysis of radio-
logical images, ML can provide quantitative insights into tumor characteristics, allowing for more
accurate and reproducible assessments. This integration of MRI and ML not only overcomes the
limitations of invasive procedures but also paves the way for a more comprehensive, timely, and
cost-effective approach to understanding the molecular foundations of gliomas.

In recent years, the application of ML methods for characterizing gliomas from medical
imaging has gained significant attention [55]. Leveraging radiogenomic features alongside ML
methodologies has shown considerable success in predicting diagnosis, prognosis, and treatment
responses for glioma patients [17]. Particularly, the correlation between radiomic features and IDH
genotype has been investigated, revealing promising results in non-invasively identifying genetic
mutations [53].

We hypothesized that supervised ML approaches employing various classifiers, including Ran-
dom Forest (RF), Support Vector Machine (SVM), eXtreme Gradient Boosting (XGBoost), Lo-
gistic Regression (LogR), Naive Bayes (NB), and K-Nearest Neighbors (KNN), could effectively
predict IDH mutation status based solely on MRI radiomic features. The primary objective of
this study is to compare the performance of these classifiers using multiple MRI sequences —
namely T1-weighted, T2-weighted, T1-weighted with gadolinium contrast enhancement (T1GD),
and Fluid-Attenuated Inversion Recovery (FLAIR) — to accurately predict IDH mutation status.

By exploring these various classifiers and MRI sequences, we aim to identify the most effective



1.2 Contributions 3

combination for predicting IDH mutations. This approach could enhance the non-invasive diag-
nostic process, offering a reliable and accessible method for understanding the genetic landscape
of glioblastomas. The findings from this study are expected to contribute to the advancement of
neuro-oncology, improving patient outcomes through better diagnostic accuracy and personalized

treatment strategies.

1.2 Contributions

This dissertation introduces contributions aimed at advancing the understanding and predictive

capabilities in the context of IDH mutations in gliomas. The study’s contributions are as follows:

* An in-depth study on the use of Artificial Intelligence (Al) systems to predict IDH mutation
status through MRI analysis.

» Application of Machine Learning methods to explore the correlation between radiomics

features and IDH mutation status.

* Implementation of data augmentation techniques to address data imbalance issues and eval-

uation of their impact on predictive performance.

» Comprehensive assessment to determine the best combinations of features, MRI sequences,

feature selection methods, and classifiers for predicting IDH mutation status.

1.3 Document Structure

This document is structured into seven chapters, each contributing to a comprehensive exploration
of the research. The present chapter introduces the research topic, outlining the significance of
GBM and the importance of predicting IDH mutation status. It also presents the motivation, goals,
and contributions of the study.

Chapter 2 provides a detailed overview of the clinical and technical foundations relevant to
the research. It covers brain anatomy, the characteristics and classification of gliomas, the role of
IDH mutations, and various imaging techniques used in brain tumor diagnosis. Additionally, it
introduces the field of radiogenomics and discusses methods for feature extraction and selection,
as well as data analysis using machine learning. Finally, it discusses the importance of interactive
tools.

Chapter 3 reviews existing literature on the application of machine learning and radiogenomics
in the context of GBM. It compares state-of-the-art techniques for predicting IDH mutation status
and evaluates the strengths and limitations of both traditional machine learning and deep learning
approaches.

Chapter 4 describes the datasets used in this research, detailing their characteristics, the patient

populations, clinical data, image acquisition procedures, and tumor segmentation methods.
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Chapter 5 outlines the research design and procedures used to achieve the study’s objectives.
It details the processes of dataset collection, image preprocessing, feature extraction, and feature
selection. It also describes the machine learning models implemented, the hyperparameter tuning
strategies employed, and the evaluation metrics used to assess model performance. Finally, it
discusses the development and functionality of the interactive tool created for this project.

Chapter 6 presents the results of the machine learning experiments conducted on the datasets.
It includes a performance analysis of the different classifiers across various MRI sequences. The
chapter also discusses the implications of the findings, the limitations of the study, and potential
areas for future research.

Lastly, Chapter 7 summarizes the key findings of the research, highlights the contributions
made to the field of neuro-oncology, and suggests directions for future work. It reflects on the
significance of integrating machine learning with radiogenomic data for non-invasive diagnostics
and personalized treatment planning in GBM.

Each chapter builds upon the previous one, providing a comprehensive and logical progression

from the introduction of the problem to the presentation of the research findings and conclusions.



Chapter 2
Background

This chapter provides a detailed overview of the clinical and technical foundations relevant to
understanding the research’s scope. It begins with a succinct overview of brain anatomy (Sec-
tion 2.1). Following this, it delves into the complexities and clinical significance of gliomas (Sec-
tion 2.2), detailing their classification and characteristics. The chapter then focuses on isocitrate
dehydrogenase mutations (Section 2.3), emphasizing their normal and abnormal functions and
their impact on gliomas. Next, it provides an overview of some of the existing imaging modalities
(Section 2.4) used in this context. Subsequently, the chapter explores the field of radiogenomics
(Section 2.5), discussing conventional and deep radiomics, genomics, and their integration. It
also covers background on data acquisition, preprocessing, feature extraction and selection, the
association of radiomics and genomics features, data analysis using machine learning, and perfor-
mance assessment. Section 2.6 elaborates on Radiomic Features. The chapter concludes with a

discussion on the importance of interactive tools in radiogenomics (Section 2.8).

2.1 Brain Anatomy

The brain is a complex organ serving as the primary control center for a multitude of bodily
functions and processes. It orchestrates the nervous system, processes information, coordinates
actions, and maintains the body’s internal balance, known as homeostasis.

Structurally, the brain is divided into three main parts: the cerebrum, cerebellum, and brain-
stem, as depicted in Figure 2.1. The cerebrum, the brain’s most significant region, consists of
the right and left hemispheres. It is crucial for complex activities, including sensory perception
(touch, vision, and hearing), speech, reasoning, emotions, learning, and the fine control of move-
ment. Below the cerebrum, the cerebellum plays a vital role in coordinating muscle movements,
maintaining posture, and ensuring balance. The brainstem, which connects the cerebrum and
cerebellum to the spinal cord, autonomously regulates essential functions such as breathing, heart
rate, body temperature, sleep-wake cycles, and digestion. It also controls reflexive actions like

sneezing, coughing, vomiting, and swallowing [35].
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Spinal cord

Figure 2.1: Illustration highlighting the primary regions of the brain. From [58].

2.2 Glioma

Brain tumors are commonly seen in clinical settings, highlighting the importance for general med-
ical providers to possess a basic understanding of their diagnosis and treatment. Among the most
common types of brain tumors are intracranial metastases from systemic cancers, meningiomas,
and gliomas, with a particular focus on glioblastoma [57].

Gliomas, a varied group of primary central nervous system (CNS) tumors, arise in the brain
or spinal cord and are identified by cells that resemble glial cells—normal brain cells that support
and protect nerve cells [19]. These tumors are the most prevalent type of malignant primary CNS
tumors in adults, with an annual incidence of about 6 cases per 100,000 globally. Notably, the
incidence is significantly lower in non-Caucasian populations, particularly for glioblastoma [79].
Traditionally, gliomas have been classified based on their histopathological characteristics. How-
ever, advances in cancer genomics have transformed this approach by incorporating molecular
profiles into glioma diagnoses [76]. This shift acknowledges that different genomic signatures
correlate with different clinical outcomes, necessitating tailored treatment strategies and expecta-
tions [12].

The new 2021 World Health Organization (WHO) classification categorizes gliomas into four
groups [12, 56]:

1. Adult-type diffuse gliomas
2. Pediatric-type diffuse low-grade gliomas
3. Pediatric-type diffuse high-grade gliomas

4. Circumscribed astrocytic gliomas
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This updated classification underscores the importance of molecular profiling in accurately
diagnosing and tailoring treatments for gliomas, reflecting the evolving understanding of these

complex tumors.

2.2.1 Classification of Adult-Type Diffuse Gliomas

Adult-type diffuse gliomas, which represent the majority of gliomas, are classified into the follow-

ing categories:
1. Astrocytoma, IDH-mutant (grade 2/3/4)
2. Oligodendroglioma, IDH-mutant (grade 2/3) and 1p/19q-codeleted

3. Glioblastoma, IDH-wildtype (grade 4)

Figure 2.2 provides an overview of this classification system. As depicted, the IDH mutation
status is a critical factor in categorizing adult-type diffuse gliomas in the WHO classification of

brain tumors, emphasizing its growing importance in therapeutic decision-making.

Histology Astrocytoma Oligodendroglioma

1

IDH-mutant

A4
IDH mutation IDH-wildtype
I
v v v v
= WHO grade 4 WHO grade 4
Histologic grade WHO grade 2/3 (microvascular proliferation, WHO grade 2/3 (microvascular proliferation,
necrosis) necrosis)
Molecular 1p/19q ATRX loss
characteristics codeletion +TP53 mutation
A,
CDKNA/E EGFR ampliﬁc'ation
i TERT mutation
Chr +7/-10
| ————
Y + EE 3
igodendroglioma, As oma, Astrocytoma, ! 1 )
5 . Qlieocenciealio Hocytoma trocytens Astrocytoma, Glioblastoma,
Diagnosis IDH-mutant, IDH-mutant, IDH-mutant, IDH-wildtype® IDH-wildtype
1p/19q-codeleted WHO grade 2/3 WHO grade 4 VP P

‘ MGMT promotor methylation

Figure 2.2: The 2021 WHO classification of adult-type diffuse gliomas, highlighting the impor-
tance of IDH mutation status. *IDH-wildtype glioma without high-grade features (WHO grade
2/3) should be investigated further and classified into other categories. From [12].

GBM is classified as a grade 4 IDH-wildtype glioma and is recognized as the most common
and aggressive form of malignant primary brain tumor. It accounts for approximately 57% of
all gliomas and 48% [75] of all primary malignant tumors in the CNS tumors. Despite the recent
progress in employing a combination of treatments such as surgery, radiotherapy, systemic therapy,
and supportive care for glioblastoma, the overall prognosis remains unfavorable, with rare cases

of long-term survival, with a median survival of just one year [75]. This poor prognosis lies in
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the molecular and genomic heterogeneity of GBM, leading to varied treatment responses. Studies
have shown that gliomas with IDH mutations are associated with longer overall survival compared
to their IDH-wildtype counterparts [34, 81, 48].

2.3 Isocitrate dehydrogenase

As discussed in Section 2.2, IDH status holds significant clinical implications, influencing prog-
nostic assessments and dictating treatment strategies. The current section delves into the normal
function of IDH, its abnormal functions when mutated, and the clinical ramifications of these

mutations, particularly in the context of gliomas.

2.3.1 Normal Function of IDH

Isocitrate dehydrogenases are enzymes that play a crucial role in cellular metabolism. , particularly
within the citric acid cycle (Krebs cycle). There are three isoforms of IDH: IDH1, IDH2, and
IDH3 [30].

* IDH1 and IDH2: These isoforms are located in the cytoplasm and mitochondria, respec-
tively. They are involved in producing a molecule vital for cellular defense against oxidative

stress.

e IDH3: This isoform is a mitochondrial enzyme that directly participates in the citric acid

cycle, playing a critical role in energy production.

2.3.2 Abnormal Function of IDH

When IDH1 and IDH2 are mutated, their enzymatic function changes. Instead of producing 2-
oxoglutarate, these mutated enzymes gain the ability to produce 2-hydroxyglutarate, which accu-
mulates in cells. This metabolite has oncogenic properties, contributing to tumor development and
progression. Additionally, 2-hydroxyglutarate can activate certain receptors in the brain, increas-
ing the likelihood of seizures. This explains the higher incidence of seizures in diffuse gliomas
with IDH mutations, such as astrocytomas and oligodendrogliomas [30].

The frequency of IDH mutations in gliomas is significantly lower than that of wild-type IDH,
with approximately 12% of gliomas harboring IDH mutations. Among these, IDH1 mutations are
more common than IDH2 and IDH3 mutations, accounting for about 90% of cases [30]. This im-
balance in the distribution of IDH mutation status in gliomas highlights its importance, impacting

both diagnostic evaluations and therapeutic approaches.
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2.4 Techniques for Brain Tumor Diagnosis

In 1924, the German psychiatrist Hans Berger performed the first human electroencephalography
(EEG) [10]. This pioneering EEG could detect the brain’s electrical waves, which varied as dif-
ferent brain cells interacted. Since then, neuroimaging techniques have advanced significantly and
are now vital tools for neurology and mental health professionals.

Imaging plays a crucial role in the diagnosis, characterization, and treatment planning of
GBMs. Various imaging modalities provide complementary information about the tumor’s anatom-
ical, functional, and molecular characteristics, which are essential for predicting the IDH mutation
status.

The most common brain tumor diagnosis techniques are:

* Computed tomography;
* Magnetic Resonance Imaging;
* Positron Emission Tomography;

* Electroencephalography.

2.4.1 Computed Tomography

Computed tomography (CT) scans can reveal the presence of a tumor and related findings, through
a combination of multiple X-ray images captured from different angles to generate detailed im-
ages of body tissues. However, they may fail to detect small tumors when diagnosing glioblas-
toma. Overlooking a small, low-grade glioma in a screening study might lead to its progression
into glioblastoma. Additionally, CT scans may not capture all multifocal lesions, and diagnos-
ing cerebrospinal fluid spread, especially in its early stages, can be challenging with CT imaging.
Despite these limitations, CT scans offer valuable information on factors such as calcification or

hemorrhage and prove beneficial for patients unable to undergo MRI [54].

Figure 2.3: Normal CT sc an of the brain, illustrating standard anatomical structures without
abnormalities. From [15].
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2.4.2 Magnetic Resonance Imaging

MRI, compared to CT, is significantly more sensitive in detecting tumors and associated findings,
including peritumoral edema. It is the preferred modality for evaluating patients suspected or
confirmed to have glioma, being the imaging modality with the highest degree of confidence [54].
MRI uses a magnetic field and computer-generated radio waves to produce detailed images of the
organs and tissues, avoiding the use of ionizing radiation. Instead, it may require the administration
of a contrast substance known as gadolinium (Gd). Gadolinium-based contrast agents enhance the
visibility of abnormal tissues and blood-brain barrier disruptions. They pose a lower risk of allergic
reactions compared to iodinated contrast materials used in CT scans.

MRI can utilize a variety of sequences to obtain detailed images, each providing different

information about the tissues. Common sequences include [36]:

* T1-weighted imaging (T1) - These sequences produce high-contrast images of tissues with
different water and fat content. In T1-weighted images, fatty tissues are bright, while areas

that contain a lot of water are dark [20].

* T1GD (T1 with Gadolinium Contrast Enhancement) - These sequences uses a gadolinium-
based contrast agent to enhance the visibility of blood-brain barrier disruptions, highlighting

areas with abnormal vascularity.

* T2-Weighted Imaging (T2) - These sequences produce images in which areas with a lot
of water are bright and fatty tissues are dark. They are particularly useful in detecting

pathologies such as edema or tumours [20].

* Fluid Attenuated Inversion Recovery (FLAIR) - This sequence is a special type of T2-
weighted sequence that suppresses the cerebrospinal fluid signals, making it easier to iden-

tify lesions in the brain by providing high contrast between normal and abnormal tissues [20].

* Diffusion-weighted imaging (DWI) - This technique measures the diffusion of water molecules

within tissues, making it particularly effective for detecting early signs of stroke [20].

* Perfusion-weighted imaging (PWI) - Measures the passage of blood through the brain’s
vasculature. It provides information about blood volume, flow, and permeability within
brain tissues, which is crucial for assessing tumor angiogenesis and distinguishing between

high-grade and low-grade gliomas [60].

The characteristics of MRI images are influenced by the magnetic field produced by the scan-
ner and various timing parameters. T1-weighted and T2-weighted scans are the most frequently
used MRI sequences, with FLAIR being the third most common. Figure 2.4 illustrates a compari-
son of these primary imaging sequences.

Each MRI sequence offers unique advantages, allowing radiologists to comprehensively assess
brain pathology and accurately diagnose conditions such as gliomas. The ability to combine these
sequences provides a detailed and multifaceted view of the brain, facilitating precise treatment

planning and monitoring.
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(a) Axial view (b) Sagittal view (¢) Coronal view

(a) T1-weighted (b) T2-weighted (c) Flair

Figure 2.4: The three prominent views of MRI scanning: axial, sagittal, and coronal (top). The
bottom section compares brain MRI slices of T1-weighted, T2-weighted, and FLAIR sequences,
highlighting the differences in tissue contrast. From [68]

2.4.3 Positron Emission Tomography

A Positron Emission Tomography (PET) scan is an imaging technique that provides insights into
the metabolic and functional activities of tissues and organs. PET scans use radioactive tracers,
most commonly fluorodeoxyglucose (FDG), which mimic glucose and accumulate in areas of high
metabolic activity. This is particularly useful in oncology because cancer cells typically exhibit
higher glucose metabolism compared to normal cells [9].

Upon administration, the tracer is taken up by active cells, and the PET scanner detects the
emitted positrons, creating images that reflect metabolic activity. PET scans are particularly valu-
able in glioblastoma for distinguishing between tumor recurrence and radiation necrosis, assessing
treatment response, and guiding biopsy to the most metabolically active tumor region.

Compared to MRI, which excels in providing detailed anatomical images, PET is superior for
evaluating functional and metabolic aspects. This distinction makes PET an excellent complemen-

tary tool to MRI, especially in the comprehensive assessment of glioblastomas.
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Figure 2.5: MRI brain scan (left), PET brain scan from a ‘“healthy” patient (middle). Addapted
from [9].

2.4.4 Electroencephalography

EEG is a non-invasive technique that records electrical activity of the brain through electrodes
placed on the scalp [9]. The signals recorded reflect the synchronous activity of large groups of
neurons, primarily in the cerebral cortex. These signals are captured by electrodes and amplified
to produce waveforms that represent various states of brain activity, such as wakefulness, sleep, or
pathological conditions. While it is traditionally used to diagnose and monitor neurological con-
ditions such as epilepsy, EEG also provides valuable information in the context of glioblastomas.

For example, EEG is essential in seizure detection, which is a common symptom in GBM patients.

2.4.5 Summary

Neuroimaging techniques have evolved significantly since Hans Berger’s pioneering work with
EEG in 1924. These advancements have made imaging an indispensable tool in the diagnosis,
characterization, and treatment planning of gliomas. Each technique offers unique and comple-

mentary insights into the anatomical, functional, and molecular characteristics of brain tumors.

* Computed Tomography Provides valuable information on calcification and hemorrhage,

and serves as a useful alternative for patients unable to undergo MRI.

* Magnetic Resonance Imaging Offers superior sensitivity and specificity in detecting tu-

mors and associated abnormalities, making it the preferred modality for GBM evaluation.

* Positron Emission Tomography Excels in evaluating the metabolic and functional aspects
of tissues, particularly valuable for distinguishing tumor recurrence from radiation necrosis

and guiding biopsies.

* Electroencephalography Non-invasively monitors the brain’s electrical activity, essential

for seizure detection and functional assessment in GBM patients.

By integrating these diverse techniques, clinicians can achieve a comprehensive understand-

ing of glioma characteristics, leading to more accurate diagnoses, better treatment planning, and
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improved patient outcomes. The ongoing development of advanced imaging techniques continues
to enhance our ability to non-invasively assess molecular and functional properties of gliomas,

paving the way for personalized and effective therapeutic strategies.

2.5 Radiogenomics

Radiogenomics, an interdisciplinary field combining "Radiomics" and "Genomics" with the power
of Artificial Intelligence, has emerged as a state-of-the-art science in precision medicine, partic-
ularly in oncology care. This innovative methodology establishes statistical correlations between
the radiomic features of tumors and their underlying genetic composition. This correlation of an
imaging phenotype with a specific genotype through radiogenomics presents a potential solution

to the challenges associated with traditional biopsy sampling.

2.5.1 Conventional and Deep Radiomics

Radiomics methods are vital for the objective and reproducible identification and quantification of
complex data patterns that are imperceptible to the human eye. These methods complement and
support clinical decision-making, aiding in determining the most effective treatment options for
glioma patients [7].

Radiomics technology is increasingly recognized in cancer research for its contribution to per-
sonalized treatment strategies, although it can be applied to medical imaging for various diseases.
It has been effectively used across different anatomical regions in cancer imaging using multiple
modalities, including MRI, CT, and PET scans. Traditional radiomics models primarily depend
on manually crafted features extracted from radiological images [3]. These features encompass a
broad spectrum, including texture, geometric, intensity, shape, histogram, morphological, among
others [68].

In contrast, Deep Radiomics employs deep learning techniques to automatically learn and
extract relevant features from images. This approach can identify more complex patterns and
interactions within the data, making it less reliant on manual feature selection. Consequently, deep
radiomics can adapt more effectively to various imaging modalities and clinical scenarios [3].

Figure 2.6 illustrates the differing methodologies of traditional radiomics and deep learning

approaches in extracting phenotypic information from medical images.

2.5.2 Genomics

Genomics focuses on the analysis of an organism’s complete set of DNA, including all of its
genes. In the context of oncology, genomics aims to identify genetic mutations and alterations
that drive cancer progression and influence response to treatments. Techniques such as whole-
genome sequencing and targeted gene panels are used to uncover the genetic landscape of tumors,

providing insights into their behavior and potential therapeutic targets [3].
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Figure 2.6: Comparison between traditional and deep radiomics: Traditional radiomics involves
multiple steps such as ROI detection, feature extraction, selection, and analysis, whereas deep
radiomics consolidates all these steps into a single process. From [3]

2.5.3 Integration into Radiogenomics

The integration of radiomics and genomics into radiogenomics creates a powerful tool for pre-
cision medicine. Radiogenomics enables the non-invasive prediction of specific genetic muta-
tions and chromosomal alterations through imaging features, effectively creating "virtual biopsy"
maps [56]. These maps offer in vivo markers that reflect the spatial and molecular heterogeneity
of tumors, allowing for more precise patient stratification and personalized treatment planning.
Furthermore, radiogenomics facilitates "real-time" monitoring of treatment efficacy, which is vital
for optimizing therapeutic outcomes in personalized medicine [22].

The radiogenomics process typically involves workflow encompassing six distinct stages, as
outlined in Figure 2.7 [68]:

1. Acquisition of Radiological Images: The initial step involves obtaining high-quality radi-

ological images.

2. Preprocessing Steps: The images are then preprocessed to enhance their quality and suit-

ability for analysis.

3. Feature Extraction: Relevant radiomic features are extracted from the preprocessed im-

ages.

4. Feature Selection / Dimensionality Reduction: Techniques are applied to reduce the di-

mensionality of the extracted features, making the data more manageable and interpretable.
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5. Association of Radiomics and Genomics Features: Radiomic features are correlated with

genomic data to derive meaningful insights into the genetic characteristics of tumors.

6. Data Analysis: The final step involves analyzing the data to identify significant correlations

and derive actionable insights.

This analysis offers valuable insights into the genetic composition of tumors, without the need

for invasive biopsy procedures, paving the way for more precise and personalized oncology care.
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Figure 2.7: Radiogenomics pipeline, illustrating the steps from data acquisition and preprocessing,
through feature extraction and selection, to the association of radiomics and genomics, culminating
in data analysis to identify different outcomes. From [68].

2.5.4 Data acquisition

Data acquisition is the foundational stage in the radiogenomics workflow, involving the collection
of high-quality radiological images. This stage is important to ensure the reliability of subsequent
analyses. It can be conducted through diverse modalities like CT scans, MRI, PET, among others,
that must be selected based on the clinical objectives and the specific characteristics of the tumor
under investigation. Each modality provides distinct insights into the tumor’s morphology and

functional attributes, as discussed in Section 2.4.
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2.5.5 Preprocessing

Preprocessing is the second critical stage in the radiogenomics workflow. This stage involves
preparing the acquired radiological images for subsequent analysis by enhancing their quality and
standardizing their format. Key components of this stage include noise reduction, normalization,
and segmentation, all of which are essential for accurate feature extraction and analysis. Specif-
ically, for radiomics data derived from cancerous images, addressing issues like class imbalance,

data augmentation, randomization, and standardization is crucial [47].

* Noise Reduction: Reducing noise in the images improves clarity and ensure that subtle
features are not obscured. Techniques such as filtering and smoothing can be applied to
remove random variations in the image data that are not related to the tumor or surrounding

tissue.

* Normalization: Normalizing the images involves adjusting them to a common scale or
reference, which helps in comparing images across different patients or imaging sessions.
This step is essential for ensuring that variations in image intensity are due to biological

differences rather than technical inconsistencies.

* Segmentation: Segmentation is the process of delineating regions of interest (ROI) within
the images. This step is crucial for isolating the tumor and relevant anatomical structures
from the surrounding tissues. This can be achieved using various procedures, including

manual, semi-automated, or fully automated methods [5].

— Manual Segmentation: Involves a radiologist or trained expert manually outlining
the ROI. This method is highly accurate but can be time-consuming and subject to

inter-observer variability.

— Fully Automated Segmentation: Utilizes algorithms and Al techniques to automat-
ically delineate the ROI. This method is faster and can reduce variability, though it

requires validation against manual segmentation to ensure accuracy.

— Semi-Automated Segmentation: Combine manual and automated methods to lever-
age the strengths of both.

Currently, manual segmentations are acknowledged as the benchmark for radiomic analysis
due to their ability to ensure precision [5]. However, the field has seen the emergence
of various automated segmentation approaches, particularly those leveraging deep learning
(DL). Moreover, semi-automatic algorithms are gaining attention as viable alternatives in

the quest for automated segmentation methodologies [5].
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2.5.6 Feature Extraction

Feature extraction in radiomics involves obtaining quantitative data from medical images that can
be utilized for various analytical purposes, including lesion detection and classification. This pro-
cess can involve hand-crafted features, leading to a conventional radiomics approach, or features
extracted through advanced deep learning techniques.

Radiomic features can be categorized into several types, such as statistical, geometric, and
textural attributes. These features provide detailed information about the tumor’s shape, intensity,
and texture, which can be crucial for accurate diagnosis and treatment planning.

In radiogenomics, feature extraction extends to include genomic data. This involves identify-
ing various genomic markers or genotypic features, such as MGMT, IDH, and EGFR [5], which
correspond to the radiomic features of the patient. Integrating radiomic and genomic data allows
for the mapping of phenotype and genotype information, enabling comprehensive analysis and

deeper insights into disease mechanisms.

2.5.7 Feature Selection / Dimensionality Reduction

After extracting all relevant features, it is essential to perform feature selection to pinpoint the most
pertinent ones for subsequent analysis. This step is vital for reducing the dataset’s dimensionality
and enhancing the efficiency and performance of machine learning models. The following is a
comparison between Feature Selection and Dimensionality Reduction, as well as a comparison
between different techniques.

Both feature selection and dimensionality reduction are key techniques in data processing
and machine learning, particularly with high-dimensional datasets such as radiogenomic features.
However, they have different objectives and methods. Feature selection focuses on identifying
a subset of the most relevant features from the original dataset, thereby removing those that are
redundant or irrelevant. On the other hand, dimensionality reduction involves transforming the
original features into a new set of variables, usually of lower dimensions, while retaining as much
essential information as possible. While feature selection retains the original features, dimension-
ality reduction creates new features, making it a powerful choice when the goal is to reduce data
complexity [28].

The role of feature selection and dimensionality reduction in machine learning is:

1. To improve model performance: Reducing the number of features can lead to more effi-
cient and effective learning processes. It simplifies the model, reduces overfitting, and often

results in better generalization on unseen data.

2. To improve Computational Efficiency: Fewer features mean less computational resources
are required for processing. This is particularly important in applications involving large

datasets.

3. To improve interpretability: A model with fewer, more meaningful features is easier to

interpret and understand, which is crucial in domains like medical imaging and genomics.
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2.5.7.1 Feature Selection

Feature selection methods can be categorized into three types: filter methods, wrapper methods,
and embedded methods.

1. Filter Methods:

Filter methods evaluate the relevance of features by examining their intrinsic properties,

independent of the learning algorithm. Some examples include:

* Pairwise Correlation: Measures the linear relationship between each feature and the
target variable or between pairs of features. Highly correlated features can be redun-

dant, so one of them can be removed [28].

* Chi-Square Test (X?): Assesses the independence between categorical features and
the target variable. It compares the observed values from different attributes of the

dataset to its expected value [28].

2 Z (Observed value — Expected value)? .1
Expected value

* Mean Absolute Difference (MAD): Measures the average absolute difference be-

tween all pairs of feature values. This metric helps identify features with high vari-

ability, which are likely to be more informative [28].

e Mutual Information: Measures the amount of information that a feature provides
about the target variable. The higher the mutual information between a feature and the
target variable, the more informative the feature is, and the more relevant it is to the

predictive model [72].

2. Wrapper Methods:

Wrapper methods evaluate subsets of features based on their performance with a specific
learning algorithm. Based on the results obtained from training before the model, the addi-
tion and removal of features occur. Unlike filter methods, these consider feature interactions

and are often more accurate. Some examples include:

* Recursive Feature Elimination: Iteratively removes the least important features based
on model performance. Initially, the estimator is trained on the complete set of fea-
tures, and the importance of each feature is assessed using a specific attribute or func-
tion. The least important features are then removed from the current set. This process
is recursively repeated on the reduced set of features until the desired number of fea-

tures is reached [71].
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* Forward Selection: Starts with an empty set of features and adds features one by one
based on their contribution to the model’s performance. The stopping criterion is until

adding a new variable does not improve the model’s performance [28].

* Boruta: Boruta is a feature selection algorithm that does not require a subjective
threshold. It first creates shadow features, which are randomly shuffled versions of
each original feature. Then, it computes the importance of each shadow feature, and
the highest score among these becomes the threshold. Finally, if the importance of the
original feature is higher than this threshold, the feature is retained; otherwise, it is
discarded [2].

3. Embedded Methods:

Embedded methods perform feature selection as part of the model training process. Em-
bedded methods encounter the drawbacks of filter and wrapper methods and merge their

advantages. Some examples include:

* Lasso Regression (L1 Regularization): Adds a penalty term to the regression model
that shrinks the coefficients of less important features to zero. The features having zero

coefficient can be removed from the dataset [28].

* Tree-Based Methods: Decision trees, Random Forests and Gradient Boosting natu-
rally perform feature selection by selecting the most informative features for splitting
nodes [28].

2.5.7.2 Dimensionality Reduction

Dimensionality reduction can be accomplished using a variety of techniques, including [66]:

 Principal Component Analysis (PCA): PCA is a statistical technique used for dimension-
ality reduction that transforms original features into a new set of linearly uncorrelated com-
ponents called principal components. These components are chosen based on their ability
to explain the variance in the data. The first principal component explains the most variance

in the data, and each successive component explains less.

PCA begins by computing the covariance matrix of the data to understand how variables
relate. Eigenvalues and eigenvectors are then calculated from this matrix, where eigenvec-
tors indicate directions of maximum variance and eigenvalues measure the magnitude of
variance in these directions. The data is projected onto these eigenvectors, transforming it

into a new coordinate system defined by the principal components [49].

By selecting the top principal components, PCA reduces dimensionality while retaining

most of the data’s variance. This orthogonal transformation ensures no redundancy in the
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feature space.

« t-Distributed Stochastic Neighbor Embedding (t-SNE) [67]: t-SNE is a non-linear di-
mensionality reduction technique primarily utilized for data visualization. It begins by eval-
uating the similarity between each pair of data points in the high-dimensional space. The
technique then aims to map these similarities to a lower-dimensional space, striving to pre-
serve the relationships between the points as accurately as possible. Through an iterative
process, t-SNE adjusts the positions of the points in the reduced space to closely match the
similarities found in the original high-dimensional space. Finally, the points are plotted in
the lower-dimensional space, often resulting in a graph that makes patterns and structures
within the data easier to recognize and analyze. Table 2.1 and Figure 2.8 highlight the dis-
tinctions between PCA and t-SNE.

PCA TSNE

Figure 2.8: Comparison of PCA and t-SNE. Adapted from [64]
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Table 2.1: Comparison of PCA and t-SNE - techniques for dimensionality reduction. Adapted

from [27].

PCA

t-SNE

Linear Dimensionality reduction
technique.

Preserve the global structure of the data.

It does not involve Hyperparameters.

Highly affected by outliers.
Deterministic algorithm.

It works by rotating the vectors for
preserving variance.

Computationally less expensive.
It can be used for visualization of
high-dimensional data in a

low-dimensional space.

Suitable for linearly separable datasets.

It can be used for feature extraction

Non-linear Dimensionality reduction
technique.

Preserve the local structure(cluster) of
data.

It involves Hyperparameters such as
perplexity, learning rate and number of
steps.

Can handle outliers.

Non-deterministic or randomised
algorithm.

It works by minimising the distance
between the point in a Gaussian.

Can be computationally expensive,
especially for high-dimensional datasets.

It is specifically designed for visualization
and is known to perform better in this
regard.

More suitable for non-linearly separable
datasets.

It is mainly used for visualization and
exploratory data analysis.

* Linear Discriminant Analysis (LDA): LDA is a supervised dimensionality reduction tech-

nique that aims to maximize the separability between different classes. It projects the

data onto a lower-dimensional space by maximizing the ratio of between-class variance

to within-class variance.
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Table 2.2 sums up the differences between Feature Selection and Dimensionality Reduction.

Table 2.2: Difference between Feature Selection and Dimensionality Reduction. Adapted
from [66].
Feature Selection Dimensionality Reduction
Selecting a subset of the most . Redu_cmg' the number Of.
o dimensions in a dataset while
Definition relevant features from the . . .
retaining as much information
dataset .
as possible
. Filter methods, wrapper
Techniques methods, embedded methods PCA, t-SNE, LDA, etc.
Identify the most relevant and Improve performance and
Goal important features for interpretability of a machine

Impact on data

Impact on model

predicting the target variable

Keeps a subset of the original
features

Can improve performance and

interpretability by reducing the

number of features and risk of
overfitting

learning model

Transforms the data into a
lower-dimensional space

Can improve performance and
interpretability by reducing
complexity and risk of
overfitting

2.5.8 Association of Radiomics and Genomics Features

During this phase, radiomics and genomics features from cancer patients are integrated to gain in-
sights into the tissue-level characterization of regions. This combination enables the differentiation
of cancerous and non-cancerous regions using radiomics features and facilitates the identification

of specific gene mutations.

2.5.9 Performance Assessment:

Performance assessment is a required step to evaluate the effectiveness of machine learning mod-
els. In radiogenomics, employing robust evaluation metrics is crucial to ensure that the models
deliver reliable predictions.

This stage serves as a crucial decision support system, impacting a wide range of clinical
outcomes. These outcomes include tumor grading, predicting patient survival, imaging biomarker
generation, aiding in clinical decision-making, facilitating precision medicine, conducting risk

stratification, and formulating personalized treatment plans for cancer patients [68].
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Key perfomance metrics include:

1. Accuracy: The ratio of correctly predicted instances to the total instances.

TP+TN
TP+TN-+FP+FN’

(2.2)

Accuracy =

where TP denotes True Positives, TN denotes True Negatives, F'P denotes False Positives,

and FN denotes False Negatives.

2. Precision: The ratio of correctly predicted positive instances to the total predicted positive

instances. Precision is useful when the cost of false positives is high.

TP
Precision = ——— (2.3)
TP+ FP

3. Recall (Sensitivity): The ratio of correctly predicted positive instances to the total actual

positive instances. Recall is important when the cost of false negatives is high.

TP
Recall = ———— 2.4)
TP+ FN

4. Specificity: The ratio of correctly predicted negative instances to the total actual negative

instances. Specificity is important when the cost of false positives is high.

TN
Specificity = ——— 2.5
pecificity TN+ FP (2.5)
5. Balanced Accuracy: Adjusts for imbalanced datasets by averaging the true positive rate

(sensitivity) and the true negative rate (specificity).

1 TP TN
Balanced Accuracy = 3 (TP—I—FN + TN+FP> (2.6)

6. F1 Score: The harmonic mean of precision and recall. F1 Score is a balanced metric that is

useful when both precision and recall are important.

Precisi Recall
F1Score =2 x rec'zs.zon *ecd 2.7)
Precision + Recall

7. Area Under the Receiver Operating Characteristic Curve (AUC-ROC): AUC-ROC rep-
resents the likelihood that the model will rank a randomly chosen positive instance higher
than a randomly chosen negative instance. AUC-ROC is useful for evaluating the perfor-

mance of classification models, particularly when dealing with imbalanced datasets.
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2.6 Radiomic Features

In radiogenomics, feature extraction involves the use of algorithms to capture tumor heterogene-
ity from local pixel or voxel neighborhoods. However, the widespread adoption of radiomics in
clinical practice has been hindered by several factors. These include the lack of standardized
methods for defining and calculating radiomic features, inconsistent terminology, and the limited
reproducibility of radiomic studies [6].

To address these issues, the Image Biomarker Standardization Initiative (IBSI) has published
a detailed reference manual [83]. This manual provides standardized definitions for 174 radiomic
features, an image processing framework for radiomics, and guidelines for reporting. The in-
creased awareness of the need for standardization has led several radiomic tools to conform to the
IBSI guidelines, improving the consistency and reliability of radiomic studies.

IBSI grouped the radiomic features into 11 classes, which can be categorized into three major

categories: [6, 42]:

1. Statistical / Histogram features

(a) Local Intensity (2 features)
(b) Intensity-based Statistic (18 features)
(c) Intensity Histogram (23 features)

(d) Intensity-volume Histogram (7 features)
2. Texture features

(a) Gray-Level Co-occurrence Matrix (GLCM) (25 features)

(b) Gray-Level Run Length Matrix (GLRLM) (16 features)

(c) Gray-Level Size Zone Matrix (GLSZM) (16 features)

(d) Gray-Level Distance Zone Matrix (GLDZM) (16 features)

(e) Gray-Level Dependence Matrix (GLDM) (17 features)

(f) Neighborhood Gray Tone Difference Matrix (NGTDM) (5 features)

3. Morphology (shape) features

(a) Morphology features (29 features)

2.6.1 Statistical / Histogram Features

These features provide a quantitative measure on the distribution of voxel intensities within the
tumor region, offering information about the tumor’s overall intensity characteristics. They can be

classified into four different components [42]:
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. Local Intensity: Measures the intensity of pixels or voxels in a localized neighborhood.

Intensity-based Statistic: Describes statistical properties of the intensity values, such as

mean, variance, skewness, and kurtosis.

Intensity Histogram: Captures the frequency distribution of intensity values, providing a

summary of the intensity range and its distribution within the tumor.

Intensity-volume Histogram: Combines intensity and spatial information to describe the

relationship between intensity values and the volume of the tumor.

2.6.2 Texture Features

Textural features capture the spatial arrangement and intensity variations within the tumor, cap-

turing patterns that can reflect the complexity and heterogeneity of the tumor microenvironment.

They can be classified into six different components [42]:

1.

Gray-Level Co-occurrence Matrix: GLCM is a statistical technique used to analyze the
texture of an image by evaluating the spatial relationships between voxels. It measures the
frequency of specific voxel pairs with particular gray levels occurring at a defined distance
and angle. The commonly extracted features from GLCM, such as contrast, correlation,
energy, and homogeneity, offer valuable information about the texture patterns and structure

of the image.

Gray Level Run Length Matrix: GLRLM is another texture analysis method that mea-
sures the length of consecutive runs of voxels having the same gray level in a specified
direction. It captures the texture in terms of the distribution of runs, offering features such
as short-run emphasis, long-run emphasis, gray level non-uniformity, and run length nonuni-

formity. These features help in identifying the texture’s granularity and pattern continuity.

. Gray Level Size Zone Matrix: GLSZM extends texture analysis by examining the size

of homogeneous zones of gray levels within an image. A zone is defined as a group of
connected voxels that share the same gray level. The GLSZM quantifies the number and size
of these zones, providing features like zone size non-uniformity, large zone emphasis, and
gray level non-uniformity. This method is useful for characterizing the spatial distribution

and the texture’s uniformity.

. Gray-Level Distance Zone Matrix: GLDZM analyzes the distance between homogeneous

zones of the same intensity, offering insights into the spatial distribution of texture patterns.

. Gray Level Dependence Matrix: GLDM measures the degree of dependence of a voxel on

its neighbors, considering different levels of dependencies. It defines the number of voxels
within a certain neighborhood that have a specific gray level. Features derived from the
GLDM include dependence non-uniformity, dependence entropy, and dependence variance,

which are useful for characterizing the texture’s complexity and homogeneity.
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6. Neighbouring Gray Tone Difference Matrix: NGTDM assesses texture by evaluating the
difference between a voxel’s gray level and the average gray level of its neighbors within a
defined distance. It captures local texture information, such as coarseness, contrast, busy-
ness, complexity, and strength. NGTDM features are effective in differentiating textures

based on their local intensity variations and edge sharpness.

2.6.3 Morphological features

Morphological features refer to characteristics related to the irregularities and aggressive infiltra-
tion of the tumor, leading to changes in the surface and shape within the tumor and peritumoral

regions. These features can be broadly classified into local and global components [5].

* Local Features focus on specific aspects of the tumor’s geometry:

— Curvature: Differentiates flat areas from highly curved ones.

— Sharpness: Measures the sharpness of curvature, with highly curved masses exhibit-

ing sharper curvatures.

— Shape Index: Characterizes the shape topology of the tumor, distinguishing various

geometric shapes.
* Global Features provide an overview of the tumor’s overall structure:

— Primary Axes: Represents the ratio between the major and minor axes of the region

of interest, providing a broad view of the tumor’s shape.

In essence, morphological features aim to capture the nuanced geometric attributes of a tumor,

offering valuable insights into its morphological characteristics.

2.6.4 Software Tools for Radiomic Features Extraction

Various software tools and platforms have been developed to facilitate automated feature extrac-
tion in the field of radiogenomics. These tools streamline the process of deriving meaningful
features from medical images, ensuring consistency, accuracy, and efficiency. Some of the most
widely used and publicly available software tools include Pyradiomics [77, 25], the Medical Imag-
ing Interaction Toolkit (MITK) [32], LIFEx [61], the Standardized Environment for Radiomics
Analysis (SERA) [26], and Cancer Imaging Phenomics Toolkit (CaPTk) [23], all available in Win-
dows, Linux, and MacOS. Table 2.3 summarizes these radiomics software programs, highlighting

their programming languages, supported data formats, and significant dependent libraries.



2.6 Radiomic Features 27

Table 2.3: Most widely used and publicly available software tools for radiomic features extraction.

Language Data Format Significant Dependent Library
Pyradiomics Python DICOM, NIfTI, NRRD  SimpleITK
MITK C++ DICOM Insight Toolkit (ITK), Visualization
Toolkit (VTK)
LIFEx Java DICOM, NIfTI, png, jpg None
SERA MATLAB DICOM None
CaPTk C++ DICOM, NIfTI OpenCV, ITK, VTK

DICOM = Digital Imaging and Communications in Medicine, NIfTT = Neuroimaging Informatics Technology
Initiative, NRRD = Nearly Raw Raster Data.

Table 2.4 provides a detailed breakdown of the number of features within each category as

defined by the IBSI standards, illustrating the coverage and focus areas of different tools.

Table 2.4: Distribution of IBSI-standardized features across various radiomic tools, including
Pyradiomics, MITK, LIFEx, SERA and CaPTk. The table details the number of features in each
category, illustrating the coverage and focus areas of different tools. Adapted from [50].

Pyradiomics MITK LIFEx SERA CaPTk
Morphological features 14 20 2 25 3
Local intensity features 0 2 0 2 0
Intensity-based statistical features 15 18 5 18 15
Intensity histogram features 2 21 2 19 17
Intensity-volume histogram features 0 7 0 7 0
GLCM 24 25 6 25 6
GLRLM 16 16 11 16 4
GLSZM 16 16 11 16 16
GLDZM 0 0 0 16 0
GLDM 14 16 0 16 16
NGTDM 5 5 3 5 5

Each of these tools has its strengths and is suited to different aspects of radiomics research.
The choice of tool often depends on the specific requirements of the study, including the type of

imaging data, the desired features, and the level of customization needed.
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2.7 Machine Learning Algorithms

In the field of machine learning, classification algorithms are essential tools for predicting out-
comes based on data. This section explores several popular classification algorithms. The algo-
rithms covered include Support Vector Machine, Random Forest, XGBoost, Logistic Regression,
K-Nearest Neighbors, and Naive Bayes. Each algorithm has unique characteristics and is suited to
different types of data and classification tasks, making them valuable for medical image analysis

and the prediction of disease-related mutations.

2.7.1 Support Vector Machine

SVM is a supervised learning algorithm used for classification and regression tasks. It works
by finding the hyperplane that best separates the data into different classes. The main idea is to
maximize the margin between the hyperplane and the nearest data points from each class, known
as support vectors. SVM is effective in high-dimensional spaces and is versatile with the use of
different kernel functions to handle non-linear data [41].

Linear SVMs are suitable for linearly separable data, meaning no transformations are needed
to distinguish between classes. The decision boundary is represented as wx+ b = 0, where w is the
weight vector, x is the input vector, and b is the bias term. There are two approaches for calculating

the margin:

» Hard-Margin Classification: This approach is used when the data is perfectly linearly sep-
arable. It aims to find the hyperplane that separates the classes without any misclassification.
The margin is maximized as y = 7, where ||w|| is the Euclidean norm of the weight vector
and a is the margin projected onto w. Figure 2.9 illustrates this method, with hyperplane
L2 being selected because it maximizes the distance to the nearest data point on either side

(hard margin). However, this method is very sensitive to outliers and noise.

X2

|
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Figure 2.9: Multiple hyperplanes separate the data from two classes. From [63]
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* Soft-Margin Classification: This approach allows for some misclassifications to handle
cases where the data is not perfectly separable. The optimization problem becomes a trade-
off between maximizing the margin and minimizing the classification error. The hyper-
parameter C controls this trade-off, where a larger C puts more emphasis on minimizing
misclassification errors, and a smaller C allows for a wider margin with more tolerance for

misclassifications.

Nonlinear SVMs handle data that is not linearly separable by transforming it into a higher-
dimensional feature space using preprocessing methods. This can increase complexity and risk of
overfitting, but the "kernel trick" mitigates this by replacing dot product calculations with kernel
functions. For example, if our data resembles the data shown in Figure 2.10 (Left), the solution
involves creating a new variable using a kernel. This consists in selecting a point x; on the line
and generating a new variable y; as a function of its distance from the origin, resulting in the

representation shown on the right of the figure [41].

o (50°

Origin{o) ‘

Figure 2.10: Nonlinear SVM. Left: Original 1D dataset for classification. Right: Mapping 1D
data to 2D to become able to separate the two classes. From [63]

Popular kernels include:

* Polynomial Kernel - represents the similarity of vectors in a feature space over polynomials
of the original variables, allowing the classifier to fit a wide range of complex decision

boundaries.

» Radial Basis Function (RBF) Kernel - It can map the input space into a higher-dimensional

space, effectively handling non-linear relationships.

* Sigmoid Kernel - This kernel is similar to the activation function of a two-layer perceptron
neural network. It can map the input space into an infinite-dimensional space, allowing it to
handle non-linear relationships. It is particularly useful in situations where the relationship
between features can be captured by a function resembling the sigmoid activation in neural
networks. However, it is not as widely used as the RBF kernel due to its sensitivity to the

choice of parameters and potential issues with convergence.

SVM offer several advantages and disadvantages. Table 2.5 summarizes these key points.



Background

Table 2.5: Advantages and Disadvantages of Support Vector Machines

Advantages

Disadvantages

Powerful in cases where the number of
dimensions exceeds the number of samples

With appropriate kernel and parameters,
SVM can be quite robust to overfitting

Only support vectors are used to define the
decision boundary, making SVM memory
efficient

The concept of margin maximization
provides a clear and interpretable measure of
the confidence of classification

2.7.2 Random Forest Classifier

Computationally expensive, especially with
large datasets

Tuning hyperparameters can be challenging
and time-consuming

The performance of SVMs can degrade with
very large datasets, making them less
scalable

SVMs can be sensitive to noise and
overlapping classes, especially in the case of
soft-margin

Random Forest is an ensemble learning method that constructs multiple decision trees and com-
bines their outputs to enhance accuracy and mitigate overfitting. "Ensemble" refers to the practice
of integrating multiple models, so instead of relying on a single model, a collection of models is
utilized to make predictions [40]. There are two primary types of ensemble methods: Bagging and
Boosting, as illustrated in Figure 2.11. Random Forest Classifier works on the Bagging principle,
where multiple subsets of the training data are created with replacement, and individual models
are trained on these subsets.

Bagging

@—*“'ﬁ%"—* ¢ ®
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Parallel
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@a‘ﬁ%"/

[

Sequential
Figure 2.11: Ensemble types of methods. From [63].
Each tree in the Random Forest is constructed from a bootstrap sample of the data, which

means a random sample of the training data with replacement. This approach ensures that some

data points may be used multiple times, while others may be left out. The randomness in data
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sampling helps create trees that are less correlated with each other, enhancing the overall model

performance and robustness. Figure 2.12 illustrates the pipeline of a random forest classifier.

Training Data
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Model
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Trees
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A

~ Prediction output
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Figure 2.12: Random Forest Algorithm in Machine Learning. From [29]

At each split in a tree, only a random subset of features is considered for splitting. This
method introduces diversity among the trees and reduces the likelihood of overfitting. The final
output is determined by aggregating the results from all the trees through a majority voting process
in classification tasks. The outcome that is most frequently predicted by the individual trees is
selected as the final prediction in classification.

Random Forest also employs an out-of-bag (OOB) error estimation, where approximately one-
third of the training sample, known as the OOB sample, is not used in the training of a particular
tree. This OOB sample is used for cross-validation, providing an unbiased estimate of the model’s

performance without the need for a separate validation set.

Difference between Decision Tree and Random Forest

Although a Random Forest is a collection of decision trees, there are significant differences in

their behavior. Table 2.6 provides a comparison between the two methods.
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Table 2.6: Difference between Decision Tree and Random Forest

Aspect

Decision Trees

Random Forest

Basic Structure

Overfitting
Tendency

Variance

Bias

Interpretability
Computational
Cost

Robustness to
Noise

Feature
Importance

Handling of
Imbalance

Decision
Boundaries

Single tree structure

Prone to overfitting, especially
with deep trees

High variance in predictions

Low bias, can capture complex
details

Easy to visualize and
understand

Lower; faster to train and
predict
Sensitive to noise
Clear indication of feature
importance

Can struggle with imbalanced
datasets

Highly irregular decision
boundaries

Ensemble of multiple trees

Less prone to overfitting due to
averaging

Lower variance due to averaging

Slightly higher bias due to
simpler aggregated models

Less interpretable, complex to
visualize
Higher; requires more resources
More robust to noise due to
ensemble approach

Aggregated feature importance,
more reliable

More effective with imbalanced
datasets

Smoother decision boundaries

Random Forest offer several advantages and disadvantages. Table 2.7 summarizes these key

points.

Table 2.7: Advantages and Disadvantages of Random Forest Classifier

Advantages

Disadvantages

Handles missing data naturally by using

surrogate splits

Provides estimates of feature importance,

aiding in model understanding

Training multiple trees can be parallelized,

scalable to large datasets

Training can be computationally intensive

and memory-demanding

Requires more resources, especially with a

large number of trees and features

Making predictions can be slower compared

to simpler models
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2.7.3 XGBoost (eXtreme Gradient Boosting)

XGBoost is a scalable, high-performance gradient boosting algorithm used for classification and
regression tasks. It builds an ensemble of decision trees in a sequential manner, where each tree at-
tempts to correct the errors of the previous ones. XGBoost incorporates regularization techniques,
such as L1 and L2, to control overfitting and optimize performance [24].

XGBoost is then based on the concept of boosting, in contrast to Random Forest, which relies
on bagging. While Random Forest combines the predictions of multiple base learners to produce
a strong learner, XGBoost iteratively adds new trees that address the errors made by the existing

ensemble, refining the overall predictive accuracy [78].

Comparison with Random Forest

Although both XGBoost and Random Forest are ensemble methods, they have distinct differences
in their approach and application. Table 2.8 highlights key differences between these two algo-

rithms:
Table 2.8: Differences between XGBoost and Random Forest. Adapted from [78]
Feature XGBoost Random Forest
Description Improves mistakes from previous trees Builds trees independently
Algorithm Type Boosting Bagging
Handling of Weak . Combines predictions of
Corrects errors sequentially . .
Learners independently built trees
Gre Uses L1 and L2 regularization to Usually doesn’t employ
Regularization . - .
prevent overfitting regularization techniques
Often performs better on structured Simpler and less prone to
Performance . .
data but needs more tuning overfitting

2.7.4 Logistic Regression

Logistic Regression is a statistical model used for binary classification tasks. It estimates the
probability that a given input belongs to a particular class using the logistic function, also known
as the sigmoid function. This function maps any real-valued number to a value between 0 and 1,
producing an S-shaped curve [38]. To make a binary decision, such as determining whether an
IDH mutation is positive or negative, the model compares the estimated probability to a predefined
threshold. If the probability is higher than the threshold, the model predicts that the instance
belongs to the class. If the probability is lower, the model predicts that the instance does not

belong to the class.
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Logistic Regression estimates the parameters of the logistic function to best fit the data. The

logistic function, is defined as [70]:

1

p(x) = 1 + e—(Bo+Bix) (2.8)

with B; representing the weight vector, x the input feature vector, and f the bias term. Fig-

ure 2.13 represents the logistic function.
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Figure 2.13: Logistic Regression. From [44]

The goal of logistic regression is to find the optimal weights 3; and bias 3y that maximize the
likelihood of the observed data. This is typically done by minimizing the negative log-likelihood,

also known as the binary cross-entropy loss [70]:

L(B1.fo) =~y Y. bilog(5i) + (1~ i)log(1 ~5) 9
i=1

where N is the number of training samples, y; is the true label, and y; is the predicted proba-
bility given by the logistic function.
Logistic Regression offers several advantages and disadvantages. Table 2.9 summarizes these

key points.
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Table 2.9: Advantages and Disadvantages of Logistic Regression

Advantages Disadvantages

Assumes a linear relationship between

Simple to implement and interpret; features and log-odds of the target. It may
coefficients indicate feature importance not perform well if the true relationship is
highly non-linear

Tuning hyperparameters can be challenging

Provides probability estimates for each class . .
and time-consuming

Computationally efficient and can handle Requires proper scaling of features to ensure
large datasets convergence during optimization
Memory efficient Can be sensitive to outliers

2.7.5 K-Nearest Neighbors

K-Nearest Neighbors is a simple, non-parametric algorithm used for classification and regression.
It works by finding the & closest training examples in the feature space to a given test point and
assigns the most common class among these neighbors to the test point [37].

KNN is then based on the assumption that similar points in the feature space tend to belong to

the same class. The algorithm follows these steps [73]:

1. Compute Distance: Calculate the distance between the test point and all training points

using a distance metric such as Euclidean distance.

2. Find Neighbors: Identify the k training points that are closest to the test point. Lower
values of k can have high variance, but low bias, and larger values of £ may lead to high bias

and lower variance.
3. Assign Class: For classification tasks, the algorithm predicts the class label of the input

data point based on the most frequent class among the k nearest neighbors.

Figure 2.14 illustrates a simple example of how the KNN algorithm works.

@ 3/ \/
= X

Figure 2.14: KNN simple example. From [73]
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In the figure above, to determine the class of the blue star, a k value of 3 was chosen. A circle
is drawn with the star at the center, large enough to enclose only three data points on the plane.
The three closest points to the star are all red circles. Therefore, with a high level of confidence, it
can be inferred that the star belongs to the class of the red circles [73].

KNN offers several advantages and disadvantages. Table 2.10 summarizes these key points.

Table 2.10: Advantages and Disadvantages of K-Nearest Neighbors

Advantages Disadvantages

Performance degrades with many irrelevant

Straightforward to implement and understand
or redundant features

Lazy learner, no training phase required;
stores all training data and performs
classification only when a query is received.

Storing all training data can require
significant memory

Performance depends on choice of k and
distance metric; inappropriate choices can
impact accuracy

Few hyperparameters: Only requires a k
value and a distance metric

2.7.6 Naive Bayes

Naive Bayes is a probabilistic classifier based on Bayes’ theorem with the assumption of strong
(naive) independence between the features [39]. In other words, a Naive Bayes classifier assumes
that the presence of a particular feature in a class is independent of the presence of any other
feature, which is often not true in real-world scenarios. This simplification allows for the efficient
computation of probabilities and makes the model particularly useful for large datasets and high-
dimensional feature spaces.

Bayes’ theorem is given by:
(2.10)
where:
* P(y|X) is the posterior probability of class y given the feature vector X.
* P(X|y) is the likelihood of observing the feature vector X given class y.
* P(y) is the prior probability of class y.
* P(X) is the evidence, or the total probability of observing the feature vector X.
Since P(X) is constant for all classes, it can be ignored in the classification process, leading to

the simplified form:

P(y[X) o< P(X|y).P(y) (2.11)
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The "naive" assumption implies that the features are conditionally independent given the class,
allowing us to factorize the likelihood:
n

P(X]y) = I_IIP(xily> (2.12)

where x; is the i-th feature.

Types of Naive Bayes Classifiers:

1. Gaussian Naive Bayes: Assumes that the continuous features follow a Gaussian (normal)

distribution.

2. Multinomial Naive Bayes: Typically used for discrete data, such as word counts in text

classification.

3. Bernoulli Naive Bayes: Used for binary/Boolean features, where each feature is assumed

to follow a Bernoulli distribution.

Niive Bayes offers several advantages and disadvantages. Table 2.11 summarizes these key

points.

Table 2.11: Advantages and Disadvantages of Niive Bayes

Advantages Disadvantages

Assigns zero probability to unseen
Easy to implement and understand categorical features in training data; can be
mitigated with Laplace smoothing.

When the assumption of independence holds,
the classifier often outperforms other
machine learning models and requires less
training data

The assumption of feature independence is
often unrealistic in real-world applications,
potentially affecting the model’s performance

2.8 Interactive Tools

In the field of radiogenomics, interactive tools play an important role in facilitating data analysis,
visualization, and user interaction. These tools provide researchers and clinicians with intuitive
interfaces to explore complex datasets, perform analyses, and derive meaningful insights. This
section introduces examples of interactive tools and highlights the importance of interface design

using frameworks like Qt Designer.
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2.8.1 CaPTk (Cancer Imaging Phenomics Toolkit)

CaPTk, previously referenced in this chapter (Section 2.6.4), is a comprehensive software plat-
form designed to support the analysis of cancer imaging data. It integrates advanced image pro-
cessing techniques and machine learning algorithms, providing a user-friendly interface for both
researchers and clinicians [16].

One of the key strengths of CaPTk is its advanced visualization tools, which facilitate user
interaction with imaging data, allow for the viewing of segmentation results, and aid in the inter-
pretation of model outputs. The intuitive graphical user interface (GUI) of CaPTk is accessible
to users with varying levels of technical expertise, promoting its adoption in both clinical and
research settings. Figure 2.15 illustrates the GUI of CaPTk, showcasing annotated ROIs and ini-

tialized tumor segmentation.
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Figure 2.15: CaPTk Screenshot showing example annotated ROIs and initialized tumor.
From [16].

2.8.2 Qt Designer

Qt Designer is a tool for designing and building GUIs for applications. It is part of the Qt frame-
work, which is widely used for developing cross-platform software with rich GUIs [62]. Some

notable aspects of Qt Designer include:

* Drag-and-Drop Interface: Qt Designer offers a drag-and-drop interface for designing
GUIs, allowing users to create complex interfaces without writing extensive code. This

feature accelerates the development process and enhances productivity.
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* Customizable Widgets: The tool provides a wide range of customizable widgets, such
as buttons, sliders, and text boxes, which can be tailored to meet the specific needs of an

application.

* Cross-Platform Compatibility: Applications developed with Qt Designer can be deployed
across multiple platforms, including Windows, macOS, and Linux, ensuring broad accessi-

bility and usability.

2.8.3 Importance of Interactive Tools in Radiogenomics

Interactive GUISs significantly enhance the workflow in radiogenomics by providing:

* Enhanced Usability: Intuitive interfaces reduce the learning curve and enable users to

interact with complex datasets and analysis tools more effectively.

* Data Visualization: Advanced visualization capabilities help in better interpretation of

imaging and genomic data, leading to more informed decision-making.

2.9 Summary

This chapter is structured to cover several key areas, each contributing to a comprehensive un-
derstanding of gliomas and its molecular characterization, imaging modalities, and integration of

radiomics and genomics.

* The chapter begins with an overview of brain anatomy, detailing the cerebrum, cerebellum,

and brainstem.

» Next, it delves into the complexities and clinical significance of GBM, detailing its clas-
sification, characteristics, and the impact of molecular profiles on diagnosis and treatment
strategies. The new WHO classification of gliomas is also discussed, emphasizing the role

of IDH mutations in prognosis and treatment.

* The chapter then focuses on IDH mutations, explaining their normal and abnormal func-
tions. It highlights the clinical importance of these mutations in gliomas and their associa-

tion with better prognosis compared to IDH wild-type gliomas.
* An overview of various imaging techniques, including CT, MRI, and PET, is provided.

* Radiogenomics, which integrates radiomics and genomics, is explored in depth. The chapter
covers conventional and deep radiomics, genomic analysis, and their integration to create
powerful tools for precision medicine. Key steps such as data acquisition, preprocessing,

feature extraction, feature selection, and data analysis using machine learning are detailed.
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* Various techniques for selecting relevant features and reducing dimensionality are discussed,
including filter methods, wrapper methods, and embedded methods. Methods such as PCA
and LDA are explained to highlight their role in improving model performance and inter-

pretability.

* The chapter describes different machine learning models used for classification tasks, in-
cluding SVM, Random Forest, XGBoost, Logistic Regression, K-Nearest Neighbors, and
Naive Bayes. Each model’s advantages and disadvantages are outlined, emphasizing their

suitability for different types of data and classification tasks.

» The importance of robust evaluation metrics is discussed, covering accuracy, precision, re-

call, F1 score, AUC-ROC, balanced accuracy, and specificity.

* The chapter concludes with an overview of interactive tools like CaPTk and Qt Designer,

emphasizing their role in enhancing data analysis and visualization in radiogenomics.



Chapter 3

Literature Review

In recent years, the rapid evolution of Artificial Intelligence has captured increasing attention from
both the public and researchers. The prevailing discourse on Al is characterized by a duality of
perspectives. On one hand, there exists a concern that Al poses a potential threat, with fears
of it replacing human roles in various industries, thereby giving rise to apprehension about its
unchecked progression. On the other hand, there is a more optimistic view that perceives Al as a
valuable tool designed to augment and enhance human capabilities rather than displace them.
Within the realm of healthcare, Al holds immense promise and utility. It serves as a powerful
ally to healthcare professionals, aiding them in several tasks such as image analysis and decision
support systems. The integration of Al in medical practices offers innovative solutions to complex
challenges. By leveraging machine learning algorithms, Al can analyse medical images with
unprecedented precision, assisting doctors in making more accurate diagnoses and treatment plans.
Moreover, Al’s role as a decision-support system in healthcare cannot be overstated. It can process
vast amounts of medical data, identifying patterns and correlations that may elude the human eye.
This literature review delves into the intersection of AI, MRI analysis, and radiogenomics,
with a focused lens on understanding IDH mutations in GBM. The purpose of this exploration
is to critically examine the current state of Al-based methodologies, particularly in the context
of radiogenomics, and their role in deciphering the complex genomic landscape of GBM. By
unraveling the nuances of existing studies, we aim to identify gaps, trends, and methodological

strengths.

3.1 State of the Art in GBM Radiogenomics

Building upon the discussion in the preceding chapter, Radiogenomics has gained relevance in can-
cer medicine, largely driven by the inherent limitations of molecular pathology and conventional
radiology. These traditional methods are often hampered by temporal and spatial constraints of
tissue sampling, making them less comprehensive. In contrast, advancements in ML algorithms
applied to vast imaging databases, coupled with the growing recognition of the potential insights

from imaging data, have significantly propelled the field forwards [68].

41



Literature Review 42

The advent of genomic sequencing and medical radiography has substantially increased the
volume of patient data available to clinicians. This data influx is particularly beneficial in radio-
genomics, where Al excels across a spectrum of applications. These include image acquisition
and reconstruction, feature extraction, data analysis, and the development of predictive models for
cancer analysis. These models are instrumental in prognostication, treatment planning, follow-up
strategies, and more [68, 45].

For instance, a notable study in this field is "Radiomics-based machine learning model for
efficiently classifying transcriptome subtypes in glioblastoma patients from MRI" by Le et al. [48].
This research aimed to distinguish distinct molecular subtypes of GBM based on genetic character-
istics. Utilizing advanced radiomics techniques, the study focused on categorizing GBM into clas-
sical, mesenchymal, neural, and proneural subtypes. The findings highlighted critical molecular
features that influence tumor behavior, achieving predictive accuracies of 70.9%, 73.3%, 88.4%,
and 88.4% for the classical, mesenchymal, neural, and proneural subtypes, respectively. This
study employed XGBoost and a two-level feature selection analysis (Spearman correlation and F-
score), demonstrating this combination as a powerful approach for high-performance classification

of transcriptome subtypes.

3.1.1 Deep Learning vs Machine Learning

Both machine learning and deep learning approaches have been extensively utilized to predict
genetic information from radiomic features, each offering unique advantages and limitations. Al-
though ML-based signatures are more frequently applied, as illustrated in Figure 3.1, the choice
between ML and DL models depends significantly on the specific application and the size of the
dataset.

(a) Al'used in radiogenomics studies (b) AI models in radiogenomics studies
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DL: Deep Learning, ML: Machine Learning, CNN: Convolutional Neural Network, RF: Random Forest, SVM: Support Vector Machine, NB: Naive
Bayes, ANN: Artificial Neural Network, K-NN: K Nearest Neighbors, DT: Decision Tree, LDA: Linear Discriminant Analysis

Figure 3.1: Al and its models used in radiogenomics studies (a) Al; (b) Al models. Year 2022.
From [69]

ML-based imaging signatures rely on hand-crafted radiomic features derived from specific at-
tributes such as shape, size, grade, tissue composition, texture, and histograms. These features
are manually selected based on domain knowledge. In contrast, DL-based imaging signatures au-

tomatically generate deep radiomic features through sophisticated pattern recognition, predicting
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genetic information without manual intervention. This automation reduces the need for manual
feature extraction, providing a more streamlined and potentially more powerful approach than
traditional ML models.

Researchers often prefer ML-based imaging signatures when aiming to minimize training time
and when faced with limited data availability. ML models can be effective with smaller datasets
and predefined features. On the other hand, DL models, which require significantly larger datasets
and longer training periods, are more data-intensive but can yield more precise results due to their
ability to learn complex patterns directly from raw images. The primary challenge in current re-
search is the limited access to comprehensive radiogenomics datasets, which hampers the effective
training and application of deep learning models.

In summary:

* ML models can be effective with smaller datasets and predefined features, while DL models

generally require larger datasets to learn meaningful patterns directly from raw images.

* ML approaches rely on manual feature extraction, which can be both a strength and a lim-
itation. It allows for interpretability but may miss complex patterns that DL models can

uncover through automated feature learning.

* ML models are typically more interpretable, enabling clinicians to understand the factors
driving predictions. Conversely, while DL models are powerful, they often function as
"black boxes", which can hinder their adoption in clinical settings due to a lack of trans-

parency.

3.1.2 Predicting IDH Mutation Status Using Deep Learning Approaches

While genetic biomarkers are traditionally determined through histopathological testing, the non-
invasive prediction of biomarker status presents significant clinical advantages. Histopathological
diagnosis typically necessitates large tissue specimens and can be prone to inaccuracies due to
tumor heterogeneity. Furthermore, identifying these biomarkers pre-surgically can aid in surgical
planning and determining the extent of resection required. Noninvasive prediction methods thus
offer valuable information, enhancing surgical outcomes and overall patient management.

In the study titled "Fully automated hybrid approach to predict the IDH mutation status of
gliomas via deep learning and radiomics" by Choi et al. [18] and in a similar study titled "Deep
Learning based Radiomics (DLR) and its usage in noninvasive IDHI prediction for low grade
glioma", by Li et al. [51], the researchers developed noninvasive methods to assess IDH mutation
status in gliomas, specifically targeting GBM and low-grade gliomas, respectively.

Choi et al. employed a combination of deep learning techniques and radiomics to create a
fully automated hybrid model, illustrated in Figure 3.2. This model integrates a Convolutional
Neural Network (CNN) for analyzing 2-dimensional tumor signal intensity with radiomic features

derived from the 3-dimensional shape and location of the tumor. The CNN component captures
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detailed texture and intensity patterns from MRI scans, while the radiomics component provides

complementary information about the tumor’s morphological and spatial characteristics.

The study reported an accuracy ranging from 78.8% to 93.8% and areas under the receiver op-

erating characteristic (ROC) curves between 0.86 and 0.96. The model’s high accuracy and robust

ROC values underscore its potential as a reliable, noninvasive tool for characterizing gliomas.

Similarly, Li et al. [51] proposed a DL approach for the prediction of the IDH1 mutation

status in glioma patients through a private MRI imaging dataset. The used pipeline is illustrated

in Figure 3.3.
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Figure 3.2: Fully automated hybrid model for IDH status prediction. In Model 2, layers 1-4
consisted of 3, 4, 6, and 3 residual blocks, with each block containing the 3 x 3 convolutions

twice. From [18]
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Figure 3.3: Architecture of the deep learning model consisting of two selection steps. First, the
model identifies tumor regions in MR images using a state-of-the-art CNN structure. Second,
deep filter responses from the last convolutional layer are extracted and encoded using Fisher
vector encoding. The model’s predictions are then evaluated using leave-one-out cross-validation
with an SVM. From [51]

3.1.3 Predicting IDH Mutation Status Using Machine Learning Techniques

Recent advancements in ML algorithms and computation have created promising opportunities
for exploring MRI radiomic features. These features are particularly suitable for ML analysis
due to the large data size and multimodal nature of MRI. Consequently, ML. methods have been
increasingly investigated for predicting glioma genetic biomarkers from MRI radiomic features.

Research into the use of ML and MRI-radiomics for predicting the IDH1 genotype has pri-
marily focused on SVM [8, 82] and RF [1, 52, 80] models. Some studies have utilized only con-
ventional MRI sequences, such as T1-weighted and T2-weighted [52, 80, 82], while others have
examined the added value of advanced MRI techniques [1, 8], such as MR diffusion or perfusion
imaging.

For instance, the study "Radiomics Strategy for Molecular Subtype Stratification of Lower-
Grade Glioma: Detecting IDH and TP53 Mutations Based on Multimodal MRI" [82] by Zang
et al., and "Multiregional Radiomics Profiling from Multiparametric MRI: Identifying an Imaging
Predictor of IDHI Mutation Status in Glioblastoma" [52] by Zhi-Cheng Li et al., highlight the
effectiveness of these approaches. Zang et al. utilized conventional MRI sequences and achieved
an AUC ranging from 75.6% to 83% with an SVM-RFE model. On the other hand, Zhi-Cheng
Li et al. focused on glioblastoma patients and achieved an Area Under the Curve (AUC) between
86% and 96% using a Random Forest model.

Expanding on the previously mentioned studies, the study titled "MRI Radiomic Features to
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Predict IDHI Mutation Status in Gliomas: A Machine Learning Approach using Gradient Tree
Boosting" [65], Sakai et al. selected XGBoost as their classifier. They trained models using FLAIR
and DWI radiomic features, achieving their best AUC value of 97% with the DWI MRI sequence.
This study further highlights the potential of advanced machine learning techniques in accurately

predicting IDH1 mutation status from MRI radiomic features.

3.2 Summary

This chapter presents relevant studies on both DL and ML approaches in MRI analysis and ra-
diogenomics to predict IDH1 mutations. The studies reviewed employed various robust method-
ologies to investigate the role of Al in understanding and predicting IDH mutations. Table 3.1

summarizes the works that have been reviewed.

Table 3.1: Summary of studies on predicting IDHI1 mutation status in gliomas using MRI ra-
diomics and machine learning approaches.

Study Technique MRI Sequences Dataset Best AUC
Used
856
Choi et al. [18] Deep Radiomics T1GD, T2, Low/High- 6% - 96%
(2020) (CNN) FLAIR Grade Glioma B
patients
151
Lietal. [51] Deep Radiomics Low-Grade
(2017) (CNN) TIGD, FLAIR Glioma 95%
patients
199
Zang et al. [82] Support Vector T1, TIGD, T2, Low-Grade 230
(2018) Machine FLAIR Glioma ¢
patients
Zhi-Cheng Li et T1, T1IGD, T2, 225 GBM
al. [52] (2018) Random Forest FLAIR patients 86% - 96%
100
Sakai et al. [65] eXtreme Gradient Low/High-
(2020) tree Boosting FLAIR, DWI Grade Glioma 7%
patients

Note: T1 = T1-weighted, TIGD = postcontrast T1-weighted, T2 = T2-weighted, FLAIR = Fluid-Attenuated Inversion
Recovery, DWI = Diffusion-Weighted Imaging
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The reviewed studies underscore the potential of Al in bridging the gap between radiological
imaging and genomic information, offering a more comprehensive understanding of the underly-
ing molecular landscape of diseases. However, certain limitations are noteworthy. Many studies
rely on retrospective analyses and relatively small sample sizes, due to the limited size of the pub-
licly available datasets, potentially limiting the generalizability of findings. Additionally, the lack
of standardized methodologies and diverse datasets poses challenges in comparing results across
studies. The dynamic nature of Al technologies also suggests that the field is continuously evolv-
ing, requiring ongoing validation and refinement of models. Furthermore, the interpretability of
Al models remains a challenge, i.e. it is important to develop models that provide transparent
insights into the features influencing predictions, fostering trust and acceptance among healthcare
practitioners.

As we position our work within the state-of-the-art, it becomes evident that there is a need for
further research that not only validates existing methodologies but also explores new approaches to
enhance the accuracy and clinical utility of Al models in predicting IDH mutations. Our research
aims to contribute to this evolving landscape by evaluating various machine learning models for
predicting IDH mutation status in gliomas, as well as investigating different MRI sequences and
feature selection methods, thereby adding to the collective knowledge in the field of Al-based

medical image analysis and radiogenomics.



Chapter 4

Data Description

This chapter provides a detailed description of the datasets employed in our research, which are
critical for the analysis and conclusions drawn in subsequent sections. The study leverages two
prominent datasets, the University of California San Francisco Preoperative Diffuse Glioma MRI
(Section 4.1) and the University of Pennsylvania Health System Glioblastoma (Section 4.2). These
datasets contain comprehensive magnetic resonance imaging and clinical information relevant to
gliomas, including data on IDH mutation status.

The public accessibility of glioma MRI datasets has been instrumental in the development
of advanced Al techniques, including automated tumor segmentation, radiogenomics, and MRI-
based survival prediction. These datasets have facilitated significant progress in the field by pro-
viding a rich source of data for various machine learning and imaging studies. However, the
current publicly available glioma MRI datasets are generally confined to only four MRI contrasts
(T2, FLAIR, and T1 pre- and post-contrast). Furthermore, there is considerable variation in imag-
ing protocols, particularly regarding magnetic field strength and acquisition parameters, which

poses challenges for standardization and reproducibility in research.

4.1 UCSF-PDGM Dataset

The University of California San Francisco Preoperative Diffuse Glioma MRI (UCSF-PDGM)
dataset [13] is accessible through The Cancer Imaging Archive (TCIA). Developed by the Univer-
sity of California San Francisco, this dataset contains preoperative MRI scans from patients with
histopathologically confirmed diffuse gliomas. The data collection adhered to strict guidelines
and regulations, receiving approval from the University of California San Francisco institutional

review board, which exempted the requirement for patient consent.

4.1.1 Patient Population

The UCSF-PDGM dataset comprises imaging data for 501 cases, representing 495 unique adult
patients, with six cases being follow-up images. These patients were diagnosed with grade 2-4

diffuse gliomas and underwent imaging between 2015 and 2021.
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4.1 UCSF-PDGM Dataset

The patient cohort is comprised of 56 (=11%) grade 2, 42 (=9%) grade 3, and 403 (=80%)
grade 4 tumors. There is a male predominance across all tumor grades, with males representing
56% for grade 2 and 60% of both grade 3 and grade 4. Figure 4.1 provides a detailed summary of

the demographic characteristics of patients included in the UCSF-PDGM dataset, and Figure 4.2
and 4.3 the clinical characteristics.
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Figure 4.1: Gender and Age distributions in UCSF-PDGM. Left: Gender. Right: Age.
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4.1.2 Clinical Data

All tumors in the UCSF-PDGM dataset were tested for IDH mutations using genetic sequencing of

tissue samples obtained during biopsy or resection. The results revealed that IDH mutations were

present in a majority of grade 2 (83%) and grade 3 (67%) tumors, but only in a small minority of

grade 4 tumors (8%).

Figure 4.4 illustrates the distribution of IDH mutations within the patient cohort, which will

serve as the target label for training the designed frameworks. Additionally, the mutations are

categorized as follows:

* IDHI p.R132H (10.8% - 54 cases)
e IDH1 p.R132C (1.6% - 8 cases)

* IDHI1 p.R132G (1% - 5 cases)

e IDH1 p.R132S (0.4% - 2 cases)

* IDHI1 p.Argl132His (0.2% - 1 case)
* IDH2 p.Argl72Trp (0.2% - 1 case)
* IDH2 p.R172K (0.2% - 1 case)

* Mutated (Not otherwise specified) (6.2% - 31 cases)
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Figure 4.4: Distribution of IDH Mutations in the UCSF-PDGM Dataset.

Furthermore, this dataset includes the following additional information:

* MGMT Status: Classified as negative, positive, or indeterminate.

* Presence of Codeletion of 1p and 19q genes: Categorized as intact, co-deletion, relative
co-deletion, or unknown.

* Survival Status: The survival status of the patient at the last clinical follow-up.
* Overall survival: Measured in days from initial diagnosis to the last clinical follow-up.
» Extent of resection: Classified as biopsy, subtotal resection, or gross total resection.
* Biopsy prior to imaging: Indicates whether a biopsy was performed before imaging (yes
or no).
4.1.3 Image Acquisition

All preoperative MRI scans were conducted using a 3.0 tesla scanner (Discovery 750, GE Health-
care, Waukesha, Wisconsin, USA) and a dedicated 8-channel head coil (Invivo, Gainesville,

Florida, USA). The imaging protocol included the following sequences (Figure 4.5):

T2-weighted

FLAIR-weighted

* Susceptibility-weighted

* Diffusion-weighted

* Pre- and post-contrast T1-weighted images

* 3D arterial spin labeling (ASL) perfusion images
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Figure 4.5: MRI Sequences included in the UCSF-PDGM dataset. From [13]

* 2D 55-direction high angular resolution diffusion imaging (HARDI)

Throughout the study period, two gadolinium-based contrast agents were utilized: gadobutrol
(Gadovist, Bayer, LOC) at a dose of 0.1 mL/kg and gadoterate (Dotarem, Guerbet, Aulnay-sous-
Bois, France) at a dose of 0.2 mL/kg. These agents were used to enhance the visibility of internal
structures in MRI scans, with gadobutrol administered at 0.1 mL per kilogram of body weight and
gadoterate at 0.2 mL per kilogram.

Each MRI contrast was aligned and resampled to the 3D space defined by the T2/FLAIR im-
age, achieving a uniform isotropic resolution of 1 mm using automated non-linear registration
techniques. This process ensures that all images are accurately aligned, enabling precise compar-
isons and analyses. Following this, the resampled and co-registered data were processed to remove
the skull using a publicly available deep-learning algorithm [14]. This "skull-stripping" technique
isolates the brain from other cranial structures, providing clean, standardized images for further
analysis.

Additionally, the MRI volumes are provided in NIfTI and DICOM format, ensuring com-
patibility with a wide range of imaging software and facilitating easy integration into research

workflows.

4.1.4 Tumor Segmentation

Multicompartment tumor segmentation of the study data was performed as part of the 2021 BraTS
challenge. Initially, the image data underwent automated segmentation using an ensemble model
that incorporated algorithms from previous BraTS challenge winners. This automated segmenta-
tion was then manually reviewed and corrected by trained radiologists. The final segmentations

were approved by two expert reviewers to ensure accuracy [13].
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4.2 UPENN-GBM Dataset

The Multi-parametric Magnetic Resonance Imaging (mpMRI) scans for de novo Glioblastoma
patients from the University of Pennsylvania Health System (UPENN-GBM) dataset [4] are part of
TCIA. This dataset, developed at the University of Pennsylvania Health System, includes extensive
mpMRI scans for patients diagnosed with de novo glioblastoma, providing a valuable resource for

research and clinical studies.

4.2.1 Patient Population

The UPENN-GBM dataset includes imaging and clinical data from 630 adult patients diagnosed
with glioblastoma (grade 4 glioma), making it a comprehensive resource for research. Addition-
ally, follow-up images bring the total to 671 cases. This dataset covers a diverse range of patient
demographics and clinical characteristics, offering valuable insights into glioblastoma. Figure 4.6

illustrates the distribution of gender and age among the patients in this dataset.

Patient Gender Distribution #2 Patient Age Distribution #2
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Figure 4.6: Gender and age distributions in UPENN-GBM. Left: Gender. Right: Age.

4.2.2 Clinical Data

In the UPENN-GBM dataset, tumors were tested for IDH1 mutations using genetic sequencing
of tissue samples obtained during biopsy or resection. The analysis revealed that IDH1 mutations
were present in 2.8% of the cases. However, IDH1 status was not available for 15.8% of the cases.
Figure 4.7 provides a summary of the distribution of IDH1 mutations across the patient cohort,
illustrating the proportion of patients with wildtype IDH, mutant IDH, and those with unavailable
IDH status.
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Figure 4.7: Distribution of IDH1 Mutations in the UCSF-PDGM Dataset.

Furthermore, this dataset includes the following additional information:

* MGMT Status: Classified as Unmethylated, Methylated, or indeterminate.
* Survival Status: The survival status of the patient at the last clinical follow-up.

¢ Overall survival: Measured in days from initial diagnosis to the last clinical follow-up.

4.2.3 Image Acquisition

The UPENN-GBM dataset features multi-parametric MRI scans that have undergone skull-stripping
and co-registration processes. These scans offer detailed views of the brain, enhancing the iden-
tification and analysis of tumor regions. The mpMRI volumes are provided in NIfTI format,
ensuring compatibility with various imaging software and facilitating seamless integration into
research workflows.

The imaging protocol employed in this dataset includes the following sequences, each provid-
ing unique insights into the brain’s structure and pathology (Figure 4.8):

* Pre-contrast T1-weighted images

* Post-contrast T1-weighted images

T2-weighted images

FLAIR-weighted images

Diffusion-Tensor Imaging (DTI) and Dynamic Susceptibility Contrast (DSC) derivatives
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Figure 4.8: Examples of the different sequences available in UPENN-GBM. From [4]

4.2.4 Tumor Segmentation

The dataset includes segmentation labels for multiple histologically distinct tumor sub-regions as
well as for the entire brain, both computer-aided and manually corrected. Initially, the segmenta-
tion labels were generated using an automated computational method. To ensure precision, these
labels were then manually corrected and validated by expert board-certified neuroradiologists [4].
This rigorous process ensures the segmentation labels are of high quality, which is crucial for

accurate and reliable analysis.

4.3 Summary

This chapter provides a detailed description of the two datasets utilized for analysis. The UCSF-
PDGM and UPENN-GBM datasets offer essential information for building and validating IDH
mutation prediction models. The characterization of the data included the origin, patient popu-
lation, types of imaging data, format, and image pre-processing, as well as tumor segmentation.
This deep understanding of the data is crucial for the successful implementation of the machine

learning methods described in the following chapters.



Chapter 5

Methodology

The current chapter provides a detailed description of the proposed methodology to perform IDH
mutation status prediction. It begins with an overview of the entire methodology. Subsequent
sections delve into each step of the process, including dataset collection (Section 5.1), preprocess-
ing (Section 5.2), feature extraction (Section 5.3), feature selection and dimensionality reduction
(Section 5.4), the deployment and configuration of learning models (Section 5.5), the training and

evaluation phase (Section 5.6), and finally, the development of an interactive tool (Section 5.7).

Method Overview

As previously mentioned, the proposed method aims to develop a classification model for IDH
mutation status assessment using MRI data combined with labeled clinical data. The method-
ology is structured into several key stages: dataset collection, preprocessing, feature extraction,
feature selection, and classification using machine learning algorithms. Figure 5.1 illustrates the
methodology pipeline.

The following sections provide a detailed description of each stage, highlighting the specific
techniques and algorithms employed to ensure accurate and reliable prediction of IDH mutation

status.

56
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Dataset
UCSF-PDGM Preprocessing Feature Extraction Feature Selection Classification
UPENN-GBM

- Radiomic Features Machine Learning
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Figure 5.1: Schematic representation of the classification methodology for predicting IDH mu-
tation status. The procedure starts with the input of MRI scans, brain segmentation masks, and
clinical data into the software. Next, preprocessing is performed. The original images are en-
hanced using Wavelet and Laplacian of Gaussian (LoG) filters, followed by the extraction of ra-
diomic features from the regions of interest via the PyRadiomics package. This feature extraction
is applied to all images from both datasets. Subsequently, various combinations of six different
classification models, alongside several feature selection techniques and a baseline model without
feature selection, are evaluated to identify the most effective approach for accurately predicting
IDH mutation status.

5.1 Dataset Collection

This study leverages two datasets, the UCSF-PDGM and UPENN-GBM, as detailed in Section 4.1,
and a third one resulting from the combination of the two.

Initially, all available images in NIfTT format from both datasets were loaded. To facilitate the
exploration and understanding of these datasets, an interactive visualization tool was developed.
This tool, described in Section 5.7, is essential for examining each slice of the 3D MRI images. It
allows for detailed inspection of specific slices and the application of tumor masks, as illustrated
in Figure 5.2.

After analyzing the various sequences available in the datasets, four key MRI sequences were
selected for further analysis. These sequences were chosen based on their prevalence in the litera-

ture and their effectiveness in highlighting tumor regions visually:

1. T1-Weighted
2. TIGD
3. T2-Weighted

4. FLAIR

These sequences were selected to ensure the inclusion of the most informative and diagnosti-

cally relevant images for subsequent feature extraction and model training.
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Figure 5.2: T1, T1GD, T2, and FLAIR sequences, respectively, Slice 84 of Patient 0025’s Brain,
from UCSF-PDGM Dataset. Left Column: Full Brain MRI showing the entire brain structure.
Right Column: ROI highlighting the area with abnormal vascularity.
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Patient Inclusion and Exclusion Criteria

Patients were included in the study if they met the following criteria:

1. Diagnosed with grade 2, 3, or 4 glioma with known IDH status confirmed by surgical pathol-
ogy.

2. Availability of preoperative MRI scans, including T1, T1GD, T2, and FLAIR sequences.
Patients were excluded from the study if they met any of the following conditions:

1. Absence of available IDH status.
2. Insufficient quality of MRI scans.

3. Lack of available tumor segmentation.

The selection process for the UCSF-PDGM dataset identified 493 patient cases, comprising
100 cases with mutated IDH and 393 cases with IDH wildtype. For the UPENN-GBM dataset,
the selection process resulted in a final cohort of 514 patient cases. Within this cohort, only 16
cases exhibited mutated IDH. The selection criteria were stringent to ensure the integrity of the
MRI data for precise and reliable analysis.

Figure 5.3 illustrates the inclusion and exclusion criteria for both datasets. The left side details

the process for the UCSF-PDGM dataset, while the right side outlines the process for the UPENN-
GBM dataset.

Patient cases with initial diagnosis of
grade 4 and available MRI scans

(T1, TIGD, T2, FLAIR)
(n = 671)
Patient cases with initial diagnosis of
grade 2, 3 or 4 and available MRI scans I
(T, 'l‘l:inD; ;%;LM ) Patient cases with surgical pathology showing

IDH status (n = 565)

Total of 493patient cases were included L MRI quality '
Patient cases with available tumor segmentation
(n=517)
I \/ 3 patients with 3
= h insufficient MRI
Total of 514 patient cases were included ‘\ quality /‘

Figure 5.3: Flowchart of patient inclusion and exclusion of UCSF-PDGM dataset on the left and
UPENN-GBM dataset on the right.
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5.2 Pre-processing

Following the pipeline, Volumes of Interest (VOIs) were extracted by stacking ROIs delineated
slice by slice from the selected sequences using the tumor masks provided in both datasets. This
step resulted in eight subdatasets (four for each Dataset), allowing the analysis to concentrate ex-
clusively on the relevant tumor areas, thereby enhancing the performance of subsequent processing
stages.

To ensure the quality and consistency of the data, a preprocessing phase was implemented:

1. Normalization: The images were normalized to standardize the data across different pa-
tients and imaging modalities. Normalization is critical for facilitating reliable comparisons
and analyses by adjusting the pixel intensity values to a common scale. This reduces vari-
ability and ensures that the features extracted from the images are consistent and compara-
ble.

2. Resampling: All voxels were isotropically resampled to a resolution of 2 x 2 x 2 mm?>. Dur-
ing normalization, gray values below the mean were adjusted to avoid negative values. By
shifting the intensity values by 300 (equivalent to 3 standard deviations multiplied by 100),
the majority of voxels became positive, ensuring that only outliers (more than 3 standard

deviations below the mean) remained negative.

The original image dimensions of 240x240 pixels were preserved throughout the preprocess-
ing steps, ensuring that the spatial integrity of the tumor regions was maintained. This resolution

was chosen to balance the need for detailed imaging with computational efficiency.

5.3 Feature Extraction

After preprocessing, the next step involved the extraction of radiomics features from the VOIs.
For this purpose, a popular radiomics computational toolbox, PyRadiomics [77], was employed.
PyRadiomics is an open-source Python package that provides a robust platform for extracting a
large number of engineered features from medical imaging. This toolbox includes built-in wavelet
and Laplacian of Gaussian (LoG) filters for image processing. A total of 1223 radiomic features

were computed, including first-order statistics, shape, and texture classes:

1. First Order Statistics (18 features)

First order statistics are basic statistical measures that describe the intensity values of voxels
within an image without considering spatial relationships. These statistics provide a sum-
mary of the voxel value distribution and are essential for understanding the overall intensity

characteristics of an image.

2. Shape (14 features)
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3. Texture classes:

(a) Gray Level Co-occurrence Matrix (24 features)

(b) Gray Level Run Length Matrix (16 features)

(c) Gray Level Size Zone Matrix (16 features)

(d) Gray Level Dependence Matrix (14 features)

(e) Neighbouring Gray Tone Difference Matrix (5 features)

Moreover, radiomic features were extracted not only from the original images (107 features)
but also from images processed with wavelet (744 features) and Laplacian of Gaussian (LoG)
filters (372 features).

* Wavelet Filtering: This technique decomposes the image into different frequency com-
ponents. Each level of decomposition results in 8 sub-bands, corresponding to different
combinations of high and low pass filters applied in three dimensions. This allows for

multi-resolution analysis, capturing both coarse and fine details in the image [21].

* Laplacian of Gaussian: LoG is used for edge detection and texture analysis. It highlights
regions of rapid intensity change, effectively identifying edges. The sigma parameter con-
trols the filter’s sensitivity to texture changes: low sigma values focus on fine details, while
high sigma values highlight broader, coarser structures [21]. This study applied LoG filters
with sigma values of 2.0 mm, 3.0 mm, 4.0 mm, and 5.0 mm to capture a range of texture

details.

This thorough extraction of radiomic features from multiple filtered images ensures a rich and

diverse dataset, enabling the development of robust predictive models for IDH mutation status.

5.4 Feature Selection / Dimensionality Reduction

Following the extraction of radiomic features, four techniques were employed to decrease the
number of features used while training the model, by selecting the most relevant features and ex-
cluding redundant features or by transforming the feature space into a more compact one. This
process helped to decrease the computational cost of training the models and, theoretically, en-
hanced model performance, leading to better results.

The techniques used involved one filter method, one wrapper method and two dimensionality

reduction methods, previously detailed in Chapter 2, Section 2.5.7:

1. k-Best Features through Mutual Information (Filter Method)
2. Boruta (Wrapper Method)

3. Principal Components Analysis (PCA) (Dimensionality Reduction)
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4. Linear Discriminant Analysis (LDA) (Dimensionality Reduction)

Additionally, a baseline model without any feature selection technique was also implemented
to compare the performance of the predictive models with and without this process. This compar-
ison allows the evaluation of the effectiveness of the feature selection process and its impact on
model performance.

Unlike methods such as Boruta and LDA, which operate without the need for manual param-
eter specification, techniques like Mutual Information, and PCA require the number of features to
be specified. This parameter, denoted as k, can either be set manually or determined automatically
during the process of searching for optimal hyperparameters, as will be discussed in later sections.
Boruta, being a wrapper method, relies on classifiers with built-in feature importance measures.
In this study, a Random Forest classifier was employed to calculate and determine the optimal k

features.

5.5 Classification Models and Hyperparameter Tuning

To predict the IDH status using the provided datasets, this study employs a variety of machine
learning models, including SVM, Random Forest, XGBoost, Logistic Regression, KNN, and
Naive Bayes. Several hyperparameters were trained for each algorithm. Each algorithm’s per-
formance is highly dependent on its hyperparameters, which need to be fine-tuned to achieve
optimal results. This section outlines the hyperparameter tuning process and specifies the range of
each hyperparameter for the different learning models used in this study.

The following subsections detail the hyperparameters considered for each algorithm and the

strategies employed to fine-tune them.

5.5.1 Hyperparameters Search

To ensure optimal performance of the machine learning models, a thorough hyperparameter search
was conducted using Bayesian optimization. This technique allows for efficient exploration of the
hyperparameter space and improves model performance by identifying the best combination of
hyperparameters.

The hyperparameter search was implemented using the *BayesSearchCV’ method from the
scikit-optimize library, combined with a stratified 10-fold cross-validation strategy. This approach
ensured that the class balance was maintained across all folds, providing a reliable assessment of
model performance. The primary evaluation metric used to optimize the models was the Area
Under the Receiver Operating Characteristic Curve (AUC-ROC), which offers a robust measure
of model effectiveness.

Bayesian optimization was selected for its efficiency in handling complex hyperparameter
spaces and its ability to converge more rapidly compared to traditional grid search or random
search methods. This approach leverages probabilistic models to guide the search process, fo-

cusing on regions of the hyperparameter space that are more likely to yield better performance.



5.5 Classification Models and Hyperparameter Tuning 63

Specifically, it utilizes Gaussian Process regression to model the objective function and predict

promising regions to explore [59]. This targeted approach allows for efficient optimization over a

broader range of values, ultimately enhancing the model’s performance.

In addition to fine-tuning the learning models, Bayesian optimization was employed to deter-

mine the optimal number of features to retain / transform for feature selection techniques such as

Mutual Information, and PCA. This ensured that the most relevant features were selected, enhanc-

ing the overall predictive power of the models.

5.5.2 Support Vector Machine

C (Regularization parameter): Determines the trade-off between achieving a low error
on the training data and minimizing the margin. A range of values from 0.001 to 100 was
tested.

Kernel: Different kernel types (linear, polynomial, radial basis function (RBF), and sig-

moid) were evaluated to identify the best fit for the data.
Gamma: For non-linear kernels like RBF, the gamma parameter was set to ’scale’ or "auto’.

Class weight: Weights associated with classes to handle class imbalance. The ’balanced’
option uses the values of the labels to automatically adjust weights inversely proportional to

class frequencies in the input data, while ‘None‘ means no weights are applied.

Table 5.1 summarizes the range of hyperparameters for the SVM model.

Table 5.1: Support Vector Machine Hyperparameter Values

Hyperparameter Values
C 0.001 — 100
kernel ’linear’, 'rbf’, *poly’, ’sigmoid’
gamma ’scale’, auto’
class_weight ’balanced’, None

5.5.3 Random Forest

Criterion: The function to measure the quality of a split. Supported criteria are:
1. ’gini’: Gini impurity.
2. ’entropy’: Information gain.

Max Features: The number of features to consider when looking for the best split. Options

include:

1. ’log2’: Logarithm of the number of features.
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2. ’sqrt’: Square root of the number of features.

3. None: All features are considered.

Table 5.2 summarizes the range of hyperparameters for the RF model.

Table 5.2: Random Forest Hyperparameter Values

Hyperparameter Values
n_estimators 10 —-500
max_depth 5—-200
criterion "gini’, “entropy’
min_sample_split 2—-20
min_sample_leaf 1-10

max_features

class_weight

5.5.4 XGBoost

’log2’, ’sqrt’, None

’balanced’, None

» Subsample: The proportion of samples used for training each tree was set between 0.4 and

1.

* Colsample Bytree: The fraction of features used for each tree was varied from 0.3 to 1.

Table 5.3 summarizes the range of hyperparameters for the XGBoost model.

Table 5.3: XGBoost Hyperparameter Values

Hyperparameter Values
learning_rate 0.01—-1
max_depth 3—15
n_estimators 100 — 1000
gamma 0-5
colsample_bytree 0.3-1.0
min_child_weight 1-15
subsample 04—-1.0
class_weight ’balanced’, None




5.5 Classification Models and Hyperparameter Tuning 65

5.5.5 Logistic Regression

* Penalty: The norm used in the penalization. It helps to regularize the model and prevent

overfitting. Options include:

1. ’elasticnet’: A combination of L1 and L2 penalties.
2. ’I1’: Lasso regularization, which can set some coefficients to zero.

3. ’12’: Ridge regularization, which tends to shrink coefficients.

* C (Inverse of regularization strength): Regularization parameter values were tested from
0.01 to 100.

e L1 Ratio: The Elastic-Net mixing parameter, with 0 <= 11_ratio <= 1. Only used if

‘penalty="elasticnet’ ‘. It balances the ratio between L1 and L2 penalties.

The ’LogisticRegression’ was configured with the ’saga’ solver for its ability to handle both
L1 and L2 penalties and to work well with large datasets. The ’saga’ solver is particularly suited
for Elastic-Net regularization, which combines the benefits of both L1 and L2 penalties. Other

solvers available include:

* ’Ibfgs’ (default): A quasi-Newton method that is efficient for small to medium-sized datasets.

* ’sag’: Stochastic Average Gradient, suitable for large datasets but only supports L2 regular-

ization.

* ’newton-cg’: An optimization algorithm that handles L2 regularization and is suitable for

large datasets. Computationally expensive because of the Hessian Matrix.

* ’liblinear’: A library for large linear classification that supports both L1 and L2 regulariza-

tion but is not efficient for large datasets.

Table 5.4 summarizes the range of hyperparameters for the LogR model.

Table 5.4: Logistic Regression Hyperparameter Values

Hyperparameter Values
penalty “elasticnet’, ’117, 12’
C 0.01 —100
max_iter 100 — 3000
class_weight ’balanced’, None
l1_ratio 0 — 1 (Only used if penalty="elasticnet’)
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5.5.6 k-Nearest Neighbours

* Number of Neighbors: The number of neighbors to use was varied from 1 to 30. Choosing
the optimal number of neighbors is crucial as smaller values make the model sensitive to

noise, while larger values can smooth out the prediction too much.
* Weights: The weight function used in prediction. Options include:

1. ’uniform’: All neighbors are weighted equally.

2. ’distance’: Closer neighbors have a greater influence on the prediction than farther

ones.
* Metric: The distance metric used to find the nearest neighbors. Options include:

1. ’euclidean’: The standard Euclidean distance.
2. manhattan’: The Manhattan distance, also known as L1 distance.
3. minkowski’: A generalization of both Euclidean and Manhattan distances.

Table 5.5 summarizes the range of hyperparameters for the KNN model.

Table 5.5: k-Nearest Neighbours Hyperparameter Values

Hyperparameter

Values

n_neighbors
weights

metric

p

5.5.7 Naiive Bayes

1-30
’uniform’, ’distance’
’euclidean’, ’manhattan’, ’minkowski’

1 —5 (Only used if metric is *'minkowski’)

* GaussianNB(): The Gaussian Naive Bayes algorithm was used.

* Var Smoothing: This parameter adds a small value to the variance of each feature to prevent

division by zero and handle numerical stability. It helps to avoid overfitting by ensuring that

the algorithm does not become overly sensitive to variations in the training data.

Table 5.6 summarizes the range of hyperparameters for the NB model.

Table 5.6: Nidive Bayes Hyperparameter Values

Hyperparameter

Values

var_smoothing

le?-1
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5.6 Training and Evaluation

The process of training and evaluating the machine learning models involved several critical steps
to ensure robust and reliable performance, especially given the class imbalance inherent in the
datasets.

Initially, the entire dataset was randomly divided into a training set of 80% and a test set of
20%. This split was essential to evaluate the model’s performance on unseen data. Table 5.7
provides a summary of the IDH mutation status of patients in the training and test sets across the
different datasets.

The training data then underwent a feature selection / dimensionality reduction process to
eliminate irrelevant or redundant features.

Given the class imbalance in both datasets, where IDH mutation-positive cases are under-
represented, classifiers would typically exhibit poor predictive performance for the minority class.
To address this issue, the Synthetic Minority Oversampling Technique (SMOTE) was applied to
the training dataset. SMOTE generates synthetic examples for the minority class by selecting
existing minority class samples and creating new synthetic points between them and their k near-
est neighbors. This approach enhances the representation of the minority class without merely
duplicating existing samples, thereby improving the classifier’s ability to learn from these exam-
ples [11].

It is important to note that SMOTE was not used to create an equal number of mutant and wild-
type samples but to increase the representation of the minority class to an optimal level, calculated
alongside the optimal hyperparameters.

Finally, once the training data was balanced and the optimal hyperparameters, including the
number of features to retain/create, and SMOTE ratio, were determined through Bayesian opti-

mization, the models were evaluated using several performance metrics:

* Accuracy: Measures the proportion of correct predictions (both true positives and true

negatives) among the total cases.

* Balanced Accuracy: Adjusts for imbalanced datasets by averaging the true positive rate

(sensitivity) and the true negative rate (specificity).

* Sensitivity (Recall): Measures the model’s ability to correctly identify positive cases (IDH

mutation).
* Specificity: Measures the model’s ability to correctly identify negative cases (wild type).

* Precision: Measures the proportion of true positive predictions among all positive predic-

tions.

* F1 Score: The harmonic mean of precision and recall, providing a balanced measure of the

model’s performance.
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* Area Under the ROC Curve: Measures the model’s ability to discriminate between classes,

regardless of the threshold chosen.

These metrics are analysed in Chapter 6, where the results are discussed in detail to evaluate

the efficacy of the models in predicting IDH mutation status.

Table 5.7: IDH Mutation Status of Patients in Training and Test Sets Across the Three Datasets.

Dataset Subset IDH Status Total

. Wildtype 314

Training (n = 394)
UCSF-PDGM Mutant 80
Low and High Grade gliomas Wildtype 79

( g g ) Test (n =99) P

Mutant 20
. Wildtype 398

Training (n =411)
UPENN-GBM Mutant 13
High Grade gliomas Wildtype 100

(Hig gliomas) Test (= 103) P
Mutant 3

. Wildtype 712

Training (n = 805)
) Mutant 93

Both Combined -
Wildtype 178
Test (n =201)

Mutant 23

5.7 Interactive Tool

The interactive tool developed as part of this research facilitates the visualization, analysis, and
interpretation of radiogenomic data used to predict IDH mutation status in glioma patients. This
section details the design, functionality, and significance of the interactive tool. Utilizing Qt De-
signer (version 5.11.1 - PyQt5), a robust framework comprehensively discussed in Chapter 2,
Section 2.8, the tool incorporates a range of features essential for the study’s analytical needs. The
UI was designed to be intuitive and user-friendly, enabling users to seamlessly navigate through

various functionalities. Below is a brief explanation of its key functionalities.

5.71 MRI Image and ROI Visualization

Users can select and visualize each MRI image from the two datasets, along with their correspond-
ing ROIs. This feature allows for detailed examination of the tumor structures and facilitates better
understanding of the imaging data. Figure 5.4 shows the interface of the interactive tool where

users can access this functionality.
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Figure 5.4: Screenshot of the interactive tool’s image visualization feature. Displayed is patient
number 20 from the UCSF-PDGM dataset, with T1 sequence and slice number 88. Users can
select between datasets, choose specific patients, MRI sequences, and slices using a slider. Addi-
tionally, users can opt to display either only the ROI or the entire brain.

5.7.2 Clinical Data Visualization

The tool features a section dedicated to visualizing clinical data associated with the datasets. This
section presents various graphs and charts that help users understand the distribution and charac-
teristics of the clinical data. Figure 5.5 illustrates the interface of the interactive tool where users

can access these visualizations.

5.7.3 Feature Extraction Command Page

The tool provides a command interface to initiate the feature extraction process from the selected
dataset. Users can choose the dataset and start the automated extraction process, which is executed
efficiently. After feature extraction, the tool displays the extracted features in a tabular format.
This table allows users to inspect the features and their values, providing a comprehensive view of
the radiomic data. Figure 5.6 depicts the interface of the interactive tool where users can access

this functionality.
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Figure 5.5: Screenshot of the interactive tool’s clinical data visualization feature. Shown is clinical
data from the UCSF-PDGM dataset, including a graph depicting patient gender distribution and
target labels (IDH status) on the right.
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Figure 5.6: Screenshot of the interactive tool’s feature extraction command page. Users can select
the dataset and initiate the extraction process. The extracted features are then displayed in a table
for detailed inspection.



5.7 Interactive Tool 71

5.7.4 Training Station

The tool features a Training Station where users can access the most important controls for model
training. Here users can select from the three datasets (UCSF-PDGM, UPENN-GBM, and the
combined dataset) and choose the desired classifier (SVM, RF, XGBoost, LogR, kNN, or Naive
Bayes). Additionally, users can select MRI sequences (T1, T2, T1GD, FLAIR) and feature se-
lection techniques (None, Mutual Information, Boruta, PCA, or LDA). The Training Station also
offers users the option to use SMOTE for handling class imbalance, to tune hyperparameters of the
selected model, and to enter the k features to retain while using feature selection; otherwise k is au-
tomatically selected. Once a model is trained, the tool provides various graphical representations
and matrices to evaluate the model’s performance. Users can visualize metrics such as accuracy,
precision, recall, and ROC curves, which help in assessing the efficacy of the predictive model.

Figure 5.7 depicts the interface of the interactive tool where users can access this functionality.
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Figure 5.7: Screenshot of the interactive tool’s Training Station. Users can select the dataset,
choose the classifier, apply feature selection techniques, and initiate the training process. The
interface also provides options for handling class imbalance with SMOTE and tuning model hy-
perparameters.

5.7.5 Importance and Impact

This tool serves as a valuable resource for future researchers by providing a comprehensive and
user-friendly platform for analyzing MRI imaging and clinical data. Instead of starting from
scratch, researchers can leverage this tool to understand the overall methodology implemented.
The intuitive interface facilitates the examination of tumor structures, the visualization of clinical

data, and the extraction of significant features, streamlining the research process.
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Moreover, the tool’s Training Station enables users to experiment with various datasets, clas-
sifiers, and feature selection techniques, enabling them to build and evaluate predictive models
efficiently.

Overall, this tool not only accelerates the research workflow but also enhances the accuracy
and reliability of the findings. Its user-friendly design makes complex data analysis accessible
to a broader range of researchers, fostering innovation and advancement in the field of medical

imaging and radiomics.

5.8 Summary

Chapter 5 outlines the methodology employed in this study to predict IDH mutation status using
MRI analysis and machine learning techniques. The key steps in the methodology are summarized

as follows:

1. Dataset Collection and Preparation:

(a) Two primary datasets, UCSF-PDGM and UPENN-GBM, were utilized. Each dataset
was divided into training (80%) and test (20%) sets.

(b) The training data underwent a feature selection and dimensionality reduction process
to enhance model efficiency and performance by retaining the most significant fea-

tures.
2. Handling Class Imbalance:
Given the class imbalance in both datasets, where IDH mutation-positive cases were under-
represented, the SMOTE was applied to the training data.

3. Model Training and Hyperparameter Optimization:

(a) Various machine learning classifiers, including Random Forest, Support Vector Ma-
chine, eXtreme Gradient Boosting, Logistic Regression, Naive Bayes, and K-Nearest

Neighbors, were employed.

(b) Bayesian optimization was used to determine the optimal hyperparameters for each

classifier, including the number of features to retain/create and the SMOTE ratio.

4. Model Evaluation:

(a) The performance of the trained models was evaluated using several metrics: Accuracy,

Balanced Accuracy, Sensitivity (Recall), Specificity, Precision, F1 Score, and AUC.

Additionally, an interactive tool was developed to enhance the visualization and analysis of
MRI images and clinical data. This tool enables users to view MRI images and ROIs, present clin-
ical information comprehensively, extract radiomic features, and train machine learning models

directly.
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This chapter provides a detailed description of the experimental design and procedures, en-
suring a systematic approach to developing and validating machine learning models for predicting

IDH mutation status. The subsequent analysis and discussion of results are presented in Chapter 6



Chapter 6

Results and Discussions

This chapter presents the findings of our study on predicting IDH mutation status in gliomas using
machine learning algorithms applied to MRI data. It is divided into three main sections, each
dedicated to the results and discussions for one of the three datasets used in this study (Sections 6.1,
6.2, 6.3). Within each section, the classification results are provided, the optimal hyperparameters
are identified, and the limitations encountered are discussed.

The results detailed in this chapter are focused on showcasing the best-performing models
and their configurations. These results were obtained from 10 different runs to ensure statistical
significance and robustness. For a complete overview of all the experimental results, including
additional metrics and model configurations, please refer to Appendix A. Here, the most promising
outcomes from the experiments are highlighted, emphasizing the models that demonstrated the

highest robustness in predicting IDH mutation status.

6.1 Results for UCSF-PDGM dataset

This section presents the optimal combinations of classifier, MRI sequence, and feature selection
technique, alongside the baseline model without feature selection. Additionally, the SMOTE ratio
for each combination is provided, as well as the k features retained / created by the feature selection

techniques. Tables 6.1 to 6.6 display the best results for each classifier.

74
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Support Vector Machine

Table 6.1: Best Performances of SVM model Across different MRI Sequences and Feature Selec-
tion Methods for UCSF-PDGM. The best combination is highlighted in bold.

MRI Feature Balanced . . SMOTE
. AUC Sensitivity Specificity . K features
Seq Selection Accuracy Ratio
None 0.7314+0.145 0.751£0.170 | 0.6204+0.286 | 0.84140.110 0.26 1223
FLAIR
Mutual Info | 0.70040.141 0.739+0.165 0.520+0.289 | 0.880+0.123 0.64 854
None 0.709+0.151 0.746+0.172 | 0.55040.031 0.869+0.134 0.26 1223
T1
Mutual Info | 0.659+0.124 | 0.736+£0.160 | 0.380+0.271 0.939+0.092 0.35 1086
None 0.748+0.141 0.744+0.181 | 0.700+£0.300 | 0.796+0.118 1.00 1223
T1GD
Boruta 0.7284+0.145 0.747+£0.152 | 0.540+0.294 | 0.91640.100 0.55 19
None 0.745+0.159 0.757+£0.178 0.570+0.307 | 0.92140.097 0.54 1223
T2
Boruta 0.68540.091 0.737£0.176 | 0.300£0.458 | 0.700+0.458 0.38 21

k-Nearest Neighbors

Table 6.2: Best Performances of KNN model Across different MRI Sequences and Feature Selec-
tion Methods for UCSF-PDGM. The best combination is highlighted in bold.

MRI Feature Balanced SMOTE
. AUC Sensitivity Specificity . K features
Seq Selection Accuracy Ratio
None 0.696+0.109 0.759+0.151 0.480+0.213 0.913£0.091 0.38 1223
FLAIR
Boruta 0.698+0.113 0.774+0.151 0.4504+0.233 0.94640.064 0.36 21
None 0.655+0.111 0.705+0.188 0.400+0.232 | 0.910+0.099 0.27 1223
T1
Mutual Info | 0.639+0.095 0.695+0.158 0.350+0.175 0.9284+0.099 0.36 624
None 0.6744+0.108 0.757£0.162 0.4304+0.253 0.9184+0.099 0.26 1223
T1GD
Boruta 0.733+0.126 0.751+0.203 0.550+0.269 | 0.915+0.106 0.26 19
None 0.681+0.117 0.765+0.188 0.420+0.227 0.94140.065 0.26 1223
T2
Mutual Info | 0.701£0.159 0.750+0.177 0.5704+0.293 0.83140.123 0.26 21
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Table 6.3: Best Performances of XGBoost model Across different MRI Sequences and Feature
Selection Methods for UCSF-PDGM. The best combination is highlighted in bold.

MRI Feature Balanced SMOTE
) AUC Sensitivity Specificity . K features
Seq Selection Accuracy Ratio
None 0.684+0.122 0.749+0.145 0.470+0.245 0.897+0.111 1.0 1223
FLAIR
PCA 0.707+0.149 0.749+0.143 0.550+0.304 | 0.86440.100 1.00 7
None 0.529+0.033 0.722+0.175 0.090+£0.070 | 0.969+0.056 0.26 1223
T1
Boruta 0.700+0.139 0.717£0.191 0.530+0.287 0.870+0.094 0.93 4
None 0.500+0.000 0.785+0.172 0.000+0.000 1.000+£0.000 0.26 1223
T1GD
Mutual Info | 0.752+0.160 0.776+£0.190 | 0.630+0.320 | 0.875+0.111 0.27 68
None 0.662+0.113 0.728+0.185 0.380+0.248 0.944£0.080 0.26 1223
T2
Boruta 0.706+0.128 0.746+0.191 0.550+0.262 0.862+0.091 1.00 8

Random Forest

Table 6.4: Best Performances of RF model Across different MRI Sequences and Feature Selection
Methods for UCSF-PDGM. The best combination is highlighted in bold.

MRI Feature Balanced . . SMOTE
. AUC Sensitivity Specificity . K features
Seq Selection Accuracy Ratio
None 0.69140.148 0.757£0.176 | 0.4904+0.277 | 0.89310.101 1.0 1223
FLAIR
Mutual Info | 0.687+0.146 | 0.756+0.186 | 0.460+£0.276 | 0.913£0.103 0.64 419
None 0.630+0.091 0.726+0.188 0.300+0.195 0.9594+0.075 0.35 1223
Tl
Mutual Info | 0.657+0.097 0.731£0.188 0.360+0.206 | 0.95440.084 0.31 863
None 0.685+0.130 | 0.77540.161 0.470+0.272 | 0.9004+0.093 0.62 1223
T1GD
Boruta 0.762+0.166 | 0.776+0.186 | 0.660+0.326 | 0.864+0.115 0.49 19
None 0.690+0.123 0.771£0.189 | 0.460+0.262 | 0.92140.073 0.58 1223
T2
Mutual Info | 0.691£0.140 | 0.756+0.153 0.490+0.270 | 0.893+0.076 0.81 699
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Table 6.5: Best Performances of LogR model Across different MRI Sequences and Feature Selec-

tion Methods for UCSF-PDGM. The best combination is highlighted in bold.

MRI Feature Balanced SMOTE
Seq Selection Accuracy AUC Sensitivity Specificity Ratio K features
FLAIR None 0.731+0.147 0.732+£0.200 | 0.560+0.332 | 0.903+0.099 0.48 1223
PCA 0.748+0.158 0.758+0.183 0.670+0.310 | 0.826+0.130 1.00 38
- None 0.728+0.138 0.757+0.177 0.660+0.291 0.796+0.115 0.35 1223
Boruta 0.726+0.147 0.731£0.171 0.620+£0.309 | 0.831+0.127 0.35 16
TIGD None 0.747+0.178 0.770£0.189 | 0.660+0.326 | 0.833+0.109 0.87 1223
Boruta 0.760+0.146 | 0.767+£0.180 | 0.660+0.317 | 0.859+0.122 0.35 19
- None 0.75440.163 0.741£0.211 0.670+0.335 0.838+0.108 0.76 1223
PCA 0.703+0.118 0.764+0.175 0.460+0.262 | 0.9461+0.071 0.35 19

Naive Bayes

Table 6.6: Best Performances of NB model Across different MRI Sequences and Feature Selection
Methods for UCSF-PDGM. The best combination is highlighted in bold.

MRI Feature Balanced SMOTE
Seq Selection Accuracy AUC Sensitivity Specificity Ratio K features
FLAIR None 0.649+0.137 0.686+0.167 0.650+£0.220 | 0.649+0.137 0.42 1223
Mutual Info | 0.662+0.136 | 0.687£0.156 | 0.510£0.270 | 0.81440.097 0.35 158
- None 0.622+0.119 0.674+0.169 | 0.390+0.238 | 0.854+0.106 0.69 1223
Mutual Info | 0.62340.109 0.677+0.171 0.350+0.250 | 0.89540.084 0.63 196
T1GD None 0.75440.153 0.748+0.175 0.680+0.309 | 0.82940.106 0.77 1223
Mutual Info | 0.737+£0.166 | 0.773+0.185 | 0.660+0.326 | 0.813+0.115 0.35 43
™ None 0.703+0.177 0.730+0.173 0.600+0.332 | 0.80640.099 0.35 1223
Mutual Info | 0.627+0.124 | 0.721£0.158 0.380+0.223 0.87540.098 0.37 9
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Comparison Between Models

The comparative analysis of various classifiers for identifying IDH mutation status in gliomas
reveals that the Random Forest classifier outperforms other models in terms of overall performance
metrics. Specifically, the RF classifier achieved a Balanced Accuracy of 0.7624+0.166 and an
AUC value of 0.776+0.186, indicating its robust capability in classifying IDH mutation status in
gliomas (Table 6.7).

The relatively high AUC value signifies the model’s proficiency in distinguishing between pos-
itive and negative samples, underscoring its reliability for this specific application. The standard
deviation of 0.166 for balanced accuracy and 0.186 for AUC in the Random Forest classifier indi-
cates a moderate variability in performance across different cross-validation folds. This suggests
that while the model performs well on average, its performance can fluctuate depending on the
specific training and validation splits. This variability needs to be considered when deploying the
model in real-world scenarios, as it implies potential inconsistency in predictions.

In the context of data augmentation, the results demonstrate that optimal values were gener-
ally found with higher SMOTE ratios. This means that adding more synthetic positive samples
to balance the dataset tends to enhance model performance. Notably, for some models like K-
Nearest Neighbors the average SMOTE ratio was around 0.26, translating to 314 negative cases
and approximately 80 positive cases, which is similar to the original training set. This suggests
that while higher SMOTE ratios are beneficial in most cases, there are exceptions where a lower
ratio might suffice or even be optimal. Research has shown that oversampling can sometimes lead
to overgeneralization, creating false decision boundaries due to the introduction of too many syn-
thetic samples. This indicates that a balanced approach, potentially with a lower SMOTE ratio,
might sometimes yield better results by avoiding these pitfalls [46].

Regarding feature selection techniques, mutual information and Boruta consistently achieved
the best results across various classifiers. However, in some instances (LogR and XGBoost),
PCA also showed superior performance. This indicates that while classifiers generally benefit
from feature selection techniques, the choice of technique can significantly impact the outcome.
Interestingly, for SVM almost every experiment indicated that feature selection did not provide
substantial benefits, suggesting that the baseline model’s performance might already be optimal.
Conversely, LDA was never the best feature selection method in any scenario, implying its limited
utility for this particular classification task.

Analyzing the MRI sequences used, it is evident that the T1GD sequence yields the best results
across all classifiers. This sequence consistently provided the highest performance metrics, high-
lighting its importance in accurately determining IDH mutation status. The superior performance
of the T1GD sequence could be attributed to its enhanced imaging capabilities, which provide

clearer and more distinct features crucial for the classification task.
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Table 6.7: Comparison of best-performing classifiers for UCSF-PDGM.

MRI Feature Balanced
Classifier . AUC Sensitivity Specificity
Seq Selection Accuracy
SVM T1GD None 0.748+0.141 0.74440.181 0.700+0.300 0.796+0.118
KNN T1GD Boruta 0.73340.126 0.75140.203 0.55040.269 0.91540.106
XGBoost | TIGD | Mutual Info | 0.752+0.160 0.77640.190 0.630+0.320 0.8754+0.111
RF T1GD Boruta 0.762+0.166 0.776+0.186 0.660+0.326 0.864+0.115
LogR T1GD Boruta 0.760+0.146 0.767+0.180 0.660+0.317 0.85940.122
NB T1GD None 0.75440.153 0.74840.175 0.680+0.309 0.829+0.106

6.1.1 Best Hyperparameters

This subsection presents the best hyperparameters found for each of the best-performing classifiers

used in the experiments (Table 6.8).

Table 6.8: Best Hyperparameters found for each of the Best-Performing Classifiers for UCSF-

PDGM
Classifier =~ Hyperparameter Value
C 0.1423
SVM kernel sigmoid
gamma auto
class_weight balanced
n_neighbors 10
KNN weli ghts distance
metric manhattan
p 1
learning_rate 0.108
max_depth 15
n_estimators 1000
gamma 1.937
XGBoost colsample_bytree 1.0
min_child_weight 15
subsample 0.4
class_weight balanced
n_estimator 475
max_depth 128
criterion gini
RF min_sample_split 2
min_sample_leaf 10
max_features sqrt
class_weight balanced
C 0.01
penalty L2
LogR max_iter 802
11_ratio None
class_weight balanced
NB var_smoothing 1.0
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6.1.2 Limitations

While the study demonstrates promising results in classifying IDH mutation status in gliomas, sev-
eral limitations must be acknowledged to provide a comprehensive understanding of the challenges
encountered. These limitations arise from the dataset composition, the nature of IDH mutations,
and the inherent variability in the data.

The dataset used in this study comprises both low-grade (19.8%) and high-grade (80.2%)
gliomas, with a significant overrepresentation of high-grade gliomas. This imbalance can poten-
tially bias the model’s performance, as the classifier might be more attuned to the characteristics
of high-grade gliomas, possibly overlooking nuances present in low-grade gliomas. The skewed
distribution necessitates careful consideration during model training and evaluation to ensure that
the classifier can generalize across different glioma grades.

A notable limitation is the presence of unspecified IDH mutations within the dataset. The
study aims to classify whether an IDH mutation is present or not, without distinguishing between
specific types of mutations such as IDH1 or IDH2. This generalization can introduce difficulties
because the dataset does not just encompass a single type of mutation but multiple types, each
with its own characteristics. IDH2 mutations are much less common than IDH1 mutations and are
mutually exclusive with IDH1 mutations. This heterogeneity within the dataset can complicate
the classification task, as the model needs to learn to recognize a broader range of mutation types.

There is a significant imbalance between the number of positive (mutated) and negative (non-
mutated) cases in the dataset. Such class imbalance can adversely affect the model’s perfor-
mance, leading to a bias towards the majority class (non-mutated cases). Although techniques like
SMOTE were employed to mitigate this issue by augmenting the dataset with synthetic positive
samples, the inherent imbalance still poses a challenge. It can lead to scenarios where the model
performs well on negative cases but struggles with correctly identifying positive cases, ultimately
affecting the overall reliability of the classifier.

Another limitation is the inclusion of cases with prior biopsies that were not excluded from the
dataset. These prior biopsies could influence the results, as they may affect the MRI features used
for classification. However, this factor is present in both positive and negative cases, indicating that
its influence is distributed across the dataset. Despite this, the potential impact of prior biopsies

should be considered, as it might introduce additional variability into the model’s performance.

6.2 Results for UPENN-GBM dataset

This section presents the optimal combinations of classifier, MRI sequence, and feature selection
technique, alongside the baseline model without feature selection. Additionally, the SMOTE ratio
for each combination is provided, as well as the k features retained / created by the feature selection

techniques. Tables 6.9 to 6.14 display the best results for each classifier.
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Table 6.9: Best Performances of SVM model Across different MRI Sequences and Feature Selec-
tion Methods. The best combination is highlighted in bold for UPENN-GBM.

MRI Feature Balanced SMOTE
Seq Selection Accuracy AUC Sensitivity Specificity Ratio K features
FLAIR None 0.569+0.161 0.560+0.315 0.250+0.335 0.888+0.032 0.36 1223
Mutual Info | 0.640+0.199 0.644+£0.359 | 0.300£0.400 | 0.980+0.013 0.72 954
- None 0.539+0.147 0.679+£0.244 | 0.1004£0.300 | 0.978+0.017 0.47 1223
PCA 0.662+£0.196 | 0.774+0.168 0.350+0.391 0.974£0.016 0.63 37
TIGD None 0.816+0.161 0.850+0.174 | 0.850+0.320 | 0.783+0.070 0.24 1223
PCA 0.7214£0.199 0.843+£0.186 | 0.600+0.374 | 0.8424+0.224 0.35 24
- None 0.679+0.236 | 0.796+0.213 0.400+0.490 | 0.958+0.026 0.37 1223
Mutual Info | 0.695+0.245 0.841£0.199 | 0.400£0.490 | 0.99040.010 0.34 1004

k-Nearest Neighbors

Table 6.10: Best Performances of KNN model Across different MRI Sequences and Feature Se-
lection Methods. The best combination is highlighted in bold for UPENN-GBM.

MRI Feature Balanced SMOTE

Seq Selection Accuracy AUC Sensitivity Specificity Ratio K features

FLAIR None 0.421+£0.026 | 0.478+0.185 0.0004£0.000 | 0.84140.051 0.45 1223

Mutual Info | 0.639+0.208 0.685+0.281 0.550+0.415 0.72940.069 1.0 432

- None 0.655+0.235 0.746+0.256 | 0.550+0.472 | 0.759+0.055 1.0 1223

Mutual Info | 0.7024+0.236 | 0.74740.273 0.550+0.472 | 0.85340.046 0.35 1203

T1GD None 0.779+0.196 | 0.771+0.282 | 0.750+0.403 | 0.807+0.064 0.74 1223

Mutual Info | 0.75940.201 0.787+0.246 | 0.750+0.403 0.767+£0.078 0.79 288

™ None 0.676+0.225 0.750+£0.224 | 0.550+0.472 | 0.80140.068 0.69 1223

Boruta 0.6754+0.224 | 0.73940.253 0.500+0.447 | 0.84940.062 0.36 21
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Table 6.11: Best Performances of XGBoost model Across different MRI Sequences

Selection Methods. The best combination is highlighted in bold for UPENN-GBM.
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and Feature

MRI Feature Balanced SMOTE
) AUC Sensitivity Specificity . K features
Seq Selection Accuracy Ratio
None 0.63940.201 0.643+0.288 0.300+£0.400 | 0.978+0.027 0.84 1223
FLAIR
PCA 0.634+0.213 0.628+0.297 0.4504+0.415 0.8184+0.074 0.49 3
None 0.642+0.204 0.800+0.198 0.300+£0.400 | 0.984+0.018 0.42 1223
T1
Mutual Info | 0.62340.200 0.778+£0.216 0.250+0.403 0.996+0.008 0.99 754
None 0.689+0.222 0.908+0.154 0.400+0.436 0.978+0.019 0.72 1223
T1GD
PCA 0.754+0.208 0.840+0.183 0.750+0.403 0.759+0.088 0.98 1
None 0.548+0.151 0.772+0.214 0.100£0.300 | 0.996=0.008 0.47 1223
T2
Mutual Info | 0.64140.201 0.709+0.221 0.300+£0.400 | 0.982+0.011 1.0 640

Random Forest

Table 6.12: Best Performances of RF model Across different MRI Sequences and Feature Selec-
tion Methods. The best combination is highlighted in bold for UPENN-GBM.

MRI Feature Balanced SMOTE
Seq Selection Accuracy AUC Sensitivity Specificity Ratio K features
FLAIR None 0.5984+0.166 | 0.6324+0.316 | 0.200+0.332 | 0.996+0.008 0.35 1223
Boruta 0.593+0.169 0.641+£0.326 | 0.200+0.332 | 0.986+0.016 0.28 11
- None 0.5484+0.151 0.774+0.265 0.100£0.300 | 0.99640.008 0.36 1223
Boruta 0.547+£0.151 0.750£0.269 | 0.100+0.300 | 0.994+0.009 0.72 7
T1GD None 0.5954+0.200 | 0.78840.261 0.200+0.400 | 0.990+0.013 0.36 1223
PCA 0.7444+0.178 | 0.754+0.289 | 0.650+0.391 0.837+0.083 0.31 9
- None 0.597+0.199 0.749+£0.306 | 0.2004£0.400 | 0.99440.009 0.77 1223
Boruta 0.597+0.199 0.749+£0.306 | 0.2004£0.400 | 0.99440.009 0.24 16
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Table 6.13: Best Performances of LogR model Across different MRI Sequences and Feature Se-
lection Methods. The best combination is highlighted in bold for UPENN-GBM.

MRI Feature Balanced SMOTE
Seq Selection Accuracy AUC Sensitivity Specificity Ratio K features
FLAIR None 0.612+£0.180 | 0.710+£0.272 | 0.350+0.391 0.873£0.068 0.44 1223
PCA 0.677£0.194 | 0.728+0.315 0.400+£0.374 | 0.95440.033 0.37 6
- None 0.757+0.216 | 0.7974+0.257 0.600+0.436 | 0.91440.043 0.33 1223
Mutual Info | 0.75340.185 0.790+0.258 0.600+£0.374 | 0.906+0.048 0.23 1124
TIGD None 0.756+0.199 0.852+0.193 0.700+0.400 | 0.81140.033 0.66 1223
PCA 0.771+0.204 | 0.848+0.157 | 0.650+0.391 0.89240.051 0.49 9
- None 0.7124+0.234 | 0.869+0.179 | 0.450+0.472 | 0.974+0.025 0.64 1223
PCA 0.728+0.218 0.842+0.188 0.500+0.447 | 0.95640.023 1.0 50

Naive Bayes

Table 6.14: Best Performances of NB model Across different MRI Sequences and Feature Selec-
tion Methods. The best combination is highlighted in bold for UPENN-GBM.

MRI Feature Balanced SMOTE
. AUC Sensitivity Specificity . K features
Seq Selection Accuracy Ratio
None 0.643+0.177 0.645+0.194 0.750+0.403 0.536+0.144 0.35 1223
FLAIR
PCA 0.643+0.192 0.718+0.218 0.350+0.391 0.93640.040 1.0 1
None 0.675+0.179 0.666+0.225 0.750+0.403 0.6014+0.124 0.46 1223
T1
Mutual Info | 0.69740.215 0.754+0.270 0.600+0.436 0.7934+0.084 0.35 162
None 0.78140.151 0.826+0.164 0.750+0.403 0.8114+0.078 0.57 1223
T1GD
PCA 0.833+0.169 0.822+0.186 0.850+0.320 | 0.815+0.078 0.35 11
None 0.6354+0.173 0.669+0.196 0.800+0.332 0.4704+0.134 0.36 1223
T2
PCA 0.6174+0.162 0.744+0.262 0.250+0.335 0.98440.018 0.47 1
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Comparison Between Models

The comparative analysis of various classifiers using the UPENN-GBM dataset reveals that SVM
and Naive Bayes classifiers demonstrated the best performance. Specifically, the SVM classifier
achieved a balanced accuracy of 0.816 + 0.161 and an AUC of 0.850 + 0.174, while the NB
classifier obtained a balanced accuracy of 0.833 £ 0.169 and an AUC of 0.822 + 0.186 (Table 6.15).
These results indicate that, overall, this dataset shows lower performance metrics compared to
the first dataset. However, the best-performing models in the UPENN-GBM dataset managed to
surpass the top results from the initial dataset.

The standard deviation observed in the performance metrics for this dataset is higher compared
to the first dataset, indicating greater fluctuations in model performance across different cross-
validation folds. This higher variability suggests that the models’ performances are more sensitive
to the specific training and validation splits in this dataset, which could be attributed to underlying
data inconsistencies or inherent complexity.

Regarding data augmentation, the results indicate that models generally benefit from the ad-
dition of synthetic positive samples. This pattern aligns with observations from the first dataset,
reinforcing the utility of techniques like SMOTE in balancing the dataset and enhancing model
performance.

Contrary to the findings from the first dataset, here PCA emerged as the feature selection
technique yielding the best results. PCA not only improved model performance but also was the
method that most reduced the number of features, thereby decreasing the execution time. However,
there are notable exceptions where the baseline models without any feature selection outperformed
those with feature selection, particularly for SVM and KNN. This inconsistency highlights the
importance of selecting appropriate feature selection techniques based on the specific classifier
and dataset characteristics. Once more, LDA never proved to be the optimal feature selection
method.

The T1GD MRI sequence once again demonstrated superior performance across all classifiers,
consistent with findings from the initial dataset. This sequence provided the highest accuracy and

AUC values, underscoring its importance in accurately determining IDH mutation status.

Table 6.15: Comparison of best-performing classifiers for UPENN-GBM.

MRI Feature Balanced
Classifier . AUC Sensitivity Specificity
Seq Selection Accuracy
SVM T1GD None 0.816+0.161 0.850+0.174 0.850+0.320 0.78340.070
KNN T1GD None 0.77940.196 0.77140.282 0.75040.403 0.80740.064
XGBoost | TIGD PCA 0.7544-0.208 0.840+40.183 0.750+0.403 0.75940.088
RF T1GD PCA 0.744+0.178 0.754+0.289 0.650+0.391 0.837+0.083
LogR T1GD PCA 0.771+£0.204 0.848+0.157 0.650+0.391 0.892+0.051
NB T1GD PCA 0.83340.169 0.82240.186 0.850+0.320 0.815+0.078
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6.2.1 Best Hyperparameters

This subsection presents the best hyperparameters found for each of the best-performing classifiers

used in the experiments (Table 6.16).

Table 6.16: Best Hyperparameters found for each of the Best-Performing Classifiers for UPENN-

GBM

Classifier Hyperparameter Value
C 11.727
SVM kernel linear
gamma scale
class_weight balanced
n_neighbors 30
KNN wei ghts gniform .
metric minkowski
p 5
learning_rate 0.1746
max_depth 3
n_estimators 229
gamma 3.340
XGBoost colsample_bytree 1.0
min_child_weight 6
subsample 0.819
class_weight balanced
n_estimator 112
max_depth 200
criterion entropy
RF min_sample_split 20
min_sample_leaf 10
max_features None
class_weight balanced
C 0.907
penalty 12
LogR  max_iter 100
11_ratio None
class_weight balanced
NB var_smoothing 1.0

6.2.2 Limitations

While the analysis of the UPENN-GBM dataset has yielded promising results, several limitations
must be considered to understand the constraints and challenges faced in this study. These limita-
tions impact the generalizability, performance, and robustness of the developed classifiers.

The UPENN-GBM dataset exclusively comprises cases of high-grade gliomas (glioblastomas).
This specificity might contribute to the better performance metrics observed; however, it also lim-
its the generalizability of the models. Since the models are trained only on high-grade gliomas,

their applicability to low-grade gliomas may be compromised.
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A significant limitation in the UPENN-GBM dataset is the pronounced imbalance between
positive (mutation) and negative (non-mutation) cases. Approximately 3% of the cases are posi-
tive, compared to about 20% in the UCSF-PDGM dataset. This extreme imbalance can bias the
model towards the majority class, reducing its ability to accurately classify positive cases. Al-
though data augmentation techniques like SMOTE were used to address this issue, the inherent
imbalance still poses a challenge and may affect the reliability of the model’s predictions.

Unlike the first dataset, the UPENN-GBM dataset contains only one type of mutation, classi-
fied as IDH1. This limitation simplifies the classification task but also reduces the model’s ability
to generalize to other IDH mutation types.

Similar to the first dataset, the inclusion of cases with prior biopsies that were not excluded
presents another limitation. Prior biopsies can influence the MRI features, potentially affecting
the classification results. Future studies should consider excluding or separately analyzing cases

with prior biopsies to minimize this confounding factor.

6.3 Results for Combined Dataset

This section presents the optimal combinations of classifier, MRI sequence, and feature selection
technique, alongside the baseline model without feature selection. Additionally, the SMOTE ratio
for each combination is provided, as well as the k features retained / created by the feature selection

techniques. Tables 6.17 to 6.22 display the best results for each classifier.

Support Vector Machine

Table 6.17: Best Performances of SVM model Across different MRI Sequences and Feature Se-
lection Methodsfor Combined Dataset. The best combination is highlighted in bold.

MRI Feature Balanced SMOTE
Seq Selection Accuracy AUC Sensitivity Specificity Ratio K features
FLAIR None 0.789+0.115 0.859+0.113 0.688+0.274 | 0.891+0.104 0.35 1223
Mutual Info | 0.778+0.116 | 0.853+0.123 0.636+£0.268 | 0.920+0.094 0.58 723
- None 0.750+0.122 0.865+0.098 0.561+0.290 | 0.93940.078 0.35 1223
Mutual Info | 0.73740.135 0.866+0.105 0.501+£0.289 | 0.974+£0.030 0.35 952
T1GD None 0.848+0.108 | 0.9324+0.059 | 0.824+0.222 | 0.871+0.061 091 1223
Boruta 0.8314+0.094 | 0.9274+0.072 | 0.695+0.202 | 0.966+0.038 0.57 19
™ None 0.8024+0.094 | 0.880+0.091 0.653+0.221 0.95240.055 0.49 1223
Boruta 0.766+0.084 | 0.8384+0.100 | 0.6614+0.205 0.87240.100 0.43 11
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Table 6.18: Best Performances of KNN model Across different MRI Sequences and Feature Se-
lection Methods for Combined Dataset. The best combination is highlighted in bold.

MRI Feature Balanced . . SMOTE
. AUC Sensitivity Specificity . K features
Seq Selection Accuracy Ratio
None 0.7654+0.105 0.8224+0.117 0.617£0.237 | 0.9124+0.097 0.36 1223
FLAIR
Boruta 0.771£0.111 0.822+0.135 0.601+£0.244 | 0.942+0.075 0.35 21
None 0.7514+0.109 0.799+0.135 0.5674+0.244 | 0.9354+0.071 0.27 1223
T1
Boruta 0.760+0.112 | 0.8144+0.129 | 0.5674+0.253 0.9524-0.064 0.36 16
None 0.8174£0.100 | 0.91740.077 0.7054+0.222 | 0.92940.045 0.26 1223
T1GD
PCA 0.82540.091 0.915+0.077 | 0.739+0.208 | 0.910+0.049 0.53 30
None 0.7594+0.083 0.849+0.086 | 0.721£0.212 | 0.796+0.108 0.92 1223
T2
Mutual Info | 0.809+0.075 0.851£0.074 | 0.685+0.168 | 0.93440.068 0.44 427
XGBoost

Table 6.19: Best Performances of XGBoost model Across different MRI Sequences and Feature

Selection Methods for Combined Dataset. The best combination is highlighted in bold.

MRI Feature Balanced . . SMOTE
. AUC Sensitivity Specificity . K features
Seq Selection Accuracy Ratio
None 0.7624+0.123 0.871£0.115 0.577£0.278 | 0.9484+0.066 0.53 1223
FLAIR
PCA 0.766+0.138 0.863+£0.096 | 0.568+0.289 | 0.9631+0.041 0.36 18
None 0.749+0.099 0.864+0.116 | 0.541+0.232 | 0.95740.059 0.59 1223
Tl
Mutual Info | 0.749+0.085 0.891£0.096 | 0.523+0.190 | 0.97540.035 0.35 1196
None 0.834+0.068 0.935+£0.066 | 0.702+0.156 | 0.96540.037 0.35 1223
T1GD
PCA 0.835+0.098 | 0.946+0.048 | 0.705+0.216 | 0.966+0.037 0.36 39
None 0.787+0.105 0.893+0.079 | 0.6274+0.233 0.94740.052 0.97 1223
T2
Boruta 0.779+0.088 0.879£0.086 | 0.652+0.206 | 0.907+0.078 1.00 8
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Table 6.20: Best Performances of RF model Across different MRI Sequences and Feature Selec-
tion Methods for Combined Dataset. The best combination is highlighted in bold.

MRI Feature Balanced SMOTE
) AUC Sensitivity Specificity . K features
Seq Selection Accuracy Ratio
None 0.746+0.107 0.875+0.108 0.516£0.235 0.97540.035 0.45 1223
FLAIR
Mutual Info | 0.746+0.109 0.888+0.106 0.515+0.232 0.9784+0.033 0.43 1006
None 0.736+0.106 0.869+0.107 0.497+0.227 0.975+0.035 0.35 1223
T1
Mutual Info | 0.839+0.063 0.924+0.061 0.719+0.147 0.9594+0.039 0.34 863
None 0.685+0.130 0.775+0.161 0.470+0.272 0.900£0.093 0.39 1223
T1GD
PCA 0.856+£0.091 0.930+0.049 0.781+£0.207 | 0.931-+£0.049 0.82 26
None 0.717£0.79 0.832+0.0101 | 0.52540.236 0.971£0.039 0.58 1223
T2
Mutual Info 0.739+0.82 0.858+0.092 0.524+0.232 0.974+0.037 0.81 699

Logistic Regression

Table 6.21: Best Performances of LogR model Across different MRI Sequences and Feature Se-
lection Methods for Combined Dataset. The best combination is highlighted in bold.

MRI Feature Balanced SMOTE

Seq Selection Accuracy AUC Sensitivity Specificity Ratio K features

FLAIR None 0.766+0.122 0.849+0.124 | 0.585+0.267 | 0.94740.058 0.48 1223

Mutual Info | 0.776+0.135 0.862+0.108 0.6014+0.293 0.95240.056 0.36 809

- None 0.757+0.089 0.874+£0.109 | 0.566+0.215 0.94740.055 0.35 1223

Mutual Info | 0.776+0.095 0.874+0.095 0.7314+0.243 0.8214+0.170 1.0 757

T1GD None 0.857£0.100 | 0.935+0.052 | 0.772+0.216 | 0.941+0.044 0.87 1223

Mutual Info | 0.853+0.095 0.937+0.051 0.764+0.209 | 0.9431+0.044 0.35 651

- None 0.788+£0.082 | 0.877+0.081 0.687+0.205 0.890+0.088 0.76 1223

Mutual Info | 0.802+0.074 | 0.890+0.072 | 0.730£0.194 | 0.873£0.102 1.0 952
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Table 6.22: Best Performances of NB model Across different MRI Sequences and Feature Selec-
tion Methods for Combined Dataset. The best combination is highlighted in bold.

MRI Feature Balanced SMOTE
Seq Selection Accuracy AUC Sensitivity Specificity Ratio K features
FLAIR None 0.673£0.122 | 0.743£0.130 | 0.719+0.179 | 0.626+0.254 0.36 1223
PCA 0.686+0.120 | 0.8314+0.104 | 0.431+0.244 | 0.940+0.063 0.40 34
- None 0.7234+0.071 0.730+0.118 0.5454+0.135 0.9014+0.069 0.46 1223
PCA 0.7304+0.080 | 0.81640.101 0.770£0.193 0.690+0.175 0.89 50
TIGD None 0.828+0.082 0.885+0.067 0.790+0.179 | 0.86640.066 0.34 1223
Mutual Info | 0.836+£0.070 | 0.917+0.062 | 0.875+0.155 | 0.797+0.063 0.39 38
- None 0.763+0.085 0.768+0.116 | 0.61740.195 0.910+0.083 1.0 1223
PCA 0.7324+0.103 0.841£0.104 | 0.545+0.216 | 0.91940.063 0.55 44

Comparison Between Models

The combination of the UCSF-PDGM and UPENN-GBM datasets resulted in a larger sample
size, which significantly enhanced the performance of the classifiers. As shown in Table 6.23,
this dataset combination yielded the best results, with the highest balanced accuracy of 0.856 +
0.091 achieved by the Random Forest classifier. This was obtained using PCA with 26 features
and a SMOTE ratio of 0.82, which translates to an addition of 488 synthetic positive samples
during training. The highest AUC of 0.946 + 0.048 was achieved by the XGBoost classifier, also
utilizing PCA with 39 features and a SMOTE ratio of 0.36, resulting in 162 new synthetic positive
samples in the training set. The Random Forest model took 2.546 + 0.173 seconds to run, while
the XGBoost model took 0.736 + 0.019 seconds.

The combined dataset also exhibited more stable performance metrics, as indicated by lower
standard deviations in the results. The balanced accuracy and AUC values showed smoother fluc-
tuations, suggesting that the classifiers performed more consistently across the 10 different runs.
This enhanced stability can be attributed to the increased sample size, which provides a more com-
prehensive representation of the data, thereby reducing the impact of anomalies and variations in
individual folds.

Consistent with previous findings, the T1IGD MRI sequence continued to deliver the best re-
sults across all classifiers, reinforcing its importance in accurately determining IDH mutation sta-

tus.
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Table 6.23: Comparison of best-performing classifiers for Combined Dataset.
MRI Feature Balanced
Classifier . AUC Sensitivity Specificity
Seq Selection Accuracy
SVM T1GD None 0.848+0.108 0.932+0.059 0.824+0.222 0.871+0.061
KNN T1GD PCA 0.825+0.091 0.915£0.077 0.739£0.208 0.910£0.049
XGBoost | TIGD PCA 0.835+0.098 0.946+0.048 0.705+0.216 0.966+0.037
RF TIGD PCA 0.856+0.091 0.930+0.049 0.781+0.207 0.931+0.049
LogR TIGD | Mutual Info | 0.85340.095 0.937+0.051 0.764+0.209 0.943+0.044
NB T1GD | Mutual Info | 0.8364+0.070 0.917+0.062 0.875+0.155 0.797+0.063

6.3.1 Best Hyperparameters

This subsection presents the best hyperparameters found for each of the best-performing classifiers

used in the experiments (Table 6.24).

Table 6.24: Best Hyperparameters found for each of the Best-Performing Classifiers for Combined
Dataset

Classifier Hyperparameter Value
C 0.016
SVM kernel sigmoid
gamma auto
class_weight balanced
n_neighbors 28
KNN wei ghts distance
metric manhattan
p 5
learning_rate 0.01
max_depth 3
n_estimators 1000
gamma 0.0
XGBoost colsample_bytree 1.0
min_child_weight 1
subsample 0.641
class_weight balanced
n_estimator 429
max_depth 165
criterion entropy
RF min_sample_split 12
max_sample_leaf 9
max_features sqrt
class_weight balanced
C 0.107
penalty 11
LogR max_iter 100
11_ratio None
class_weight balanced
NB var_smoothing 1.0
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6.3.2 Limitations

One of the main limitations of this study is the absence of deep learning techniques in our com-
parative analysis. While traditional machine learning methods were extensively explored, deep
learning models, which have shown considerable success in medical image analysis due to their
ability to automatically extract and learn hierarchical features, were not employed. The inclusion
of DL methods could provide additional insights and potentially improve predictive performance.
Future research should include a comparative analysis involving state-of-the-art deep learning ar-
chitectures, such as CNNs, to evaluate their efficacy in predicting IDH mutation status.

In this study, both public datasets (UCSF-PDGM and UPENN-GBM) were combined to form
a single, larger dataset for training and testing purposes. Although this approach was chosen to
enhance the training process by increasing the number of available samples, it presents a limita-
tion in terms of generalizability. We did not experiment with training the model on one dataset and
testing it on the other, which could have provided a more robust evaluation of the model’s perfor-
mance across different patient populations and imaging protocols. Future studies should explore
this approach to better understand the model’s generalization capabilities.

While multiple MRI sequences were used in this study, not all possible sequences were in-
cluded. Additional sequences, such as Diffusion-Weighted Imaging and Perfusion-Weighted Imag-
ing, were not explored. These sequences could potentially provide valuable information and im-
prove the accuracy of IDH mutation predictions.

In summary, while the study presents promising results, these limitations highlight the need
for further research to enhance the robustness and generalizability of the findings. Addressing
these limitations in future work will contribute to the development of more reliable and effective

predictive models for IDH mutation status in glioblastoma multiforme.

6.4 Summary

This chapter presented the results and discussions of the study on predicting IDH mutation status
in gliomas using machine learning algorithms applied to MRI data. The analysis was conducted
across three datasets: UCSF-PDGM, UPENN-GBM, and a combined dataset of the two.

For the UCSF-PDGM dataset, the best AUC of 0.776+0.186 was achieved by the RF classifier
using the T1IGD MRI sequence with Boruta. This combination yielded a balanced accuracy of
0.762 £ 0.166 with a SMOTE ratio of 0.49 and retained all 19 features.

In the UPENN-GBM dataset, the highest AUC of 0.850 + 0.174 was obtained by the SVM
classifier using the TIGD MRI sequence without feature selection. This model configuration
provided a balanced accuracy of 0.816 £ 0.161, with a SMOTE ratio of 0.24 and 1223 features.

The combined dataset demonstrated the best overall performance, with the XGBoost classifier
achieving an AUC of 0.946 + 0.048 using the T1GD MRI sequence and PCA for feature selection.
This combination resulted in a balanced accuracy of 0.835 + 0.098, with a SMOTE ratio of 0.36

and 39 features retained.
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The main limitations encountered included dataset imbalances, potential biases due to prior
biopsies, the specificity of the datasets to certain glioma grades, and the exclusion of deep learning
techniques. Addressing these limitations in future research could enhance the robustness and

generalizability of predictive models for IDH mutation status in gliomas.
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Conclusion

This study focused on developing an artificial intelligence system capable of predicting IDH mu-
tation status in glioblastoma multiforme using machine learning techniques applied to magnetic
resonance imaging analysis. Various state-of-the-art methods were studied and implemented aim-
ing to achieve accurate and non-invasive predictions.

Two public datasets from The Cancer Imaging Archive (TCIA), namely UCSF-PDGM and
UPENN-GBM, were utilized for this study, containing 493 and 514 usable patient cases, respec-
tively. One of the major challenges encountered was class imbalance, as the number of IDH-
positive cases was significantly lower compared to IDH-negative cases. This imbalance posed a
considerable obstacle in training the machine learning models and necessitated data augmentation
techniques to mitigate its effects.

To tackle the problem, a comprehensive radiogenomic approach was employed, leveraging
the extraction of radiomic features from MRI scans and integrating them with machine learning
algorithms. Radiomic features capture the quantitative information from medical images, which
reflect the tumor’s phenotypic characteristics. This data was then fed into various machine learn-
ing classifiers, including Random Forest, Support Vector Machine, eXtreme Gradient Boosting,
Logistic Regression, Naive Bayes, and K-Nearest Neighbors. This approach aimed to explore the
predictive power of these features and identify the most effective combination of MRI sequences
and classifiers for accurately predicting IDH mutation status.

Despite these challenges, the study achieved highly satisfactory results in predicting IDH mu-
tations, with a maximum AUC of 0.946 + 0.048. However, it is important to note that these
promising results do not necessarily indicate good performance with external samples. The lim-
ited dataset size, particularly the low number of IDH-positive cases, may affect the model’s gen-
eralizability and performance on independent datasets.

In conclusion, this work demonstrates the significant potential of integrating machine learning
and radiogenomics in predicting genetic mutations in GBM. The successful application of these
techniques suggests a promising avenue for non-invasive diagnostics and personalized treatment
planning. For future work, it is recommended to experiment with different MRI sequences, such as

Diffusion-Weighted Imaging and Perfusion-Weighted Imaging, to evaluate whether the inclusion
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of these modalities can further improve the accuracy and robustness of the developed models.
Additionally, incorporating larger and more diverse datasets could enhance the generalizability of

the findings, ultimately contributing to better clinical outcomes for GBM patients.
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Appendix A

Detailed Experimental Results

This appendix provides a detailed overview of all the experimental results, including additional
metrics and model configurations that were explored during the study. The results presented here
supplement the highlights discussed in Chapterr 6, providing a comprehensive understanding of

the performance and behavior of different machine learning models and configurations used to

predict IDH mutation status in gliomas.

A.1 Dataset 1: UCSF-PDGM

Support Vector Machine

Table A.1: Performance of SVM Model for UCSD-PDGM.

ML

MRI

Feature

Balanced

. AUC Sensitivity Specificity
Model Seq Selection Accuracy

None 0.7314+0.145 0.7514+0.170 0.620+0.286 0.841+0.110
Mutual Info | 0.700£0.141 0.739+0.165 0.520+0.289 0.880+£0.123
FLAIR Boruta 0.6414+0.105 0.6574+0.135 0.460+0.229 0.82140.063
PCA 0.665+0.117 0.6584+0.171 0.47040.249 0.860+0.076
LDA 0.627+0.140 0.6424+0.134 0.560+0.276 0.695+0.079
None 0.709+0.151. 0.746+0.172 0.550+0.031 0.869+0.134
Mutual Info | 0.659+0.124 0.736+£0.160 0.380+0.271 0.939+0.092
T1 Boruta 0.686+0.088 0.7184+0.148 0.2804+0.218 0.8924+0.118
PCA 0.6314+0.097 0.6854+0.160 0.3304+0.215 0.93140.080
LDA 0.644+0.087 0.647+0.072 0.560+0.211 0.728+0.078
SVM None 0.748+0.141 0.74440.181 0.700+0.300 0.796+0.118
Mutual Info | 0.500+0.000 0.747+0.195 0.000-£0.000 1.000-£0.000
T1GD Boruta 0.7284+0.145 0.7474+0.152 0.540+0.294 0.916+0.100
PCA 0.501+0.023 0.267+0.150 0.700+0.438 0.303+0.457
LDA 0.5584+0.099 0.5754+0.153 0.3204+0.209 0.797+0.060
None 0.745+0.159 0.757+0.178 0.570+0.307 0.921+0.097
Mutual Info | 0.500£0.000 0.7454+0.194 0.000+0.000 1.000+0.000
T2 Boruta 0.68540.091 0.7374+0.176 0.30040.458 0.70040.458
PCA 0.500+0.000 0.418+0.171 0.300+£0.458 0.700+£0.458
LDA 0.5754+0.083 0.580+0.122 0.4204+0.147 0.730+0.096
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Table A.2: SVM SMOTE ratio and K features for UCSD-PDGM
ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0.35 1223
Mutual Info 0.64 854
FLAIR Boruta 0.73 21
PCA 0.55 44
LDA 0.62 1
None 0.35 1223
Mutual Info 0.35 1086
Tl Boruta 0.41 16
PCA 0.35 37
LDA 0.62 1
SVM None 1.00 1223
Mutual Info 0.35 1223
T1GD Boruta 0.55 19
PCA 0.35 24
LDA 0.62 1
None 0.54 1223
Mutual Info 0.35 518
T2 Boruta 0.38 21
PCA 0.35 19
LDA 0.62 1
XGBoost
Table A.3: Performance of XGBoost Model for UCSD-PDGM.
MRI
ML Feature Balanced
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence
None 0.684+0.122 0.749+0.145 0.470+0.245 0.897+0.111
Mutual Info 0.705+0.147 0.723+0.195 0.500+0.293 0.910+0.103
FLAIR Boruta 0.70610.127 0.74440.163 0.53040.265 0.88240.102
PCA 0.707+0.149 0.749+0.143 0.550+0.304 0.864+0.100
LDA 0.633+0.116 0.650+0.153 0.520+0.248 0.746+0.082
None 0.529+0.033 0.722+0.175 0.090+0.070 0.969+0.056
Mutual Info 0.647+0.107 0.679+0.173 0.370+0.224 0.923+0.087
T1 Boruta 0.700+0.139 0.7174+0.191 0.530+0.287 0.870+0.094
PCA 0.639+0.096 0.681+0.159 0.380+£0.204 0.898+0.054
XGB LDA 0.628+0.088 0.664+0.066 0.49040.197 0.766+0.070
None 0.500+0.000 0.785+0.172 0.000+0.000 1.00040.000
Mutual Info 0.752+0.160 0.776+0.190 0.630+0.320 0.875+0.111
T1GD Boruta 0.655+0.113 0.725+0.150 0.440+0.211 0.870+0.100
PCA 0.628+0.101 0.772+0.167 0.310+0.212 0.946+0.066
LDA 0.605+0.094 0.597+0.116 0.4104+0.207 0.799+0.060
None 0.662+0.113 0.728+0.185 0.380+0.248 0.944+0.080
Mutual Info 0.600+0.086 0.731+0.168 0.230+0.210 0.969+0.069
T2 Boruta 0.706+0.128 0.746+0.191 0.550+0.262 0.862+0.091
PCA 0.678+0.137 0.738+0.159 0.520+0.260 0.836+0.093
LDA 0.58340.082 0.60740.105 0.42040.209 0.7454+0.104
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Table A.4: XGBoost SMOTE ratio and K features for UCSD-PDGM

ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0. 1223
Mutual Info 1.00 896
FLAIR Boruta 1.00 7
PCA 0.74 15
LDA 0.35 1
None 0.26 1223
Mutual Info 0.35 848
T1 Boruta 0.93 4
PCA 0.73 43
LDA 0.47 1
XGB None 0.26 1223
Mutual Info 0.27 68
T1GD Boruta 0.42 3
PCA 0.56 36
LDA 0.35 1
None 0.26 1223
Mutual Info 0.24 513
T2 Boruta 1.00 8
PCA 1.00 35
LDA 0.62 1

Random Forest

Table A.5: Performance of RF Model for UCSD-PDGM.

ML MRI Feature Balanced
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence

None 0.6914+0.148 0.7574+0.176 0.4904+0.277 0.89340.101
Mutual Info | 0.687+0.146 0.756+0.186 0.46040.276 0.91340.103
FLAIR Boruta 0.6384-0.084 0.75640.170 0.3204-0.209 0.956+0.075
PCA 0.588+0.114 0.72440.186 0.2304-0.245 0.94640.077
LDA 0.640+0.129 0.6474+0.148 0.5304+0.257 0.7514+0.064
None 0.6304+0.091 0.7264+0.188 0.3004+0.195 0.9594+0.075
Mutual Info 0.6574+0.097 0.73140.188 0.36040.206 0.95440.084
T1 Boruta 0.6434-0.097 0.7324-0.188 0.3304:0.215 0.95640.080
PCA 0.6284-0.079 0.7404+0.153 0.31040.151 0.94640.049
LDA 0.61840.081 0.65140.083 0.47040.185 0.76640.064
RE None 0.68510.130 | 0.77510.161 | 0470£0272 | 0.900£0.093
Mutual Info 0.7244+0.139 0.79540.155 0.5304+0.290 0.91840.097
T1GD Boruta 0.7624+0.166 0.776+0.186 0.660+0.326 0.86440.115
PCA 0.6334+0.079 0.76440.179 0.3104+0.192 0.956+0.071
LDA 0.57540.101 0.577+0.113 0.39040.197 0.76140.059
None 0.690+0.123 0.771+0.189 0.46040.262 0.921+0.073
Mutual Info | 0.691+0.140 0.756+0.153 0.4904-0.270 0.89340.076
T2 Boruta 0.628+0.077 0.75440.202 0.310+0.176 0.94610.072
PCA 0.672+0.158 0.730+0.194 0.5104+0.281 0.83440.106
LDA 0.5834-0.090 0.5994-0.100 0.4204:0.204 0.7454-0.088
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Table A.6: RF SMOTE ratio and K features for UCSD-PDGM
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ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 1.0 1223
Mutual Info 0.64 419
FLAIR Boruta 0.35 21
PCA 0.59 50
LDA 0.35 1
None 0.35 1223
Mutual Info 0.21 863
T1 Boruta 0.35 16
PCA 0.36 38
LDA 0.44 1
RF None 0.62 1223
Mutual Info 0.47 1215
T1GD Boruta 0.49 19
PCA 0.35 48
LDA 0.70 1
None 0.58 1223
Mutual Info 0.80 699
T2 Boruta 0.35 21
PCA 0.99 24
LDA 0.83 1

Logistic Regression

Table A.7: Performance of LogR Model for UCSD-PDGM.

ML MRI Feature Balanced . .
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence
None 0.731£0.147 0.732+0.200 0.560+0.332 0.903+0.099
Mutual Info | 0.746+0.144 0.733+0.196 0.660+0.301 0.831+0.112
FLAIR Boruta 0.672£0.096 0.696+0.160 0.480+0.209 0.865+0.079
PCA 0.748+0.158 0.75840.183 0.670+0.310 0.826+0.130
LDA 0.629+0.128 0.636+0.167 0.550+0.262 0.707+0.077
None 0.728+0.138 0.757+0.177 0.660+0.291 0.796+0.115
Mutual Info | 0.683+0.095 0.74240.148 0.460+0.180 0.906+0.102
Tl Boruta 0.726+0.147 0.731£0.171 0.620+0.309 0.831+0.127
PCA 0.614+0.080 0.667+0.131 0.310+0.181 0.918+0.085
LDA 0.625+0.083 0.650+0.099 0.500+0.179 0.751£0.062
LogR None 074720178 | 0.770£0.189 | 0.660£0326 | 0.833£0.109
Mutual Info | 0.733+0.155 0.770+0.174 0.670+0.323 0.796+0.120
T1GD Boruta 0.760+0.146 0.767+0.180 0.660+0.317 0.859+0.122
PCA 0.719£0.134 0.773£0.192 0.520+0.296 0.918+0.089
LDA 0.579+0.098 0.592+0.143 0.390+0.197 0.769+0.061
None 0.754+0.163 0.741+0.211 0.670+0.335 0.838+0.108
Mutual Info | 0.690+0.126 0.719+0.184 0.470+0.272 0.91040.093
T2 Boruta 0.665+0.121 0.675+0.167 0.510+£0.305 0.819+0.088
PCA 0.703+0.118 0.76440.175 0.460+0.262 0.946+0.071
LDA 0.566+0.074 0.591+0.134 0.410£0.192 0.722+0.098
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Table A.8: LogR SMOTE ratio and K features for UCSD-PDGM

ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0.48 1223
Mutual Info 0.72 392
FLAIR Boruta 0.35 21
PCA 1.00 38
LDA 0.78 1
None 0.35 1223
Mutual Info 0.35 669
T1 Boruta 0.35 16
PCA 0.39 43
LDA 0.79 1
LogR None 0.87 1223
Mutual Info 0.35 10
T1GD Boruta 0.35 19
PCA 0.35 29
LDA 0.79 1
None 0.76 1223
Mutual Info 0.41 383
T2 Boruta 0.35 21
PCA 0.35 19
LDA 0.79 1

Naive Bayes

Table A.9: Performance of NB Model for UCSD-PDGM.

ML MRI Feature Balanced
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence

None 0.649+0.137 0.686+0.167 0.650+0.220 0.649+0.137
Mutual Info | 0.66240.136 0.687+0.156 0.510+0.270 0.814+0.097
FLAIR Boruta 0.60940.109 0.652+0.145 0.72040.172 0.498+0.166
PCA 0.65240.150 0.751+0.173 0.370+0.293 0.933+0.068
LDA 0.616+0.133 0.659+0.182 0.400+£0.257 0.832+0.064
None 0.622+0.119 0.674+0.169 0.390+0.238 0.854+0.106
Mutual Info | 0.62340.109 0.677+0.171 0.350+0.250 0.895+0.084
T1 Boruta 0.63040.135 0.660+0.183 0.530+0.237 0.770+0.160
PCA 0.562+0.068 0.716+0.136 0.16040.136 0.964+0.037
LDA 0.63840.093 0.661£0.101 0.51040.197 0.766+0.078
NB None 0.75450.153 | 0.748%0.175 | 0.680£0.300 | 0.829£0.106
Mutual Info | 0.73740.166 0.773+0.185 0.660+£0.326 0.813+0.115
TIGD Boruta 0.741+0.161 0.743+0.177 0.710+0.321 0.788+0.114
PCA 0.546+0.080 0.758+0.144 0.120+0.172 0.972+0.029
LDA 0.57140.092 0.590+0.138 0.320+0.194 0.822+0.045
None 0.703+0.177 0.730£0.173 0.60040.332 0.806+0.099
Mutual Info | 0.627+0.124 0.721£0.158 0.380+0.223 0.875+0.098
T2 Boruta 0.645+0.122 0.672+0.118 0.660+£0.254 0.630+0.109

PCA 0.561£0.059 0.745+0.172 0.150+0.136 0.972+0.031
LDA 0.579+0.095 0.576+0.137 0.370+0.210 0.789+0.070
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Table A.10: NB SMOTE ratio and K features for UCSD-PDGM
ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0.42 1223
Mutual Info 0.35 158
FLAIR Boruta 0.90 21
PCA 0.46 12
LDA 0.82 1
None 0.69 1223
Mutual Info 0.63 196
Tl Boruta 0.42 16
PCA 0.35 37
LDA 0.82 1
NB None 0.77 1223
Mutual Info 0.35 43
T1GD Boruta 0.95 19
PCA 0.35 36
LDA 0.82 1
None 0.35 1223
Mutual Info 0.37 9
T2 Boruta 0.95 21
PCA 0.35 17
LDA 0.82 1
k-Nearest Neighbors
Table A.11: Performance of KNN Model for UCSD-PDGM.
ML MRI Feature Balanced
K AUC Sensitivity Specificity
Model Seq Selection Accuracy
None 0.696+0.109 0.759+0.151 0.480+0.213 0.9134+0.091
Mutual Info | 0.6854+0.107 0.7434+0.174 0.43040.228 0.9414+0.072
FLAIR Boruta 0.698+0.113 0.774+0.151 0.45020.233 0.94610.064
PCA 0.50940.050 0.641+0.132 0.050£0.092 0.9694+0.025
LDA 0.634+0.128 0.6514+0.149 0.52040.248 0.7484+0.082
None 0.655+0.111 0.705+0.188 0.4004+0.232 0.91040.099
Mutual Info | 0.63940.095 0.695+0.158 0.350+0.175 0.9284+0.099
T1 Boruta 0.639+0.110 0.682+0.195 0.34040.201 0.93940.097
PCA 0.53940.042 0.7034+0.093 0.0904+0.083 0.990+0.021
KNN LDA 0.6294+0.074 0.659+0.084 0.480+0.160 0.77940.053
None 0.674+£0.108 | 0.757£0.162 | 0.43040.253 0.918+0.099
Mutual Info | 0.72140.127 0.74440.190 0.56040.280 0.88240.100
T1GD Boruta 0.7334+0.126 0.7514+0.203 0.5504+0.269 0.915+0.106
PCA 0.662+0.130 0.75440.147 0.390+0.263 0.9334+0.073
LDA 0.5774+0.102 0.583+0.111 0.3904+0.197 0.76340.059
None 0.681+0.117 0.765+0.188 0.42040.227 0.94140.065
Mutual Info | 0.70140.159 0.750+0.177 0.5704+0.293 0.8314+0.123
T2 Boruta 0.681+0.137 0.746+0.164 0.42040.268 0.9414+0.056
PCA 0.591+£0.049 | 0.669+0.125 0.200+£0.089 | 0.98240.026
LDA 0.59040.087 0.6024+0.103 0.41040.192 0.771+0.074
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Table A.12: KNN SMOTE ratio and K features for UCSD-PDGM

ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0.38 1223
Mutual Info 0.35 352
FLAIR Boruta 0.36 21
PCA 0.35 39
LDA 0.73 1
None 0.27 1223
Mutual Info 0.36 624
T1 Boruta 0.35 16
PCA 0.37 50
LDA 0.78 1
KNN None 0.26 1223
Mutual Info 0.51 1223
T1GD Boruta 0.26 19
PCA 0.47 19
LDA 0.47 1
None 0.26 1223
Mutual Info 0.59 508
T2 Boruta 0.26 21
PCA 0.47 17
LDA 0.78 1
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A.2 Dataset 2: UPENN-GBM

Support Vector Machine

Table A.13: Performance of SVM Model for UPENN-GBM.
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ML MRI Feature Balanced
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence

None 0.569+0.161 0.560+0.315 0.25040.335 0.888+0.032
Mutual Info | 0.64040.199 0.644+0.359 0.300+0.400 0.980+0.013
FLAIR Boruta 0.588+0.169 0.609+0.351 0.20040.332 0.97640.020
PCA 0.55340.197 0.5494+0.339 0.3004:0.400 0.805+0.053
LDA 0.54940.158 0.624+0.193 0.1504:0.320 0.948+0.038
None 0.53940.147 0.679+0.244 0.10040.300 0.978+0.017
Mutual Info | 0.646+0.197 0.83140.208 0.3004-0.400 0.99240.010
T1 Boruta 0.6154+0.203 0.607+0.261 0.500+£0.447 0.729+0.100
PCA 0.662+0.196 0.774+0.168 0.350+0.391 0.974+0.016
LDA 0.60540.192 0.659+0.281 0.3004:0.400 0.910£0.031
SVM None 0.81620.161 | 0.850£0.174 | 0.850£0.320 | 0.783£0.070
Mutual Info | 0.588+0.167 0.76340.224 0.20040.332 0.97640.024
TIGD Boruta 0.517+0.075 0.688+0.226 0.0504-0.150 0.98440.015
PCA 0.7214-0.199 0.84340.186 0.6004-0.374 0.84240.224
LDA 0.558+0.163 0.646+0.240 0.200+0.332 0.916+0.034
None 0.67940.236 0.796+0.213 0.40040.490 0.958+0.026
Mutual Info | 0.695+0.245 0.84140.199 0.4004-0.490 0.99040.010
T2 Boruta 0.4594-0.094 0.64640.289 0.0504-0.150 0.86740.266
PCA 0.5004-0.000 0.778+0.206 0.000=£0.000 1.000+0.000
LDA 0.6764+0.212 0.71040.212 0.55040.415 0.80140.067
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Table A.14: SVM SMOTE ratio and K features for UPENN-PDGM

ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0.36 1223
Mutual Info 0.72 954
FLAIR Boruta 0.73 21
PCA 0.55 44
LDA 0.37 1
None 0.47 1223
Mutual Info 0.63 978
T1 Boruta 0.41 16
PCA 0.63 37
LDA 0.99 1
SVM None 0.24 223
Mutual Info 0.82 614
T1GD Boruta 0.55 19
PCA 0.35 24
LDA 0.35 1
None 0.37 1223
Mutual Info 0.34 1004
T2 Boruta 0.38 21
PCA 0.35 19
LDA 0.37 1
XGBoost
Table A.15: Performance of XGBoost Model for UPENN-GBM.
MRI
ML Feature Balanced
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence
None 0.6394+0.201 0.64340.288 0.30040.400 0.97840.027
Mutual Info 0.6534+0.227 0.633+0.314 0.3504+0.450 0.95640.022
FLAIR Boruta 0.6354+0.199 0.6614+0.262 0.30040.400 0.970+0.029
PCA 0.6344+0.213 0.6284+0.297 0.450+0.415 0.818+0.074
LDA 0.6174+0.198 0.616+0.198 0.30040.400 0.933+0.083
None 0.642+0.204 0.800£0.198 0.300+0.400 0.984+0.018
Mutual Info 0.62340.200 0.778+0.216 0.2504+0.403 0.996+0.008
T1 Boruta 0.563+0.167 0.64540.246 0.2004+0.332 0.92640.044
PCA 0.6334+0.200 0.709+0.191 0.30040.400 0.966+0.026
LDA 0.591+0.195 0.6574+0.209 0.20040.400 0.9824+0.019
XGBoos None 0.68910.222 | 0.908%10.154 | 040050436 | 0.978£0.019
Mutual Info 0.6184+0.201 0.829+40.207 0.2504+0.403 0.986+0.016
T1GD Boruta 0.757+0.234 0.833+0.185 0.550+0.472 0.964+0.025
PCA 0.75440.208 0.84040.183 0.7504+0.403 0.75940.088
LDA 0.5494+0.147 0.5464+0.263 0.15040.320 0.94740.066
None 0.548+0.151 0.7724+0.214 0.10040.300 0.9964+0.008
Mutual Info 0.641+0.201 0.709+0.221 0.30040.400 0.9824+0.011
T2 Boruta 0.6224+0.207 0.6734+0.296 0.300+0.400 0.944+0.038
PCA 0.58240.205 0.775+0.165 0.200+0.400 0.964+0.033
LDA 0.6154+0.195 0.6684+0.230 0.35040.450 0.88040.099
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Table A.16: XGBoost SMOTE ratio and K features for UPENN-PDGM
ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0.84 1223
Mutual Info 0.72 983
FLAIR Boruta 1.00 7
PCA 0.49 3
LDA 0.67 1
None 0.42 1223
Mutual Info 0.99 754
T1 Boruta 0.93 4
PCA 25 0.59
LDA 0.98 1
XGB None 0.72 1223
Mutual Info 0.82 614
T1GD Boruta 0.42 3
PCA 0.98 1
LDA 0.39 1
None 0.47 1223
Mutual Info 1.0 640
T2 Boruta 1.00 8
PCA 0.82 21
LDA 0.95 1
Random Forest
Table A.17: Performance of RF Model for UPENN-GBM.
MRI
ML Feature Balanced
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence
None 0.598+0.166 0.6324+0.316 0.200+0.332 0.99640.008
Mutual Info 0.582+0.171 0.636+0.324 0.200+0.332 0.9644+0.033
FLAIR Boruta 0.593+0.169 0.6414+0.326 0.200+0.332 0.9861+0.016
PCA 0.526+0.115 0.65610.225 0.150+0.229 0.9024+0.034
LDA 0.619+0.193 0.6154+0.197 0.300+0.400 0.9384+0.045
None 0.548+0.151 0.77440.265 0.10040.300 0.99640.008
Mutual Info 0.498+0.004 0.7434+0.302 0.00040.000 0.99640.008
T1 Boruta 0.5474+0.151 0.75040.269 0.100+0.300 0.99440.009
PCA 0.521+0.070 0.66340.323 0.050+0.150 0.9924+0.013
RE LDA 0.625+0.195 0.6214+0.196 0.300+0.400 0.95040.035
None 0.595+0.200 0.788+0.261 0.200+0.400 0.99040.013
Mutual Info 0.620+0.200 0.82640.208 0.2504+0.403 0.990+0.013
T1GD Boruta 0.7344+0.224 0.808+0.241 0.5004+0.447 0.9684+0.029
PCA 0.7444+0.178 0.7544+0.289 0.650+0.391 0.83740.083
LDA 0.546+0.156 0.568+0.163 0.150+0.320 0.94240.033
None 0.597+0.199 0.74940.306 0.200+0.400 0.99440.009
Mutual Info 0.562+0.160 0.6724+0.275 0.150+0.320 0.97440.027
T2 Boruta 0.5974+0.199 0.74940.306 0.20040.400 0.99440.009
PCA 0.498+0.004 0.63840.208 0.00040.000 0.99640.008
LDA 0.5704+0.198 0.564+0.201 0.200+0.400 0.940+0.024
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Table A.18: RF SMOTE ratio and K features for UPENN-GBM
ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0.35 1223
Mutual Info 0.35 509
FLAIR Boruta 0.28 11
PCA 0.66 4
LDA 0.91 1
None 0.36 1223
Mutual Info 1.0 443
T1 Boruta 0.72 7
PCA 0.78 24
LDA 0.99 1
RE None 0.36 1223
Mutual Info 0.71 919
T1GD Boruta 0.49 19
PCA 0.31 9
LDA 0.43 1
None 0.77 1223
Mutual Info 0.40 645
T2 Boruta 0.24 16
PCA 0.74 48
LDA 0.37 1
Logistic Regression
Table A.19: Performance of LogR Model for UPENN-GBM.
MRI
ML Feature Balanced
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence
None 0.61240.180 0.710£0.272 0.350+0.391 0.873+0.068
Mutual Info | 0.604+0.165 0.689+0.270 0.400£0.374 0.807+0.073
FLAIR Boruta 0.60940.166 0.613+0.364 0.250+0.335 0.968+0.016
PCA 0.677+0.194 0.728+0.315 0.40040.374 0.954+0.033
LDA 0.62240.191 0.608+0.295 0.350+0.391 0.893+0.053
None 0.7574+0.216 0.797+£0.257 0.60040.436 0.914+0.043
Mutual Info | 0.753+£0.185 0.790+0.258 0.600+0.374 0.906+0.048
T1 Boruta 0.72640.196 0.79540.260 0.500+0.387 0.952+0.031
PCA 0.690+0.193 0.798+0.164 0.450+0.415 0.930+0.038
LogR LDA 0.630+0.187 0.657+0.290 0.350+0.391 0.910+0.038
None 0.756+0.199 0.852+0.193 0.70040.400 0.811£0.033
Mutual Info | 0.679+0.215 0.858+0.150 0.40040.436 0.958+0.021
T1GD Boruta 0.73840.207 0.866+0.160 0.550+0.415 0.926+0.032
PCA 0.7714+0.204 0.848+0.157 0.650+0.391 0.892+0.051
LDA 0.56540.162 0.546+0.292 0.200£0.332 0.930+0.036
None 0.712+£0.234 0.869+0.179 0.450+£0.472 0.974+0.025
Mutual Info | 0.71340.233 0.872+0.191 0.45040.472 0.976+0.029
T2 Boruta 0.6784+0.220 0.845+0.192 0.40040.436 0.956£0.015
PCA 0.7284+0.218 0.842+0.188 0.50040.447 0.956+0.023
LDA 0.55840.200 0.650+0.248 0.20040.400 0.916+0.042
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Table A.20: LogR SMOTE ratio and K features for UPENN-PDGM

ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0.44 1223
Mutual Info 0.68 264
FLAIR Boruta 0.36 11
PCA 0.37 6
LDA 0.92 1
None 0.33 1223
Mutual Info 0.23 1124
T1 Boruta 0.25 7
PCA 0.35 37
LDA 0.98 1
LogR None 0.66 1223
Mutual Info 1.0 531
T1GD Boruta 0.21 19
PCA 0.49 9
LDA 0.73 1
None 0.64 1223
Mutual Info 0.50 1055
T2 Boruta 0.34 16
PCA 1.0 50
LDA 0.94 1

Naive Bayes

Table A.21: Performance of NB Model for UPENN-GBM.

ML MRI Feature Balanced
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence

None 0.643£0.177 0.645+0.194 0.750+0.403 0.536+0.144
Mutual Info | 0.61440.191 0.686+0.287 0.350+0.391 0.877+0.078
FLAIR Boruta 0.573+0.181 0.58440.203 0.800£0.400 0.346+0.121
PCA 0.643+0.192 0.7184+0.218 0.350+0.391 0.936+0.040
LDA 0.493+0.010 0.563+0.166 0.000=£0.000 0.9860.020
None 0.675£0.179 0.666+0.225 0.750+0.403 0.601+0.124
Mutual Info | 0.697+0.215 0.754+0.270 0.600+0.436 0.793+0.084
Tl Boruta 0.666+0.177 0.659+0.227 0.750+0.403 0.583+0.126
PCA 0.666+£0.192 0.75640.283 0.350+0.391 0.98240.019
LDA 0.627+0.197 0.66140.295 0.300+0.400 0.95440.035
NB None 0.781+0.151 0.826+0.164 0.750+0.403 0.81140.078
Mutual Info | 0.749+0.194 0.835+0.157 0.700=£0.400 0.797+0.085
T1GD Boruta 0.668+0.225 0.863+0.166 0.350+0.450 0.986+0.018
PCA 0.833+0.169 0.822+0.186 0.850+0.320 0.815+0.078
LDA 0.484+0.011 0.4444-0.208 0.000+0.000 0.968+0.023
None 0.635+0.173 0.669+0.196 0.800+0.332 0.470+0.134
Mutual Info | 0.546+0.212 0.5104+0.311 0.450+0.415 0.64110.146
T2 Boruta 0.572£0.239 0.595+0.233 0.600£0.436 0.544+0.088
PCA 0.617+0.162 0.74440.262 0.250+0.335 0.984+0.018
LDA 0.534+0.156 0.606+0.247 0.100£0.300 0.968+0.029
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Table A.22: NB SMOTE ratio and K features for UPENN-PDGM
ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0.35 1223
Mutual Info 0.35 565
FLAIR Boruta 0.91 21
PCA 1.0 1
LDA 0.99 1
None 0.46 1223
Mutual Info 0.35 162
T1 Boruta 0.42 16
PCA 0.42 29
LDA 0.93 1
NB None 0.57 1223
Mutual Info 1.0 569
T1GD Boruta 0.35 19
PCA 0.35 11
LDA 0.35 1
None 0.36 1223
Mutual Info 0.68 23
T2 Boruta 0.95 21
PCA 0.47 1
LDA 0.85 1
k-Nearest Neighbors
Table A.23: Performance of KNN Model for UPENN-GBM.
MRI
ML Feature Balanced
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence
None 0.42140.026 0.478+0.185 0.00040.000 0.841£0.051
Mutual Info 0.639+0.208 0.685+0.281 0.550+0.415 0.729+0.069
FLAIR Boruta 0.647+0.222 0.62140.305 0.400£0.436 0.893+0.059
PCA 0.590+0.214 0.661+£0.226 0.550+0.415 0.630+0.085
LDA 0.619+0.193 0.619+0.193 0.300+£0.400 0.938+0.045
None 0.655+0.235 0.746+0.256 0.55040.472 0.759£0.055
Mutual Info | 0.7024+0.236 0.747+0.273 0.550+0.472 0.853+0.046
T1 Boruta 0.65240.224 0.74340.254 0.450+0.472 0.853+0.048
PCA 0.644+0.223 0.73940.245 0.350£0.450 0.938+0.024
KNN LDA 0.619+0.193 0.619+0.197 0.300£0.400 0.938+0.041
None 0.779+0.196 0.771+£0.282 0.750+0.403 0.807+0.064
Mutual Info | 0.75940.201 0.787+0.246 0.75040.403 0.767£0.078
T1GD Boruta 0.696+0.228 0.751+0.260 0.500+0.447 0.892+0.062
PCA 0.76440.190 0.75340.300 0.650+0.391 0.878+0.060
LDA 0.567+0.163 0.565+0.164 0.200+0.332 0.934+0.038
None 0.676+0.225 0.7504+0.224 0.550+0.472 0.80140.068
Mutual Info 0.641+0.235 0.725+0.231 0.400£0.490 0.882+0.053
T2 Boruta 0.675+0.224 0.739+0.253 0.500+0.447 0.849+0.062
PCA 0.567+0.197 0.691+0.232 0.200+0.400 0.934+0.031
LDA 0.57040.198 0.570+0.198 0.20040.400 0.940+0.024
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Table A.24: KNN SMOTE ratio and K features for UPENN-PDGM

ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0.45 1223
Mutual Info 1.0 432
FLAIR Boruta 0.36 21
PCA 1.0 1
LDA 0.96 1
None 1.0 1223
Mutual Info 0.35 1203
T1 Boruta 0.31 16
PCA 0.32 40
LDA 0.99 1
KNN None 0.74 1223
Mutual Info 0.79 288
T1GD Boruta 0.26 19
PCA 0.48 44
LDA 0.44 1
None 0.69 1223
Mutual Info 0.33 1032
T2 Boruta 0.36 21
PCA 0.31 50
LDA 0.37 1
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A.3 Dataset 3: Combined

Support Vector Machine

Table A.25: Performance of SVM Model for Combined Dataset.
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ML MRI Feature Balanced
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence

None 0.789+£0.115 0.859+0.113 0.688+0.274 0.89140.104
Mutual Info | 0.778+0.116 0.853+0.123 0.636+0.268 0.920+0.094.
FLAIR Boruta 0.724+0.098 0.78740.123 0.542+0.246 0.90640.068
PCA 0.713+0.110 0.6954+0.178 0.496+0.229 0.930+0.076
LDA 0.638+0.114 0.653+0.124 0.558+0.197 0.71940.049
None 0.750£0.122 0.865+0.098 0.561£0.290 0.939+0.078
Mutual Info | 0.737+0.135 0.866+0.105 0.501+£0.289 0.974+0.030
T1 Boruta 0.735+0.105 0.80240.107 0.627+0.247 0.843+0.108
PCA 0.669+0.081 0.729+0.149 0.392+0.168 0.946+0.029
LDA 0.609+0.074 0.669+0.059 0.51140.255 0.708+0.176
SVM None 0.848+0.108 0.93240.059 0.824+0.222 0.87140.061
Mutual Info | 0.804+0.108 0.924+0.063 0.669+0.236 0.939+0.053
T1GD Boruta 0.831£0.094 0.927+0.072 0.695+0.202 0.966+0.038
PCA 0.747+0.070 0.886+0.064 0.548+0.172 0.945+0.047
LDA 0.568+0.076 0.712+0.097 0.262+0.133 0.875+0.032
None 0.802+0.094 0.88040.091 0.653+0.221 0.95240.055
Mutual Info | 0.500+0.000 0.501+0.100 0.000-£0.000 1.000+£0.000
T2 Boruta 0.766+0.084 0.838+0.100 0.661+0.205 0.8724+0.100
PCA 0.500=£0.000 0.505+0.147 0.500=£0.500 0.500+£0.500
LDA 0.642+0.102 0.65740.108 0.566+0.237 0.718+0.068
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Table A.26: SVM SMOTE ratio and K features for Combined Dataset
ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0.35 1223
Mutual Info 0.58 723
FLAIR Boruta 0.73 24
PCA 0.61 44
LDA 0.92 1
None 0.35 1223
Mutual Info 0.35 952
Tl Boruta 0.43 17
PCA 0.23 37
LDA 0.82 1
SVM None 0.01 1223
Mutual Info 0.46 841
T1GD Boruta 0.57 19
PCA 0.33 24
LDA 1.0 1
None 0.49 1223
Mutual Info 0.26 518
T2 Boruta 0.43 11
PCA 0.37 19
LDA 0.73 1
XGBoost
Table A.27: Performance of XGBoost Model for Combined Dataset.
MRI
ML Feature Balanced
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence
None 0.762+0.123 0.871£0.115 0.577+0.278 0.9484+0.066
Mutual Info 0.745+0.117 0.8734+0.115 0.5424+0.266 0.94740.065
FLAIR Boruta 0.756+0.126 0.8584+0.118 0.592+0.278 0.91940.092
PCA 0.766+0.138 0.86310.096 0.568+0.289 0.9631+0.041
LDA 0.615+0.094 0.669+0.132 0.367+0.178 0.86340.028
None 0.7494+0.099 0.864+0.116 0.54140.232 0.95740.059
Mutual Info 0.74940.085 0.89140.096 0.5234+0.190 0.97540.035
T1 Boruta 0.7614+0.120 0.858+0.119 0.611+0.287 0.91040.105
PCA 0.755+0.119 0.862+0.101 0.568+0.272 0.9424+0.070
XGB LDA 0.649+0.075 0.68440.086 0.633+0.142 0.664+0.051
None 0.834+0.068 0.9354+0.066 0.702+0.156 0.965+0.037
Mutual Info 0.8344+0.070 0.93440.062 0.702+0.156 0.96610.036
T1GD Boruta 0.82240.088 0.906+0.076 0.69440.189 0.94940.037
PCA 0.835+0.098 0.9464+0.048 0.705+0.216 0.966+0.037
LDA 0.626+0.061 0.664+0.074 0.615+0.113 0.63740.046
None 0.787+0.105 0.89340.079 0.627+0.233 0.94740.052
Mutual Info 0.751+0.090 0.89340.076 0.557+0.215 0.945+0.071
T2 Boruta 0.7794+0.088 0.87940.086 0.652+0.206 0.90740.078
PCA 0.620+0.084 0.86040.092 0.2454+0.175 0.99440.009
LDA 0.6444+0.117 0.6734+0.106 0.4124+0.268 0.87740.059
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Table A.28: XGBoost SMOTE ratio and K features for Combined Dataset
ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0.53 1223
Mutual Info 1.0 684
FLAIR Boruta 0.74 7
PCA 0.36 18
LDA 0.58 1
None 0.59 1223
Mutual Info 0.35 1196
Tl Boruta 0.49 4
PCA 0.71 50
LDA 0.45 1
XGB None 035 1223
Mutual Info 0.38 1102
T1GD Boruta 0.52 3
PCA 0.36 39
LDA 0.69 1
None 0.97 1223
Mutual Info 0.70 1106
T2 Boruta 1.0 8
PCA 0.35 44
LDA 0.36 1
Random Forest
Table A.29: Performance of RF Model for Combined Dataset.
MRI
ML Feature Balanced
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence
None 0.74610.107 0.8754+0.108 0.516+0.235 0.97540.035
Mutual Info 0.746+0.109 0.888+0.106 0.515+0.232 0.9784+0.033
FLAIR Boruta 0.731+0.093 0.87040.109 0.488+0.202 0.9744+0.034
PCA 0.734+0.115 0.8534+0.112 0.517+0.268 0.951+0.074
LDA 0.634+0.123 0.635+0.122 0.5074+0.225 0.76240.038
None 0.7361+0.106 0.8694+0.107 0.4974+0.227 0.97540.035
Mutual Info 0.7354+0.107 0.86040.109 0.498+0.233 0.97240.036
T1 Boruta 0.731+0.099 0.86740.106 0.488+0.212 0.97440.028
PCA 0.725+0.102 0.87440.081 0.490+0.242 0.96040.059
RE LDA 0.649+0.047 0.65740.046 0.485+0.109 0.81440.037
None 0.837+0.064 0.88440.072 0.720+0.132 0.93340.046
Mutual Info 0.839+0.063 0.92440.061 0.71940.147 0.9594+0.039
T1GD Boruta 0.8494+0.075 0.93340.062 0.7724+0.182 0.92740.057
PCA 0.856+0.091 0.93040.049 0.781+0.207 0.9314+0.049
LDA 0.667+0.075 0.676+0.073 0.478+0.140 0.8554+0.036
None 0.717£0.79 0.83240.0101 0.525+0.236 0.9714+0.039
Mutual Info 0.739+0.82 0.8584+0.092 0.524+0.232 0.97440.037
T2 Boruta 0.7294+0.103 0.87840.093 0.482+0.226 0.97640.035
PCA 0.695+0.091 0.88140.090 0.4024+0.193 0.9884+0.018
LDA 0.6374+0.127 0.64440.121 0.499+0.302 0.77440.068
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Table A.30: RF SMOTE ratio and K features for Combined Dataset.
ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0.45 1223
Mutual Info 0.43 1006
FLAIR Boruta 0.69 21
PCA 0.94 41
LDA 0.53 1
None 0.35 1223
Mutual Info 0.34 863
T1 Boruta 0.38 16
PCA 0.98 42
LDA 0.77 1
RF None 0.9 1223
Mutual Info 0.48 1071
T1GD Boruta 0.63 19
PCA 0.82 26
LDA 0.68 1
None 0.58 1223
Mutual Info 0.81 699
T2 Boruta 0.40 21
PCA 0.35 38
LDA 0.72 1
Logistic Regression
Table A.31: Performance of LogR Model for Combined Dataset.
MRI
ML Feature Balanced
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence
None 0.766£0.122 | 0.849+0.124 | 0.585+0.267 | 0.947%0.058
Mutual Info 0.776+0.135 0.8624+0.108 0.601+0.293 0.95240.056
FLAIR Boruta 0.756+0.114 0.80440.122 0.5944+0.268 0.91940.071
PCA 0.769+0.124 0.867+0.130 0.7324+0.280 0.8054+0.186
LDA 0.631+0.121 0.668+0.143 0.549+0.211 0.71340.048
None 0.757£0.089 | 0.874+0.109 | 0.566+0.215 | 0.947%£0.055
Mutual Info 0.7761+0.095 0.87440.095 0.731+0.243 0.821+0.170
Tl Boruta 0.768+£0.123 | 0.858+0.109 | 0.646:0.301 | 0.890--0.102
PCA 0.7634+0.100 0.85540.092 0.6954+0.231 0.8314+0.165
LDA 0.649+0.063 0.676+0.091 0.60740.105 0.69240.054
LogR None 0.857+0.100 0.9354+0.052 0.772+0.216 0.9414+0.044
Mutual Info 0.853+0.095 0.93740.051 0.764+0.209 0.9434+0.044
T1GD Boruta 0.818+0.081 0.89940.078 0.7224+0.195 0.91340.050
PCA 0.845+0.096 0.933+0.058 0.748+0.216 0.941+0.048
LDA 0.664+0.054 0.6631+0.041 0.614+0.094 0.71440.050
None 0.788+0.082 0.87740.081 0.68740.205 0.89040.088
Mutual Info 0.802+0.074 0.8904+0.072 0.730+0.194 0.87340.102
T2 Boruta 0.782+0.100 0.82040.095 0.645+0.226 0.92040.053
PCA 0.800+0.075 0.86940.068 0.730+0.205 0.86940.108
LDA 0.635+0.076 0.668+0.112 0.634+0.185 0.636+0.059
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Table A.32: LogR SMOTE ratio and K features for Combined Dataset

ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0.48 1223
Mutual Info 0.36 809
FLAIR Boruta 0.37 21
PCA 0.97 13
LDA 0.87 1
None 0.35 1223
Mutual Info 1.0 757
T1 Boruta 0.29 16
PCA 0.41 48
LDA 0.40 1
LogR None 0.87 1223
Mutual Info 0.35 651
T1GD Boruta 0.25 19
PCA 0.41 50
LDA 0.37 1
None 0.76 1223
Mutual Info 1.0 952
T2 Boruta 0.31 21
PCA 1.0 27
LDA 0.72 1

Naive Bayes

Table A.33: Performance of NB Model for Combined Dataset.

ML MRI Feature Balanced
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence

None 0.673+0.122 0.743+0.130 0.719+0.179 0.626+0.254
Mutual Info | 0.68340.082 0.778+0.124 0.439+0.160 0.928+0.073
FLAIR Boruta 0.66240.132 0.667+0.141 0.856+0.187 0.468+0.262
PCA 0.68640.120 0.83140.104 0.43140.244 0.940+0.063
LDA 0.63340.126 0.666+0.155 0.52440.223 0.741£0.051
None 0.723+0.071 0.730+0.118 0.545+0.135 0.901+0.069
Mutual Info | 0.6584+0.069 0.741+0.116 0.334+0.133 0.982+0.015
T1 Boruta 0.6554+0.079 0.651+0.129 0.626+0.199 0.684+0.139
PCA 0.730+0.080 0.816+0.101 0.770+0.193 0.690+0.175
LDA 0.644+0.071 0.637+0.104 0.452+0.140 0.836+0.033
NB None 0.828£0.082 | 0.885£0.067 | 0.790£0.179 | 0.866=0.066
Mutual Info | 0.83640.070 0.917+0.062 0.875+0.155 0.797+0.063
TIGD Boruta 0.837+0.080 0.859+0.063 0.832+0.174 0.842+0.073
PCA 0.810+0.098 0.915+0.055 0.696+0.215 0.925+0.051
LDA 0.661+0.064 0.662+0.041 0.426+0.116 0.896+0.028
None 0.763+0.085 0.768+0.116 0.617+0.195 0.910£0.083
Mutual Info | 0.731£0.087 0.80240.107 0.51140.189 0.951+0.055
T2 Boruta 0.738=+0.090 0.739+0.120 0.695+0.197 0.780+0.146
PCA 0.732+0.103 0.841+0.104 0.545+0.216 0.919+0.063
LDA 0.650+0.128 0.669+0.111 0.464+0.285 0.836+0.058
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Table A.34: NB SMOTE ratio and K features for Combined Dataset.

ML MRI Feature SMOTE -
Model Sequence Selection Ratio
None 0.36 1223
Mutual Info 0.69 73
FLAIR Boruta 0.91 21
PCA 0.40 34
LDA 0.78 1
None 0.46 1223
Mutual Info 0.65 204
T1 Boruta 0.45 16
PCA 0.89 50
LDA 0.35 1
NB None 0.34 1223
Mutual Info 0.39 38
T1GD Boruta 0.97 19
PCA 0.53 20
LDA 0.36 1
None 1.0 1223
Mutual Info 1.0 180
T2 Boruta 0.89 21
PCA 0.55 44
LDA 0.36 1

k-Nearest Neighbors

Table A.35: Performance of KNN Model for Combined Dataset.

ML MRI Feature Balanced
Se- . AUC Sensitivity Specificity
Model Selection Accuracy
quence

None 0.765+0.105 0.822+0.117 0.617+0.237 0.912+0.097
Mutual Info | 0.76940.101 0.818+0.114 0.609+0.227 0.928+0.084
FLAIR Boruta 0.771+0.111 0.822+0.135 0.601+0.244 0.9424+0.075
PCA 0.75340.109 0.820£0.131 0.56640.229 0.940+0.073
LDA 0.62640.122 0.630+0.128 0.4984-0.229 0.75440.048
None 0.751£0.109 0.799+0.135 0.567+0.244 0.935+0.071
Mutual Info | 0.724+0.122 0.80040.127 0.62740.260 0.820+0.139
T1 Boruta 0.76040.112 0.814+0.129 0.567+0.253 0.952+0.064
PCA 0.756+0.123 0.810+0.131 0.558+0.264 0.954+0.059
LDA 0.655+0.048 0.659+0.050 0.502+0.104 0.809+0.035
KNN None 0.817£0.100 | 0917£0.077 | 0.7055£0.222 | 0.929+0.045
Mutual Info | 0.821+0.079 0.910+0.065 0.815+0.177 0.827+0.054
TIGD Boruta 0.818+0.081 0.899+0.078 0.722+0.195 0.913+0.050
PCA 0.825+0.091 0.915+0.077 0.739+0.208 0.910+0.049
LDA 0.675+0.065 0.690+0.072 0.503+0.124 0.847+0.030
None 0.759+0.083 0.849+0.086 0.721£0.212 0.796+0.108
Mutual Info | 0.809+0.075 0.85140.074 0.68540.168 0.934+0.068
T2 Boruta 0.785=+0.089 0.825+0.092 0.635+£0.214 0.935+0.063
PCA 0.778+0.094 0.878+0.067 0.617+0.225 0.939+0.069
LDA 0.646+0.127 0.646+0.130 0.516+0.287 0.775+0.060




Table A.36: KNN SMOTE ratio and K features for Combined Dataset.

Detailed Experimental Results

ML

MRI

Feature

SMOTE

Model Sequence Selection Ratio K
None .36 1223
Mutual Info 0.35 701
FLAIR Boruta 0.35 21
PCA 0.34 16
LDA 0.87 1
None 0.27 1223
Mutual Info 0.74 725
T1 Boruta 0.36 16
PCA 0.36 50
LDA 0.83 1
KNN None 0.26 1223
Mutual Info 1.0 463
T1GD Boruta 0.24 19
PCA 0.53 30
LDA 0.42 1
None 0.92 1223
Mutual Info 0.44 427
T2 Boruta 0.28 21
PCA 0.54 50
LDA 0.37 1
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