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1. Introduction

Radiogenomics is an emerging discipline that combines both radiology and genomics to
enhance the diagnosis, prognosis, and treatment of various diseases. It aims to integrate imaging
data, such as Magnetic Resonance Imaging (MRI), with genomic and clinical data to uncover
meaningful correlations and insights. For example, one particular biomarker of interest in
glioblastoma, a type of brain cancer, the one with the worst prognosis, with median survival
being less than a year, is O6-methylguanine-DNA methyltransferase (MGMT) methylation
status [1, 2]. MGMT is a crucial Deoxyribonucleic Acid (DNA) repair enzyme that plays a role
in cancer cell resistance to chemotherapy. By understanding the MGMT methylation status of
glioma patients, clinicians can gain valuable information regarding their response to
chemotherapy and prognosis. This biomarker has shown promising potential for personalized
medicine and targeted therapy, highlighting the importance of accurate prediction.

1.1.Problem Description

Currently, genetic analysis of cancer requires surgery to extract a tissue sample. Then it can
take several weeks to determine the genetic characterization of the tumor. If an accurate
method to predict the genetics of cancer through imaging alone could be developed, this
would potentially minimize the number of surgeries and refine the type of therapy required

[3].

World-class research teams and organizations are already working in this direction. For
example, the Radiological Society of North America (RSNA) has partnered with the
Medical Image Computing and Computer Assisted Intervention Society (MICCAI) to
improve diagnosis and treatment planning for glioblastoma patients through a Kaggle
competition in 2021. At this stage, the task remains challenging, and it is evident that current
machine and deep learning (DL) models and datasets cannot yet predict the MGMT
promoter state using only patient MRI scans. Other biomarkers or prognostic factors will be
the focus of future efforts.

1.2.Significance and Relevance of the Problem

The accurate and timely prediction of genetic biomarkers in cancer, such as the MGMT
methylation status in glioblastoma, is of critical importance in modern medicine.
Glioblastoma is an aggressive and highly heterogeneous brain tumor, with survival rates
often less than a year after diagnosis. Traditional methods of obtaining genetic information
from tumors involve invasive surgical procedures followed by complex laboratory analyses,
which can take weeks. During this time, crucial treatment decisions may be delayed,
resulting in less effective care for the patient.

The development of non-invasive, imaging-based prediction techniques, such as those
explored in radiogenomics, offers a revolutionary approach to precision medicine. If
clinicians could accurately predict tumor genetics through imaging modalities like MRI, it
would lead to faster diagnosis, earlier intervention, and the possibility of avoiding surgeries
in certain cases. Moreover, this approach could guide more personalized and targeted
therapies, improving patient outcomes and potentially reducing the costs associated with
prolonged hospital stays and unnecessary surgeries.

Beyond its clinical importance, this problem is highly relevant to ongoing advancements in
artificial intelligence (AI) and machine learning (ML). Al techniques have already proven
to be highly effective in various areas of medical imaging, but accurately predicting genetic
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traits such as MGMT promoter methylation from MRI images alone remains a challenge
due to the complexity of the data [4]. Addressing this issue could unlock new opportunities
in the intersection of Al, medical imaging, and genomics, opening up new avenues for
personalized oncology treatments.

1.3.Complexity of the Problem

The complexity of predicting genetic biomarkers, like MGMT methylation status, from
MRI scans arises from several factors, many of which are inherent to the nature of both
genomic and imaging data. [5] First, the heterogeneous nature of glioblastomas poses a
significant challenge. Gliomas exhibit a wide range of genetic and morphological variations,
making it difficult for ML models to generalize across different patients and tumor subtypes.

Additionally, MRI data, though rich in anatomical detail, often lacks the necessary
molecular-level information required to directly infer genetic characteristics. Brain MRI
scans, for instance, reflect macroscopic changes in tissue structure but do not inherently
provide data at the cellular or molecular level. Extracting subtle patterns from MRI images
that correlate with genetic alterations, such as MGMT methylation, is a highly complex task
that involves identifying patterns that are often hidden within noisy, high-dimensional
imaging data [6-8].

The integration of multi-modal data (e.g., combining radiomic features with genomic and
clinical data) also introduces new layers of complexity. Ensuring that ML models can
successfully fuse these disparate data types requires careful data preprocessing, feature
extraction, and sophisticated model architectures. Furthermore, the relatively limited
availability of large, annotated datasets presents a bottleneck for training and validating
models. Many existing datasets are small and lack sufficient diversity, leading to potential
issues with model overfitting and generalization [9].

Finally, the interpretability of ML models remains a significant concern. Clinicians must be
able to trust the predictions made by Al-driven systems, especially in high-stakes scenarios
such as cancer treatment. Ensuring transparency and building models that not only perform
well but also offer insights into how predictions are made adds further to the complexity of
the problem [10].

1.4.Research Areas and Methods

Several research areas intersect to address the problem of predicting MGMT methylation
status from imaging data:

1. Radiogenomics: This field focuses on the integration of radiology and genomics to
uncover meaningful correlations between imaging features and genetic markers.
Radiogenomic studies involve the extraction of radiomic features from MRI images,
followed by their analysis in conjunction with genomic data to identify patterns that
can predict molecular alterations in tumors. Advanced ML and DL models are
commonly employed to analyze these data [11].

2. ML in Medical Imaging: ML techniques, including traditional methods like
Random Forests (RF)! and Support Vector Machines (SVM), as well as DL

T RF can have different meanings depending on the context. For example:
. Random Forest (machine learning algorithm)
. Radiofrequency (RF, related to electromagnetic waves in medical applications).
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architectures like Convolutional Neural Networks (CNNs), are critical for the
automated analysis of imaging data. Researchers in this area are focused on
developing models that can extract and interpret complex, multi-dimensional data
from medical images to improve diagnostic and prognostic accuracy [12].

Deep Learning and Neural Networks: In recent years, DL models have shown
immense promise in medical imaging. CNNs, in particular, have demonstrated the
ability to learn hierarchical representations of image data, making them particularly
well-suited for tasks such as image segmentation and feature extraction. Other
architectures, such as Recurrent Neural Networks (RNNs) and Long Short-Term
Memory (LSTM) networks, are being explored for their ability to capture temporal
and sequential patterns in longitudinal imaging studies [13].

Multi-Modal Data Integration: An emerging area of research is the integration of
multiple data modalities, such as combining MRI data with genetic, clinical, and
even environmental data. This holistic approach is expected to improve the accuracy
of predictions, as it allows models to capture a broader range of tumor
characteristics. Techniques such as data fusion, transfer learning, and ensemble
learning are being explored to enhance model performance [14].

Preprocessing Techniques in Medical Imaging: Preprocessing plays a vital role in
improving the quality of imaging data, which in turn affects the accuracy of
downstream ML models. Techniques like image normalization, brain extraction, and
tumor segmentation are critical in ensuring that meaningful features are extracted
from MRI scans. Preprocessing also helps reduce noise, correct for image artifacts,
and standardize images across different scanning protocols [15].

1.5.Dissertation Objectives and Tasks

The primary objective of this dissertation is to create advanced ML models that integrate
multiple data sources to predict the MGMT methylation status of glioblastoma
patients using non-invasive MRI imaging data alongside genomic and clinical
information. This approach seeks to bridge the gap between radiology and genomics by
developing methods that can effectively handle the complexity of multi-modal datasets. The
key objectives and tasks are:

1.

Investigation of Non-Invasive Approaches for MGMT Methylation Prediction:
A key task is to explore and develop solutions for predicting MGMT methylation
status through non-invasive methods. This objective focuses on identifying
algorithms or frameworks that can accurately predict methylation status based on
non-invasive data, primarily MRI images, while incorporating clinical and genomic
data as supplementary information. The dissertation will evaluate the suitability of
different ML techniques to improve the accuracy and reliability of non-invasive
predictions, thus advancing the clinical applicability of such methods in a real-world
setting.

Design and Development of a Novel Multi-Modal ML Framework:

A core goal of this dissertation is to develop a new algorithm or framework that can
combine data from MRI scans, genomic profiles, and clinical records to predict
MGMT promoter methylation status. Traditional ML models often struggle to
integrate multiple types of data, which vary in structure and scale (e.g., image data
vs. genomic sequences). This research will focus on creating a multi-modal model
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architecture capable of extracting and fusing meaningful features from these diverse
data sources. Techniques such as data fusion, transfer learning, and ensemble
learning, including stacking and sophisticated ensemble architectures, will be
investigated to enhance model performance and generalization.

3. Evaluation of Data Integration Techniques:

Since different data sources often carry distinct information, their integration poses
a significant challenge. The dissertation will explore and compare various data
integration techniques, including early fusion (combining raw data inputs before
modeling), intermediate fusion (combining feature representations learned from
different data types), and late fusion (combining predictions from different models).
The objective is to find the most effective strategy for combining MRI scans with
genomic and clinical data, maximizing the predictive power of the model.

4. Comprehensive Validation of the Multi-Modal Model:

The final models underwent rigorous, independent validation using cross-validation,
bootstrapping, and external datasets, including separate MRI sequences from a local
hospital in Bulgaria for a subset of patients. These techniques are well-suited for
biomedical applications, where cross-validation and bootstrapping are essential to
avoid overfitting and ensure reliable performance with limited data. Testing with
external datasets, which included diverse MRI sequences (e.g., T1, T2-FLAIR) for
select patients, provided insights into the model's generalizability across varied
imaging profiles. This multi-tiered validation approach ensures the model’s
robustness, adaptability, and clinical relevance in predicting MGMT methylation
status across diverse data inputs.

2. Theoretical Foundations and State of Research on the Problem
2.1.Theoretical Framework of Computer Science and Artificial Intelligence

The field of artificial intelligence and computer science has provided robust theoretical
underpinnings for solving complex problems in various domains, including medical
imaging. The key focus is on developing computational methods and algorithms that enable
machines to perform tasks that typically require human intelligence, such as recognizing
patterns, analyzing images, and making decisions based on data. This section elaborates on
four critical components of Al in medical imaging: CNNs, Capsule Networks (CapsNets),
Transfer Learning, and Ensemble Machine Learning.

2.1.1. CNNs

CNNss are a specialized class of artificial neural networks tailored to process data with
a grid-like structure, such as images or temporal sequences. CNNs are inspired by the
hierarchical structure of the human visual cortex, allowing them to excel in tasks that
require spatial and hierarchical feature extraction. They enable pattern recognition by
leveraging spatial relationships and hierarchical representations of data, which sets them
apart from traditional fully connected networks. By utilizing local connections, weight
sharing, and spatial invariance, CNNs achieve computational efficiency while
effectively processing high-dimensional data. This makes them indispensable for
numerous domains, including computer vision, speech recognition, and medical
imaging.

CNNs have a rich history rooted in the early efforts to simulate the mechanisms of
human vision. The architecture traces back to the introduction of the Neocognitron by



Kunihiko Fukushima in the 1980s, which laid the groundwork for the hierarchical
feature-learning concept [16]. However, CNNs gained widespread attention with Yann
LeCun’s seminal work on LeNet in 1998, which applied convolutional networks to
handwritten digit recognition [17].

The resurgence of CNNs in the 2010s, driven by advancements in hardware, particularly
graphics processing units (GPUs), and algorithms, marked a turning point in DL [18].
The success of AlexNet in the 2012 ImageNet competition demonstrated their
unparalleled ability to scale with large datasets and deep architectures [19]. Since then,
CNNs have been central to breakthroughs in diverse areas, from object detection and
natural language processing to medical diagnosis. Their adaptability and performance
continue to define state-of-the-art practices in DL, making them a cornerstone of modern
artificial intelligence.

2.1.2. CapsNets

CapsNets are a novel class of neural networks introduced by Geoffrey Hinton and
colleagues in 2017 as an alternative to CNNs [20]. They address key limitations of
traditional CNNs, such as their difficulty in handling spatial transformations and
variations in the positioning of features. CapsNets enhance feature representation by
preserving part-whole relationships, spatial hierarchies, and equivariance rather than
invariance to transformations. Inspired by biological vision systems, Hinton proposed
capsules as a way to encode both what and where a feature is present in an input.

A capsule is a group of neurons that collectively represent an entity or feature along with
its pose attributes, such as spatial orientation and scale. By replacing scalar activations
with vector or tensor outputs, CapsNets encode richer information and leverage dynamic
routing mechanisms to ensure effective communication between layers. This structured
approach allows CapsNets to overcome CNN limitations like over-reliance on max-
pooling, which discards positional information.

The foundational ideas of CapsNets were introduced in the paper "Dynamic Routing
Between Capsules" (2017) [20], which demonstrated their ability to achieve state-of-
the-art results on the MNIST dataset with fewer parameters and improved
interpretability. This marked a paradigm shift from flat feature maps to structured
representations of hierarchical relationships. Since then, CapsNets have shown promise
in domains requiring high precision in spatial relationships, such as 3D object
recognition, medical imaging, and fine-grained visual analysis. They have also been
successfully applied to tasks like image segmentation, pose estimation, and 3D
modeling, where traditional networks often fail to explicitly model spatial hierarchies
and transformations.

2.1.3. Ensemble Machine Learning

Ensemble learning is a powerful approach that combines the predictions of multiple
models to enhance overall performance, often surpassing what any single model can
achieve on its own [21-23]. This methodology capitalizes on the principle that
individual models, despite their unique strengths, may each encounter different errors
or biases when making predictions. By aggregating their outputs - through techniques
such as voting for classification tasks or averaging for regression - ensembles can
effectively mitigate these errors and provide a more accurate final prediction.



In the context of medical imaging, ensemble methods are especially valuable as they
bolster the robustness and generalizability of diagnostic models [24-26]. This is crucial
in healthcare settings, where variability in patient data and imaging quality can lead to
significant challenges. By leveraging the diversity of various algorithms, ensembles not
only improve predictive accuracy but also enhance a model’s resilience to noise and
outliers, ultimately supporting more reliable clinical decision-making.

This foundational concept of ensemble learning is directly aligned with one of the core
objectives of this dissertation: the design and development of a novel multi-modal ML
framework for predicting MGMT promoter methylation status. Traditional ML models
often struggle to integrate and harmonize data from diverse modalities, such as MRI
scans, genomic profiles, and clinical records, each of which presents unique challenges
in terms of structure and scale. To address this, the proposed framework will explore
advanced ensemble techniques, including stacking and sophisticated architectures, as
part of a broader multi-modal learning strategy. By employing ensemble methods
alongside approaches such as data fusion and transfer learning, this research aims to
create a robust and generalizable model capable of extracting meaningful insights from
these heterogeneous data sources.

2.1.4. SVM

SVM are powerful supervised learning algorithms primarily used for classification tasks
[27, 28]. SVM operates by finding an optimal hyperplane that separates data points into
distinct classes while maximizing the margin between them. The margin refers to the
distance between the hyperplane and the nearest data points from either class, which are
known as support vectors. By maximizing this margin, SVM enhances the model's
ability to generalize, making it effective for classifying unseen data.

SVM is particularly well-suited for problems involving high-dimensional data and can
be adapted to handle both linear and non-linear relationships using kernel functions.
This flexibility makes SVM a valuable tool for complex biomedical applications, such
as genomic classification or medical imaging, where the underlying data distributions
may not follow simple patterns.

In the context of this dissertation, SVM provides a foundational perspective for
addressing classification tasks within the multi-modal ML framework. Specifically, its
principles of margin maximization and kernel-based transformations will be explored in
relation to the integration of diverse data types, such as MRI scans, genomic profiles,
and clinical records. While SVM alone may face challenges in combining heterogeneous
data modalities, its incorporation into ensemble learning architectures or as a component
of multi-modal pipelines can significantly enhance predictive performance. Thus, SVM
will serve as both a benchmark and a potential building block in the development of the
proposed framework for predicting MGMT promoter methylation status.

2.2.Data Analysis in Medical Imaging

Data analysis in medical imaging is pivotal for understanding disease mechanisms,
monitoring progression, and predicting clinical outcomes [29-31]. A robust data analysis
pipeline hinges on several factors, including data availability, quality, preprocessing
techniques, and advanced algorithmic approaches. This section delves into the challenges
specific to medical image data, the sophisticated preprocessing techniques employed to
enhance data quality, and the cutting-edge algorithms used to extract meaningful insights.



To address these challenges, this dissertation employs several advanced methodologies that
are central to the problem of predicting MGMT promoter methylation status from imaging
data. For instance, radiogenomics facilitates the extraction of radiomic features from MRI
scans and their integration with genomic data to identify predictive patterns. Machine
learning techniques enable the analysis of high-dimensional and multi-modal data, while
preprocessing steps such as image normalization and tumor segmentation ensure that these
algorithms receive high-quality input.

These methods and their applications are explored in greater detail in Section 1.4 , Research
Areas and Methods, where they are contextualized within the broader scope of this
dissertation’s objectives. This alignment ensures a cohesive strategy for tackling the
complexities of integrating imaging, genomic, and clinical data to improve diagnostic and
prognostic outcomes.

3. MRI and DICOM for Deep Learning Medical Image Analysis
3.1. Overview of MRI

MRI is a non-invasive imaging technique widely utilized in medical diagnostics to visualize
internal structures of the body in detail [32]. MRI uses strong magnetic fields, computer-
generated radio waves, and advanced computing algorithms to create high-resolution
images of tissues and organs. Unlike other imaging modalities, such as X-rays or CT scans,
MRI does not employ ionizing radiation, making it safer for repeated use.

Most MRI machines are large, tube-shaped magnets. When a patient lies inside an MRI
machine, the magnetic field works with radio waves and hydrogen atoms in the body to
create cross-sectional images - akin to slices in a loaf of bread. Additionally, MRI can
produce 3D images that can be viewed from different angles, further enhancing diagnostic
capabilities [33].

In the context of this research, MRI plays a central role as the primary imaging modality for
analyzing brain tumors and predicting MGMT promoter methylation status [34, 35]. The
high-resolution imaging of soft tissues provided by MRI is particularly suited to capturing
the nuanced structural characteristics of tumors, which are crucial for radiomic feature
extraction. These radiomic features, combined with genomic and clinical data, serve as
critical inputs for the multi-modal machine learning framework proposed in this research.
Thus, MRI is not only essential for visualizing tumor morphology but also for generating
the imaging biomarkers that underpin the predictive modeling efforts in this work [36].

MRI is a widely used non-invasive diagnostic tool in medicine, offering detailed images of
the internal structures of the body. Unlike X-rays and CT scans, MRI does not rely on
ionizing radiation, making it a safer option for repeated imaging. This imaging technique
employs a combination of strong magnetic fields, radiofrequency (RF) pulses, and advanced
computational algorithms to generate high-resolution images of organs, tissues, and other
internal structures [37-39].

The core technology behind MRI is the interaction of magnetic fields with the hydrogen
atoms abundant in the human body. The MRI machine is typically a large, tube-shaped
magnet in which the patient lies. The applied magnetic field interacts with the hydrogen
atoms, causing them to align in a particular direction. The RF pulses then disrupt this
alignment, and as the hydrogen atoms return to their original state, they emit signals that are
detected and used to form detailed images. These images can be rendered in 2D or 3D,
allowing physicians to view them from various angles, providing a comprehensive
understanding of the patient's condition [39].
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3.2.Understanding Coordinate Systems in MRI

Coordinate systems in MRI are essential for accurately representing and interpreting the
complex anatomical structures imaged within the body. The spatial orientation of these
images directly impacts both clinical diagnosis and the application of computational
algorithms, particularly in advanced fields such as DL. A well-structured coordinate system
not only aids in the precise localization of anatomical regions but also ensures that image
data is properly aligned with patient-specific anatomical references. In MRI, this is achieved
through the use of a three-dimensional Cartesian coordinate system, also known as the
world coordinate system, which provides a systematic framework for spatially organizing
the body’s internal structures [40].

The ability to map and interpret images within a standard coordinate system is fundamental
for various medical applications, including disease localization, surgical planning, and the
training of ML models. As MRI scans provide data in a highly complex and
multidimensional space, understanding the coordinate system and its integration with
imaging modalities is critical for both clinical and computational tasks, such as
segmentation, image registration, and automated diagnosis.

3.2.1. Cartesian Coordinate System

The Cartesian coordinate system used in MRI provides a framework for positioning
anatomical structures in three-dimensional space through three mutually perpendicular
axes: the X-axis, Y-axis, and Z-axis. Each of these axes corresponds to a specific
directional plane within the body, enabling clear delineation of spatial relationships
between tissues and organs. These three axes are commonly referred to in terms of their
directional properties relative to the patient's anatomy:

e X-Axis (Left-Right Dimension): The X-axis is the horizontal axis that runs
from the left to the right side of the body. It is often referred to as the lateral axis.
In an MRI scan, this axis allows for the measurement and localization of
structures in the left-right direction. It is particularly important in distinguishing
between structures on the left and right sides of the body, such as the
hemispheres of the brain or the left and right lungs.

e Y-Axis (Anterior-Posterior Dimension): The Y-axis represents the anterior-
posterior dimension, which corresponds to the front-back direction of the body.
This axis enables the localization of anatomical structures from the front
(anterior) to the back (posterior) of the body. For instance, it helps in delineating
structures such as the heart (anterior) and the spinal cord (posterior) within the
thoracic cavity, or distinguishing between the anterior and posterior regions of
the brain.

e Z-Axis (Superior-Inferior Dimension): The Z-axis runs vertically through the
body, representing the superior-inferior dimension. This axis allows for
localization from top to bottom, from the head (superior) to the feet (inferior).
The Z-axis is particularly useful for understanding the vertical relationships
between structures in the brain, abdominal organs, or the spine, helping in tasks
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such as distinguishing the upper and lower regions of the brain or measuring the
spinal cord's relationship to surrounding tissues.

Together, these three axes form a 3D grid that can be used to represent any location
within the body. The combination of the X, Y, and Z axes ensures that MRI images can
be precisely mapped and analyzed in three-dimensional space, facilitating accurate
anatomical and pathological assessments. This is particularly important in advanced
imaging techniques, where spatial resolution is crucial for detecting and analyzing fine
anatomical structures.

In practice, MRI scans are often displayed as a series of two-dimensional (2D) slices or
cross-sectional images. Each slice corresponds to a specific plane in the three-
dimensional space defined by the Cartesian system. These slices are typically referred
to in terms of their orientation relative to the body’s anatomical planes, such as axial,
sagittal, and coronal planes. The coordinates of these slices, relative to the three-
dimensional grid, ensure that clinicians can accurately locate and interpret features of
interest across different planes.

3.2.2. Image Orientation and Planes

In MRI, image acquisition follows specific anatomical planes to obtain different
perspectives and cross-sectional views of the body. These planes are essential for
understanding the spatial relationships between anatomical structures and for the
interpretation of MRI scans, particularly in clinical practice and DL applications. The
ability to acquire images in multiple orientations enables detailed visualization of
tissues, organs, and abnormalities from various angles, which is critical for accurate
diagnosis and treatment planning. The three primary planes - axial, coronal, and sagittal
[41, 42] - are illustrated in Figure 3.1 [43].

Axial Plane

The Axial Plane, also referred to as the horizontal or transverse plane, divides the body
into superior (top) and inferior (bottom) parts. In MRI, this plane slices the body
horizontally, producing cross-sectional images from the head to the feet. The axial
images are particularly useful for visualizing structures such as the brain, lungs, and
abdominal organs. They provide a clear view of the body's interior in a way that is often
intuitive for clinicians, as they are accustomed to interpreting horizontal cross-sections.
These images are invaluable for identifying abnormalities such as tumors, hemorrhages,
and lesions, particularly when used in conjunction with other planes for multi-
dimensional analysis.

Coronal Plane

The Coronal Plane divides the body into anterior (front) and posterior (back) sections.
MRI images acquired in the coronal plane offer frontal views of the body, and these are
typically used to assess the body's structures in a way that highlights the anterior-
posterior relationships. This plane is particularly useful for visualizing organs such as
the heart, lungs, and abdomen, as well as for evaluating the condition of the brain from
a front-facing perspective. Coronal imaging is also instrumental in evaluating pathology,
as many lesions or structural abnormalities are better visualized from this angle.

Sagittal Plane
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The Sagittal Plane divides the body into left and right sections, producing side views of
the body. When an MRI scan is performed in this plane, the resulting images offer a
lateral perspective of the anatomical structures. The sagittal plane is critical for
visualizing the profile of the brain, spinal cord, and musculoskeletal system, as well as
for assessing the relationships between different structures along the anterior-posterior
axis.

Figure 3.1: MRI head scan planes — axial, coronal, and sagittal

4. Ethics in Medical Imaging in the Age of Al

Medical imaging has fundamentally transformed modern healthcare, offering a lens into the
human body that enables earlier diagnoses, more precise treatment planning, and more effective
disease monitoring. The integration of Al into medical imaging has elevated these capabilities
even further. Algorithms powered by deep learning can analyze vast amounts of data, detect
patterns beyond human perception, and offer predictions that rival - or even surpass - human
performance.

However, the implementation of Al raises significant ethical concerns [44-46]. These issues
include safeguarding the privacy of patients' sensitive health data, ensuring fairness in
algorithmic outcomes, maintaining transparency and accountability in decision-making, and
addressing the societal inequities that Al technologies may inadvertently exacerbate. Balancing
technological innovation with the ethical principles of beneficence, non-maleficence,
autonomy, and justice remains a critical challenge.

5. Data Specification and Experiment Design

This chapter initiates our research aimed at unraveling the complex biological and radiological
patterns associated with glioblastoma, including the role of MGMT and genetic phenotypes,
through advanced computational modeling and predictive analytics. By employing state-of-the-
art machine learning techniques, including advanced algorithms for pattern recognition and
predictive modeling, alongside multi-modal data integration, our experiments focus on
characterizing tumor heterogeneity, uncovering clinically significant insights, and enhancing
the precision of clinical decision-making. To achieve these objectives, we leverage two
expansive and meticulously curated datasets: the University of Pennsylvania Glioblastoma
Imaging, Genomics, and Radiomics (UPenn-GBM)? dataset and the RSNA-ASNR-
MICCAI-BraTS-2021 (BraTS)® dataset, as detailed in [47] and [48] respectively. Both
datasets offer a wealth of multi-dimensional data, integrating advanced imaging modalities,
clinical variables, and molecular characteristics, which are crucial for in-depth computational
analyses of glioblastoma. These datasets are pivotal for studying the underlying spatio-temporal
heterogeneity of glioblastoma, identifying molecular and radiomic biomarkers, and developing

2 https://www.cancerimagingarchive.net/collection/upenn-gbm
3 https://www.cancerimagingarchive.net/analysis-result/rsna-asnr-miccai-brats-2021/
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predictive models for clinical outcomes such as survival, treatment response, and disease
progression.

5.1.UPenn-GBM Dataset

Identifying a representative sample that accurately mirrors the real population is a crucial
challenge in biomedical research, including studies on glioblastoma [49]. The dataset used
in our doctoral study, the UPenn-GBM dataset, is a recent and meticulously curated
resource. It offers a valuable combination of imaging, clinical, and molecular data
specifically aimed at investigating the methylation status of the MGMT promoter in
glioblastoma patients.

The UPenn-GBM dataset comprises data from 630 glioblastoma patients, making it the
largest publicly available dataset of its kind. It incorporates multi-parametric magnetic
resonance imaging scans for de novo glioblastoma patients from the University of
Pennsylvania Health System. These scans are coupled with detailed patient demographics,
clinical outcomes (e.g., overall survival, genomic data, and tumor progression), as well as
computer-aided and manually corrected segmentation labels of histologically distinct tumor
sub-regions and the whole brain. This collection also provides radiomic features, co-
registered mpMRI volumes in Neuroimaging Informatics Technology Initiative (NIfTT)
format, and histopathological data for select patients.

Key dataset characteristics include:

e MRI and Segmentation Data:

o DICOM format: 630 subjects, 3,301 studies, 3,680 series, and 828,234
images (139.4 GB).

o NIfTI format: Includes segmentation data for tumor sub-regions, manually
corrected and verified by expert board-certified neuroradiologists (69 GB).

e Histopathology Images: 34 patients with H&E-stained digitized tissue sections,
comprising 71 series (149 GB, NDPI format).

e Clinical and Demographic Data: Molecular tests and demographic data are
provided in a compact CSV file for 671 subjects (64.93 KB).

e Supplementary Metadata: Additional files include mappings between
histopathology and radiology filenames (2.52 KB), image acquisition parameters
(194.11 KB), and subject-level data availability information (125.48 KB).

¢ Radiomic Data: Features derived from segmented regions, formatted in ZIP and
CSV files (15.37 MB). These features, extracted using standardized computational
pipelines, enable radiogenomic and predictive modeling research.

e CaPTk Radiomic Features: Parameters and features lists for radiomic research are
included (5.24 KB and 3.8 KB).

A rigorous preprocessing pipeline was employed, including skull-stripping and co-
registration, followed by the generation of tumor segmentation labels using computational
methods. These labels were manually corrected to ensure high fidelity. Features extracted
from the segmentation labels include intensity, volumetric, morphologic, histogram-based,
and textural parameters. This comprehensive labeling enables quantitative studies without
the need for repeated manual annotation, while also serving as a manually annotated gold
standard for validating computational algorithms.

Figure 5.1 provides an overview of the datasets included in the UPenn-GBM collection,
summarizing the variety and scope of available data types to highlight the
comprehensiveness of the resource.
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Figure 5.1: Visual summary of the “University of Pennsylvania Glioblastoma Advanced Imaging, Clinical,

Genomics, and Radiomics” (UPenn-GBM) data collection

The UPenn-GBM dataset provides three critical types of data - clinical data, radiomic data,
and imaging and acquisition data - each of which plays a vital role in our experiments. These
data types are indispensable for examining the heterogeneity of glioblastoma, understanding its
molecular underpinnings, and exploring potential predictive biomarkers. Each of the following
subsections outlines a specific data type and its contribution to addressing the overarching
research goals.

5.1.1. Clinical and Demographic Data

The UPenn-GBM dataset includes a detailed clinical dataset containing a range of
variables essential for characterizing patient demographics, tumor features, and
treatment-related  factors. This dataset, sourced from the UPENN-
GBM _clinical info v1.0.csv file, provides a comprehensive foundation for
understanding glioblastoma patient profiles. Below is an overview of the key clinical
variables we include:

e ID (Patient Identifier): A unique identifier assigned to each patient, enabling
traceability and individual-level study.

e Gender: A categorical variable recording the gender of each patient.

e Age at_scan_years: The age of each patient at the time of the neuroimaging
scan, representing a crucial demographic factor.

e Survival from_surgery days: The recorded duration of patient survival
following surgery.

e IDH1 Mutation Status: Indicates the presence or absence of the IDHI
mutation, a genetic marker with known prognostic significance in gliomas.

e MGMT Promoter Methylation Status: A key variable indicating whether the
MGMT gene promoter is methylated.

e Karnofsky Performance Status (KPS): A functional assessment scale
evaluating the patient’s ability to carry out daily activities and withstand
treatments.
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e Time_since_baseline_preop: The time elapsed from the baseline preoperative
scan to other key points in the treatment timeline.

e Post-Surgery Tumor Progression Score (PsP_TP_score): A score assessing
tumor progression following surgery at specific time points.

5.1.2. Radiomic Data

A comprehensive collection of radiomic data extracted from MRI sequences is
presented, offering quantitative imaging phenomic (QIP) features for tumor
characterization. A total of 145 radiomic features were extracted for each annotated
tumor sub-region, capturing various aspects of tumor structure and behavior. These
features are categorized into five main groups, each focusing on distinct tumor
attributes: intensity-based characteristics, histogram-related measures, volumetric
parameters, morphological metrics, and textural descriptors.

Each category serves a specific role in describing tumor properties. Intensity-based
features capture the distribution and variations in pixel intensity, reflecting differences
in tissue composition. Histogram-related measures summarize statistical distributions of
gray-level values. Volumetric parameters focus on the size and spatial extent of tumor
sub-regions, while morphological metrics describe the shape and boundary details of
the tumor. Textural descriptors delve into patterns and heterogeneity within the tumor,
providing insights into its structural complexity. Table 5.1 summarizes these feature
groups and their contributions to tumor characterization.

Feature Group Description

Describes intensity distribution and signal
variations in tumor tissue. Coefficient of Variation,
Energy, Interquartile Range, Kurtosis, Maximum,
Mean, Median, Skewness, Variance, etc.
Statistical measures based on gray-level

Histogram-Related distributions. Bin Frequencies, Probabilities,
Energy, Entropy, Percentiles, Uniformity, etc.
Measures the size and shape of the tumor sub-

regions. Pixel Count, Volume.

Evaluates the shape and boundary characteristics of

Morphological the tumor. Eccentricity, Perimeter, Roundness,

Flatness, Oriented Bounding Box Size, etc.

Intensity-Based

Volumetric

E;}Sll\é((fray Captures texture patterns reflecting heterogeneity in
ocCUrrence tumor tissue. Autocorrelation, Contrast,
Matrix) Correlation, Energy, Entropy, Homogeneity, etc.
%I;‘I:Lﬁvel Captures texture patterns reflecting heterogeneity in
Run ien th tumor tissue. Short Run Emphasis, Long Run
~eng Emphasis, Run Length Nonuniformity, etc.
_ Matrix)
= GLSZM (Gray | Captures texture patterns reflecting heterogeneity in
E Level Size tumor tissue. Small Zone Emphasis, Large Zone
= Zone Matrix) Emphasis, Zone Percentage, etc.
NGTDM
(Neighborhood | Captures texture patterns reflecting heterogeneity in
Gray Tone tumor tissue. Coarseness, Contrast, Strength,
Difference Complexity, etc.
Matrix)
;glzr(Local Captures texture patterns reflecting heterogeneity in
y tumor tissue. LBP Radius, Bin Counts, etc.
Patterns)
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Table 5.1: Summary of radiomic feature groups and descriptions

The dataset underwent rigorous curation to ensure high-quality data for downstream
applications. The radiomic features from 67 files were carefully evaluated, with
differences arising from variations in feature extraction configurations. These included
distinctions in quantization strategies (such as fixed bin numbers, bin sizes, and equal
quantization), resampling resolutions, and interpolators for both images and masks.
Specific settings, such as 2D versus 3D feature computation, the handling of “Not a
Number” (NaN) values, and whether features were calculated on a per-image or per-
ROI basis, contributed to the diversity among these files. Additionally, the files varied
based on the types of radiomic features calculated, encompassing intensity-based
measures, morphological parameters, volumetric metrics, histogram distributions, and
textural descriptors. These textural descriptors were derived from established
computational methods, including the Gray Level Co-occurrence Matrix (GLCM),
which captures spatial relationships between pixel intensities; the Gray Level Run
Length Matrix (GLRLM), which quantifies patterns of consecutive similar intensity
values; the Gray Level Size Zone Matrix (GLSZM), which assesses the distribution of
homogeneous intensity zones; the Neighborhood Gray Tone Difference Matrix
(NGTDM), which evaluates contrast and texture complexity; and the Local Binary
Patterns (LBP), a technique designed to detect local texture variations and micro-
patterns in images.

5.1.3. Imaging and Acquisition Data

The imaging data for our study were sourced from the UPenn-GBM collection, spanning
a 12-year period of electronic medical record reviews for GBM patients. From an initial
cohort of 630 patients, 611 met our inclusion criteria, requiring participants to be over
18 years of age and to have baseline preoperative scans available for four primary MRI
sequences: T1, T1-Gd, T2, and T2-FLAIR.

This collection comprises multi-parametric magnetic resonance imaging scans
alongside segmentation labels of histologically distinct tumor sub-regions. Our
preprocessing steps included skull stripping and co-registration, with segmentation
labels generated through automated computational methods and validated by board-
certified neuroradiologists employed by the dataset creators. These high-quality
annotations enabled detailed computational and comparative studies, eliminating the
need for repeated manual annotations.

From the cohort of 611 patients meeting the inclusion criteria, we utilized 256 structural
NIfTI images from the Radiomic_Features_CaPTk_ automaticsegm_FLAIR NC
dataset, representing the intersection of patients with available FLAIR imaging and
complete radiomic annotations for detailed tumor characterization. These included 109
cases representing methylated MGMT promoter status and 147 representing
unmethylated cases. A rich panel of radiomic features was derived from the annotated
regions, encompassing intensity-based, volumetric, morphologic, histogram-based, and
textural parameters, supporting a quantitative analysis of tumor heterogeneity.

Among the key findings, FLAIR sequences were identified as highly sensitive in
detecting and delineating edema and necrosis within tumor regions. This insight,
achieved through radiomic data analysis, underscores the value of FLAIR-based
imaging in capturing tumor heterogeneity and its implications for MGMT methylation
status prediction. The dataset facilitates integrative research connecting imaging
phenotypes with molecular markers, clinical outcomes, and treatment responses.
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Additionally, the acquisition data, stored in UPENN-GBM acquisition.csv, is linked to
a unique patient ID for each entry. This dataset encompasses a diverse set of 44 imaging
parameters, crucial for characterizing neuroimaging scans. We include details about
imaging equipment, such as manufacturer, model, scan protocols, acquisition times, and
the magnetic field strength for each imaging session, providing insights into the utilized
technology.

We structured the acquisition data to encompass various MRI sequences, including T1,
T1-Gd, T2, FLAIR, DTI, and DSC. For each sequence, we included imaging parameters
such as frequency, repetition time, echo time, inversion time, flip angle, pixel
spacing, and slice thickness. These parameters are essential for understanding the
technical aspects of imaging data, contributing to the accuracy and precision of our
predictive models. By integrating these diverse datasets, we provide valuable insights
into tumor heterogeneity and lay the groundwork for improved non-invasive prediction
of MGMT methylation status, which is critical for understanding clinical outcomes and
tailoring treatment strategies.

5.2.BraTS Dataset

The BraTS dataset, used in the Kaggle competition in 2021 for recognizing MGMT
methylation status, represents a significant resource for glioblastoma research. It comprises
brain MRI scans from 2,040 adult glioma patients, with 1,480 participants included in this
study. The dataset offers four core structural MRI modalities: native (T1), post-contrast T1-
weighted (T1Gd (Gadolinium)), T2-weighted (T2), and T2 Fluid Attenuated Inversion
Recovery (T2-FLAIR). These imaging modalities, acquired across diverse clinical
institutions under varying protocols, provide a heterogeneous collection reflective of real-
world clinical practice. Additionally, three distinct cohorts within the dataset were
employed: training, public validation, and private testing. The training and validation
cohorts, made available to participants, allow for the development and evaluation of models,
while the testing cohort remains hidden throughout the competition and afterward, ensuring
unbiased assessment of model performance.

A key strength of the BraTS dataset lies in its detailed ground truth annotations for tumor
sub-regions, including the enhancing tumor, necrosis, and edema. These annotations are
critical for advancing segmentation tasks and ensuring the accuracy of computational
models trained on the data, as they provide precise delineations of histologically distinct
tumor regions that are essential for effective tumor analysis. The inclusion of MGMT
promoter methylation status as a binary classification label further enhances the dataset by
adding a valuable radiogenomic dimension, enabling the integration of imaging features
with molecular information for more personalized treatment strategies.

Tumor sub-regions were segmented using a fully automated approach based on label fusion
techniques derived from top-performing deep learning algorithms in the BraTS challenge.
Specifically, we identified the enhancing tumor, necrotic tumor core, and peritumoral edema
with high precision by leveraging their distinct radiographic characteristics. The enhancing
tumor is characterized by hyperintense areas on T1-Gd imaging, indicating actively
enhancing regions, while the necrotic tumor core is marked by hypo-intense areas on T1-
Gd, representing non-enhancing or necrotic tumor components, which may include
transitional and pre-necrotic regions. These areas, along with the enhancing regions, are
often surgically resected together. Finally, we defined the peritumoral edema as abnormal
hyperintensity on T2-FLAIR images, reflecting the infiltrative and surrounding edema
around the tumor.

The dataset is primarily formatted in NIfTI files, ensuring compatibility with computational
image analysis workflows. The dataset was curated to support a wide range of glioblastoma-
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related research activities, such as tumor segmentation, MGMT promoter methylation
prediction, and radiogenomic investigations. The training and validation sets were
preprocessed to remove identifiable facial features, minimizing privacy risks while retaining
image integrity for segmentation tasks. A portion of the test set is similarly processed, with
additional historical data from earlier BraTS challenges available upon request.

5.3.Experiment Design

Building upon the structured and multimodal dataset described in the previous subsection,
the experimental framework for this study is designed to predict MGMT promoter
methylation status in glioblastoma patients through a non-invasive, preoperative approach.
This framework leverages data integration and ensemble learning techniques to enhance
predictive performance (see Section 2.1.4). Multimodal datasets - encompassing imaging,
radiomic, and clinical information - are employed to comprehensively capture tumor
characteristics and patient demographics (see Sections 5.1.1, 5.1.2, and 5.1.3) [50].

We integrate predictions from models trained on individual data modalities using advanced
ensemble methods. A stacking generalization approach combines these predictions into a
single framework (see Sections 2.1.4.1, 2.1.5, and 6.1.4.1). Models trained on imaging,
radiomic, and clinical data independently learn modality-specific features that contribute to
methylation status prediction. We then unify these predictions through a meta-model,
ensuring improved accuracy and consistency by capturing complementary patterns not
apparent within a single data source.

Additionally, we implement a Hard Voting Classifier to enhance prediction reliability,
focusing on preoperative data (see Section 6.1.4.2). By combining models trained on
distinct datasets, this method aligns well with the study's goal of enabling non-invasive
prediction before surgical or therapeutic intervention [50, 51]. The Voting Classifier
consolidates decisions from RF, SVM, and XGBoost [52] models, relying on a majority
voting mechanism to produce robust classification outcomes (see Sections 2.1.4 and 2.1.5).

Our imaging analysis component employs a 3D Convolutional Neural Network (see Section
6.1.3) tailored to process MRI scans. This architecture is designed to extract complex spatial
features from tumor regions, with configurations that optimize the capture of structural and
textural variations relevant to methylation status [53]. Our radiomic and clinical data
analysis utilizes traditional ML techniques to identify key predictive features (see Sections
6.1.1 and 6.1.2).

To ensure comprehensive evaluation, we apply cross-validation methods to balance class
distributions and validate model performance across multiple iterations. This experimental
configuration underscores the importance of multimodal integration and preoperative
datasets in advancing glioblastoma research, offering a promising avenue for enhancing
predictive precision and supporting personalized treatment planning.

Our study emphasizes the importance of non-invasive, preoperative approaches in
advancing glioblastoma research and treatment planning [54-56]. By leveraging multimodal
data integration and ensemble learning, we demonstrate the potential to predict MGMT
promoter methylation status with high precision. The reliance on imaging, radiomic, and
clinical datasets ensures a comprehensive characterization of tumor and patient-specific
features, while advanced ensemble techniques like stacking and voting classifiers improve
reliability and robustness. By focusing exclusively on preoperative data, we support
personalized, data-driven decision-making, reducing the need for invasive procedures and
offering a promising avenue for improving outcomes in glioblastoma management.
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6. Results and Interpretative Analysis
6.1.0verview of the UPenn-GBM Dataset
6.1.1. Clinical and Demographic Data: Descriptive Summary and

Observations

Our analysis of clinical data in the UPenn-GBM dataset centers around gender
differences, age, and patient survival outcomes with regard to MGMT promoter
methylation status. MGMT promoter methylation status is crucial, as it affects the
tumor's response to temozolomide (TMZ), with demographic and clinical factors
potentially influencing this relationship [57].

As described in Section 5.1.1, we structured this dataset to include clinically relevant
variables, enabling predictive modeling of MGMT methylation status. By examining
both patient demographics and tumor characteristics, we aim to optimize treatment
pathways and contribute to more personalized and effective glioblastoma care.

Gender-Based Analysis of MGMT Methylation Status

We observed gender-based differences in MGMT methylation status, with a higher
proportion of males exhibiting methylation compared to females. This finding
underscores the need to investigate potential gender-based variations in cancer risk and
treatment response [58]. Addressing gender-related disparities in clinical research and
practice is essential for improving health outcomes [59].

Table 6.1 presents the distribution of MGMT methylation status across four categories.
Our analysis focuses on the methylated and unmethylated groups, which are most
relevant for temozolomide response. The data indicate that males have a higher MGMT
methylation rate (61.98%) than females (38.02%). Conversely, females show a higher
percentage of indeterminate status (53.12%) compared to males (46.87%), potentially
due to sample size limitations or biological differences in MGMT methylation.

MGMT measure Indeterminate Methylated Not Available Unmethylated
Gender Absolute | Percentage | Absolute | Percentage | Absolute | Percentage | Absolute | Percentage
Female 17 53.12 46 38.02 141 40.52 63 37.06
Male 15 46.87 75 61.98 207 59.48 107 62.94

Table 6.1: Distribution of MGMT methylation status by gender

Our findings align with research suggesting that the prevalence and impact of MGMT
promoter methylation may be gender-specific [60, 61]. Some studies indicate that
females with GBM may exhibit higher MGMT promoter methylation rates and better
responses to TMZ treatment. This could explain the increased percentage of
indeterminate MGMT methylation status in females and the lower proportion of
methylated MGMT status compared to males. However, our dataset alone cannot
confirm or refute these findings, necessitating further investigation into potential
gender-specific differences in MGMT methylation and their implications for GBM
treatment outcomes.
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Survival Outcomes Based on MGMT Methylation

We further analyzed the relationship between MGMT methylation status and patient
survival outcomes following surgery [52]. Our statistical analysis has yielded important
insights into the relationship between MGMT methylation status and patient survival
outcomes following surgery. These findings are expected, given the established role of
MGMT in DNA repair and the impact of its methylation status on patient prognosis.

The statistical summary in Table 6.2 provides a substantial observation of a difference
in the distribution of survival times between patients with MGMT status of Methylated
and Unmethylated. Patients with MGMT status of Methylated have a higher median
survival time of 456.50 days (Q1: 249.75, Q3: 687.00), with an interquartile range
(IQR) of 437.25 days. The upper whisker extends to 1227.00 days, and the lower
whisker extends to 32.00 days. Meanwhile, patients with MGMT status of
Unmethylated have a lower median survival time of 351.00 days (Q1: 169.00, Q3:
526.00), with an IQR of 357.00 days. The upper whisker extends to 922.00 days, and
the lower whisker extends to 13.00 days.

The results of the t-test provide convincing support for the hypothesis that there is a
significant difference in survival times between patients with MGMT status of
Methylated and Unmethylated, serving as strong evidence for the study's findings. The
t-statistic of 2.761 and a p-value of 0.006 indicate a statistically significant difference
between the two groups.

MGMT status Median Q1 Q3 IQR Upper whisker Lower whisker
Methylated 456.50 249.75 687.00 437.25 1227 32
Unmethylated 351.00 169.00 526.00 357.00 922 13

Table 6.2: Summary of MGMT methylation status and patient survival outcomes.

Age-Based Analysis of MGMT Methylation Status

In our initial predictive model using RF on clinical data, Age at scan years emerged as
the most influential variable for predicting MGMT promoter methylation status. Our
model’s feature importance ranking identified Age at scan years as the highest-scoring
variable, emphasizing its key role in distinguishing between methylated and
unmethylated MGMT cases. Alongside Gender and KPS, Age significantly contributed
to the model’s predictive accuracy.

To statistically assess age differences between MGMT methylation groups, we
conducted a Mann-Whitney U test, as the Age distribution deviated from normality
(Shapiro-Wilk test, p-value: 2.578e-05). The Q-Q plot in Figure 6.1 further confirmed
this deviation. This non-parametric test yielded a U-Statistic of 11,902.500 and a
corresponding p-value of 0.022, confirming that the Age difference between the two
MGMT groups is statistically significant. The Mann-Whitney U test, which
accommodates both continuous and categorical data, provided a robust approach to
evaluating Age as a distinguishing factor, aligning well with the dataset's non-normal
distribution [61, 62].
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Figure 6.1: O-Q plot of age distribution

Our statistical and model-driven findings highlight the relevance of Age in MGMT
methylation prediction, providing valuable insights into glioblastoma research. These
results reinforce existing literature on demographic factors influencing tumor response
variability. By integrating Age as a core variable alongside Gender and KPS [63, 64],
we enhance our model’s predictive power, contributing to improved preoperative
decision-making strategies in glioblastoma management.

6.1.2. Radiomic Features: Extraction Process and Key Patterns

Radiomic analysis, leveraging QIP features extracted from MRI sequences, plays a
pivotal role in revealing tumor microenvironment details and biological behavior [65].
As described in detail in Section 5.1.2, we analyzed advanced radiomic feature sets to
gain comprehensive insights into glioblastoma characteristics.

The FLAIR MRI sequence, particularly within necrotic tumor core (NCR) regions,
demonstrated superior predictive efficacy compared to T1, T1-Gd, and T2, in
distinguishing tumor boundaries and heterogeneities. Among the various MRI
modalities analyzed, FLAIR consistently yielded higher accuracy, highlighting its
robustness in characterizing tumor morphology and microenvironmental variations.
Features derived from the Radiomic_Features CaPTk automaticsegm FLAIR N
C dataset exhibited exceptional predictive accuracy, reinforcing FLAIR's superiority in
brain tumor analysis and classification. This finding underscores the modality’s
enhanced capability in capturing tumor heterogeneity, a crucial factor in developing
robust predictive models and personalized glioblastoma treatment strategies.

During the predictive phase, we rigorously evaluated radiomic features from 67 curated
files, ensuring alignment with brain masks and tumor segmentation labels. This
refinement ensured that only high-quality data were incorporated into the analysis,
significantly enhancing prediction reliability. FLAIR-based features were particularly
effective in delineating edematous and necrotic regions, offering a strong foundation
for accurate tumor classification.

A feature-ranking methodology, as illustrated in Figure 6.2, identified a distinct set of
radiomic attributes within the FLAIR data as critical for accurate prediction, with
FLAIR_NC_Morphologic_Eccentricity emerging as the most influential feature
[66]. This metric captured morphological asymmetry within the necrotic core,
correlating with tumor aggressiveness and response to treatment. Additionally, the
feature importance report identified FLAIR_NC_Histogram_Bins-16_Bins-
16_RobustMeanAbsoluteDeviation1090 and FLAIR_NC_Histogram_Bins 16_Bi
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ns-16_MeanAbsoluteDeviation among the top-ranked features, underscoring their
significance in glioblastoma characterization.

Top 10 Feature Importance

FLAIR_NC_Morphologic_Eccentricity
FLAIR_NC_Histogram_Bins-16_Bins-16_RobustMeanAbsoluteDeviation1090
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Figure 6.2: Top 10 radiomic features - feature importance bar plot (FLAIR and NCR)

These histogram-based features play a crucial role in capturing intensity distribution
variations within the necrotic core, reflecting underlying tumor heterogeneity. Robust
Mean Absolute Deviation, as a robust statistical measure, quantifies the spread of
intensity values while minimizing the impact of outliers. This makes it particularly
valuable in distinguishing subtle textural differences within glioblastoma subregions.
Similarly, Mean Absolute Deviation provides an estimate of overall intensity
dispersion, further contributing to the precision of tumor classification. The prominence
of these features highlights their potential in enhancing model interpretability and
clinical decision-making by improving tumor boundary delineation and subclass
differentiation.

6.1.3. Imaging and Acquisition Parameters: Extraction Process and Key

Patterns
In this study, we leveraged a 3D CNN to extract and process complex spatial features
from MRI data, utilizing high-dimensional FLAIR images to enhance the accuracy of
MGMT methylation status classification [67]. CNNs are particularly well-suited for
this task due to their ability to capture intricate spatial patterns, which are essential for
distinguishing structural and textural tumor characteristics associated with MGMT
methylation.

To ensure efficient computation and rapid model training, we conducted on a high-
performance hardware setup, featuring an Intel Core i7-13700HX processor
(1.5/5.0GHz, 30M cache) and an NVIDIA RTX 4070 (8GB) GPU, supported by
32GB of RAM. The RTX 4070 GPU significantly accelerated tensor computations,
enabling efficient processing of large-scale 3D MRI data. The Intel 17-13700HX
processor, with its high core count and boosted clock speeds, facilitated seamless pre-
processing and model optimization tasks. Additionally, we implemented batch
processing techniques to optimize memory allocation, enhance training stability, and
accelerate convergence, effectively balancing computational efficiency with predictive
performance.

To maintain consistency in radiomic analysis, we utilizedRadiomic_Features_CaPTk
_automaticsegm_FLAIR_NC dataset, ensuring uniformity in FLAIR MRI preprocess
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ing and tumor segmentation. This dataset contained preprocessed FLAIR MRI scans
with automatic tumor segmentation, ensuring uniformity in data representation.

We designed our CNN architecture to extract multi-scale spatial features while
preserving critical tumor-related information. Convolutional layers with ReLU
activation captured hierarchical spatial features and introduced non-linearity to enhance
pattern detection for MGMT methylation. Max-pooling and global average pooling
layers reduced redundant spatial details and improved model efficiency. Batch
normalization stabilized activations during training, preventing gradient issues and
enhancing learning. Dense layers aggregated extracted features for classification, while
dropout layers mitigated overfitting by randomly deactivating neurons, improving
generalization.

Our output layer, comprising a single unit with sigmoid activation, facilitated binary
classification between MGMT methylated and unmethylated cases. We trained the
model with 1,352,897 learnable parameters, optimized using the Adam optimizer,
which is known for its adaptive learning rate adjustments and momentum-based
updates. To enhance efficiency and stability, we applied an exponentially decaying
learning rate (0.96 per 100,000 steps), allowing for finer weight updates as training
progressed.

We trained the model over 50 epochs with a batch size of 8, ensuring a balance between
computational feasibility and frequent gradient updates. To prevent overfitting, we
implemented an early stopping mechanism, halting training after five consecutive
epochs without performance improvement, thereby optimizing training efficiency.

By integrating advanced deep learning techniques with high-resolution MRI data, we
highlight the potential of non-invasive imaging-based biomarker discovery. Our
adoption of robust CNN architectures, combined with high-performance computational
resources, enhances the reliability and interpretability of Al-driven medical diagnostics,
ultimately improving clinical decision-making in neuro-oncology.

6.1.4. Predictive Modeling: Ensemble-Based Approaches for MGMT
Methylation
6.1.4.1. Stacking Classifier: Integrated Workflow and Results

Multi-Modal Data Integration Strategy

We significantly enhanced prediction performance by integrating radiomic and
imaging data, demonstrating that a multi-modal approach surpasses the predictive
accuracy of either data type alone. By fusing radiomic features from MRI scans with
clinical and molecular data, we created a richer and more comprehensive dataset,
enabling our model to make more precise predictions of MGMT methylation status.
The complementary nature of these multi-modal data sources allowed us to capture
diverse and complex tumor characteristics that would otherwise be overlooked when
relying on a single modality.

As part of our model development process, we explored the performance of multiple
algorithms, including SVM and XGBoost. These models were initially considered
due to their effectiveness in handling high-dimensional medical imaging and
genomic data. However, after a thorough evaluation, we found that Random Forest
demonstrated the most promising results in terms of stability, interpretability, and
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predictive performance. Consequently, we selected Random Forest as the primary
model for further investigations, particularly for feature selection and classification
tasks.

Feature Selection with RFECV

To refine feature selection and optimize model performance, we employed recursive
feature elimination with cross-validation (RFECV), as described in Section 6.1.2
Radiomic Data Results. RFECYV, a wrapper-based feature selection method, enabled
us to iteratively remove the least significant features while retaining those that
contributed most to predictive accuracy. This approach is particularly effective for
high-dimensional datasets, where redundant or irrelevant features can degrade both
model accuracy and computational efficiency.

We began by training our model on the full set of features, ranking them based on
feature importance scores. During each iteration, we removed the least significant
features and retrained the model on the remaining set, continuing this process until
we identified the optimal subset of features.

To ensure unbiased feature selection, we incorporated cross-validation, dividing the
dataset into multiple folds to assess our model’s performance across different
subsets. This iterative approach allowed us to reduce variance, mitigate overfitting,
and improve generalization. By systematically eliminating less informative features,
we developed a more efficient and interpretable model.

In this study, we set the step size to 2, removing two features per iteration to enable
a controlled and detailed selection process. We ensured that at least two essential
features were retained by setting the min features to select parameter to 2.
Additionally, we used a 3-fold cross-validation strategy, effectively partitioning the
data and evaluating generalization performance across different subsets. This
automated feature elimination approach not only streamlined the dataset but also
enhanced the interpretability of the selected radiomic and genomic attributes.

Performance Evaluation of the Stacking Classifier

We applied stacking generalization to maximize the benefits of multi-modal data
integration, a technique widely recognized for enhancing predictive performance in
medical imaging [51].

In this work, we applied stacking generalization approach by incorporating
predictions from models developed on both radiomic and imaging data. This enabled
the creation of a stacked dataset, which captures the additional information provided
by the predictions and further enhances the learning capabilities of the meta-model.

We selected the GradientBoostingClassifier from the scikit-learn library [68] as our
meta-model due to its ability to handle data heterogeneity, class imbalance, and
complex feature interactions effectively. Gradient Boosting builds an ensemble of
weak learners (decision trees) in a sequential manner, where each new tree corrects
the errors of the previous ones, leading to improved predictive performance. This
approach makes it particularly suited for high-dimensional radiomic and genomic
datasets, as it helps refine feature importance and reduces overfitting while
maintaining generalization capability.
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For methylated cases (Class 1), the model exhibited a precision of 0.88, recall of
0.64, and an F1-score of 0.74, with 33 samples. While precision for Class 1 remained
high, recall was lower, suggesting that some methylated cases were misclassified.
However, as represented in Table 6.3, the model's overall macro average precision,
recall, and Fl-scores of 0.82, 0.78, and 0.79, respectively, alongside weighted
averages of 0.82, 0.81, and 0.80, demonstrate a balanced predictive performance
despite the slight class imbalance.

These performance metrics validate the effectiveness of GradientBoostingClassifier
as a meta-model, as it successfully leveraged both radiomic and genomic
information to enhance classification accuracy. The bar chart in Figure 6.3 visually
illustrates these results, emphasizing the superior recall and F1-score for Class 0
compared to Class 1. By combining multi-modal data and RFECV-driven feature
selection, Gradient Boosting facilitated the development of a robust and
interpretable predictive model for MGMT methylation status.

Precision Recall F1-score Support
Class 0 0.77 0.93 0.85 44
Class 1 0.88 0.64 0.74 33
Accuracy 0.81 77
Macro avg 0.82 0.78 0.79 77
Weighted avg 0.82 0.81 0.80 77

Table 6.3 Classification report for stacking generalization model combining radiomic and
imaging data
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Figure 6.3: Performance metrics for stacking generalization model

6.1.4.2. Hard Voting Classifier: Implementation and Outcome
Analysis

We focus on alternative ensemble techniques in predictive modeling, particularly
those designed for non-invasive medical applications. In this section, we present the
Hard Voting Classifier, an ensemble method specifically developed to enhance
predictive accuracy and robustness for predicting MGMT methylation status. Our
ensemble strategy leverages the combined strengths of RF, XGB, and SVM
classifiers, applied across two distinct datasets: preoperative clinical data and
acquisition data (derived from imaging features).
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In our approach, the term "Hard" refers to the majority voting mechanism, where
each individual model casts a discrete vote for a particular class, and the final
prediction is determined based on the most frequently chosen class. This method
ensures a more stable and reliable classification outcome by mitigating the impact
of errors from any single model.

Ensemble Workflow and Structural Overview

We began by training two separate RF classifiers - one on the clinical data and the
other on the acquisition data (as described in Sections 5.1.1 and 5.1.3). This
independent training process allows each RF model to capture dataset-specific
features effectively. Next, we combine the predictions from both RF classifiers into
a stacked dataset, integrating key insights from both preoperative clinical
characteristics and imaging acquisition features. This step provides a comprehensive
foundation for model development.

Once the unified dataset was prepared, we implemented the Voting Classifier to
create a resilient and reliable predictive model. Our ensemble consists of RF, XGB,
and SVM, with each classifier contributing to the final decision-making process
through a hard voting mechanism. This approach ensured that the output was based
on the majority vote among the individual models, effectively combining their
diverse strengths.

The workflow and structure of this ensemble approach are illustrated in Figure 6.4,
which provides a visual representation of the overall integration process, from
individual RF model predictions to the final hard voting mechanism that combines
the outputs of RF, XGB, and SVM.

Clinical Data Random Forest
(preoperalive) Algorithm

RF, XGB, SV

Random Forest
Algorihm

Acquisition Data }7

Figure 6.4: Ensemble modeling strategy with Hard Voting Classifier

Predictive Performance Metrics

To ensure robust and reliable performance, we thoroughly evaluated the Hard
Voting Classifier using a bootstrapping validation method. In this process, we
repeatedly resampled the stacked dataset, trained the ensemble classifier on
different subsets, and evaluated its predictive accuracy. This iterative approach
accounts for data variability while ensuring consistent model performance.

Our Hard Voting Classifier demonstrates an average accuracy of 85.9%, with a
narrow standard deviation of 0.8%, indicating consistent performance across
both clinical and acquisition datasets. This high accuracy reflects the model’s
ability to effectively integrate relevant features from both datasets.
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The confusion matrix presented in Figure 6.5 further illustrates the model's
strong predictive power, showing accurate predictions of 72 non-methylation
instances and 44 methylation instances, with only 4 misclassifications in the
non-methylation class and 15 misclassifications in the methylation class. These
results validate the enhanced ability of the Voting Classifier to distinguish
between methylated and unmethylated MGMT states.
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Figure 6.5: Confusion matrix for Hard Voting Classifier on stacked dataset.

Comparative Analysis of Model Performance

To highlight the effectiveness of our Hard Voting Classifier, we compare its
performance against individual models (Random Forest, XGBoost, and SVM)
in Table 6.4 below:

Model Accuracy Precision Recall F1-Score
(%) (Methylated) | (Methylated) | (Methylated)

Random
Forest 59.3% 0.54 0.49 0.51
Extreme
Gradient 62.1% 0.57 0.52 0.54
Boosting
Support
Vector 60.5% 0.56 0.51 0.53
Machine
Hard
Voting 85.9% 0.79 0.65 0.72
Classifier

Table 6.4: Model performance comparison for MGMT methylation prediction

Our comparative analysis highlights the advantages of our ensemble approach
in predicting MGMT methylation status. The individual classifiers - RF,
XGBoost, and SVM - exhibited moderate predictive performance, with accuracy
ranging from 59.3% to 62.1%. Among these, XGBoost achieved the highest
accuracy (62.1%), demonstrating a slight advantage over RF (59.3%) and SVM
(60.5%).

Precision, recall, and F1-score for the methylated class also varied across the
models. XGBoost outperformed the other standalone classifiers in all three
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metrics, achieving a precision of 0.57, recall of 0.52, and an F1-score of 0.54.
This suggests that Extreme Gradient Boosting was slightly more effective in
identifying methylated cases compared to RF and SVM, which had lower recall
values. Notably, all models struggled with recall, indicating challenges in
correctly identifying methylated instances.

In contrast, our Hard Voting Classifier, which integrates RF, XGBoost, and
SVM, demonstrated a substantial improvement across all performance metrics.
The accuracy increased significantly to 85.9%, representing a considerable leap
from the best-performing individual model. Additionally, the precision for the
methylated class rose to 0.79, highlighting the ensemble model’s enhanced
ability to correctly classify methylated instances.

6.1.5. Influence of Preprocessing Techniques on Model Performance

In our study, preprocessing techniques play a pivotal role in improving the performance
of models for predicting MGMT methylation status from brain MRI scans. Medical
imaging data, such as MRI, often contains noise, artifacts, and intensity variations,
which can hinder the accuracy and reliability of predictive models. By implementing
effective preprocessing methods, we enhance image quality, standardize input data, and
eliminate irrelevant variations, ultimately improving the robustness and precision of
our machine learning models.

We provide a comparative analysis of preprocessing techniques employed in studies
investigating MGMT promoter methylation prediction from brain MRI scans. Ensuring
the quality and consistency of input data is critical, as it directly affects the performance
of ML and DL models used for prediction [69]. This analysis highlights key studies,
detailing the dataset characteristics, preprocessing methods, model architectures, and
performance metrics.

These studies explore various preprocessing techniques, model architectures, and
datasets with the goal of predicting glioma subtypes, including MGMT promoter
methylation, using MRI data. Despite focusing on different tumor subtypes and using
distinct datasets, the overarching goal across these studies remains the same -
leveraging imaging data to make accurate predictions about tumor molecular status
using advanced ML techniques.

We acknowledge that preprocessing MRI data is a critical step in our medical image
analysis pipeline, particularly for ML applications [70]. It ensures that images are
standardized, noise-free, and aligned, thereby enhancing model performance and
reliability. The approaches to preprocessing vary widely among studies, reflecting the
need to tailor methods to the specific data, imaging modalities, and models employed.

Through our analysis, we recognize that these studies collectively underscore the
critical role of preprocessing in MRI-based ML workflows, demonstrating that the
choice of techniques significantly influences model performance. The comparison
reveals several key points, emphasizing that methods range from simple normalization
to sophisticated multi-step pipelines, each tailored to the specific needs of the data and
research objectives:

1. Consistency Across Modalities: Our review of Chang et al. [71] and Chen et al.
[73] illustrates the importance of consistent coregistration and feature interpret
multimodal data more effectively, improving performance metrics.
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2. Complex vs. Simple Pipelines: More complex preprocessing pipelines, as used
by Yogananda et al. [73] and Do et al. [75], tend to improve model performance
by removing artifacts and standardizing images. However, simpler pipelines like
that used by Korfiatis et al. [72], focusing only on normalization and bias
correction, can also yield high accuracy when paired with deep models like
ResNet50. This suggests that for small datasets, simpler methods can suffice,
while larger, more diverse datasets benefit from more extensive preprocessing.

3. Feature Extraction: Our findings show that studies emphasizing feature
extraction from radiomics data, such as Chen et al. [73] and Do et al. [74], show
that combining image preprocessing with advanced feature selection methods can
lead to improved accuracy. In particular, Do et al.'s [74] use of a genetic algorithm
highlights the potential of integrating domain-specific knowledge (radiomics)
into ML workflows.

4. Dataset Size and Overfitting: One of the notable observations in our review is
the performance of Korfiatis et al.'s model [72], which achieved the highest
accuracy despite a small dataset. This raises the possibility of overfitting in small
datasets, where models may perform exceptionally well on training data but
might struggle to generalize new, unseen data. Future studies with larger datasets
are necessary to confirm the generalizability of such models.

Based on our findings, we conclude that the choice of preprocessing methods can
significantly impact ML model performance. Both simple and complex preprocessing
strategies can be effective depending on the size and nature of the dataset. Additionally,
combining imaging with genomic data, as demonstrated by Do et al. [75], offers a
promising direction for improving model performance in predicting MGMT
methylation status. Moving forward, we encourage research into automated and scalable
preprocessing methods, particularly for larger datasets, to facilitate the translation of
these techniques into clinical practice. Additionally, integrating feature selection
methods like genetic algorithms could further enhance model interpretability and
robustness.

6.2.BraTS Dataset Results

This section highlights the outcomes of leveraging solely DL methods to predict MGMT
promoter methylation status, utilizing data from the BraTS dataset (see details in Section 5.2).
This dataset serves as a crucial resource for advancing radiogenomic analysis by linking
imaging features with genetic markers, specifically tailored for glioblastoma research.

The study implemented a 3D CNN, leveraging the ResNet-50 architecture to analyze the
volumetric spatial features of MRI scans (elaborated upon in Section 2.1.1.5). The model
targeted T1Gd imaging, which captures tumor enhancement, a critical biomarker of
glioblastoma biology. The primary goal was to identify imaging patterns correlating with
MGMT promoter methylation, a genetic marker associated with improved prognosis and
responsiveness to chemotherapy. The achieved highest model performance results were on
T1Gd, as all other modalities were tested, but did not outperform this modality.

Training configurations included the use of binary cross-entropy as the loss function and the
Adam optimizer for adaptive gradient-based optimization. The learning rate was set to 0.0001
for the first 10 epochs and reduced to 0.00005 for the final 5 epochs, facilitating precise model
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fine-tuning. Each MRI scan was preprocessed to a resolution of 256x256 pixels, optimizing
computational efficiency while preserving crucial imaging details. The model was trained
using a batch size of 8, as larger batch sizes negatively impacted validation performance.

The model achieved an Area Under the Curve (AUC) score of 0.696 on the validation set for
T1Gd images, indicating moderate predictive capability. This result highlights the potential
of DL models to identify radiogenomic markers using non-invasive imaging modalities.
However, it also underscores the need for further refinement to achieve clinical applicability.

7. Contributions and Perspectives
7.1.Theoretical and Methodological Contributions of the Dissertation Work

Multimodal Data Integration Framework: Developed a methodology for integrating
imaging, genomic, and radiomic data to enhance MGMT methylation prediction. This
framework bridges gaps between diverse data sources, demonstrating the value of
combining imaging features with genetic and clinical insights for comprehensive tumor
characterization (refer to Section 5.3)

Radiomic Feature Selection and Ranking for MGMT Methylation Prediction: Employed
a robust feature-ranking methodology to identify the most predictive radiomic attributes,
with FLAIR_NC_Morphologic_Eccentricity emerging as a key feature. This attribute,
derived from necrotic regions on FLAIR imaging, highlights the role of morphological
asymmetry in glioblastoma, advancing non-invasive precision oncology strategies
(Sections 5.1.3, 6.1.2, 6.1.3).

Stacking Generalization Techniques: Developed a predictive modeling framework
using stacking generalization to integrate imaging, genomic, and radiomic datasets. This
approach leverages ensemble learning to combine heterogeneous data sources,
improving predictive accuracy and bridging the gap between diverse modalities
(Sections 5.1.1, 5.1.2, 5.1.3, 5.3).

Advancements in Preprocessing Technigques: Conducted a comprehensive evaluation of
MRI preprocessing methods, addressing the challenges posed by the lack of
standardization. By systematically comparing techniques such as intensity
normalization, bias field correction, and co-registration, the study underscores their
impact on radiomic feature quality and downstream predictive modeling (Section 6.1.5).

7.2.Experimental Contributions of the Dissertation Work

Quality Refinement of Radiomic Features: Conducted a rigorous quality assessment of
67 radiomic feature files, ensuring high-quality data for predictive modeling. Feature
extraction variations, including quantization methods, resampling resolutions, and 2D
vs. 3D computations, were carefully evaluated. Optimized settings captured tumor
heterogeneity while reducing noise and inconsistencies, strengthening glioblastoma
research (Sections 5.1.2, 6.1.2).

FLAIR-Specific Insights: Provided experimental evidence that FLAIR imaging
features, particularly FLAIR_NC_Morphologic_Eccentricity, effectively identify tumor
heterogeneity and delineate necrotic core regions, significantly contributing to
predictive accuracy (Sections 5.1.3, 6.1.2, 6.1.3).
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e Evaluation of Ensemble Methods: Various ensemble learning techniques were
compared, with a particular focus on RF and XGBoost, which were combined using a
Hard Voting Classifier, while SVM was used as an individual classifier within the
ensemble. The study demonstrates that ensemble methods enhance predictive accuracy
and robustness in predicting MGMT methylation, outperforming individual classifiers
and reducing overfitting (Sections 5.3, 6.1.4.2).

e Benchmarking Predictive Models: Validated the effectiveness of combining structured
and unstructured data, including clinical, imaging, acquisition, and radiomic features,
leading to improved model performance across two independent datasets (Sections 5.3,
6.1.4,6.2.1).

e Exploration of MRI Preprocessing and Modeling Techniques: Conducted a systematic
investigation of preprocessing and modeling strategies, identifying optimal approaches
for radiogenomic classification, as summarized in Table 6.5 (Section 6.1.5).

7.3.Prospects for Future Development

In the last two to three years, advancements in Al-driven frameworks and radiomic analyses
have shown significant potential in predicting MGMT promoter methylation status. However,
these approaches face specific challenges, such as limited generalizability due to data
heterogeneity, difficulties in integrating multimodal datasets, and computational
inefficiencies in handling large imaging datasets. Future developments must focus on creating
robust preprocessing pipelines to standardize MRI imaging protocols, improving feature
selection methods to capture biologically relevant phenotypes, and developing scalable Al
architectures capable of analyzing multimodal inputs, such as MRI scans combined with
genomic and clinical data. By addressing these challenges, these advancements could
significantly enhance the accuracy, reliability, and clinical applicability of glioblastoma
diagnosis and treatment strategies.

One key area for future development lies in enhancing model generalizability. Current studies
have highlighted challenges related to data heterogeneity, stemming from variations in
imaging protocols, scanner types, and patient demographics. Addressing this requires the
establishment of standardized preprocessing pipelines and harmonization techniques that can
ensure consistency across datasets. Additionally, larger and more diverse datasets should be
curated to improve the robustness and applicability of predictive models across different
clinical settings.

The integration of multimodal data is another critical avenue for advancement. Combining
MRI-derived radiomic features with genomic, clinical, and pathological data has shown
promise but requires further refinement to handle the complexity of such datasets effectively.
Advanced hybrid models that seamlessly fuse structured and unstructured data could unlock
new possibilities, enabling more comprehensive representations of tumor characteristics and
improving predictive accuracy.

In terms of imaging architectures, moving beyond CNNs to more advanced techniques, such
as CapsNets, vision transformers, and diffusion models, offers considerable promise.
CapsNets could preserve hierarchical spatial relationships within MRI data, addressing a key
limitation of CNNSs in capturing fine-grained anatomical structures. Vision transformers, on
the other hand, can process global contextual information by focusing on inter-feature
relationships, potentially strengthening the inconclusive connection between MRI scans and
methylation status. Furthermore, diffusion models - recently gaining traction in generative
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and predictive tasks - could effectively model complex, multimodal data distributions,
providing robust representations of radiomic and genomic features.

Another promising prospect is the application of emerging ML architectures, such as graph
neural networks (GNNs). These models excel at capturing spatial relationships and
interactions within structured data, making them well-suited for modeling the tumor
microenvironment. By representing tumor regions and their interdependencies as graphs,
GNN s can offer both enhanced interpretability and predictive performance.

Finally, enhancing interpretability and transparency in Al models is essential for their
adoption in clinical practice. For instance, techniques such as saliency maps, Grad-CAM
(Gradient-weighted Class Activation Mapping), or SHAP (SHapley Additive exPlanations)
can visually highlight the regions or features of MRI scans that contribute most to the model's
predictions. By offering clear, visual explanations for decisions, these methods enable
clinicians to validate Al outputs against their own expertise. Moreover, incorporating
interpretable metrics, such as confidence scores for predictions and detailed error analyses,
can build trust and facilitate the integration of Al systems into routine workflows. Future
research should focus on developing such explainability tools tailored to radiogenomics,
ensuring that models not only achieve high accuracy but also provide actionable and
understandable insights for medical professionals.
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