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Abstract 
 

Tumour heterogeneity, characterised by spatial and temporal variations in cellular 

morphology and molecular profiles within the tumour tissues, impacts oncology 

diagnosis, prognosis, and treatment outcomes. Medical image analysis, particularly 

through multiparametric magnetic resonance imaging (mpMRI), provides a non-

invasive approach to capture these complex heterogeneity patterns, enabling a more 

objective and comprehensive assessment of tumour biology. mpMRI supports more 

personalised treatment planning and reduces the need for invasive diagnostic 

procedures, ultimately benefiting patient care. However, the intrinsic variability in 

heterogenous tumours poses challenges in accurately delineating tumour regions and 

predicting therapeutic responses, often leading to inconsistent clinical interpretations. 

Because of this, labelling and analysing heterogeneity sub-regions in mpMRI are time-

consuming tasks and requires experienced expertise.  

Recent advances in computational image analysis techniques such as radiomics 

and deep learning models has demonstrated capability to automate the mpMRI analysis 

and thereby reducing clinician’s workload. Radiomics approaches extract handcrafted 

features from tumour sub-regions to summarise tumour heterogeneity. However, 

handcrafted features strongly rely on prior knowledge of imaging patterns correlated 

with tumour biology and patient outcomes, and also requires manual annotation of the 

sub-regions. Although deep learning models excel at extracting detailed pixel-level 

heterogeneity features without explicit human intervention, most approaches do not 

incorporate tumour sub-region information, thereby limiting their ability to capture 

tissue heterogeneity and the complex spatial relationships between adjacent sub-region 

structures. 
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This thesis introduces a novel deep-learning framework that addresses the 

challenges of tumour heterogeneity in mpMRI modalities to enhance tumour 

heterogeneity analysis in medical image and its use in downstream tasks including 

image segmentation and classification. The framework comprises of two main 

components. First component is an unsupervised semantic segmentation method 

developed to delineate tumour sub-regions automatically. This method effectively 

captures the intrinsic structure of heterogeneous tumours by leveraging a multi-phase 

training strategy that combines coarse segmentation with refined, self-supervised 

learning enhanced by sparse spatial continuity and context-based hierarchical loss 

functions. Second, we propose a heterogeneity-aware deep learning method for tumour 

classification that integrates machine-generated sub-region labels with dual-stream 

feature extraction for both local heterogeneity and global image information. A 

learnable alignment module is employed to standardise sub-region labels across 

different imaging modalities, enabling the extraction of both local heterogeneity 

features and global contextual information. The proposed framework was demonstrated 

on two mpMRI datasets: (i) brain tumour with BraTS2021 for sub-region segmentation 

and, (ii) liver tumour with LLD-MMRI2023 for cancer classificaiton, in comparison 

with the state-of-the-art methods.  
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Chapter 1. Introduction 

 

1.1. Motivation 

Tumour heterogeneity represents a significant clinical and research challenge due 

to its substantial influence on cancer progression, therapeutic response, and patient 

outcomes [1]. It encompasses variations observed among different tumours (inter-

tumour heterogeneity) and variations within individual tumours (intra-tumour 

heterogeneity). Such heterogeneity is characterised by spatial and temporal differences 

in cellular morphology, molecular profiles, and phenotypic behaviours, resulting in 

diverse tumour progression patterns and clinical manifestations [2]. These variations 

significantly influence patient responses to treatment, underscoring the necessity for 

accurate, comprehensive, and reproducible assessments of tumour heterogeneity to 

guide clinical decisions and personalised care strategies. 

Medical imaging techniques, such as computed tomography (CT) and magnetic 

resonance imaging (MRI), have been widely utilised for the early detection and 

diagnosis of cancer. They are a non-invasive method to depict tumour heterogeneity 

information. Among the imaging modalities, multiparametric MRI (mpMRI) has been 

widely studied for its ability to assess tumour tissues and capture tumour heterogeneity 

information [3]. It utilises magnetic fields and radiofrequency pulses to generate images 

of patient organs. mpMRI utilises a range of parameters, including various 

radiofrequency pulses and gradient settings, to create distinct intensity distributions that 

effectively differentiate tissue types and reveal detailed information on tissue-specific 

heterogeneity. Due to these advantages, mpMRI is extensively used for tumour-related 

clinical decisions, including screening, diagnosis, and prognosis evaluation, across 

various tumour sites, such as the liver and the brain structures [4, 5].  
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In mpMRI, tumour heterogeneity manifests as varied intensities, shapes, and 

textures across tumour regions, reflecting underlying molecular, cellular, and 

histopathological variations. For example, these observable characteristics allow the 

differentiation and delineation of clinically relevant tumour sub-regions, such as 

necrotic cores, enhancing tumour regions, and peritumoral oedema in glioblastoma 

(GBM) brain cancer tumours [6, 7]. Clinicians rely on this information to inform 

diagnosis, establish prognosis, and determine therapeutic strategies, including 

genomics-guided medication selection [8]. These clinical evaluations, however, are 

done manually which is time consuming, subjective to the expert interpretation, and 

requiring highly specialised skills. This subjective process introduces variability, 

impedes standardisation, and may reduce diagnostic consistency and reliability across 

clinical settings. 

Radiomics represents a computational method developed to quantitatively 

characterise and analyse tumour sub-region heterogeneity within medical images by 

extracting high-dimensional quantitative imaging features. Radiomics pipeline in sub-

region analysis typically derive manual or semi-automatic imaging biomarkers 

(features) from tumour sub-regions previously defined by clinicians. Subsequently, 

machine learning models use these extracted features to gain insights into tumour 

characteristics, predict clinical outcomes, or determine molecular profiles [9]. Recent 

studies, such as those by Li et al. [10] and Zhang et al. [11], have demonstrated the 

potential of radiomics features extracted from tumour sub-regions in determining 

clinically relevant genetic information, including the O6-methylguanine DNA 

methyltransferase (MGMT) methylation status from mpMRI. However, despite these 

promising results, reliance on manual or semi-automatic tumour sub-region annotations 

poses significant limitations regarding scalability, reproducibility, and generalisation 

across diverse clinical scenarios. 
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Recent advances in deep learning offer a compelling solution by providing end-

to-end frameworks that can learn hierarchical, data-driven features directly from 

medical imaging data. Deep learning methods, such as convolutional neural networks 

(CNNs), have already demonstrated state-of-the-art performance in clinical decision-

support tasks for medical imaging [12, 13]. By automatically extracting and fusing 

information across various feature scales throughout the convolution process, these 

models have the potential to capture subtle tissue heterogeneity and complex spatial 

interdependencies that are often missed by traditional radiomics pipelines. However, 

based on literature search, there are no methods that explored the analysis of sub-

regions to aid in detecting localised tumour heterogeneity and further enhancing 

diagnostic accuracy. 

Figure 1.1. The four common MRI modalities used in the brain; the images are 
acquired from patients diagnosed with GBM tumours. The blue-shaded segmentation 
mask indicates the necrosis area, brown represents the enhanced tumour, and orange 

represents the oedema region. 

One challenge in tumour subregion-based image analysis is that the subregion 

labels are either manually annotated or semi-automatic e.g., manually labelling the 

machine learning outputs such as with cluster analysis segmentation method. Due to 

the complexity in manual labelling, tumour subregions are typically segmented in 

coarse regions e.g., the Brain Tumor Segmentation Challenge 2021 (BraTS2021) [53] 

datasets that contain subregion labels for GBM comprise of three number of labels 

illustrated in Figure 1.1, which although captures the main subregions, do not offer finer 

details that may further differentiate the tumour regions.  
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Another challenge is that despite the promising capabilities of radiomics and deep 

learning methods, they are not designed to capture both the local sub-region-based and 

global heterogeneity information simultaneously. Current radiomics pipelines 

primarily rely on handcrafted, predefined features derived from clinician-defined 

tumour regions, frequently neglecting intricate local interactions between neighbouring 

tumour sub-regions and lacking integration of global contextual information [14]. 

Conversely, although deep learning approaches excel at extracting detailed pixel-level 

heterogeneity features without explicit human intervention, most of these methods do 

not explicitly leverage clinically relevant sub-region analysis that they are trained in an 

end-to-end manner to directly mapping input images to output labels [12, 13]. These 

approaches are usually trained in an end-to-end manner i.e. from image direct to label. 

This limits their potential to fully capture tissue heterogeneity for each tumour sub-

region and complex spatial relationships between adjacent anatomical structures. 

Therefore, these limitations underscore the need for end-to-end frameworks that 

capture detailed local sub-region heterogeneity and comprehensive global tumour 

context for improved diagnostic and therapeutic outcomes. 

 

1.2. Aims and Objectives 

In this thesis, a new framework is introduced to address the identified challenges 

in tumour heterogeneity analysis through (i) leveraging a context-based unsupervised 

semantic segmentation for GBM and, (ii) adapting the sub-region analysis approach 

from radiomics pipeline in a deep learning method for tumour sub-region analysis. The 

proposed framework leverages machine-generated sub-region labels to obtain 

heterogeneity information for determining tumour inter- or intra-heterogeneity and also 

expands upon sub-region analysis approaches in radiomics by adapting deep learning 



5 

 

techniques for tumour classification. The research in this thesis addresses the following 

two aims: 

1. Develop an unsupervised semantic segmentation method designed 

explicitly for GBM. A novel method is proposed that introduces multi-phase 

training and hierarchical loss based on the intrinsic structure of GBM. The 

proposed method mitigates the need for human labelling of GBM sub-

regions and thus potentially improving efficiency in downstream tasks 

involving heterogeneity analysis. 

 

2. Adapting a deep learning method that integrates unsupervised segmentation 

of sub-region labels for tumour classification and MGMT status prediction. 

A novel dual-stream feature extraction method is proposed to effectively 

captures local sub-region heterogeneity through local feature extraction 

stream while integrating global contextual information via the global stream. 

A learnable alignment for sub-regions is also acquired from the 

unsupervised segmentation. This enabled the method to leverage the 

heterogeneity information captured from computer-generated sub-region 

labels, and demonstrating effective enhancement in tumour disease 

classification performance. 
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1.3. Thesis Structure 

The remainder of this thesis is structured as follows: 

Chapter 2 provides the essential background knowledge necessary for readers to 

understand the thesis. It provides an overview of medical images, particularly mpMRI 

images, radiomics methods in sub-region analysis, and current state-of-the-art deep 

learning.  

Chapters 3 and 4 provide a detailed contribution to this thesis. Chapter 3 presents 

the unsupervised sub-region segmentation method designed for GBM. The spatial-

heterogeneity insights uncovered in Chapter 3 provide the conceptual foundation for 

the heterogeneity-aware classification strategy developed in Chapter 4. Chapter 4 

describes the heterogeneity-based deep learning framework that leverages sub-regions 

for tumour classification. 

Chapter 6 concludes this thesis's contribution and discusses the future works in 

tumour heterogeneity analysis.  
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Chapter 2. Background 

 

This chapter begins by introducing the fundamentals of medical imaging, focusing 

on their representation in computational approaches and processing techniques. It 

includes a detailed overview of mpMRI modalities, emphasising their role in 

characterising tissue heterogeneity composition and subtle physiological features. The 

chapter then focuses on two principal computational methods: radiomics and deep 

learning. For radiomics, the discussion encompasses handcrafted feature extraction and 

the general radiomics pipeline, with particular attention given to pipeline that utilise 

sub-region analysis to capture the intrinsic variability within tumours. For deep learning, 

both unsupervised segmentation frameworks and supervised classification frameworks 

are examined, showcasing their capabilities in automatically learning hierarchical 

features and improving the detection and characterisation of tumour regions. These 

sections provide a comprehensive foundation for the audience to understand the two 

chapters that follow, which introduce the main contributions of this thesis. 

 

2.1. Medical Image 

Medical images are digital representations of anatomical structures or 

physiological processes within the human body. They are composed of picture elements, 

commonly referred to as pixels in 2D images and voxels in 3D images. A pixel (short 

for “picture element”) represents the smallest unit in a 2D digital image and holds a 

single intensity value. In volumetric imaging, such as MRI, images are acquired in 

stacks of 2D slices, where each pixel extends into the third dimension to form a voxel 

(volume element), thereby capturing spatial information in three dimensions [15]. 
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Spatial resolution refers to the physical size of each pixel or voxel, typically 

measured in millimetres. It defines the smallest detail that can be distinguished in an 

image. For instance, a voxel with a spatial resolution of 1 mm × 1 mm × 1 mm 

represents a cubic millimetre of tissue. Higher spatial resolution enables better 

discrimination of fine structural details within the tissue [16]. 

In a standard RGB image, the intensity of each channel was determined by the 

amount of corresponding colour. In medical imaging, the context of the intensity 

depends on the imaging technique used. Each imaging technique, based on its unique 

physical principles and parameters used, will produce distinct information about the 

organ. For instance, while X-ray and CT intensities reflect variations in tissue density 

and composition, ultrasound intensities depend on acoustic impedance and MRI 

intensities are influenced by proton density and relaxation times [17]. 

Contrast resolution, on the other hand, denotes the ability to distinguish 

differences in intensity values between adjacent tissue types or regions. Differentiating 

between normal and pathological tissues is crucial in medical imaging. In mpMRI, 

contrast resolution is manipulated using different imaging sequences to highlight 

specific tissue characteristics [18]. The following subsection provides an overview of 

the modality used in mpMRI for chapters 3 and 4. 

 

2.1.1. Multiparametric MRI (mpMRI) modalities 

mpMRI combines multiple imaging modalities, each exploiting different contrast 

mechanisms, to comprehensively characterise tumours. These sequences provide 

complementary information about tissue properties and are invaluable in delineating 

heterogeneous tumour sub-regions (e.g., distinguishing enhancing tumour core, 



9 

 

necrotic areas, and surrounding oedema) [6]. Below, we summarised the used mpMRI 

modalities and their imaging characteristics. 

Common modalities used for the brain tumour are visualised in Figure 1.1. The 

description of each modality is as follows [19]: 

1. T1-weighted (T1w): T1-weighted images are acquired using short repetition 

time (TR) and echo time (TE) to emphasise differences in longitudinal 

relaxation. They render fat- and protein-rich tissues as bright and water-rich 

regions as dark, providing high anatomical detail and baseline tumour 

characterisation. 

2. Contrast-Enhanced T1-weighted (T1CE): T1CE is performed after 

administering a gadolinium-based contrast agent that shortens T1 relaxation 

times. It delineates tumour boundaries by brightening regions with abnormal 

vascularity or blood–brain barrier disruption, highlighting viable tumour 

components. 

3. T2-weighted (T2w): T2-weighted imaging uses long TR and TE to 

accentuate differences in transverse relaxation, making it highly sensitive to 

water content. It depicts water-rich tissues (such as oedema and cysts) as 

bright, while fatty and denser tissues appear darker, thereby revealing fluid-

related abnormalities. 

4. T2- Fluid Attenuated Inversion Recovery (FLAIR): FLAIR is a specialised 

T2 sequence that uses an inversion recovery pulse to null the signal from 

free fluids, such as cerebrospinal fluid. This technique highlights oedema, 

gliosis, or tumour infiltration as bright signals against a dark background, 

thereby enhancing lesion visibility. 
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Figure 2.1. The eight common MRI modalities used in liver; the images are acquired 
from patients diagnosed with Hepatocellular carcinoma. 

. 

Common modalities used for the liver structure are visualised in Figure 2.2. The 

description of each modality is as follows [20]: 

1. Pre-Contrast (C-pre): Pre-contrast imaging is a baseline T1-weighted scan 

performed before the administration of any contrast agent. It establishes the 

inherent signal characteristics of the tissue, serving as a reference to 

differentiate native properties from contrast-induced changes. 

2. Arterial Phase Post-Contrast (C+A): Arterial phase imaging is conducted 

immediately after contrast injection to capture the early passage of the 

contrast agent through the arterial system. It accentuates highly vascularised 

tumour regions by highlighting rapid contrast uptake, indicative of 

aggressive angiogenesis. 

3. Venous Phase Post-Contrast (C+V): Venous phase imaging is acquired 

typically 60–90 seconds post-injection, once the contrast has equilibrated in 

the venous system. It displays the full extent of tumour enhancement by 

reflecting intermediate perfusion and extracellular contrast distribution. 
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4. Delayed Phase Post-Contrast (C+Delay): Delayed phase imaging is 

obtained several minutes after contrast injection, allowing time for the 

contrast agent to equilibrate between vascular and interstitial spaces. It 

highlights areas with persistent contrast retention, differentiating leaky 

tumour regions from those undergoing washout and aiding in distinguishing 

active tumour from treatment effects. 

5. In-Phase and Out-of-Phase Imaging: In-phase and out-of-phase imaging are 

paired T1 gradient-echo sequences acquired at different echo times to 

exploit the chemical shift between fat and water. They reveal mixed tissue 

composition by showing signal cancellation in voxels containing both fat 

and water, thereby detecting microscopic fat deposits. 

6. Diffusion-Weighted Imaging (DWI): DWI applies strong diffusion-

sensitizing gradients to capture the motion of water molecules within tissues. 

It differentiates tissue characteristics by showing restricted diffusion 

(indicative of high cellularity) as a bright signal and free diffusion (in 

necrotic or cystic areas) as a darker signal, with corresponding ADC maps. 

7. T2-weighted (T2w), as mentioned above. 

 

2.1.2. Medical Image Segmentation 

Medical image segmentation involves partitioning a medical image into regions, 

which usually requires a pixel-level label to represent a region of interest [21]. This is 

crucial for tumour-related diseases, as it can highlight tumour regions and distinguish 

them from surrounding normal tissues. For heterogeneous tumours like GBM, 

segmentation also requires the separation of tumour sub-regions by differentiable tissue 

appearance in the image [6]. However, the manual labelling process is time-consuming 

and influenced by individual biases and competence levels [22].  
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By leveraging computerised medical analysis algorithms, the segmentation 

process can be facilitated by computers. Current computerised medical image 

segmentation can be divided into three approaches based on employed techniques: (i) 

supervised segmentation that uses manual labels to train the algorithms, (ii) 

unsupervised segmentation that employs algorithms to distinguish intensity present in 

the image and generate ROI without human intervention and labels and (iii) semi-

automated segmentation that employs pixel level labels acquired from unsupervised 

segmentation then requires human to identify the class of each region. Semi-automated 

segmentation is typically used in sub-region-related segmentations and analyses, which 

will be introduced in the radiomics section. 

In supervised segmentations, deep learning has demonstrated superior 

performance in various diseases compared to other methods [23]. Ronneberger et al. 

[24] proposed U-net for biomedical image segmentation and utilises a down-sampling 

path to capture context and a symmetric up-sampling path that maintains spatial 

relationships between input (image) and output (segmentation labels). Furthermore, a 

recently proposed framework, transformer, adapts the same dual-path manner and 

employs attention mechanisms to achieve a better global reception field, which 

improves segmentation results [25]. However, the majority of existing studies employ 

supervised learning approaches that depend on large amounts of pixel-level annotated 

datasets. This may hinder the generalisation capabilities and overall performance of 

supervised learning approaches. 

For unsupervised segmentation, clustering algorithms could be used to generate 

unannotated sub-region labels. One conventional machine learning approach for 

clustering algorithms is k-means [26]. It leverages the intensity distribution present in 

the images and partitions them into regions by a pre-defined number of centres. 

However, k-means uses intensity values only and it would consider unconnected 

regions as the same type. A deep learning-based clustering method incorporates a 
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spatial constraint to facilitate the separation of unconnected regions. It enhances the 

continuity of segmented regions by leveraging the spatial relationships present in the 

image. Some radiomics methods for sub-region analysis aim to eliminate manual labels; 

they would use a unsupervised segmentation approach to generate sub-regions in 

tumours. 

 

2.1.3. Medical image classification 

Medical image classification involves labelling categories to a medical image 

based on the given image. It is essential for clinical diagnosis, treatment planning and 

prognosis evaluation. In this thesis, we focus on tumour heterogeneity-related 

classification. One is inter-tumour heterogeneity, which characterises the difference 

between different tumours and aims to distinguish their type. The other one is intra-

tumour heterogeneity, which characterises the differences among patients with the 

same tumour and provides insights into genetic biomarkers that can then be used to aid 

personalised treatment. Genetic biomarkers have become essential tools for stratifying 

patients into meaningful subgroups and predicting treatment efficacy and outcomes. 

For example, MGM) status in GBM influences tumour cell response to alkylating 

chemotherapy agents, necessitating alternative treatment strategies to enhance patient 

prognosis and survival rates [27, 28]. Consequently, incorporating genetic biomarkers 

into clinical practice is crucial for optimising therapeutic outcomes, individualising 

patient care, and improving clinical prognosis. 

In the clinic, the acquisition of genetic information, typically achieved through 

tissue biopsy procedures, is vital for individualised treatment planning and is directly 

associated with improved clinical outcomes [29]. However, biopsy procedures present 

several significant challenges. They are invasive and costly, frequently associated with 

patient discomfort and potential complications [30, 31]. Additionally, they are subject 
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to inaccuracies arising from the spatial distribution of genetic heterogeneity within the 

tumour, often requiring repeated procedures to characterise tumour genetics [32] 

accurately. This limitation highlights the critical need for alternative or complementary 

non-invasive assessment tools. 

The conventional computational approach to medical image classification 

typically involves i) image feature extraction, ii) feature selection and iii) classification 

[33]. In the feature extraction phase, quantitative imaging characteristics that are 

informative for the target labels are identified using either handcrafted features or deep 

learning approaches that automatically learn useful representations from the training 

data. Next, feature selection involves choosing a subset of these extracted features to 

reduce the dimensionality of the data, thereby improving the efficiency and accuracy 

of the machine learning algorithm. Finally, during the classification stage, the selected 

features are fed into a machine learning model that assigns a label or category to the 

image. 

In contrast, deep learning-based approaches offer an end-to-end solution for 

medical image classification by automatically learning image features that are directly 

relevant to the associated labels, eliminating the need for explicit feature engineering 

[34]. As a result, these deep learning techniques have achieved state-of-the-art 

performance in various tasks. 

 

2.2. Radiomics 

Radiomics is a field of medical imaging analysis that extracts various quantitative 

features from radiographic images to characterise tumour phenotype in a non-invasive 

manner. Conventional radiomic features are predefined features extracted from medical 

images, such as voxel volume, surface area, Gray Level Co-occurrence Matrix (GLCM), 
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and Gray Level Size Zone Matrix (GLSZM), to gain high-level semantic features in 

shape, volume, and texture [35]. Radiomic features can capture intratumor 

heterogeneity in a quantitative way and are easily used for further classification and 

other statistical-based analyses. A significant challenge in glioblastoma analysis is 

accounting for tumour heterogeneity. By converting medical images into mineable data, 

radiomics enables the correlation of imaging features with underlying histopathology, 

genomics, and clinical outcomes. In oncology, radiomic analyses have shown promise 

for tumour detection, prognosis, and prediction of treatment response, often serving as 

imaging biomarkers of disease aggressiveness [36, 37]. Heterogeneous regions in a 

tumour, such as necrosis, oedema, and enhancing regions, can significantly influence 

prediction outcomes. Several studies have demonstrated the correlation between these 

regions and MGMT methylation status, suggesting the need for models that capture 

texture information from these heterogeneous regions [38]. 

 

2.2.1. Radiomics for sub-region analysis 

Radiomics for sub-region analysis involves partitioning a tumour volume into 

spatially distinct habitats or subregions, each assumed to exhibit more homogeneous 

imaging characteristics. This approach is motivated by the inherent heterogeneity of 

tumours, which often comprise regions with varying cellularity, necrosis, vascularity, 

and other microenvironmental factors. By employing manually or semi-automatically 

generated sub-region masks, radiomics enables the extraction and summarization of 

quantitative features from each sub-region, thereby providing a more nuanced 

characterization of tumour heterogeneity. For example, Li et al. [10] proposed a 

radiomic framework that extracts imaging features using GBM sub-region labels 

defined by clinicians, while Zhang et al. [11] leveraged an unsupervised segmentation 

method to automatically generate unannotated sub-region labels. Although both 
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approaches have demonstrated the potential of sub-region analysis in medical imaging, 

they are still constrained by the reliance on manual labelling processes. 

 

2.3. Deep learning 

Deep learning has emerged as a sophisticated approach for medical image analysis, 

enabling the automatic learning of complex feature representations directly from 

imaging data. Convolutional neural networks (CNNs) have demonstrated remarkable 

success in various tasks, including tumour segmentation, classification, and outcome 

prediction, often achieving performance on par with or exceeding that of human experts 

in specific domains [39]. Unlike radiomics, which relies on handcrafted features 

engineered by humans, deep learning models iteratively learn their features from 

training examples, capturing subtle patterns and interactions in the data that might be 

difficult to encode manually. Within the context of tumour imaging, deep learning 

methods have been applied to analyse multimodal inputs (such as combining MRI, CT, 

and PET channels) and to incorporate 3D spatial context, thereby further enhancing the 

characterisation of complex lesions. This section discusses two branches of deep 

learning relevant to this thesis: unsupervised segmentation frameworks, which aim to 

delineate tumours or subregions without annotated labels, and supervised classification 

frameworks, which learn to predict known labels (e.g., tumour type or patient outcome) 

from imaging data. Both approaches have been explored to tackle the challenges of 

tumour heterogeneity in medical imaging, as outlined below. 

 

2.3.1. Unsupervised Segmentation Frameworks 

Unsupervised segmentation refers to methods that partition images into 

meaningful regions without the need for manually annotated training labels. The goal 
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is to discover inherent structure in the image data – for example, separating a tumour 

from surrounding tissue or dividing a tumour into internally consistent subregions – 

purely based on patterns in the images themselves [40]. Classical unsupervised 

segmentation techniques in medical imaging include intensity thresholding, region 

growing, and clustering algorithms such as k-means or fuzzy c-means, which group 

pixels or voxels based on similar intensity or texture characteristics [41]. These 

traditional approaches have been used to identify tumour boundaries or tissue 

compartments without supervision. Still, they often rely on simple intensity differences 

and may struggle with noisy data or complex anatomy. In recent years, deep learning 

has been leveraged to enhance unsupervised segmentation by learning more 

sophisticated feature representations. Deep unsupervised segmentation frameworks 

typically involve neural networks that learn to encode the image into a latent 

representation from which a segmentation can be derived [42]. For instance, a deep 

network might be trained to cluster pixel embeddings or reconstruct the input image, 

with the network’s latent space organised such that distinct regions (e.g., foreground vs. 

background or different tissue types) separate naturally. The key advantage is that the 

network can capture high-level features (edges, textures, and even subtle tumour-

specific patterns) that beyond intensity distribution, enabling more robust segmentation 

of complex, heterogeneous tumours without the need for ground-truth masks [43]. 

 DeepCluster [44] is a framework designed initially for unsupervised feature 

learning. DeepCluster iteratively clusters the features extracted by a convolutional 

neural network and then uses the resulting cluster assignments as pseudo-labels to 

further train the network. When applied to segmentation, DeepCluster can be used to 

partition an image into coherent regions by clustering intermediate feature maps rather 

than raw pixel values. In this setting, the network alternates between grouping features 

into clusters and updating its parameters to better discriminate between these clusters, 

thereby gradually refining the segmentation. This iterative process enables the network 
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to capture complex structures and subtle heterogeneity in tumour images. Moreover, 

because the clustering is performed in a high-dimensional feature space, DeepCluster 

can leverage learned representations that encapsulate both intensity and textural 

information, which is particularly advantageous for delineating the intricate subregions 

within heterogeneous tumours.  

Kim et al. [45] propose an unsupervised image segmentation framework that treats 

segmentation as a differentiable clustering problem on pixel features. The method 

alternates between assigning pixels to cluster labels (based on the similarity of their 

CNN-derived feature embeddings) and updating the network parameters in a self-

supervised loop, similar to iterative deep clustering. This training strategy optimises a 

joint objective that encourages pixels with similar features to share the same label and 

enforces spatial continuity (neighbouring pixels are likely assigned the same label) 

while also promoting the use of a large number of distinct segment labels to avoid trivial 

solutions. As a result, the model learns to produce fine-grained yet coherent 

segmentation maps without any ground-truth annotations, effectively discovering 

object and region boundaries through feature clustering alone. The approach is fully 

differentiable end-to-end, yielding segmentations that are both semantically meaningful 

and spatially smooth and showcasing the potential of purely self-supervised learning 

for image segmentation. 

 

2.3.2. Supervised Classification Frameworks 

In supervised deep learning frameworks, models are trained on labelled datasets 

to learn a direct mapping from input images (or image-derived features) to a 

corresponding target output, such as a class label, disease status, or clinical outcome. 

In the context of tumor imaging, supervised classification networks are widely used to 

predict labels that are diagnostically or prognostically relevant. For example, 
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distinguishing between tumours and non-tumours, classifying tumour subtypes (based 

on histology or genetic profile), or predicting response to therapy – all based on the 

imaging appearance [46]. CNN-based classifiers take image data (2D slices, 3D 

volumes, or multimodality combinations) as input and process them through multiple 

convolutional layers to extract high-level features, which are then fed to fully connected 

layers or other classifiers to output the predicted class. Through training on many 

labeled examples, the network’s filters become tuned to image patterns that correlate 

with the labels. Supervised deep learning frameworks have been successfully applied 

across many tumor types and imaging modalities. For tumor heterogeneity analysis, a 

typical application is predicting molecular or histopathological subtypes directly from 

imaging. In many cases, deep learning classifiers have achieved higher accuracy than 

traditional approaches. For instance, in lung cancer, a CNN-based model predicting 2-

year survival outperformed a conventional radiomics model that utilized handcrafted 

texture and shape features, suggesting that the deep model captured prognostic 

heterogeneity patterns that radiomics did not [47, 48].  

DenseNet [49], or the Dense Convolutional Network, is distinguished by its dense 

connectivity pattern, where every layer is directly connected to all subsequent layers 

within a dense block. Each layer receives as input the concatenated feature maps of all 

preceding layers, fostering extensive feature reuse throughout the network. Such 

connectivity not only promotes efficient parameter usage by reducing redundancy but 

also significantly improves gradient flow during training, thereby mitigating the 

vanishing gradient problem commonly encountered in deep networks. DenseNet is 

organised into dense blocks—groups of convolutional layers that incrementally add 

new features—interleaved with transition layers that perform downsampling and 

feature compression. The transition layers employ 1×1 convolutions and pooling 

operations to control the dimensionality of feature maps and maintain computational 

efficiency. This design results in a network that learns rich, multi-scale representations; 
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early layers capture fine, local texture details, while later layers integrate these features 

into more abstract, global representations. The dense connectivity also functions as an 

implicit form of deep supervision, as each layer has direct access to the final output’s 

gradients, further enhancing training stability and convergence speed.  

Transformers are a class of deep neural architecture that rely entirely on self-

attention mechanisms to capture dependencies within an input sequence [50]. Unlike 

traditional convolutional or recurrent networks, Transformers compute attention scores 

between all pairs of input tokens simultaneously, enabling them to model long-range 

relationships without sequential processing. Their architecture is centred around a 

multi-head attention mechanism, where the input is projected into several subspaces, 

and each head independently learns to focus on different aspects of the data. The outputs 

from these attention heads are then concatenated and passed through a position-wise 

feed-forward network. Residual connections and layer normalisation wrap around these 

sublayers to facilitate training by preserving gradient flow and stabilising activations. 

Positional encodings are added to the input embeddings to retain order information, as 

the self-attention mechanism itself is permutation invariant. In recent adaptations for 

vision tasks, variants such as UniFormer [51] have emerged, integrating the strengths 

of Transformers with convolutional operations.  

UniFormer leverages local attention in its early layers—mimicking the behavior 

of convolutional networks—to capture fine-grained spatial details and reduce feature 

redundancy. In deeper layers, architecture transitions to global self-attention, thereby 

allowing each image patch to interact with every other patch and capture holistic 

contextual relationships. This staged approach combines the efficiency and inductive 

biases of CNNs with the global modelling capacity of Transformers, yielding a 

balanced architecture that efficiently extracts both local textures and global semantic 

context. Such a hybrid design is particularly effective for complex vision tasks where 

both detailed spatial analysis and comprehensive contextual understanding are critical. 
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Chapter 3. Unsupervised Glioblastoma 

Sub-Region Segmentation in MRI 

Modalities 

 

In this chapter, to supplement unsupervised learning for GBM sub-region 

segmentation, a novel multi-phase and hierarchical unsupervised learning method is 

proposed, specifically for the segmentation of GBM sub-regions using mpMRI. The 

proposed method innovates by leveraging intrinsic image features and tumour spatial 

relationships encoded in mpMRI without reliance on annotated data. The principal 

novelty of this method is the exploitation that different tumour sub-regions exhibit 

unique textural and contrast characteristics among the different sub-regions, which can 

be effectively leveraged by the proposed hierarchical loss functions. This contribution 

is demonstrated in enhancing the heterogeneity tumour analysis efficiency based on 

automatic sub-regions segmentation. 

 

3.1. Contributions 

The main contributions of the proposed method are as follows: 

 Multi-Phase Training: The proposed method uses a phased training 

approach where initial training phases focus on coarse segmentation based on 

semantic features, followed by successive phases that refine the segmentation 

based on finer, more specific characteristics. This strategy enables 

progressive learning and adaptation to complex patterns in the data, thereby 
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enhancing the model's ability to distinguish between tumour sub-regions. 

 Context-based Hierarchical Loss: This loss function adapts to the natural 

hierarchy of tumour anatomy, allowing the model to refine segmentation 

further as it learns the intrinsic structures of the tumour regions. This loss 

enforces the predicted mask to be spatially consistent with the natural 

structure of GBM among the predicted tumour sub-regions. 

 

3.2. Proposed Method 

Figure 3.1. Proposed Multi-phase training architecture for our unsupervised 
segmentation method, which includes a semantic phase (light red box) and a self-refine 

phase (light green box). The hierarchical region distance was retrieved from the 
clustered labels. 

 

3.2.1. Multi-phase training Architecture  
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The schematic of the proposed unsupervised GBM segmentation model is shown 

in Figure 3.1. It utilises the intensity distribution difference in sub-regions of mpMRI 

images to generate clustering pseudo-labels for sub-region segmentation. Given an 

image 𝑥௡, a convolutional segmentation network 𝐹 train to generates a response map 

𝑆௡ = 𝐹(𝑥௡). The response map is normalised to 𝑆መ௡ , which has a mean of 0 and a 

standardised variance of 1. The final segmentation 𝐶௡ is obtained by selecting the 

channel number with the maximum response value in 𝑆መ௡, where response map can be 

seen as logit indicating the likelihood that each pixel belongs to the cluster represented 

by each channel. The network 𝐹 was trained in both the semantic phase and self-refine 

phase using different pseudo-labels. In the semantic phase, the network 𝐹 was trained 

to learn semantic information by minimising the cross-entropy loss between 𝐶௡ and 

the pseudo-label 𝑌෠  generated by k-means [26]. The self-refine phase was trained to 

learn refined segmentation maps via feature similarity by minimising the cross-entropy 

loss between  𝑆መ௡  and 𝐶௡ . Sparse spatial loss and context-based hierarchical loss 

are also used to train the model to learn spatial relationships of spatial continuity and 

regional arrangements.  

 

3.2.2. Loss function 

The proposed loss function 𝐿  consist of: A cross-entropy loss to learn 

representation of semantic information present in pseudo-label during semantic phase 

and feature similarity in self-refine phase; A sparse spatial continuity loss to constrain 

spatial continuity; A Context-based hierarchical loss to constrain predicted 𝐶௡ follows 

the natural hierarchical structure of GBM. The 𝐿 denoted as follows: 

𝐿 =  𝐿௖௘(𝑡) + 𝜆௖௢௡𝐿௖௢௡൫𝑆መ௡൯ +  𝜆௛𝐿௛(𝐶௡) 

𝐿௖௘(𝑡) = ቊ
𝐿௖௘൫𝑌෠௡, 𝑆መ௡൯         where 𝑡 ≤ 𝜇

𝐿௖௘൫𝑆መ௡, 𝐶௡൯         otherwise    
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where 𝑡 represents current epoch number, 𝜇 represents the desired epoch number for 

semantic phase, 𝜆௖௢௡ and 𝜆௛ represents the weight for sparse spatial continuity loss 

and hierarchical loss, respectively. 

 

3.2.3. Cross-entropy loss for unsupervised clustering 

In the proposed architecture, the network 𝐹  is trained by reducing the cross-

entropy loss between 𝑆መ௡  and pseudo-labels instead of ground truth. During the 

semantic phase, k-means algorithm was adopted to create a soft mask based on the MRI 

images, which serves as a pseudo-label for guiding the initial clustering process to learn 

semantic information in the image effectively. As training progresses, the framework 

employs a transition from using the k-means mask to the argmax label 𝐶௡ learned by 

the network 𝐹, which would further refine the segmentation map by prompt clustering. 

The cross-entropy loss for semantic phase is defined as follows: 

𝐿௖௘ =  − ෍ ෍ 𝑌෠௜,௖𝑙𝑛𝐶௜,௖ 
஼

௖ୀଵ

ே

௜ୀଵ
 

where 𝑐 is the cluster index, 𝑌෠ denotes the pseudo-label, which is the k-means mask 

for the semantic phase. The cross-entropy loss for self-refine phase is defined as follows: 

𝐿௖௘ = − ∑ ∑ 𝐶௜,௖𝑙𝑛𝑆መ௜,௖ ஼
௖ୀଵ

ே
௜ୀଵ . 

 

3.2.4. Sparse spatial continuity loss 

The sparse spatial continuity loss used in the method is based on L1-norm 

regularisation, an approach that has been widely used in clustering-based segmentation 

to enhance clustering and generalisation [52]. The encouraged sparsity enhances the 

understanding of the spatial relationships between pixels and regions in the image, 
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promotes spatial connectivity among regions, and thus facilitates smoother transitions 

between adjacent pixels within the same tumour subregion. The L1-norm is used to 

measure the vertical and horizontal sparsity. The loss is defined as follows: 

  𝐿௖௢௡ = ෍ ෍ ฮ𝑆መ௪,௛ାଵ − 𝑆መ௪,௛ฮ
ு

௛ୀଵ
+ ฮ𝑆መ௪ାଵ,௛ − 𝑆መ௪,௛ฮ  

ௐ

௪ୀଵ
 

where 𝑤 and ℎ denote the width and height of the response map, respectively. 𝑆መ௪,௛ 

represents the pixel value at coordinate (𝑤, ℎ) in the normalised segmentation map. 

 

3.2.5. Context-based hierarchical loss 

In the proposed method, the natural hierarchy of GBM heterogeneity is 

characterised by a hierarchical loss, which ensures that the segmented region of interest 

(ROI) is partitioned with respect to a logical spatial arrangement of the tumour sub-

regions. Channels (sub-regions) are sorted based on their spatial characteristics and 

proximity to the overall centroid of the segmentation. For each pair of adjacent sorted 

subregions, the distance between their boundaries is computed using the Euclidean 

distance transform. The definition is as follows: 

𝐿௛ = ෍
∑ ൫‖(𝑖, 𝑗) − (𝑘, 𝑙)‖ଵିெ೎

× 𝑀௖ାଵ,௜,௝൯௜,௝

∑ 𝑀௖ାଵ,௜,௝௜,௝

஼ିଵ

௖ୀଵ
 

where 𝑀௖  represents the extracted mask from 𝐶௡  and ( ‖(𝑖, 𝑗) − (𝑘, 𝑙)‖ଵିெ೎
  

calculates the Euclidean distance from pixel (𝑖, 𝑗) to the nearest background pixel. 
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3.3. Experiment 

3.3.1. Dataset description 

The proposed method was evaluated on the 2021 BraTS dataset [53]. The BraTS21 

dataset includes 1,251 annotated MRI data of patients with GBM. It is pre-processed as 

follows. MRI subjects have been skull-stripped and correctly registered, with a shape 

of 240 × 240 × 155. Each MRI scan includes four registered sequences: T1, T1Gd, 

T2, and T2-FLAIR. For each patient, the necrotic core and enhancing tumour are 

labelled using T1Gd, corresponding to hypo- and hyper-intense areas, respectively. The 

oedema regions are labelled using T2-FLAIR. The ground truths of tumour regions are 

refined automated segmentations validated by two senior radiologists. 

 

3.3.2. Evaluation metrics 

The performance of the proposed unsupervised method was evaluated by using 

two standard metrics: Dice similarity coefficient (Dice) and sensitivity (SEN), which 

are defined by the following equations: 

𝐷𝑖𝑐𝑒 =  
2 × 𝑇𝑃

2 × 𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 

𝑆𝐸𝑁 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

where TP, FP, and FN stand for true positive, false positive and false negative. 

Due to the nature of the clustering method, the corresponding sub-region of a 

specific cluster cannot be retrieved. The ground truth labels are aligned with the 

predicted clusters by calculating the Dice scores for each cluster-region pair, 

determining the cluster with the highest Dice score for each region, and then mapping 
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these clusters to the respective areas to create aligned labels. If a particular type of sub-

region is not present in the ground truth, the corresponding metrics are not calculated.  

 

3.3.3. Training details 

To incorporate the BraTS21 dataset into the 2D network, the slice with the largest 

tumour region was selected. The entire tumour region was masked by the ground truth 

and cut out using the smallest enclosing rectangle, then resized to 128 × 128. 

The k-means clustering was computed on the processed tumour image with a 

predefined number of three clusters based on GBM sub-region definition, as described 

in Section 2.2. The network was first trained using the k-means mask for 150 epochs 

and then fine-tuned using the argmax clustered mask for another 450 epochs. The Adam 

optimiser used with a uniform learning rate of 0.001 and set to 𝜆 1 for both 𝜆௖  and 

𝜆௛ in all phases. The proposed framework was implemented using PyTorch and trained 

on an NVIDIA RTX 4090 GPU. 

For evaluation purposes, U-Net [24] was selected to demonstrate the upper bound 

of performance in this task as a fully supervised approach. The U-Net was trained for 

500 epochs using a learning rate of 1e-5 and a batch size of 32. 

 

3.3.4. Baselines 

The Common unsupervised segmentation methods that use clustering methods as 

the baselines, including k-means [26], DeepCluster [44], and Differentiable Feature 

Clustering (DFC) [45] are selected. k-means is used to segment the image into 

predefined 4 clusters, which follow the context of 3 sub-regions plus background. 

DeepCluster is trained using a feature-level k-means mask with the Adam optimiser 
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and a learning rate of 0.0001 for 2000 epochs. DFC employs a similar approach in the 

self-refine phase, focusing on feature similarity and training with the Adam optimiser 

at a learning rate of 0.001 for 600 epochs. 

 

3.4. Results 

Table 3.1. Evaluation of performance on BraTS21 dataset with DICE and SEN. 

The best results are bolded, and the second best is underlined.  

Methods 

Dice Sensitivity 

Necrotic 
core 

Enhanced 
tumour Oedema Overall Necrotic 

core 
Enhanced 

tumour Oedema Overall 

U-Net 0.6096 0.8534 0.9121 0.7974 0.6594 0.8559 0.8968 0.8087 

k-means [26] 0.3833 0.7137 0.6829 0.6041 0.7730 0.6871 0.6236 0.6801 

DeepCluster [44] 0.3057 0.6170 0.7090 0.5439 0.7806 0.6842 0.6665 0.7000 

DFC [45] 0.3035 0.6317 0.7700 0.5805 0.8486 0.8600 0.7793 0.8207 

Proposed method 0.4144 0.7580 0.7087 0.6359 0.8106 0.7831 0.6424 0.7266 

 

Table 3.1 presents the performance evaluation on the BraTS21 dataset using Dice 

and sensitivity metrics across three sub-regions including necrotic core, enhanced 

tumour, and oedema and overall. Under complete supervision, the model achieved the 

highest scores, with an overall Dice of 0.7974 and an overall sensitivity of 0.8087. 

Among the unsupervised methods, while DFC achieves the highest sensitivity (0.8207 

overall), the proposed method demonstrates more balanced performance, with an 

overall Dice score of 0.6359 and an overall sensitivity of 0.7266. Notably, the overall 

approach improves the segmentation of the necrotic core (Dice of 0.4144) compared to 

k-means (0.3833) and DeepCluster (0.3057), and it maintains competitive performance 

across the enhanced tumour and oedema regions. 
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Table 3.2 Ablation study result on BraTS21 dataset with DICE and SEN. The 

best results are bolded, and the second best is underlined. 

Method 

Dice Sensitivity 

Necrotic 
core 

Enhanced 
tumour Oedema Overall Necrotic 

core 
Enhanced 

tumour Oedema Overall 

semantic phase 0.3790 0.6823 0.7049 0.6023 0.7933 0.7173 0.6515 0.7088 

self-refine phase 0.3239 0.6127 0.6311 0.5334 0.7658 0.7510 0.5425 0.6678 

both phase 0.3831 0.7284 0.6758 0.6033 0.7773 0.7546 0.5989 0.6922 

both phase +𝐿௖௢௡  0.4009 0.7294 0.6994 0.6188 0.8089 0.7843 0.6293 0.7222 

both phase +𝐿௖௢௡ +𝐿௛ 0.4144 0.7580 0.7087 0.6359 0.8106 0.7831 0.6424 0.7266 

 

Table 3.2 extends this evaluation through an ablation study, dissecting the 

contributions of different training phases and loss components. The semantic phase 

alone yields an overall Dice score of 0.6023, whereas the self-refine phase alone yields 

a score of 0.5334. However, combining both phases improves the overall Dice to 0.6033. 

Further integration of the sparse spatial continuity loss (𝐿௖௢௡) increases the overall Dice 

score to 0.6188, and the subsequent addition of the context-based hierarchical loss (𝐿௛) 

yields the highest overall Dice score of 0.6359. These results confirm that each 

component—the multi-phase training strategy along with the continuity and 

hierarchical loss contributes significantly to the segmentation performance, validating 

the effectiveness of the proposed approach in handling the heterogeneous nature of 

tumour sub-regions. 
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Figure 3.2. Segmentation results on BraTS21 dataset. From left to right: T1Gd 
sequence of an MRI (1st column), ground truth segmentation (2nd column), 

segmentation results of comparison methods (3rd-5th columns), and the results of the 
proposed method (6th column). Dark Blue is the background, light blue represents 

oedema, pink indicates the enhanced tumour, and red represents the necrotic core. The 
two wors represent two distinct heterogenous tumour cases. 

 

Figure 3.2 illustrates that, while k-means, DeepCluster, and DFC can broadly 

capture some tumour regions, they often misclassify the necrotic core or produce 

inconsistent boundaries compared to the ground truth. By contrast, the proposed 

method more accurately delineates each sub-region. This indicates that our approach 

provides more precise and spatially coherent segmentations than other unsupervised 

clustering methods. 

 

3.5. Discussion 

The result in Table 1 demonstrates that the proposed method outperformed the 

standard clustering methods. The sensitivity of the proposed method is lower than that 

of DFC because it relies on k-means clustering to initialise the sub-regions, which can 

hinder its ability to accurately capture these regions initially. However, the higher 

performance in Dice metric demonstrated a more precise segmentation for the proposed 

method. Compared to the other methods, the proposed method achieved a more 

balanced performance across each sub-region. This suggests the effectiveness of the 
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multi-phase training approach and context-based hierarchical loss. For the three sub-

regions presented in GBM, the overall performance of necrotic core segmentation is 

comparatively lower than other regions. As shown in Figure 3.2, despite the 

discontinuity of the clusters, the unsupervised methods struggled to distinguish between 

the necrotic core and the oedema, assigning them to different clusters. This may be due 

to the similarity in intensity distribution between the two sub-regions across all the 

sequences. Despite this, the proposed method significantly outperformed the other three 

unsupervised methods in segmenting the necrotic core region, achieving a 3% higher 

result compared to the second-best method. This implies that the sparse continuity loss 

and hierarchical loss effectively provide additional spatial relationship aspects, 

allowing for more nuanced and connected pixel grouping and helping the model 

segment this region.  

An ablation study was conducted to demonstrate the efficacy of each module in 

proposed framework, the results of which are presented in Table 2. When only using k-

means or argmax to generate pseudo-labels for training the model, it achieves Dice 

scores of 0.60 and 0.53, respectively. Training using the multi-phase approach achieved 

a Dice score of 0.61, and this further increased to 0.62 when the sparse spatial continuity 

loss was added. Combining all components yielded the highest Dice score of 0.64. This 

demonstrates that the individual components of the proposed framework are essential 

in improving the results. The proposed approach is easily transferable and can be 

integrated as an enhancement module in other unsupervised segmentation frameworks. 

The approach is adaptive to any pseudo-labels provided and can effectively retrieve the 

semantic information from the given pseudo-labels. The context-based hierarchical loss 

constrains the spatial relation between segmented sub-regions from the mask level. This 

adaptability allows hierarchical loss to be used not only in unsupervised learning but 

also in supervised learning. I will investigate its application using other imaging 

modalities or in the context of different diseases in the future. 
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The visualised segmentation results are illustrated in Figure 3.1. The necrotic core 

was hard to be distinguished from the oedema region in all segmentation method. This 

difficulty likely stems from the similar intensity distributions between these two regions 

in certain water-insensitive imaging modalities. Additionally, the complexity of the 

enhanced tumour region in ground truth further complicates its differentiation from the 

oedema region. The proposed method improves upon existing techniques by 

incorporating a hierarchical loss that guides the segmentation masks to conform to the 

inherent GBM structures. The DFC method is hard to fine-tune with the continuity loss; 

in cases like the second row, the DFC method considers the whole tumour as the same 

entity. While the proposed method uses a semantic phase to initiate segmentation to 

capture sub-regions at a coarse level, effectively capturing sub-regions and overcoming 

the continuity loss issue. 

 

Despite the proposed approach having higher performance among unsupervised 

methods, several limitations were identified. When the pseudo-labels provided in the 

semantic phase cannot characterise sub-region information, it is likely the model will 

not learn the semantic information even with continued training. This suggests that the 

proposed method is highly dependent on the initial semantic pseudo-labels. It is 

possible to apply other unsupervised learning methods, such as contrastive learning or 

high-level feature similarity constraints, to reduce the dependency on the initial labels.  

Another limitation is that the experiments were conducted on 2D images rather than 

3D; adapting the proposed method to support 3D input will be part of the future work. 

The proposed method relied on the cropped tumour region, as the focus was on 

segmenting the sub-regions. This limitation could be mitigated by adopting whole-

tumour segmentation algorithms, e.g., CGC [54], as a pre-process to automatically 

segment the whole tumour before providing it to the proposed method. 
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3.6. Conclusion 

In this study, a new unsupervised method was proposed with a novel multi-phase 

training approach and a context-based hierarchical loss for GBM sub-region 

segmentation using mpMRI. The proposed method enabled the network to obtain 

semantic information from pseudo-labels effectively and ensures that the segmentation 

results adhere to the native hierarchical structure present in GBM. Evaluation on the 

BraTS21 dataset demonstrated an improved performance of our model compared to k-

means and other common unsupervised clustering methods. 
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Chapter 4. Heterogeneity awareness 

based deep learning framework for 

tumour classification 

 

To characterise and exploit intra-tumour heterogeneity, a novel heterogeneity-

aware deep learning classification (HA-DLC) method is proposed for tumour disease 

classification task. Figure 2.2 is an overview of the proposed method, comprising of 

dual-stream feature extraction: the first stream is local heterogeneity feature extracted 

from the Modality-wise Segmentation Module, which leverages sub-region labels to 

obtain heterogeneity information, and the second stream is global features extracted 

from the Cascaded Feature Extraction Network using whole image. The proposed 

method innovates in the use of existing radiomics approach for sub-region-based 

feature extraction. To achieve generalisability to work on different tumour 

classification task, a pseudo label generation module is proposed that generate 

consistent pseudo sub-region labels through heterogeneous sub-region for any given 

tumour cases. The proposed method was evaluated using two datasets consist with 

different mpMRI sequence sets and different tasks to demonstrate the robustness and 

adaptability of the proposed method. 
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4.1. Contributions 

The main contributions of this chapter are as follows: 

 Learnable Alignment for Sub-Region Heterogeneity: An innovative 

alignment module is introduced that integrates complementary features 

derived from the dual streams and incorporates sub-region heterogeneity 

labels from unlabelled data. This module utilises a modality-wise alignment 

network to generate ‘relation-maps’ for sub-region labels produced by 

unsupervised segmentation. The resulting relation-maps cluster index in 

unaligned sub-regions which mitigates inconsistencies from unfixed cluster 

indexes. This enables the module to leverage intrinsic sub-region information 

without relying on large labelled (manual) data. In contrast to the method 

described in Chapter 3, this module is applicable to multiple tumour types. 

Moreover, it preserves relation-maps throughout the classification training 

process, ensuring that the generated subregions are directly linked to the 

captured heterogeneity. 

 Heterogeneity and Global Dual-Stream Feature Extraction: Two 

complementary feature extraction ‘streams’ are proposed to capture both local 

heterogeneity and global features. The Modality-wise Segmentation Module 

as local heterogeneity stream is trained to extract local heterogeneity features 

by hard-sharing the feature in both segmentation and classification. In parallel, 

a global module extracts robust contextual features from the entire image. 
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4.2. Proposed Method 

Figure 4.1. Overview of our Heterogeneity-Aware Deep Learning for tumour 
classification. It comprises a heterogeneous sub-region pseudo label generation 

module and dual-stream feature extraction module. Segmentation loss is derived from 
the aligned cluster sub-region labels and sub-region label predictions. 

 

4.2.1. Overview 

Figure 4.1 illustrates the proposed heterogeneity-aware deep learning framework, 

which comprises two main modules: (1) heterogeneous sub-region pseudo label 

generation and (2) dual-stream feature extraction. Unaligned sub-region labels are 

initially derived in the first module by applying an unsupervised semantic segmentation 

technique to each mpMRI volume. Because these labels are inherently inconsistent 

across different volumes (i.e., the same cluster index may refer to different tissue sub-

types in other images), an Alignment Module is introduced to enforce label consistency. 

Specifically, the Alignment Module consists of 𝑛 Align Networks, where 𝑛 is the 

number of modalities in mpMRI. Each Align Network takes three inputs: (i) the 

corresponding modality in the mpMRI image, (ii) the sub-region probability map 

obtained by applying a softmax function to the response map produced by the 
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corresponding segmentation network, and (iii) a global deep feature extracted by a 

Cascaded Feature Extraction Network (CFEN). Using these inputs, the Align Network 

generates a relational table that maps corresponding sub-regions across different 

volumes to the same label, thereby converting unaligned labels into aligned sub-region 

pseudo labels suitable for supervised training. 

The second dual-stream feature extraction module comprises a segmentation 

network and the CFEN. The Modality-wise Segmentation Module comprises multiple 

segmentation networks that segment sub-regions and extract distinct, heterogeneous 

features for each modality. Segmentation backbone outputs are trained by aligned sub-

region pseudo labels using segmentation loss 𝐿௦௘௚. Concurrently, 114 heterogeneous 

features per modality from the segmentation network’s encoder and 1,232 global 

features are each fed through two fully connected layers. FC1 and FC3 each have 512 

neurons, and FC2 and FC4 each have 64 neurons; all FC1-4 employ Rectified Linear 

Unit (ReLU) activations. The non-activated FC layer (FC5) utilises concatenated 

features from FC2 and FC4 to generate final classification predictions. The 

classification loss 𝐿௖௟௦ is defined as the cross-entropy between the predicted labels and 

the ground-truth labels. The overall framework is optimised by minimising the 

combined loss, including 𝐿௖௟௦ and 𝐿௦௘௚. 
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4.2.2. Modality-wise Segmentation Module 

Figure 4.2. The segmentation network architecture for Modality-wise 

Segmentation Module. It comprises encoder and decoder streams constructed from 

residual blocks, as shown on the right. The local heterogeneity features were extracted 

from the output of each encoder residual block. 

 

The modality-wise segmentation module consists of 𝑛 segmentation networks, 

where 𝑛 is the number of modalities in the mp-MRI. The structure ensures that each 

network can consistently extract distinct modality-specific heterogeneous features and 

segment sub-regions for each modality. The segmentation backbone of the 

segmentation network in the Modality-wise Segmentation Module is shown in Figure 

4.2. It is built upon a customised 3D residual U-Net architecture [24]. Each 

segmentation network comprises two primary branches: a downsampling encoder and 

an upsampling decoder with skip connections. The encoder employs five cascaded 

residual blocks to extract deep features for classification and segmentation tasks. The 

decoder mirrors the first four residual blocks in the encoder and receives residuals from 

skip connections to complete sub-region segmentation. A max pooling layer with a 

kernel size of 2 × 2 × 2 was used to downsample between encoder blocks, and an 

upsampling layer with a kernel size of 2 × 2 × 2 was used to connect between decoder 

blocks. 
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A residual block contains two convolutional layers with kernel size 3×3×3, stride 

size 1×1×1 and kernel number of 𝑚. The second convolutional layer receives output 

from the first convolutional layer and a non-linear residual connection through a 

convolutional layer with a kernel size of 1×1×1, a stride size of 1×1×1, and a kernel 

number of 𝑚. The output of the residual block is the second convolutional layer, with 

a shortcut residual connection to the first convolutional layer. Batch normalisation and 

ReLU activation follow all convolutional layers. The final sub-region segmentation is 

derived from the last residual block, followed by a convolutional layer with a kernel 

size of 3×3×3, a kernel number of c, representing the predefined number of sub-regions, 

and a softmax activation function. The heterogeneous local features are extracted from 

the output of each residual block in the encoder using a convolutional layer with a 

kernel size of 1×1×1 and half the number of kernels of the corresponding residual block. 

This is followed by batch normalisation, ReLU activation, and a Global Average 

Pooling layer to obtain 124 deep features for each modality.  

 

4.2.3. Alignment Module 

The Align Module is designed to standardise sub-region probability maps across 

different imaging volumes by learning relational mapping. It ensures that similar tissue 

sub-regions across patients receive consistent labels, mitigating inconsistencies in 

unsupervised sub-region segmentation. This module consists of n alignment networks, 

where n is the number of modalities in the input mp-MRI. Each alignment network 

accepts three inputs: the corresponding modality in the mp-MRI image, the sub-region 

probability map for the modality and global deep features from the cascaded feature 

extraction network. Two modified DenseNet [49] were used to extract deep features 

from the mp-MRI image and the sub-region probability map. Each DenseNet in the 

alignment network consists of three dense blocks, and 112 deep features are extracted 
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from each block using the same approach as in the Modality-wise Segmentation 

Module. The deep features derived from DenseNet and global deep features are fed into 

individual fully connected (FC) layers with 64 nodes, then concatenated together and 

fed into an FC layer with c nodes to generate the relational table R to map unaligned 

labels into aligned sub-region pseudo labels. 

 

4.2.4. Unsupervised Label Generation 

To extract the sub-region level segmentation labels for supplement tumour 

heterogeneity information, pseudo sub-region labels were generated by using an 

unsupervised clustering approach. These pseudo labels serve as initial sub-regions, 

which are later refined through an alignment process to ensure consistency and 

accuracy. Two different unsupervised methods are included for sub-region label 

generation: (i) Intensity-based (k-means) [26] and (ii) Spatial and intensity-based 

(Differentiable Feature Clustering (DFC)) [45]. For k-means, the whole-tumour 

segmentation provided was used to generate the tumour ROI first, before performing 

clustering. For DFC, two strategies were employed: one is the same as the k-means; the 

other is to perform clustering at the whole image level and then retain the mask in the 

tumour ROI only, as DFC also considered spatial relations between the pixels present 

in the image. Finally, the aligned pseudo labels are used as supervisory signals to train 

the segmentation network, ensuring that the same sub-regions are identified 

consistently in every patient.  
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4.2.5. Cascaded feature extraction network 

The cascaded feature extraction network is based on Uniformer [51]. Specifically, 

a Uniformer-small configuration was used in the framework to extract global features. 

The Uniformer-small consists of two local multi-head relation aggregator blocks and 

two global multi-head relation aggregator blocks. The same approach was used in the 

segmentation network to extract global features. The output from each block is fed into 

a convolutional layer with a kernel size equal to the number of channels in production, 

followed by batch normalisation, ReLU activation, and a Global Average Pooling layer 

to obtain 1232 deep features in total.  

 

4.2.6. Loss 

The heterogeneity-aware deep learning framework was trained end-to-end by 

combining segmentation loss and classification loss, as defined in the following 

equation.  

𝐿 = 𝐿௖௟௦ + 𝐿௦௘௚ 

where 𝐿௖௟௦  is a cross-entropy loss for the classification task, and 𝐿௦௘௚  is a cross-

entropy loss for the segmentation task.  

The classification loss 𝐿௖௟௦ is defined as follows: 

𝐿௖௟௦ =  − ෍ 𝑌௜𝑙𝑛𝑌ො௜ 
ெ

௜ୀଵ
 

where 𝑀 is the total number of classes, 𝑌 denotes the one if 𝑖 is the ground truth 

label else zero and 𝑌෠  denotes the probability of class i. 

The segmentation loss 𝐿௦௘௚ is defined as follows: 
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𝐿௦௘௚ =  
− ∑ ∑ 𝐶መ௜,௖𝑙𝑛𝑆ො௜,௖ ஼

௖ୀଵ
ே
௜ୀଵ

𝑁
 

where 𝑐  is the cluster index, 𝑁  is the modality number, 𝐶መ  denotes the aligned 

pseudo-label generated by unsupervised segmentation, and 𝑆መ denotes the probability 

map obtained from the response map outputted from the Modality-wise Segmentation 

Module. 

 

4.3. Experiment 

4.3.1. Dataset  

The proposed method was evaluated on two public datasets: (1) Liver Lesion 

Diagnosis Challenge on Multi-phase MRI (LLD-MMRI2023) dataset [55] and (2) 

Radiogenomic Classification from RSNA-ASNR-MICCAI Brain Tumor Segmentation 

Challenge 2021 (BraTS2021 Radiogenomic Classification) dataset [53].  

LLD-MMRI2023 comprises 498 patients, utilising eight MRI modalities, 

including T2W, DWI, in-phase, out-of-phase, pre-contrast, arterial, portal venous, and 

delayed phases. The task is to classify the type of lesion present in the image, including 

four benign types (Hepatic hemangioma, Hepatic abscess, Hepatic cysts, and Focal 

nodular hyperplasia) and three malignant types (Intrahepatic cholangiocarcinoma, 

Liver metastases, and Hepatocellular carcinoma). The provided tumour segmentation 

masks were generated through MedSAM [56]. 

The BraTS2021 Radiogenomic Classification dataset comprises 585 cases, 

featuring four MRI modalities: T1-weighted post-contrast (T1Gd), T1-weighted pre-

contrast (T1w), T2-weighted (T2), and Fluid Attenuated Inversion Recovery (FLAIR). 

The task is to classify the methylation status of methylguanine-DNA methyltransferase 

(MGMT) promoter. To acquire the tumour segmentation masks, we used the patient ID 
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to match the images and masks in the RSNA-ASNR-MICCAI Brain Tumor 

Segmentation Challenge 2021 datasets. Cases that could not be found in the 

segmentation dataset were excluded and obtained 578 registered mp-MRI images with 

tumour segmentation masks. 

 

4.3.2. Image preprocessing and unsupervised segmentation 

For the LLD-MMRI2023 dataset, the tumour region of interest (ROI) was 

extracted through the provided lesion bounding box, which clinicians annotate. To 

standardise the shape of the input mp-MRI image, the ROI was extended to 128 × 128 

× 16. Minimum-maximum normalisation was used to normalise the intensity.  

For the RSNA-MICCAI Brain Tumor Radiogenomic Classification dataset, the 

matched mp-MRI images in the BraTS21 datasets are preprocessed by resampling, 

registration, skull stripping, and normalisation. The ROI region was extracted based on 

the bounding box of the whole tumour mask and then resized the ROI to 128×128×32. 

For k-means-generated labels, the provided whole-tumour masks were used to 

crop the tumour region and run k-means for each modality. For DFC-generated labels, 

the entire image was used to obtain clusters and then crop the ROI, as the spatial 

relationship between pixels affects the clustering result. 

 

4.3.3. Comparison methods 

The leaderboard of the RSNA-MICCAI Brain Tumor 2021 (BraTS21) 

Radiogenomic Classification competition [57], vision graph neural network for 

BraTS21 Radiogenomic Classification [58] and Uniformer [51], which was used in the 

leaderboard solution for LLD-MMRI2023 were selected as comparison method. SOTA 
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models in other tasks including ResNet-50 [60], DenseNet-121 [49], EfficientNet-b7 

[61] are also selected `for performance comparison. The MGMT leaderboard solution 

utilised a 3D ResNet-10 as its backbone, combining the 2D image with the largest brain 

area from each modality on the depth axis. To employ this framework in the LLD-

MMRI2023 dataset, the image by the largest lesion region was selected and combined 

it with the same approach. Vision graph neural networks for MGMT prediction 

employed the PyramidViG-S structure and utilised FLAIR, T1W, and T2 fused 2D 

RGB images as input. We adopted the input to fuse all eight modalities for the LLD-

MMRI2023 dataset. The Uniformer-small structure was used and the same input as the 

HA-DLC framework for the Uniformer.  

 

4.3.4. Experimental settings 

In this experiment, I used different parameters for unsupervised segmentation. For 

k-means, k values ranging from 3 to 9 cluster centres were used to determine the effect 

of complexity and the number of clusters. For DFC, 2, 0.5 and 0.001 were used as the 

continuity loss to generate detailed sub-regions.  

I conducted an ablation study to gradually remove key modules from HA-DLC, 

demonstrating their efficacy on the BraTS21 Radiogenomic Classification dataset. The 

settings are shown as follows: (1) Classification backbone only – where the whole 

image was used in the classification without the segmentation and alignment 

components; (2) Classification loss only – where the segmentation loss was removed 

from the loss function; (3) Whole tumour segmentation – where the whole tumour mask, 

without sub-region labels, where used and, (4) Ground truth sub-region segmentation – 

where sub-regions used available from the BraTS 2021 Radiogenomic Classification 

dataset as the ground truth sub-region labels.  
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4.3.5. Evaluation metrics 

For LLD-MMRI2023, the average of the F1 and Kappa scores was used as the 

primary evaluation metric in the competition. For BraTS21 Radiogenomic 

Classification, the Area Under the Curve was used as the primary evaluation metric in 

the competition. Additionally, accuracy is included as a supplement to performance 

evaluation. The definition of mentioned metrics is defined as follows: 

 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =
𝑇𝑃

𝑇𝑃 +
1
2

(𝐹𝑃 + 𝐹𝑁)
 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

𝐹1 𝑆𝑐𝑜𝑟𝑒 +  𝐾𝑎𝑝𝑝𝑎 𝑠𝑐𝑜𝑟𝑒 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 =
𝐹1 𝑆𝑐𝑜𝑟𝑒 +  𝐶𝑜ℎ𝑒𝑛ᇱ𝑠 𝐾𝑎𝑝𝑝𝑎

2
 

where 𝑇𝑃 is true positive, 𝐹𝑃 is false positive, 𝑇𝑁 is true negative and 𝐹𝑁 is false 

negative in confusion matrix. 

 

4.3.6. Implementation Details 

The HA-DLC method and other comparison methods were implemented using 

Pytorch. An Adam optimiser was used with a batch size of 4 for LLD-MMRI2023 and 

a batch size of 2 for BraTS21 Radiogenomic Classification. Based on the difference in 

tumour size in depth, the image was resized to 128×128×16 for LLD-MMRI2023 and 

128×128×32 for BraTS21 Radiogenomic Classification. For both datasets, data 
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augmentation applied was to the images, including random cropping to 

112×112×depth-2, random flipping in three axes, and random rotation of up to 45 

degrees. The learning rate was initially set to 1e-4, with a step learning rate scheduler 

implemented in PyTorch Image Models (timm) [59], using a decay rate of 0.1, and 

trained on a single 24GB NVIDIA RTX 4090 GPU. All models were trained and 

validated through 5-fold cross-validation.  

 

4.4. Results 

4.4.1. Performance of the Classification tasks 

Table 4.1. Evaluation of performance on LLD-MMRI2023 and BraTS 2021 

Radiogenomic Classification Datasets, including accuracy and primary metrics. The 

best result is bolded, and second best is underlined. 

Method 

LLD-MMRI2023 MGMT-Classification 

Accuracy 
F1-Score + 

Kappa Average 
Accuracy AUC 

Kaggle Leaderbroad 0.677 ± 0.036 0.629 ± 0.048 0.624 ± 0.030 0.640 ± 0.036 

ViG-S 0.719 ± 0.020 0.681 ± 0.021 0.603 ± 0.023 0.647 ± 0.023 

Resnet-50 0.761 ± 0.021 0.725 ± 0.020 0.622 ± 0.031 0.666 ± 0.012 

Efficientnet-b7 0.669 ± 0.054 0.610 ± 0.076 0.595 ± 0.063 0.657 ± 0.021 

Densenet-121 0.735 ± 0.057 0.700 ± 0.061 0.603 ± 0.023 0.667 ± 0.028 

Uniformer-S 0.809 ± 0.020 0.778 ± 0.029 0.592 ± 0.019 0.606 ± 0.015 

HA-DLC 

(k-means: k = 5) 
0.843 ± 0.027 0.817 ± 0.043 0.659 ± 0.024 0.659 ± 0.026 

HA-DLC  

(DFC: μ = 0.001) 
0.825 ± 0.040 0.797 ± 0.047 0.633 ± 0.043 0.671 ± 0.043 
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Table 4.1 presents the classification results comparing HA-DLC to the state-of-

the-art counterparts. The LLD-MMRI2023 dataset involves classifying distinct tumour 

types (inter-tumour heterogeneity), while the BraTS21 Radiogenomic Classification 

dataset requires classifying MGMT methylation status in glioblastoma (intra‐tumour 

heterogeneity). The best pseudo-subregion label results were selected for HA-DLC 

using k-means (k = 5) in LLD-MMRI2023 and DFC (μ = 0.001) in BraTS2021 

Radiogenomic Classification. The varying performance is presented in Section C below. 

The results indicate that HA-DLC outperformed all comparison methods, achieving an 

average F1‐Score and Kappa of 0.817 on the LLD‐MMRI2023 dataset and an AUC of 

0.671 on the BraTS 2021 Radiogenomic Classification dataset. The proposed model 

attained accuracies of 0.843 and 0.633 on the LLD‐MMRI2023 and BraTS 2021 

datasets, respectively.  

 

4.4.2. Ablation Studies 

Table 4.2. Ablation Study Result of LLD-MMRI2023 and BraTS 2021 

Radiogenomic Classification Datasets with primary evaluation metric. The best result 

is bolded, and second best is underlined. 

Method 
Segmentation 

Backbone 

Whole Tumour 

Segmentation 

Sub-region 

Segmentation 

LLD-

MMRI2023 

MGMT-

Classification 

F1+Kappa 

Average 
AUC 

Classification 
Backbone only 

   0.778 ± 0.030 0.606 ± 0.015 

Without seg loss √   0.768 ± 0.029 0.623 ± 0.054 

Whole Tumour 
Segmentation 

√ √  0.802 ± 0.031 0.650 ± 0.021 

Sub-region 
Segmentation 

√  √ 0.817 ± 0.043 0.671 ± 0.037 

Ground Truth 
Segmentation 

√  √ NA 0.681 ± 0.022 
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Table 4.2 summarises the ablation study results on the two datasets, focusing on 

the impact of segmentation goals on performance. The baseline classification backbone 

achieves an F1-score of 0.778 and a Kappa of 0.778 on LLD-MMRI2023, as well as an 

AUC of 0.606 on BraTS 2021. When the model is trained without the segmentation 

loss, its performance on LLD-MMRI2023 decreases slightly to 0.768, while the AUC 

on BraTS 2021 improves to 0.623. Incorporating whole-tumour segmentation improves 

the metrics to 0.802 and 0.650, respectively, and further employing sub-region 

segmentation enhances the performance to 0.817 on LLD-MMRI2023 and 0.671 on 

BraTS 2021. Additionally, ground-truth segmentation (available only for BraTS 2021) 

yields an AUC of 0.681. 

 

4.4.3. Evaluation of pseudo sub-region labels generation 

strategies 

Table 4.3. Result of the framework using k-means with a different number of centres 

on LLD-MMRI2023 and BraTS 2021 Radiogenomic Classification. The best result is 

bolded, and second best is underlined. 

Cluster Number 
LLD-MMRI2023 MGMT-Classification 

F1 + Kappa Average AUC 

3 Centers 0.799 ± 0.031 0.652 ± 0.046 
4 Centers 0.800 ± 0.036 0.652 ± 0.016 
5 Centers 0.817 ± 0.043 0.659 ± 0.026 
6 Centers 0.798 ± 0.038 0.660 ± 0.030 
7 Centers 0.807 ± 0.031 0.650 ± 0.050 
8 Centers 0.796 ± 0.034 0.650 ± 0.025 
9 Centers 0.782 ± 0.038 0.660 ± 0.023 
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The framework was trained using k-means clustering with varying numbers of 

centres. For the LLD-MMRI2023 dataset, the best performance, with an F1-score and 

Kappa of 0.817, is observed with five centres. Regarding the MGMT-classification task 

from the BraTS 2021 dataset, the AUC values remain relatively stable, ranging between 

0.652 and 0.660 across cluster numbers from 3 to 9. 

Table 4.4. Result of the framework using DFC with different coefficients of 

continuity loss on LLD-MMRI2023 and BraTS 2021 Radiogenomic Classification. 

The best result is bolded, and second best is underlined. 

DFC 

Continuity 

Loss 

Coefficient 

LLD-MMRI2023 MGMT-Classification 

F1+Kappa 

Average 

Max Cluster 

Number 
AUC 

Max Cluster 

Number 

Whole Image Level Clustering 

mu = 2 0.780 ± 0.034 10 0.652 ± 0.030 9 

mu = 0.5 0.809 ± 0.045 17 0.664 ± 0.044 14 

mu = 0.001 0.797 ± 0.047 29 0.671 ± 0.043 24 

Tumour ROI Level Clustering 

mu = 2 0.798 ± 0.037 7 0.664 ± 0.037 7 

mu = 0.5 0.793 ± 0.032 8 0.657 ± 0.054 8 

mu = 0.001 0.812 ± 0.028 15 0.656 ± 0.018 16 

 

The DFC results are presented for two clustering approaches: whole image level 

and tumour ROI level. For whole-image-level clustering, as the continuity loss 

coefficient (μ) decreases from 2 to 0.001, the maximum number of clusters increases 

(from 10 to 29), with corresponding F1-score and Kappa score values ranging from 

0.780 to 0.809 and AUC values from 0.652 to 0.671. Under tumour ROI level clustering, 

μ values ranging from 2 to 0.001 yield maximum cluster numbers from 7 to 15, with 

F1-Score and Kappa values between 0.793 and 0.812, and AUC values between 0.657 

and 0.664. These experiments demonstrate the influence of clustering granularity and 

continuity constraints on the performance of the pseudo sub-region generation. 
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Figure 4.3. The original mpMRI image and pseudo sub-region labels of the BraTS 
2021 Radiogenomic Classification dataset for two patients correctly predicted by the 

HA-DLC. The blue-shaded ground truth mask indicates the necrosis area, brown 
represents the enhanced tumour, and orange represents the oedema region. The 

different colours in the aligned clustered mask indicate different sub-region labels. 

Figure 4.4. The original mp-MRI image and aligned pseudo sub-region labels of 
LLD-MMRI2023 for seven correctly predicted cases, organised by rows for each 

class, using the proposed HA-DLC framework. The modality with the pseudo sub-
region labels is labelled in columns. The different colours in pseudo sub-region labels 

indicate different sub-region labels. 
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4.4.4. Evaluation of Aligned sub-region labels 

Figure 4.3 illustrates the effectiveness of the HA-DLC framework in segmenting 

tumour sub-regions for two correctly classified patients from the BraTS 2021 

Radiogenomic Classification dataset. The sub-regions in the ground truth masks are 

generally aligned with the pseudo sub-region labels generated by the clustering 

approach in T1Gd, which is used to segment sub-regions in glioblastoma. The variation 

in sub-region labels across different modalities indicate the model’s ability to capture 

spatial and contrast-enhanced tumour characteristics. Figure 4.4 presents the 

segmentation results for seven correctly classified cases from LLD-MMRI 2023. The 

segmentation masks across modalities demonstrate consistent sub-region delineation, 

reflecting the framework's ability to adapt across diverse imaging sequences and 

anatomical structures.  

 

4.5. Discussions 

The HA-DLC demonstrated improved classification performance in inter- and 

intra-tumour heterogeneity classification tasks across two diverse MRI datasets. These 

results support the following key findings: (1) the proposed method outperformed its 

state‐of‐the‐art counterpart in both heterogeneous classification datasets of MGMT and 

LLD-MMRI2023; (2) Sub‐region segmentation enhanced classification performance 

compared to whole‐tumour segmentation, demonstrating the importance of using sub-

regions; (3) Pseudo sub-region labels generation strategies influenced sub-region 

granularity, in terms of partitioning the tumour into greater number of sub-regions 

compared to the ground truth, and thus leading to improved performance. 

HA-DLC demonstrated high performance across two datasets that captured inter- 

and intra- tumour heterogeneity information for tumour type classification tasks (Table 
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4.1). This performance advantage suggests that using pseudo sub-region labels to 

extract local heterogeneity features for classification is meaningful.  

In the ablation study result, the classification performance remained at the similar 

level when compared to the classification backbone only (Table 4.2). This suggests that 

the enhanced performance of HA-DLC does not intrinsically benefit from more 

parameters which are weights and bias in the networks. When the Modality-wise 

Segmentation Module was used to segment the entire tumour, its performance was 

higher compared to the results that was trained without the segmentation loss (Table 

4.2). This improvement indicates that features extracted via the proposed hard-sharing 

branch in the segmentation network effectively enhance classification tasks by 

capturing localised tumour-related characteristics through segmentation. Incorporating 

the proposed pseudo sub-region labels and ground-truth sub-region labels further 

boosted performance compared to whole-tumour segmentation (Table 4.2). This 

suggests that pseudo labels can capture tumour heterogeneity more meaningfully for 

classification and act as a guide to the encoder branches in the modality-wise 

segmentation module, enabling the extraction of fine-grained local features from each 

sub-region. The increased performance indicates the efficacy of leveraging sub-region 

labels in obtaining heterogeneous features. The proposed method achieved AUC 

performance (0.671) comparable to the ground truth labels (0.681) in MGMT 

classification task, underscoring its potential to replace manually annotated 

segmentation (Table 4.2). The performance difference between the ground truth labels 

and the pseudo sub-region labels may be due to the alignment module merging regions 

with similar feature representations into a single area, as shown in the T1n mask in 

Figure 4.4. This can occur if the latent feature space learned by the model fails to 

capture the subtle variations between certain tissue types or sub-regions that human 

experts distinguish in the ground truth. These findings suggest that leveraging 

unsupervised semantic segmentation of GBM to generate sub-region inputs could 
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further enhance performance. However, the proposed method in previous chapter is 

limited to 2D input. Extending it to 3D and integrating it with the HA-DLC may 

alleviate the need for ground truth and achieve same level of performance. 

The effect of the clustering method was evaluated based on the performance of the 

proposed framework by adjusting the parameters in the two algorithms, k-means and 

DFC. For the k-means, the number of centroids was changed to generate different 

granularity sub-region labels. The performance peaked at 5 cluster centres in LLD-

MMRI2023 datasets (Table 4.3). This suggests that for the tumour-type classification 

task, a moderate level of granularity is necessary. For the BraTS 2021 Radiogenomic 

Classification task, the AUC peaks for 6 and 9 clusters, and the AUC maintained similar 

levels across 3 to 9 clusters (Table 4.3). This may be attributed to the focus on intra-

tumour heterogeneity between two classes, where our alignment network consistently 

aggregates the generated sub-regions across cases. For the DFC method, the whole-

image and tumour-ROI level clustering approaches were used to examine the impact of 

spatial constraints on the generated sub-regions. Under whole image level clustering, a 

lower continuity loss coefficient (μ) resulted in an increased maximum number of 

clusters, with μ = 0.5 yielding 17 clusters and a corresponding performance of 0.809 on 

LLD-MMRI2023. For MGMT classification, a further reduction to μ = 0.001 resulted 

in 24 clusters and an improved AUC of 0.671. These results suggest that more sub-

regions may capture finer local features that benefit molecular classification when 

considering the entire image. In contrast, when clustering was restricted to the tumour 

ROI, the maximum number of clusters was lower, reflecting the more constrained 

spatial domain. For the LLD-MMRI2023 dataset, the best performance was achieved 

with μ = 0.001. In contrast, for the MGMT task, the differences across μ values were 

marginal, with the highest AUC occurring at μ = 2 (Table 4.3). This indicates that, 

within the tumour ROI, overly fine segmentation does not necessarily translate into 

better performance, and a more continuous representation may be sufficient. 
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Figures 4.3 and 4.4 visualise each class's aligned pseudo-subregion labels for two 

selected patients in each dataset. The colour-coded cluster masks illustrate how our 

alignment strategy effectively maintains spatial correspondence across various contrast 

phases (e.g., arterial, venous, delayed) and mpMRI sequences (e.g., DWI, T2). Despite 

the inherent variability in lesion appearance across phases, the sub-regions remain well-

aligned, indicating that our framework reliably captures meaningful anatomical 

structures. This underscores the efficacy of the heterogeneous sub-region pseudo label 

generation module in ensuring consistent delineation of each physical region of interest 

across different contrast weightings. In the BraTS 2021 Radiogenomic Classification 

dataset, although the exact cluster colours differ from the ground truth labels, the spatial 

distribution of clusters aligns closely with recognised tumour compartments in T1Gd 

images. Meanwhile, the sub-regions in FLAIR and T2 masks exhibit class-specific 

characteristics: for instance, the surrounding blue region may indicate a perfusion-

related area potentially correlated with MGMT methylation status [38]. Such findings 

suggest that our framework can identify heterogeneous regions beyond standard 

human-defined labels. Nevertheless, given the performance gap between the generated 

masks and the ground-truth segmentation, further integration of ground-truth-based 

heterogeneity information may be beneficial.  

Despite the promising results, the HA-DLC framework has several limitations. 

First, relying on unsupervised pseudo sub-region label generation can sometimes lead 

to a loss of granularity, as the alignment module may merge regions with similar feature 

representations, resulting in fewer sub-regions than those annotations delineated by 

experts. Future study will evaluate the impact from pseudo sub-regions alignment 

process. Additionally, the method’s performance is sensitive to the choice of clustering 

parameters (e.g., the number of centres in k-means or the continuity loss coefficient in 

DFC), which might not generalise well across different datasets or imaging modalities. 

This can potentially be overcome with automated parameter selection algorithms such 
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as Bayesian based optimisation. While effective in capturing both local and global 

features, the dual-stream architecture introduces increased computational complexity 

and higher memory requirements, which may limit its deployment in real-time clinical 

settings. This is mainly due to the modality-wise segmentation module having to extract 

local heterogeneity features from each sequence; exploring heterogeneity extraction 

approaches that leverage all modalities may help reduce the complexity of this module. 

Finally, although the proposed method has shown generalisability by working on two 

mpMRI datasets, its applicability to other types of medical imaging and tumour 

pathologies remains to be validated. 

 

4.6. Conclusions 

In this chapter, a novel heterogeneity-aware deep learning classification (HA-DLC) 

method was introduced that integrates unsupervised sub-region segmentation with 

global feature extraction to address both local and global aspects of tumour 

heterogeneity. By leveraging automatically generated pseudo sub-region labels, HA-

DLC was able to capture the subtle intra-tumoral variations without relying on manual 

annotations. Extensive experiments on two distinct MRI datasets: LLD-MMRI2023 for 

inter-tumour heterogeneity and BraTS2021 Radiogenomic Classification for intra-

tumour heterogeneity. The result demonstrated that HA-DLC consistently 

outperformed comparison methods. Further, ablation studies confirmed that 

incorporating sub-region segmentation significantly improved classification 

performance compared to using whole-tumour masks alone. Despite these promising 

results, the framework faces challenges such as parameter sensitivity, potential loss of 

fine-grained detail when merging similar sub-regions and increased computational 

overhead. Future work will investigate strategies to enhance sub-region fidelity, reduce 
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parameter dependencies, and extend the method to additional imaging modalities and 

tumour pathologies.  
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Chapter 5. Conclusion and Future 

Works 

 

5.1. Conclusion 

This thesis addresses two main challenges in medical image tumour heterogeneity 

analysis: i) sub-region label acquisition depends on clinicians and ii) lack of a 

framework to capture local heterogeneity and global information in tumour image. The 

novel unsupervised semantic segmentation framework, characterised by its multi-phase 

training strategy and the incorporation of sparse spatial continuity and context-based 

hierarchical loss functions, has proven capable of delineating complex tumour sub-

regions without requiring extensive manual annotation. In parallel, the heterogeneity-

aware deep learning framework successfully combines local heterogeneity with global 

contextual information, enhancing tumour classification performance. The results show 

that deep learning-based approaches can effectively harness tumour heterogeneity from 

multiparametric MRI modalities to improve segmentation and classification tasks. 

Consequently, the proposed approaches offer a robust computational tool to improve 

diagnostic accuracy and support personalised clinical decision-making, ultimately 

advancing patient care. 

5.2. Limitations 

Despite these encouraging results, several limitations of the current study must be 

acknowledged. For the unsupervised semantic segmentation framework, the 

dependence on the whole tumour mask and 2D implementation constrains the ability to 

apply it in clinical settings. Also, the effectiveness of the unsupervised segmentation 
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framework relies on the quality of the pseudo-labels generated by clustering algorithms. 

In cases where these pseudo-labels fail to capture the subtle distinctions between 

tumour sub-regions, the segmentation accuracy may be adversely affected. For the 

heterogeneity-aware deep learning framework, the model’s performance is influenced 

by the selection of clustering parameters, such as the number of cluster centres or the 

continuity loss coefficient. This sensitivity can restrict the method’s robustness and 

generalisability across different datasets and imaging conditions. In addition, the 

pseudo-sub-region label generation is heavily based on clustering algorithms, limiting 

the segmentation result of its interpretability in a clinical context. 

5.3. Future Works 

Future research can focus on improving the clinical value of the two proposed 

methods. For the unsupervised semantic segmentation framework, adopting 

unsupervised whole tumour segmentation algorithms and extending the framework to 

operate on 3D volumetric directly would enable the framework to generate a 3D sub-

region level mask without any human intervention. For the heterogeneity-aware deep 

learning framework, a more clinical context backgrounded pseudo-label generation 

should be considered to improve the framework’s explainability and stability, for 

example, through acquiring a small amount of tissue-level labels for medical images 

and finetuning a foundation model that specifically segments sub-regions at the tissue 

level. 

In addition, while we validated the proposed framework across multiple datasets, 

tumour heterogeneity remains challenging due to biological diversity and acquisition 

variability. Future work will (i) incorporate heterogeneity-aware objectives, including 

multi-instance/sub-region losses, diversity–consistency regularization, boundary- and 

uncertainty-aware terms, contrastive/consistency objectives across sequences, and 

distributionally robust optimization to better model intra-lesional variability and 
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domain shift; and (ii) broaden experimental validation to additional tumour types (e.g., 

brain, lung) and modalities (e.g., DCE-MRI, MR spectroscopy, CEUS, PET/CT), with 

multi-institutional external testing. We will also expand evaluation beyond aggregate 

accuracy to include calibration, subgroup, and sub-region stability metrics to more 

comprehensively assess generalization and clinical reliability.” 
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