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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). AI 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 AI, 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 AI-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)1 and Support Vector Machines (SVM), as well as DL 

 
1 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]. 

 

3. 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]. 

 

4. 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]. 

 

5. 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. 

 

2. 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 AI in medical imaging: CNNs, Capsule Networks (CapsNets), 

Transfer Learning, and Ensemble Machine Learning. 

 

2.1.1. CNNs 
 

CNNs 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 
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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. 
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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. 
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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: 

 

• 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. 

 

• 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. 

 

• 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 AI 

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 AI 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 AI 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 AI 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)2 dataset and the RSNA-ASNR-

MICCAI-BraTS-2021 (BraTS)3 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/ 

https://www.cancerimagingarchive.net/collection/upenn-gbm/
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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 (NIfTI) 

format, and histopathological data for select patients. 

 

Key dataset characteristics include: 

 

• 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). 

• Histopathology Images: 34 patients with H&E-stained digitized tissue sections, 

comprising 71 series (149 GB, NDPI format). 

• Clinical and Demographic Data: Molecular tests and demographic data are 

provided in a compact CSV file for 671 subjects (64.93 KB). 

• 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. 

• 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: 

 

• ID (Patient Identifier): A unique identifier assigned to each patient, enabling 

traceability and individual-level study. 

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

• Age_at_scan_years: The age of each patient at the time of the neuroimaging 

scan, representing a crucial demographic factor. 

• Survival_from_surgery_days: The recorded duration of patient survival 

following surgery. 

• IDH1 Mutation Status: Indicates the presence or absence of the IDH1 

mutation, a genetic marker with known prognostic significance in gliomas. 

• MGMT Promoter Methylation Status: A key variable indicating whether the 

MGMT gene promoter is methylated. 

• 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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• Time_since_baseline_preop: The time elapsed from the baseline preoperative 

scan to other key points in the treatment timeline. 

• 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 

Intensity-Based 

Describes intensity distribution and signal 

variations in tumor tissue. Coefficient of Variation, 

Energy, Interquartile Range, Kurtosis, Maximum, 
Mean, Median, Skewness, Variance, etc. 

Histogram-Related 

Statistical measures based on gray-level 

distributions. Bin Frequencies, Probabilities, 

Energy, Entropy, Percentiles, Uniformity, etc. 

Volumetric 
Measures the size and shape of the tumor sub-

regions. Pixel Count, Volume. 

Morphological 

Evaluates the shape and boundary characteristics of 

the tumor. Eccentricity, Perimeter, Roundness, 

Flatness, Oriented Bounding Box Size, etc. 

T
e
x
tu

r
a
l 

GLCM (Gray 

Level Co-

occurrence 

Matrix) 

Captures texture patterns reflecting heterogeneity in 

tumor tissue. Autocorrelation, Contrast, 

Correlation, Energy, Entropy, Homogeneity, etc. 

GLRLM 

(Gray Level 

Run Length 

Matrix) 

Captures texture patterns reflecting heterogeneity in 

tumor tissue. Short Run Emphasis, Long Run 
Emphasis, Run Length Nonuniformity, etc. 

GLSZM (Gray 

Level Size 

Zone Matrix) 

Captures texture patterns reflecting heterogeneity in 

tumor tissue. Small Zone Emphasis, Large Zone 

Emphasis, Zone Percentage, etc. 

NGTDM 

(Neighborhood 

Gray Tone 

Difference 

Matrix) 

Captures texture patterns reflecting heterogeneity in 

tumor tissue. Coarseness, Contrast, Strength, 

Complexity, etc. 

LBP (Local 

Binary 

Patterns) 

Captures texture patterns reflecting heterogeneity in 

tumor tissue. LBP Radius, Bin Counts, etc. 
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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. Overview 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: Q-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



23 
 

ns-16_MeanAbsoluteDeviation among the top-ranked features, underscoring their 

significance in glioblastoma characterization. 

 

 

    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 i7-13700HX 

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 AI-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. RFECV, 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 F1-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 

 

 

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. 

 

 

 

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. 



28 
 

 

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. 

 

 
 

                                     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 

(Methylated) 

Recall 

(Methylated) 

F1-Score 

(Methylated) 

Random 

Forest 59.3% 0.54 0.49 0.51 

Extreme 

Gradient 

Boosting 

62.1% 0.57 0.52 0.54 

Support 

Vector 

Machine  

60.5% 0.56 0.51 0.53 

Hard 

Voting 

Classifier  

85.9% 0.79 0.65 0.72 

 

      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 



31 
 

fine-tuning. Each MRI scan was preprocessed to a resolution of 256×256 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 Techniques: 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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• 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). 

 

• 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). 

 

• 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 AI-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 AI 

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 CNNs 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, 

GNNs can offer both enhanced interpretability and predictive performance. 

 

Finally, enhancing interpretability and transparency in AI 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 AI 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 AI 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. 

 

 

7.4. Declaration of Originality 

 
I declare that the results and contributions in my dissertation, "Artificial Intelligence in 

Radiogenomics: Innovations for Supporting Diagnosis, Treatment Decisions, and 

Prognostication in Oncology," submitted for the degree of Doctor at Sofia University "St. 

Kliment Ohridski," are original and not derived from studies in which I have not participated. 

No copyrighted material has been used unlawfully without proper attribution. This 

dissertation has not been submitted for a scientific degree at another institution, and all 

presented information, including publications, documents, and experimental results, is 

accurate and truthful. 

 

7.5. Publications on the Dissertation Topic 

 
[1] Mariya Miteva, Maria Nisheva-Pavlova, Clinical and Acquisition Data for Optimizing 

MGMT Methylation Status Prediction: A Comprehensive Ensemble Strategy Emphasizing 

Non-invasive Approaches. In: Koprinkova-Hristova, P., Kasabov, N. (eds) Artificial 

Intelligence: Methodology, Systems, and Applications. AIMSA 2024. Lecture Notes in 

Computer Science, Volume 15462, Springer, Cham., SJR: 0.61 (2023)/Scopus Q2. 

https://doi.org/10.1007/978-3-031-81542-3_18. 

 

[2] Mariya Miteva, Maria Nisheva-Pavlova, The power of integrating multiple data sources 

in medical imaging: A study of MGMT methylation status, Procedia Computer Science, 

Volume 239, 2024, Pages 1196-1203, ISSN 1877-0509, SJR: 0.51 (2023). 

https://doi.org/10.1016/j.procs.2024.06.287. 

 

[3] Mariya Miteva, Maria Nisheva-Pavlova, Preprocessing techniques for brain mri scans: 

a comparative analysis for radiogenomics applications. Annual of Sofia University St. 

Kliment Ohridski. Faculty of Mathematics and Informatics (2023) 110. Pages  

https://doi.org/10.1016/j.procs.2024.06.287


34 
 

111-125. 10.60063/gsu.fmi.110.111-125. 

 

7.6. Conference and Scientific Session Participation 
 

[1] Mariya Miteva, Maria Nisheva-Pavlova Clinical and Acquisition Data for Optimizing 

MGMT Methylation Status Prediction: A Comprehensive Ensemble Strategy Emphasizing 

Non-Invasive Approaches, International Conference on Artificial Intelligence: Methodology, 

Systems, Applications – AIMSA 2024, Golden Sands resort, Varna, Bulgaria, September 18 – 

20, 2024 

[2] Mariya Miteva, Maria Nisheva-Pavlova The power of integrating multiple data sources 

in medical imaging: A study of MGMT methylation status, HCist 2023 - International 

Conference on Health and Social Care Information Systems and Technologies, Porto, 

Portugal, November 08 – 10, 2023 

[3] Mariya Miteva, Maria Nisheva-Pavlova Preprocessing Techniques for Brain MRI Scans: 

A Comparative Analysis for Radiogenomics Applications, Information Systems, Embedded 

Systems and Intelligent Applications - 2023, Sofia, Bulgaria, May 26 – 27, 2023 

[4] Mariya Miteva, DL Methods for Identifying Gene Expression Patterns Using MRI Image 

Features, Spring Scientific Session (SSS) of the Faculty of Mathematics and Informatics (FMI) 

at Sofia University, Sofia, Bulgaria, March 26, 2022 

References 
 

[1] Hanif F, Muzaffar K, Perveen K, Malhi SM, Simjee ShU. Glioblastoma Multiforme: A 

Review of its Epidemiology and Pathogenesis through Clinical Presentation and Treatment. 

Asian Pac J Cancer Prev. 2017 Jan 1;18(1):3-9. doi: 10.22034/APJCP.2017.18.1.3. PMID: 

28239999; PMCID: PMC5563115. 

[2] Brown, N. et al.: Survival Outcomes and Prognostic Factors in Glioblastoma. Cancers 

14(13) (2022). https://doi.org/10.3390/cancers14133161. 

[3] Fernandes C, Costa A, Osório L, et al. Current Standards of Care in Glioblastoma Therapy. 

In: De Vleeschouwer S, editor. Glioblastoma [Internet]. Brisbane (AU): Codon Publications; 

2017 Sep 27. Chapter 11. Available from: https://www.ncbi.nlm.nih.gov/books/NBK469987/ 

doi: 10.15586/codon.glioblastoma.2017.ch11 

[4] Saeed, Numan & Hardan, Shahad & Abutalip, Kudaibergen & Yaqub, Mohammad. (2022). 

Is it Possible to Predict MGMT Promoter Methylation from Brain Tumor MRI Scans using 

Deep Learning Models?. 

[5] Le Guillou Horn XM, Lecellier F, Giraud C, Naudin M, Fayolle P, Thomarat C, Fernandez-

Maloigne C, Guillevin R. From Voxel to Gene: A Scoping Review on MRI Radiogenomics’ 

Artificial Intelligence Predictions in Adult Gliomas and Glioblastomas - The Promise of Virtual 

Biopsy? Biomedicines. 2024; 12(9):2156. https://doi.org/10.3390/biomedicines12092156 

[6] Wu, D., Mori, S. (2022). Structural Neuroimaging: From Macroscopic to Microscopic 

Scales. In: Thakor, N.V. (eds) Handbook of Neuroengineering. Springer, Singapore. https://doi

.org/10.1007/978-981-15-2848-4_84-1 

[7] Benjamini D, Basser PJ. Magnetic resonance microdynamic imaging reveals distinct tissue 

microenvironments. Neuroimage. 2017 Dec;163:183 196. doi: 10.1016/j.neuroimage.2017.09.

033. Epub 2017 Sep 22. PMID: 28943412; PMCID: PMC5716914. 

https://doi.org/10.3390/cancers14133161
https://doi.org/10.3390/biomedicines12092156
https://doi.org/10.1007/978-981-15-2848-4_84-1
https://doi.org/10.1007/978-981-15-2848-4_84-1


35 
 

[8] Mara Cercignani, Samira Bouyagoub, Brain microstructure by multi-modal MRI: Is the 

whole greater than the sum of its parts?, NeuroImage, Volume 182, 2018, Pages 117-127, ISSN 

1053-8119, https://doi.org/10.1016/j.neuroimage.2017.10.052. 

[9] Massimo Salvi, Hui Wen Loh, Silvia Seoni, Prabal Datta Barua, Salvador García, Filippo 

Molinari, U. Rajendra Acharya, Multi-modality approaches for medical support systems: A 

systematic review of the last decade, Information Fusion,Volume 103, 2024, 102134, ISSN 

1566-2535, https://doi.org/10.1016/j.inffus.2023.102134. 

[10] Ibomoiye Domor Mienye, George Obaido, Nobert Jere, Ebikella Mienye, Kehinde 

Aruleba, Ikiomoye Douglas Emmanuel, Blessing Ogbuokiri, A survey of explainable artificial 

intelligence in healthcare: Concepts, applications, and challenges, Informatics in Medicine 

Unlocked, Volume 51, 2024, 101587, ISSN 23529148, https://doi.org/10.1016/j.imu.2024.101

587. 

[11] Liu, Z., Duan, T., Zhang, Y. et al. Radiogenomics: a key component of precision cancer 

medicine. Br J Cancer 129, 741–753 (2023). https://doi.org/10.1038/s41416-023-02317-8 

[12] Ahsan MM, Luna SA, Siddique Z. Machine-Learning-Based Disease Diagnosis: A 

Comprehensive Review. Healthcare (Basel). 2022 Mar 15;10(3):541. doi: 10.3390/healthcare1

0030541. PMID: 35327018; PMCID: PMC8950225. 

[13] Prasad, V.K., Verma, A., Bhattacharya, P. et al. Revolutionizing healthcare: a comparative 

insight into deep learning’s role in medical imaging. Sci Rep 14, 30273 (2024). https://doi.org/

10.1038/s41598-024-71358-7 

[14] Xu X, Li J, Zhu Z, Zhao L, Wang H, Song C, Chen Y, Zhao Q, Yang J, Pei Y. A 

Comprehensive Review on Synergy of Multi-Modal Data and AI Technologies in Medical 

Diagnosis. Bioengineering (Basel). 2024 Feb 25;11(3):219. doi: 10.3390/bioengineering11030

219. PMID: 38534493; PMCID: PMC10967767. 

[15] Trojani V, Bassi MC, Verzellesi L, Bertolini M. Impact of Preprocessing Parameters in 

Medical Imaging-Based Radiomic Studies: A Systematic Review. Cancers (Basel). 2024 Jul 

26;16(15):2668. doi: 10.3390/cancers16152668. PMID: 39123396; PMCID: PMC11311340. 

[16] Kunihiko Fukushima. Neocognitron: A self-organizing neural network model for a 

mechanism of pattern recognition unaffected by shift in position. Biological cybernetics, 

36(4):193–202, 1980. 

[17] LeCun, Yann et al. “Gradient-based learning applied to document recognition.” Proc. IEEE 

86 (1998): 2278-2324. 

[18] McCorduck, P., Minsky, M., Selfridge, O. G., & Simon, H. A. (1977, August). History of 

artificial intelligence. In IJCAI (pp. 951-954). 

[19] Russakovsky, Olga & Deng, Jia & Su, Hao & Krause, Jonathan & Satheesh, Sanjeev & 

Ma, Sean & Huang, Zhiheng & Karpathy, Andrej & Khosla, Aditya & Bernstein, Michael & 

Berg, Alexander & Fei-Fei, Li. (2014). ImageNet Large Scale Visual Recognition Challenge. 

International Journal of Computer Vision. 115. 10.1007/s11263-015-0816-y. 

[20] Sabour, Sara & Frosst, Nicholas & Hinton, Geoffrey. (2017). Dynamic Routing Between 

Capsules. 10.48550/arXiv.1710.09829. 

[21] Opitz, D.; Maclin, R. (1999). "Popular ensemble methods: An empirical study". Journal of 

Artificial Intelligence Research. 11: 169–198. arXiv:1106.0257. doi:10.1613/jair.614 

[22] Polikar, R. (2006). "Ensemble based systems in decision making". IEEE Circuits and 

Systems Magazine. 6 (3): 21–45. doi:10.1109/MCAS.2006.1688199. S2CID 18032543 

https://doi.org/10.1016/j.neuroimage.2017.10.052
https://doi.org/10.1016/j.inffus.2023.102134
https://doi.org/10.1016/j.imu.2024.101587
https://doi.org/10.1016/j.imu.2024.101587
https://doi.org/10.1038/s41416-023-02317-8


36 
 

[23] Rokach, L. (2010). "Ensemble-based classifiers". Artificial Intelligence Review. 33 (1–2): 

1–39. doi:10.1007/s10462-009-9124-7. hДO:11323/1748. S2CID 11149239 

[24] Akinbo, Racheal & Daramola, Oladunni. (2021). Ensemble Machine Learning Algorithms 

for Prediction and Classification of Medical Images. 10.5772/intechopen.100602. 

[25] Dang, T., Nguyen, T.T., McCall, J. et al. Two-layer Ensemble of Deep Learning Models 

for Medical Image Segmentation. Cogn Comput 16, 1141–1160 (2024). 

https://doi.org/10.1007/s12559-024-10257-5 

[26] Hengde Zhu, Wei Wang, Irek Ulidowski, Qinghua Zhou, Shuihua Wang, Huafeng Chen, 

Yudong Zhang, MEEDNets: Medical Image Classification via Ensemble Bio-inspired 

Evolutionary DenseNets, Knowledge-Based Systems, Volume 280, 2023, 111035, ISSN 0950-

7051, https://doi.org/10.1016/j.knosys.2023.111035. 

[27] M. A. Hearst, S. T. Dumais, E. Osuna, J. Platt and B. Scholkopf, "Support vector 

machines," in IEEE Intelligent Systems and their Applications, vol. 13, no. 4, pp. 18-28, July-

Aug. 1998, doi: 10.1109/5254.708428. 

[28] Rodríguez-Pérez, Raquel & Bajorath, Jürgen. (2022). Evolution of Support Vector 

Machine and Regression Modeling in Chemoinformatics and Drug Discovery. Journal of 

Computer-Aided Molecular Design. 36. 1-8. 10.1007/s10822-022-00442-9. 

[29] Juan Li, Pan Jiang, Qing An, Gai-Ge Wang, Hua-Feng Kong, Medical image identification 

methods: A review, Computers in Biology and Medicine, Volume 169, 2024, 107777, ISSN 

0010-4825, https://doi.org/10.1016/j.compbiomed.2023.107777. 

[30] Li, Mengfang & Jiang, Yuanyuan & Zhang, Yanzhou & Zhu, Haisheng. (2023). Medical 

image analysis using deep learning algorithms. Frontiers in Public Health. 11. 10.3389/fpubh.

2023.1273253. 

[31] Parmar C, Barry JD, Hosny A, Quackenbush J, Aerts HJWL. Data Analysis Strategies in 

Medical Imaging. Clin Cancer Res. 2018 Aug 1;24(15):3492-3499. doi: 10.1158/1078-

0432.CCR-18-0385. Epub 2018 Mar 26. PMID: 29581134; PMCID: PMC6082690. 

[32] Grover VP, Tognarelli JM, Crossey MM, Cox IJ, Taylor-Robinson SD, McPhail MJ. 

Magnetic Resonance Imaging: Principles and Techniques: Lessons for Clinicians. J Clin Exp 

Hepatol. 2015 Sep;5(3):246-55. doi: 10.1016/j.jceh.2015.08.001. Epub 2015 Aug 20. PMID: 

26628842; PMCID: PMC4632105. 

[33] Berger A. Magnetic resonance imaging. BMJ. 2002 Jan 5;324(7328):35. doi: 10.1136/bm

j.324.7328.35. PMID: 11777806; PMCID: PMC1121941. 

[34] Gore JC. Principles and practice of functional MRI of the human brain. J Clin Invest. 2003 

Jul;112(1):4-9. doi: 10.1172/JCI19010. PMID: 12840051; PMCID: PMC162295. 

[35] Le Bihan, D. (2020). How MRI Makes the Brain Visible. In: Toyama, Y., Miyawaki, A., 

Nakamura, M., Jinzaki, M. (eds) Make Life Visible. Springer, Singapore. https://doi.org/10.10

07/978-981-13-7908-6_20 

[36] Zahra Khodabakhshi, Hubert Gabrys, Philipp Wallimann, Matthias Guckenberger, 

Nicolaus Andratschke, Stephanie Tanadini-Lang, Magnetic resonance imaging radiomic 

features stability in brain metastases: Impact of image preprocessing, image-, and feature-level 

harmonization, Physics and Imaging in Radiation Oncology, Volume 30, 2024, 100585, ISSN 

2405-6316, https://doi.org/10.1016/j.phro.2024.100585. 

[37] Callaghan P (1994). Principles of Nuclear Magnetic Resonance Microscopy. Oxford 

University Press. ISBN 978-0-19-853997-1. 

https://doi.org/10.1007/s12559-024-10257-5
https://doi.org/10.1016/j.knosys.2023.111035
https://doi.org/10.1016/j.compbiomed.2023.107777
https://doi.org/10.1007/978-981-13-7908-6_20
https://doi.org/10.1007/978-981-13-7908-6_20


37 
 

[38] Poustchi-Amin M, Mirowitz SA, Brown JJ, McKinstry RC, Li T (2000). "Principles and 

applications of echo-planar imaging: a review for the general radiologist". Radiographics. 21 

(3): 767–79. doi:10.1148/radiographics.21.3.g01ma23767. 

[39] McRobbie DW, Moore EA, Graves MJ, Prince MR (2007). MRI from Picture to Proton. 

Cambridge University Press. p. 1. ISBN 978-1-139-45719-4. 

[40] Nikos Makris, Chapter 7 - Anatomical coordinate systems in brain analysis, Editor(s): 

André J.W. van der Kouwe, Jalál B. Andre, Advances in Magnetic Resonance Technology and 

Applications, Academic Press, Volume 6, 2022, Pages 83-95, ISSN 2666-9099, ISBN 

9780128244609, https://doi.org/10.1016/B978-0-12-824460-9.00004-2. 

[41] Ardekani, Babak & Kershaw, Jeff & Braun, Michael & Kanno, Iwao. (1997). Automatic 

detection of mid-sagittal plane in 3D brain images. IEEE transactions on medical imaging. 16. 

947-52. 10.1109/42.650892. 

[42] Fabio Galbusera, Frank Niemeyer, Tito Bassani, Luca Maria Sconfienza, Hans-Joachim 

Wilke, Estimating the three-dimensional vertebral orientation from a planar radiograph: Is it 

feasible?, Journal of Biomechanics, Volume 102, 2020, 109328, ISSN 0021-9290, 

https://doi.org/10.1016/j.jbiomech.2019.109328. 

[43] Padmanaban, Sriramakrishnan & Thiruvenkadam, Kalaiselvi & T., Padmapriya & 

Thirumalaiselvi, M. & Sivasakthivel, Ramkumar. (2020). A Role of Medical Imaging 

Techniques in Human Brain Tumor Treatment. 8. 565-568. 10.35940/ijrte.D1105.1284S219. 

[44] Ethics and governance of artificial intelligence for health: WHO guidance. Geneva: World 

Health Organization; 2021. Licence: CC BY-NC-SA 3.0 IGO. [Available online: 

https://www.who.int/publications/i/item/9789240029200] 

[45] UNESCO. Recommendation on the Ethics of Artificial Intelligence. Paris: United Nations 

Educational, Scientific and Cultural Organization; 2021. [Available online: 

https://unesdoc.unesco.org/ark:/48223/pf0000380455] 

[46] Lekadir, Karim et al. “FUTURE-AI: international consensus guideline for trustworthy and 

deployable artificial intelligence in healthcare.” BMJ (Clinical research ed.) vol. 388 e081554. 

5 Feb. 2025, doi:10.1136/bmj-2024-081554  

[47] Bakas, S., Sako, C., Akbari, H. et al. The University of Pennsylvania glioblastoma (UPenn-

GBM) cohort: advanced ЯМР, clinical, genomics, & radiomics. Sci Data 9, 453 (2022). 

https://doi.org/10.1038/s41597-022-01560-7 

[48] U.Baid, et al., “The RSNA-ASNR-MICCAI BraTS 2021 Benchmark on Brain Tumor 

Segmentation and Radiogenomic Classification”, arXiv:2107.02314, 2021. 

[49] Turner DP. Sampling Methods in Research Design. Headache. 2020 Jan;60(1):8-12. doi: 

10.1111/head.13707. PMID: 31913516. 

[50] Acosta, J.N., Falcone, G.J., Rajpurkar, P. et al. Multimodal biomedical AI. Nat Med 28, 

1773–1784 (2022). https://doi.org/10.1038/s41591-022-01981-2 

[51] Rakesh Chandra Joshi, Rashmi Mishra, Puneet Gandhi, Vinay Kumar Pathak, Radim 

Burget, Malay Kishore Dutta, Ensemble based machine learning approach for prediction of 

glioma and multi-grade classification, Computers in Biology and Medicine, Volume 137, 2021, 

104829, ISSN 0010-4825, https://doi.org/10.1016/j.compbiomed.2021.104829. 

[52] Leon, Florin & Floria, Sabina-Adriana & Badica, Costin. (2017). Evaluating the effect of 

voting methods on ensemble-based classification. 1-6. 10.1109/INISTA.2017.8001122.  

https://doi.org/10.1016/B978-0-12-824460-9.00004-2
https://doi.org/10.1016/j.jbiomech.2019.109328
https://doi.org/10.1038/s41591-022-01981-2
https://doi.org/10.1016/j.compbiomed.2021.104829


38 
 

[53] Le NQK, Do DT, Chiu FY, Yapp EKY, Yeh HY, Chen CY. XGBoost Improves 

Classification of MGMT Promoter Methylation Status in IDH1 Wildtype Glioblastoma. J Pers 

Med. 2020 Sep 15;10(3):128. doi: 10.3390/jpm10030128. 

[54] Sylvia Drabycz, Gloria Roldán, Paula de Robles, Daniel Adler, John B. McIntyre, Anthony 

M. Magliocco, J. Gregory Cairncross, J. Ross Mitchell, An analysis of image texture, tumor 

location, and MGMT promoter methylation in glioblastoma using magnetic resonance imaging, 

NeuroImage, Volume 49, Issue 2, 2010, Pages 1398- 405, ISSN 10538119, https://doi.org/10.1

016/j.neuroimage.2009.09.049. 

[55] Jiang HH, Feng GY, Liu D, Ren XH, Cui Y, Lin S. Foundation of preoperative prognosis 

estimation model for glioblastoma multiforme. Zhonghua Yi Xue Za Zhi. 2017 Aug 

15;97(31):2447- 2450. Chinese. doi: 10.3760/cma.j.issn.0376- 2491.2017.31.013. PMID: 288

35047. 

[56] Pierscianek D, Ahmadipour Y, Michel A, Chihi M, Oppong MD, Kebir S, Glas M, Stuschke 

M, Sure U, Jabbarli R. Preoperative Survival Prediction in Patients With Glioblastoma by 

Routine Inflammatory Laboratory Parameters. Anticancer Res. 2020 Feb;40(2):1161-1166. doi: 

10.21873/anticanres.14058. 

[57] Pranav Mirpuri, Maharaj Singh, Richard A. Rovin, The Association of Preoperative Frailty 

and Neighborhood-Level Disadvantage with Outcome in Patients with Newly Diagnosed High 

Grade Glioma, World Neurosurgery, Volume 166, 2022, Pages e949-e957, ISSN 1878-8750, 

https://doi.org/10.1016/j.wneu.2022.07.138. 

[58] Mansouri, A. et al.: MGMT promoter methylation status testing to guide therapy for glio-

blastoma: refining the approach based on emerging evidence and current challenges. Neuro-

Oncology 21(2), 167–178 (2019). https://doi.org/10.1093/neuonc/noy132. 

[59] Smits A, Lysiak M, Magnusson A, Rosell J, Söderkvist P, Malmström A. Sex Disparities 

in MGMT Promoter Methylation and Survival in Glioblastoma: Further Evidence from Clinical 

Cohorts. J Clin Med. 2021 Feb 3;10(4):556. doi: 10.3390/jcm10040556. PMID: 33546098; 

PMCID: PMC7913151. 

[60] Franceschi E, Tosoni A, Minichillo S, Depenni R, Paccapelo A, Bartolini S, Michiara M, 

Pavesi G, Urbini B, Crisi G, Cavallo MA, Tosatto L, Dazzi C, Biasini C, Pasini G, Balestrini 

D, Zanelli F, Ramponi V, Fioravanti A, Giombelli E, De Biase D, Baruzzi A, Brandes AA, The 

PERNO Study Group, The prognostic role of gender and MGMT methylation status in 

glioblastoma patients: the female power, World Neurosurgery (2018), doi: 10.1016/j.wneu.20

18.01.045. 

[61] E. R. Gerstner, S. Yip, D. L. Wang, D. N. Louis, A. J. Iafrate, T. T. Batchelor: MGMT 

methylation status may predict survival in elderly patients with newly diagnosed glioblastoma 

(GBM). Journal of Clinical Oncology 27(5_suppl) (2009). https://doi.org/10.1200/jco.2009.27

.15_suppl.e13023. 

[62] Yin AA, Zhang LH, Cheng JX, Dong Y, Liu BL, Han N, Zhang X. The predictive but not 

prognostic value of MGMT promoter methylation status in elderly glioblastoma patients: a 

meta-analysis. PLoS One. 2014 Jan 13;9(1):e85102. doi: 10.1371/journal.pone.0085102. 

[63] Péus D, Newcomb N, Hofer S. Appraisal of the Karnofsky Performance Status and 

proposal of a simple algorithmic system for its evaluation. BMC Med Inform Decis Mak. 2013 

Jul 19;13:72. doi: 10.1186/1472-6947-13-72.  

[64] Schag CC, Heinrich RL, Ganz PA. Karnofsky performance status revisited: reliability, 

validity, and guidelines. J Clin Oncol. 1984 Mar;2(3):187-93. doi: 10.1200/JCO.1984.2.3.187. 

https://doi.org/10.1016/j.neuroimage.2009.09.049
https://doi.org/10.1016/j.neuroimage.2009.09.049
https://doi.org/10.1093/neuonc/noy132


39 
 

[65] Qureshi, S.A., Hussain, L., Ibrar, U. et al. Radiogenomic classification for MGMT 

promoter methylation status using multi-omics fused feature space for least invasive diagnosis 

through mpMRI scans. Sci Rep 13, 3291 (2023). https://doi.org/10.1038 

[66] Tanvi Gupta, Tapan K. Gandhi, R.K. Gupta, B.K. Panigrahi, Classification of patients with 

tumor using MR FLAIR images, Pattern Recognition Letters, Volume 139, 2020, Pages 112-

117, ISSN 0167-8655, https://doi.org/10.1016/j.patrec.2017.10.037. 

[67] Saxena S, Jena B, Gupta N, Das S, Sarmah D, Bhattacharya P, Nath T, Paul S, Fouda MM, 

Kalra M, Saba L, Pareek G, Suri JS. Role of Artificial Intelligence in Radiogenomics for 

Cancers in the Era of Precision Medicine. Cancers (Basel). 2022 Jun 9;14(12):2860. doi: 

10.3390/cancers14122860. 

[68] Scikit-learn: Machine Learning in Python, Pedregosa et al., JMLR 12, pp. 2825-2830, 

2011. 

[69] Trojani V, Bassi MC, Verzellesi L, Bertolini M. Impact of Preprocessing Parameters in 

Medical Imaging-Based Radiomic Studies: A Systematic Review. Cancers. 2024; 16(15):2668. 

https://doi.org/10.3390/cancers16152668 

[70] Massimo Salvi, U. Rajendra Acharya, Filippo Molinari, Kristen M. Meiburger, The impact 

of pre- and post-image processing techniques on deep learning frameworks: A comprehensive 

review for digital pathology image analysis, Computers in Biology and Medicine, Volume 128, 

2021, 104129, ISSN 0010-4825, https://doi.org/10.1016/j.compbiomed.2020.104129 

[71] P Chang, J Grinband, BD Weinberg, M Bardis, M Khy, G Cadena, M-Y Su, S Cha, CG 

Filippi, D Bota, et al. Deep-learning convolutional neural networks accurately classify genetic 

mutations in gliomas. American Journal of Neuroradiology, 39(7):1201–1207, 2018. 

[72] Panagiotis Korfiatis, Timothy L Kline, Daniel H Lachance, Ian F Parney, Jan C Buckner, 

and Bradley J Erickson. Residual deep convolutional neural network predicts MGMT 

methylation status. Journal of digital imaging, 30(5):622–628, 2017. 

[73] C.G.B. Yogananda, B.R. Shah, S.S. Nalawade, G.K. Murugesan, F.F. Yu, M.C. Pinho, B.C. 

Wagner, B. Mickey, T.R. Patel, B. Fei, A.J. Madhuranthakam, and J.A. Maldjian. MRIbased 

deep-learning method for determining glioma MGMT promoter methylation status. American 

Journal of Neuroradiology, 2021. ISSN 0195 6108. doi: 10.3174/ajnr.A7029. URL http://www

.ajnr.org/content/early/2021/03/04/ajnr.A7029. 

[74] Chen, S.; Xu, Y.; Ye, M.; Li, Y.; Sun, Y.; Liang, J.; Lu, J.; Wang, Z.; Zhu, Z.; Zhang, X.; et 

al. Predicting MGMT Promoter Methylation in Diffuse Gliomas Using Deep Learning with 

Radiomics. J. Clin. Med. 2022, 11, 3445. https://doi.org/ 10.3390/jcm11123445 

[75] Do, D.T., Yang, MR., Lam, L.H.T. et al. Improving MGMT methylation status prediction 

of glioblastoma through optimizing radiomics features using genetic algorithm-based machine 

learning approach. Sci Rep 12, 13412 (2022). https://doi.org/10.1038/s41598-022-17707-w 

 

https://doi.org/10.1038
https://doi.org/10.1016/j.patrec.2017.10.037
http://www.ajnr.org/content/early/2021/03/04/ajnr.A7029
http://www.ajnr.org/content/early/2021/03/04/ajnr.A7029
https://doi.org/10.1038/s41598-022-17707-w

