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Abstract

Cancer remains a leading global cause of death, with its burden increasing worldwide.
Early detection and classification of polyps are crucial for reducing cancer risk and
improving outcomes. Accurate classification of colorectal cancer (CRC) is vital for
effective healthcare and diagnosis. Automated medical imaging aids in these diagnoses,
but pathologists often face challenges like inexperience and visual fatigue. This research
aims to develop a sensitive virtual biopsy tool to assist pathologists in overcoming issues

related to the quality, diversity, and variability of biomedical data.

This thesis aims to develop and evaluate a novel framework for the efficient
and accurate classification of CRC polyps from endoscopy images. It involves studying
the existing techniques, designing and implementing the classification framework, and
validating the model to enhance sensitivity, accuracy, and clinical applicability. This
research utilises deep learning models, including CNNs, CGANSs, Transformer-based
models, XAl models, and Nonlinear Dimensionality Reduction. It incorporates transfer
and ensemble learning, synthetic image generation, fine-grained feature extraction, model
explainability, and manifold learning with regularisation to enhance classification per-
formance. The approach also includes a comprehensive pipeline for data preprocessing,

model training, and performance evaluation on real-world datasets.
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This novel deep learning framework achieves state-of-the-art results in CRC
polyp classification by generating high-quality synthetic images and extracting detailed
features for an explainable model. It uses nonlinear dimensionality reduction to handle
high dimensionality and enhance performance. The model demonstrates an average
accuracy improvement of 18% and a 17% increase in sensitivity compared to traditional
methods, with sensitivities of 0.95, 0.96, and 0.96 on the UCI, PICCOLO, and CPDC
datasets, respectively. Its strong performance across various metrics suggests it is a
promising tool for clinical integration, aiding gastroenterologists in polyp classification

for polypectomy.

This thesis significantly advances CRC image classification by developing a
framework that addresses multiple data challenges and improves classification perform-
ance. The model shows potential for clinical use as a virtual biopsy tool to aid pathologists
and enhance patient outcomes. Future work will focus on integrating real-time data
detection, handling inaccurate clinical data, and developing a semi-supervised learning

model to train with limited labelled data.
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Chapter 1

Introduction

This chapter brings forward the broader context, research aims and contributions, ra-
tionale and research methodology of this thesis. It presents a Computer-aided Diagnostic
framework for CRC polyp classification. This thesis details that the proposed method
results in better classification performance when all challenges posed by biomedical
datasets are handled simultaneously. Section 1.1 demonstrates the need for the work
done in this thesis. Section 1.2 illustrates the research challenges associated with the
data and demonstrates how to handle them. Sections 1.3 and 1.4 list this thesis’s research
questions and aims and objectives. Section 1.5 elaborates on the research methodology
adopted in this study. Lastly, the structure of the thesis is given in Section 1.6, and a list

of publications from the thesis is given in Section 1.7.

15



Chapter 1. Introduction 16

1.1 Background

Over the last few decades, cancer has emerged as one of the primary causes of death
globally. One of the most significant types is Colorectal Cancer (CRC) due to its severe
effects and high rates of occurrence and mortality, mostly in developed countries (Pacal
et al., 2020). The second highest cause of cancer deaths worldwide is (CRC), which is a
serious concern for public health. It also ranks as the third-most prevalent type of cancer
diagnosed in general (Jha et al., 2021). In both genders, men and women, colon/rectum
cancers are third on the list of new cases in 2021 (GLOBOCAN estimates), with 79,520
men diagnosed with CRC and 69,983 females diagnosed with this disease; these figures
represent approximately 8% of all new malignancies among males and females annually.
Meanwhile, numbers from only last year show that there were 28,520 U.S. citizens fatally
suffering from CRC, whereby men made up 24,460 while women constituted only 4,060
fatalities (Siegel et al., 2021). These stark figures underscore the urgent need for effective

diagnostic and treatment approaches targeting CRCs.

Accurate detection and classification of polyps in their early, treatable stages
are crucial for reducing the risk of colorectal cancer and preventing associated deaths.
Identifying and removing precancerous lesions can significantly prevent the progression
to cancer and markedly improve survival rates Levin et al. (2008). Regular screening,
particularly in areas with a high prevalence of colorectal cancer, allows for early detection
and intervention, which can be instrumental in preventing symptoms from developing
and ensuring that tumors do not reach malignant stages. Effective screening programs
can thus facilitate timely treatment, reducing the likelihood of severe disease progression.
Colonoscopy is widely recognised as the most effective method for detecting colonic

polyps, a fact supported by extensive research (Gschwantler et al., 2002; Tajbakhsh et
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al., 2016; Shin et al., 2018; Kopelman et al., 2019; Misawa et al., 2018). The procedure
allows for direct visualisation of the colon and rectum, enabling the identification and
removal of polyps before they can progress to cancer. Routine colonoscopy screening is
essential in high-risk populations and is a cornerstone of preventive care in colorectal
cancer. The adoption of advanced imaging techniques and improved diagnostic tools
further enhances the ability to detect and classify polyps accurately, thereby contributing

to better patient outcomes and reduced cancer incidence.

In the primary stages of polyp growth, most polyps are non-cancerous. Removing
these polyps is an efficient way to prevent colorectal cancer from advancing. However, a
significant number of precancerous polyps can remain undetected during colonoscopy
procedures. In such situations, these polyps can develop into cancer at a later stage,
thus contributing to increased mortality rates associated with colorectal cancer (Shin
et al., 2018). As benign precursor lesions may undergo malignant transformation and
lead to cancer-related death, it is crucial not only to identify them but also to classify
them reliably. Accurately classifying polyps is important in identifying those who have
undergone malignant transformation or are at high risk of doing so. It is not enough to
discover some polyps; precise classification should provide insight into whether they can
become malignant. This will ensure appropriate interventions that considerably reduce
the level of deaths related to colorectal cancer as well as improve patient outcomes

through the different approaches used in the management of CRC cases.

1.1.1 Cancer Detection and Classification

In routine medical practice, the removal of polyps varies depending on their size and

type. Small polyps are typically removed using techniques such as snares, fulguration,
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or biopsy tools. For larger or pedunculated polyps, the snare polypectomy procedure
is often employed. This procedure involves using a colonoscope equipped with a wire
loop that applies an electrical current to excise the polyp from the mucous membrane of
the colon. The primary objective of this procedure is to prepare tumor tissue samples
for biopsy, which is crucial for accurate diagnosis and classification of various types
of polyps (Geboes et al., 2013). Preparing and examining biopsy slides is notably
time-intensive. This involves carefully mounting the tissue samples onto glass slides
and conducting a thorough visual examination to identify and classify the polyp types.
The accuracy of this classification heavily relies on the expertise and experience of
pathologists, making it a critical factor in the diagnostic process. Recent advancements in
Medical Image Analysis and Deep Learning (DL) have introduced innovative methods for
computer-aided pathology diagnosis, especially in the context of biopsy analysis (Sohail
et al., 2021). These technologies leverage sophisticated algorithms and models to assist
pathologists in analysing biopsy samples more efficiently. Integrating DL techniques
can enhance the accuracy and pace of polyp classification, thereby improving diagnostic

outcomes and streamlining the overall pathology workflow.

Integrating machine learning with medical image processing has significantly
advanced the identification and classification of cancerous conditions (Litjens et al.,
2017). Sophisticated algorithms and methodologies have been developed to enhance
Computer-Aided Diagnosis (CAD), enabling more accurate and efficient medical dia-
gnostics (Pacal et al., 2020). Over recent years, Al and DL have become pivotal in
analysing and interpreting medical images (Kim et al., 2018; Shen et al., 2017; Thany,
2010). These technologies have revolutionised the field by providing advanced tools

for image analysis, which greatly assist in detecting and diagnosing various cancers.
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One notable advancement is the significant increase in adenoma detection rates achieved
through Al systems. By utilising these artificially intelligent systems, medical image
interpretation has evolved, allowing computer-aided diagnosis to function effectively as a
secondary layer of analysis for physicians. This support system enhances the diagnostic
accuracy and efficiency of medical practitioners. In particular, Al models have proven
highly effective in detecting colorectal polyps by interpreting endoscopy images. These
models leverage advanced algorithms to analyse and classify polyp images, thereby
assisting in early detection and diagnosis (Liew et al., 2021). The application of Al in
this context improves the precision of polyp detection and supports the overall goal of

enhancing patient outcomes by identifying potential issues at earlier stages.

The effectiveness of diagnosing colorectal Ito improve patient outcomes sig-
nificantlyction Rate (ADR), which is defined as the proportion of colonoscopies that
identify at least one adenomatous lesion (Kaminski et al., 2017). Studies have demon-
strated that a higher ADR 1is associated with lower interval rates of colorectal cancer
(CRC) and reduced rates of colon cancer mortality (Kaminski et al., 2010; Corley et
al., 2014). Flat or sessile polyps, in particular, are often overlooked compared to their
larger pedunculated counterparts, which are more easily detected (Hee et al., 2017).
Various approaches can be employed to enhance the ADR. An effective method is to
use advanced imaging modalities, such as narrow-band imaging (NBI) or white light
(WL) endoscopy, to achieve an effective method. NBI, for example, is a sophisticated
imaging technique that improves the visualisation of the mucosal surface and accentuates
the capillary patterns of polyps. This enhanced visibility facilitates better detection and
classification of polyps (Ishaq et al., 2017). By incorporating such advances into CAD

systems, there is a potential to significantly improve patient outcomes. NBI’s ability
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to provide detailed images of the mucosal surface of the colon makes it particularly
useful for detecting subtle lesions that might otherwise be missed with conventional
imaging techniques. When integrated with advanced CAD systems, this technological
enhancement can lead to more accurate diagnoses and potentially better management of
risks of colorectal cancer. Furthermore, advancements in CAD systems incorporating
such imaging techniques will likely continue improving the overall efficacy of colorectal

cancer screening and diagnosis.

Previous CAD algorithms heavily relied on manual feature extraction, signific-
antly limiting their effectiveness in visual object recognition. These algorithms depended
on predefined visual features, which constrained their ability to adapt and improve (Ben-
gio et al., 2007). The introduction of deep learning has marked a significant advancement
in the field, overcoming the limitations of manual feature extraction by utilising con-
volutional operations within hidden layers of neural networks. This shift allows deep
learning models to automatically learn and extract features from raw data, bypassing the
need for explicit manual feature extraction and transformation (Yongzhen et al., 2013).
Deep learning has surpassed traditional machine learning techniques and outperformed
human visual capabilities in various applications. For instance, DL has been successfully
employed in the medical field to automate disease detection and enable early diagnosis.
These advanced algorithms leverage complex neural network architectures to process
and analyse medical images with high precision, offering substantial improvements
over conventional methods (Sahiner et al., 2019). This progression demonstrates the
transformative impact of deep learning on CAD systems, providing more accurate and

efficient tools to diagnose and manage diseases.

Integrating a CAD system into the manual biopsy process is crucial to enhancing
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diagnostic efficiency and accuracy. This integration can streamline the workflow, assist
pathologists by providing additional decision support, and potentially reduce diagnostic
errors. A virtual biopsy CAD system can facilitate more accurate assessments by ana-
lysing digital images and providing predictive insights based on advanced algorithms.
However, to ensure the effectiveness and reliability of these systems, a thorough evalu-
ation of their clinical viability is essential. This includes evaluating their performance
in real-world settings, assessing their impact on diagnostic accuracy, and understanding
their integration into clinical workflows. Such evaluations help determine whether these
systems can effectively complement traditional methods and improve patient outcomes.
By rigorously testing and validating CAD systems, healthcare professionals can ensure

that these technologies are effective, safe, and beneficial for clinical use. (Suzuki, 2012).

1.1.2 Deep Learning in Cancer Classification

In recent years, the fields of artificial intelligence (Al) and DL have made notable
strides in the realm of medical image analysis, leading to significant advancements
over traditional machine learning (ML) approaches (Kim et al., 2018) (Chan et al.,
2020). Unlike conventional ML methods, which typically rely on an explicit definition
of features and substantial manual intervention, DL algorithms stand out by their ability
to autonomously process and integrate high-dimensional data features. This automation
negates the necessity for manual feature extraction, thereby enhancing efficiency and
performance. The superior capabilities of DL have enabled these techniques to outshine
traditional ML methods, such as support vector machines (SVM) and random forests.
These older methods are increasingly viewed as outdated in comparison because of

their limitations. Traditional ML models often require extensive manual design and
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development, rendering them less robust, time-consuming, and adaptable to new data.
The real-time applicability and overall effectiveness of these older techniques fall short
when juxtaposed with the advancements achieved through DL methods. DL algorithms
have demonstrated considerable improvements in analysing medical images, such as
colon images, and in detecting abnormalities with greater accuracy and efficiency. These
advancements highlight a significant leap forward from traditional ML models, which
struggle to achieve similar levels of performance and precision (Sohail et al., 2021). The
enhanced capabilities of DL not only streamline the analysis process but also contribute

to more reliable and timely medical diagnoses.

Deep learning computer-aided diagnosis (DL-CAD) has emerged as a notably ef-
fective and comprehensive approach for cancer diagnosis, showcasing its transformative
impact on medical imaging and analysis (Komeda et al., 2017). Among the various deep
learning methods, convolutional neural networks (CNNs) stand out as a foundational
component, and they are celebrated for their exceptional performance in classification
tasks. CNNs have become instrumental in medical image analysis due to their remark-
able ability to classify and interpret complex image data accurately. These sophisticated
algorithms are extensively utilised across various colonoscopy applications, including but
not limited to the detection, classification, segmentation, and localisation of abnormalities
within the colon. However, despite the widespread application of deep learning tech-
niques for the detection of polyps, there remains a notable lack of emphasis on the precise
classification of different types of polyps (Sanchez-Peralta et al., 2020). This gap can
be largely attributed to several significant challenges, including the limited availability
of large-scale, annotated medical datasets that are crucial for training advanced models

capable of achieving high levels of classification accuracy (Nogueira-Rodriguez et al.,
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2021). These annotated datasets are essential for developing and refining sophisticated
models that can accurately differentiate between various types of polyps, which is vital
for effective treatment planning and optimal patient management. The current state of
progress reveals that while there have been substantial advancements in the detection
of polyps, the field of accurate polyp classification has not kept pace. This disparity
underscores a critical need for ongoing research and development efforts to improve
classification capabilities. Addressing the challenges associated with the scarcity of
comprehensive medical datasets is essential for bridging this gap and advancing the
field of DL-CAD. Enhanced classification abilities will improve diagnostic accuracy and
contribute significantly to more personalised and effective treatment strategies (Pacal et

al., 2020).

However, practical applications of deep learning-based systems for endoscopic
detection and classification continue to tackle many significant challenges. Despite
the considerable technological advancements in this field, these systems frequently
display a degree of unreliability when deployed in clinical settings. This raises important
concerns about the effectiveness and consistency of such systems in real-world medical
environments (Kudo et al., 2019). The integration of deep learning into colonoscopy
procedures, while holding substantial promise for revolutionising endoscopic practices,
still encounters hurdles that impact its practical implementation. Deep learning has the
potential to greatly enhance the standardisation of endoscopic procedures, which could
lead to a reduction in medical errors and support specialists in making more accurate and
reliable diagnoses. Improved diagnostic accuracy is crucial in the medical field, where
precision and dependability are of utmost importance. By providing a more consistent

and automated approach to analysing endoscopic images, deep learning systems could
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transform the way diagnoses are made, potentially leading to better patient outcomes
and more effective treatment strategies. Nevertheless, the current state of deep learning
technology in this area underscores the need for ongoing research and development.
Addressing the limitations and shortcomings of these systems is essential to ensure that
they can be effectively trusted and implemented in real-world clinical settings. Efforts to
refine these technologies and overcome their current challenges are critical for realising
the full potential of deep learning in endoscopic diagnostics. As these systems evolve,
achieving greater reliability and effectiveness will be key to their successful integration

into routine medical practice.

1.2 Research Problems

Two major factors that will contribute to the further advancement of deep learning in en-
doscopy include the accessibility of high-quality endoscopy images and the improvement

of endoscopist decision-making abilities (Min et al., 2019).

1.2.1 Data Accessibility

Although deep neural networks (DNNs) have demonstrated high accuracy in classifying
colorectal polyps from endoscopy images, their application in virtual biopsy is actively
explored to automate the pathologist’s workflow and enhance their capabilities by de-
veloping sophisticated classifiers. A critical factor driving the development of effective
deep learning models is the availability of large, high-quality datasets (Y. Zhang et al.,
2023). Despite this, there is a notable scarcity of publicly accessible datasets specifically
for colorectal polyps, which is compounded by the issue of class imbalance. Obtain-

ing and annotating medical data is expensive and labour-intensive, posing a significant
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challenge in creating a comprehensive, well-annotated training dataset (Jha et al., 2021;
Nogueira-Rodriguez et al., 2021). Transfer learning and data augmentation are employed
to address these challenges. Transfer learning leverages pre-trained models, which have
been trained on extensive datasets, by adapting their learned weights for new, related
tasks. This method is particularly useful when dealing with limited data, as it allows the
model to benefit from the knowledge acquired from large-scale datasets. However, trans-
fer learning was not utilised in our approach because the available pre-trained models
were not based on biomedical images. Consequently, the reliability of the model, when
based on weights captured through non-biomedical data training, may be compromised.
This limitation underscores the need for more specific and relevant biomedical datasets to

harness the potential of transfer learning fully in the context of medical image analysis.

Our research addresses the issues associated with limited data and class im-
balance by employing advanced data augmentation techniques, which are crucial for
enhancing various classification tasks (Vanyan & Khachatrian, 2021). Specifically, we
focus on generating unseen and reliable synthetic images to increase the volume and
diversity of the training data. This augmentation improves the generalizability of the
classification model by introducing new variations of images from which the model can
learn. However, these synthetic images must exhibit high concordance with real data
to effectively contribute to building an intelligent classifier. To tackle this challenge,
we have integrated Conditional Generative Adversarial Networks (cGANs) into our
framework to produce synthetic images. Generative Adversarial Networks (GANs) are
known for introducing new, unseen images into the dataset, enhancing data diversity.
On the other hand, cGANs extend this capability by focusing on generating images of

specific class labels with the assistance of additional information (Krizhevsky et al.,
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2012; Sener & Savarese, 2017). This feature is useful for addressing the class imbalance
problem prevalent in colorectal cancer (CRC) datasets. Despite the benefits, it is essential
to rigorously evaluate both the quality and diversity of the synthetic images generated by
the cGAN network. To ensure that the synthetic images benefit training, we must assess
their concordance with real images before integrating them into the training dataset.
Without this evaluation, the classifier’s performance might deteriorate due to introducing
less relevant or noisy synthetic images. Our proposed framework addresses this by
incorporating an additional classifier that separates the synthetic images based on their
predicted class probability. This classifier ensures that only highly concordant images
are used for training, which helps maintain the final classifier’s performance. We assess
the quality and diversity of the synthetic images using four effective measures: FID
- Fréchet (Heusel et al., 2017), IS - Inception Score (Park et al., 2022), PSNR - Peak
Signal-to-Noise Ratio Wang et al. (2004) and SSIM - Structural Similarity Index Wang
et al. (2004). These metrics provide valuable insights into the fidelity and diversity of the

generated images, ensuring that they contribute positively to the training process.

Several strategies are employed to enhance the performance of classifiers by
utilising diverse augmentation techniques. Among these, GANs have gained significant
popularity for data augmentation purposes. GANs are deep learning models consisting
of two neural networks, the generator and the discriminator, which compete against
each other to produce realistic images (Elsheikh, 2008). The generator creates synthetic
images, while the discriminator evaluates their authenticity, generating increasingly
realistic images through this adversarial process. Conditional Generative Adversarial
Networks (cGANSs), an extension of GANSs, introduce additional information to control

the generation process more precisely, allowing the creation of images for specific classes
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(Krizhevsky et al., 2012; Sener & Savarese, 2017).

cGANSs’ ability to focus on particular class labels enhances the diversity of
training data and helps address class imbalance issues. By generating synthetic images
representing various classes, cGANSs significantly improve the model’s ability to learn

from a more varied dataset.

In addition to GANs and cGANs, Vision Transformers (ViT) have shown re-
markable effectiveness in capturing long-range dependencies within image data, making
them adept at handling complex contextual information. ViT models are designed to
process large images and extract detailed features, including fine-grain details, crucial
for high-quality image analysis. The ability of ViT to handle complex image structures
complements the strengths of GANs and cGANs. Combining these techniques, GANs for
data augmentation and ViT for feature extraction offer a robust approach to addressing the
challenges of data insufficiency and class imbalance. This integrated strategy enhances
the model performance by increasing the diversity of training data and improving the

extraction of meaningful features from images.

1.2.2 Feature Extraction and Model Transparency

Feature extraction plays a crucial role in the analysis of medical images, as it directly
impacts the accuracy and effectiveness of diagnostic models. Currently, the methodolo-
gies used to extract the characteristics of colorectal polyps include mainly end-to-end
learning, hand-made characteristics, and hybrid methods (Bernal et al., 2017). Each
of these approaches has distinct advantages and limitations in capturing the relevant
characteristics of polyps. End-to-end learning involves training models, particularly

deep learning networks, to learn features directly from raw image data without manual
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intervention. This approach leverages neural networks to automatically discover and
extract relevant features from images, eliminating the need for explicit feature engin-
eering. On the other hand, hand-crafted feature extraction relies on manually designed
algorithms to identify and quantify specific attributes such as texture, shape, colour, and
intensity. These features are engineered based on domain knowledge and are used to
train traditional machine learning models. Although hand-crafted methods offer a high
level of control over feature selection, they can be limited by the designer’s expertise.

They may not capture all relevant aspects of the data.

Hybrid methods combine end-to-end learning and hand-crafted approaches, in-
tegrating the strengths of each to improve feature extraction. For instance, these methods
might use deep learning to automatically extract high-level features while incorporating
manually designed features to capture specific details that are particularly important
for accurate classification. Despite these advancements, it remains crucial to extract
complete and accurate features, including fine-grain details, to minimise the misclassific-
ation rate of polyps. The quality and granularity of the extracted features significantly
influence the performance of the classification models. Inaccurate or incomplete feature
extraction can lead to misclassification, affecting the reliability of diagnostic results.
Therefore, ongoing research and development efforts focus on refining feature extraction
techniques to enhance the precision and effectiveness of colorectal polyp detection and

classification systems.

The sourcing of data and the relevant features have been the two determining
factors influencing the prediction accuracy of CAD systems. Traditionally, it has been
observed that those trying to resolve these problems, especially in the biomedical domain,

have focused on one of the two aspects at a time, either increasing the data availability or
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enhancing the feature extraction approaches. Nevertheless, completing the last two steps
will be dealt with simultaneously, which is complicated in several aspects. Firstly, data
augmentation methods are widely used to address the issue of limited data. Common
practices include rotation, flipping, adjusting brightness, and scaling of images. While
these techniques are effective for increasing the size of the dataset, they do not introduce
new or unseen samples, limiting the training data’s diversity. As a result, the dataset may
still lack sufficient variability to effectively train models, leading to potential limitations
in the model’s ability to generalise to new, real-world data. Secondly, the reliance on
traditional data augmentation methods also impacts the feature extraction process. Since
these methods do not introduce novel images but rather modify existing ones, they often
fail to capture the full range of variability in real-world scenarios. This limitation results
in a dataset that may not fully represent the diverse features necessary for accurate
classification. Consequently, the feature extraction process is constrained, decreasing
classifier sensitivity and performance. The model may struggle to differentiate between
subtle feature variations, which can negatively impact its ability to classify and predict
outcomes accurately. Therefore, addressing data availability and feature extraction
challenges is crucial for developing robust CAD systems. Innovative approaches that
combine advanced data generation methods with sophisticated feature extraction methods
are needed to overcome these limitations. This includes incorporating strategies such
as synthetic data generation, leveraging new augmentation methods, and improving
the extraction of detailed and discriminative features to enhance CAD systems’ overall

accuracy and reliability.

This research aims to resolve challenges in the feature extraction process by
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incorporating the Vision Transformer (ViT) model into the framework. The Vision Trans-
former, introduced by (Dosovitskiy et al., 2020), represents a significant advancement in
image classification and has shown remarkable efficiency in feature extraction tasks. The
ViT model leverages a novel approach inspired by how humans perceive and analyse
images. Just as humans focus on specific regions of an image to identify areas of interest,
ViT applies a similar concept to image classification, allowing it to efficiently capture

and process relevant features (Han et al., 2022).

The Transformer architecture, originally designed for Natural Language Pro-
cessing (NLP) tasks (Vaswani et al., 2017), has achieved substantial success in under-
standing and generating human language. Its ability to handle complex dependencies and
contextual information in text has sparked interest among computer vision researchers in
exploring whether this architecture could also excel in visual tasks. This curiosity has led
to a growing body of research investigating the potential of Transformer models as strong
contenders to traditional Convolutional Neural Network (CNN) architectures, such as
ResNet, GoogleNet, and others. CNNs have long been the dominant approach for image
analysis due to their ability to capture spatial hierarchies and local patterns in visual
data effectively. However, the advent of Transformer models, with their ability to model
long-range dependencies and capture global context, has prompted a reevaluation of their
effectiveness compared to CNNs. The exploration of ViT and other Transformer-based
models in computer vision is driven by the potential for these models to provide superior
performance in feature extraction and image classification tasks, particularly in complex

and high-dimensional data scenarios.

In recent years, research on transformers in computer vision has been primar-

ily focused on integrating Convolutional Neural Networks (CNNs) with self-attention



Chapter 1. Introduction 31

mechanisms (Bello et al., 2019; Zhao et al., 2020; Ramachandran et al., 2019; Srinivas
et al., 2021). While these hybrid approaches have shown promising results, they often
fall short in terms of computational scalability when compared to purely attention-based
transformers. The Vision Transformer (ViT) represents a significant advancement in
this area. It is the first pure attention-based model demonstrating performance on par
with traditional CNNs. The ViT operates by taking a sequence of embedded image
patches as input, aligning with the principles of the standard transformer architecture
(Vaswani et al., 2017). However, one of the notable limitations of the ViT model is its
requirement for a substantial amount of training data to achieve optimal performance.
For instance, it typically requires datasets as extensive as ImageNet21k (Deng et al.,
2009) to leverage its full potential. Despite this, the ViT model excels in learning and
extracting image features. The final layer of the ViT model can effectively capture and
extract meaningful features, which can then be utilised for further tasks. Integrating
conditional GANs (cGANSs) into the framework can be highly beneficial in addressing
the challenge of dataset limitations. cGANs can generate synthetic images to augment
the dataset, fulfilling a large training dataset requirement and enhancing the model’s

overall performance.

While newer transformer-based architectures, such as Swin Transformer, DeiT,
Hybrid Transformers, and PVT (Pyramid Vision Transformers), offer computational
efficiency, they primarily focus on capturing local relationships in image patches. This
design makes them well-suited for scalability and small datasets but less effective in
medical imaging tasks requiring distinguishing subtle differences between anatomical
structures. In contrast, Vision Transformers (ViTs) leverage a self-attention mechan-

ism that captures long-range dependencies and global relationships, which is crucial
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for precise medical image classification—especially for tasks like differentiating polyp
boundaries from surrounding tissues in colorectal cancer detection. Many transformer
variants prioritise computational efficiency over feature richness, leading to challenges in
handling complex medical images. This trade-off can significantly impact classification
accuracy in high-risk applications, where misclassification can have serious clinical
consequences. Additionally, some variants introduce architectural complexities, such
as shifting windows in Swin Transformers, which may increase model interpretability
challenges and computational overhead without improving feature extraction quality.
One of the key distinctions between ViTs and their variants is the treatment of global re-
ceptive fields. Swin Transformers, for instance, utilise local attention windows to reduce
computational cost, making them more scalable for high-resolution images. However,
this comes at the cost of a reduced global receptive field, crucial for identifying structural
relationships in medical imaging. While introducing shifting windows helps somewhat
mitigate this limitation, adding additional architectural complexity may not necessarily
translate to better feature extraction. ViTs, on the other hand, maintain a global receptive
field from the beginning, enabling them to capture contextual relationships across the
entire image. This is particularly important in medical imaging tasks where subtle dif-
ferences—such as a polyp’s faint boundary against the colon wall—can decide between
a correct or incorrect diagnosis. While DeiT (Data-efficient Image Transformers) is
optimised for small datasets using knowledge distillation techniques, its performance on
large-scale medical datasets may not match standard ViTs. ViTs’ global attention mech-
anism excels at learning complex patterns in large datasets, making them more suitable
for medical applications involving vast amounts of high-resolution data. Architectures
like Swin Transformer and PVT trade off feature richness for computational efficiency.

While they efficiently model local spatial relationships, their limited ability to capture
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fine-grained, long-range dependencies can be problematic in medical image classification,
where minor differences in texture, shape, or contrast determine clinical decisions. In
high-stakes environments such as cancer diagnosis, compromising on feature extraction
is not acceptable, as errors can lead to misdiagnoses and potentially life-threatening
consequences. While newer transformer architectures provide computational benefits,
their feature extraction and long-range dependency modeling trade-offs make them less
ideal for medical image analysis, particularly in colorectal polyp detection. Given the
sensitivity of medical data, ViTs remain a strong choice due to their ability to capture
global relationships without sacrificing interpretability or feature richness. Future ad-
vancements should aim to balance efficiency with diagnostic accuracy, ensuring that

computational optimisations do not come at the cost of patient safety.

Another significant challenge in deep learning models is their inherently opaque
decision-making process. Automated diagnosis systems must address this problem to
build trust and reliability with medical practitioners. Developing an explainable CRC
classification system for colonoscopy imaging is essential to bridge this gap effectively.
Such a system should provide insight into the features that contribute to the final predic-
tions of the model, thereby assisting pathologists in making well-informed decisions. Our
research framework is designed to deliver a deep learning-based classification model that
achieves high performance and maintains transparency and interpretability. To realise this
objective, we leverage the feature extraction capabilities of the Vision Transformer (ViT)
model. The features extracted by the ViT model are then visualised using Grad-CAM
(Gradient-weighted Class Activation Mapping). Grad-CAM is a visualisation technique
that generates heatmaps to highlight areas of an image that significantly influence the

decision-making process of the model. This method allows for a detailed representation
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of the focus areas of the model, providing valuable information on how different char-
acteristics contribute to the final classification. By incorporating such explainable Al
techniques, our framework aims to enhance the interpretability of deep learning models in
CRC classification, ultimately fostering greater trust and confidence among pathologists

and healthcare professionals.

1.2.3 Nonlinear Dimensionality Reduction and Model Regularisation

An increased number of extracted features often results in high-dimensional data, which
poses a significant challenge to capture meaningful patterns among the dispersed data
points. This complexity can lead to notorious overfitting problems, where the model
performs well on training data but poorly on unseen data. Addressing this issue is crucial
for building a generalised and robust model, as overfitting can drastically affect the
model’s performance and reliability. Several strategies are employed to mitigate the
problem of overfitting, such as early stopping or regularisation of the parameters (Ying,
2019). However, these methods can sometimes limit the maximum representational
capacity of the trainable filters, potentially reducing the model’s ability to capture intricate
patterns in the data. Images, especially those used in medical diagnostics, often contain
complex, nonlinear structures that linear methods alone cannot effectively represent. This
limitation necessitates the use of advanced techniques to enhance feature representation.
In this context, nonlinear dimensionality reduction techniques are more appropriate for
our data. These methods are designed to uncover and preserve the underlying structure
of high-dimensional data in a lower-dimensional space, which is particularly useful for
dealing with complex and nonlinear patterns in image data. Our framework incorporates

regularising the manifold algorithm’s cost function to improve feature extraction and
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representation. This approach aims to address the challenge of high-dimensional data
by leveraging the manifold structure of the data, thereby enhancing the accuracy and
generalisability of the model. By integrating such advanced techniques, we strive to

build a more effective and robust model for analysing and classifying medical images.

The manifold algorithm aims to represent the complexity in the geometry of
images, which are represented as high-dimensional data in a way that will be encoded
in low-dimensional embeddings that are formed and subsequently used. The goal of
manifold learning for dimensionality reduction is to identify a mapping from a high-
dimensional manifold to a lower-dimensional space, allowing for the representation of
data points in the high-dimensional space while effectively reducing the dimensionality
of the data (WEI, 2023). This activity is essential since most of the image information
is complex and, most of the time, has underlying structures that are not linear and
cannot be modelled traditionally. Several dimensionality reduction techniques are usually
employed to solve these problems. The most common are multidimensional scaling
(MDS) and principal component analysis (PCA). MDS and PCA techniques are both
linear transformations that allow for decreasing the dimension of the supplied data.
However, such linearity can hinder the learning and modelling of nonlinear manifolds.
Linearity does not always work well when nonlinear relationships are in the form of

high-dimensional data, resulting in inadequate feature abstraction.

In contrast, these non-linear dimensionality reduction approaches target high-
dimensional space structures more efficiently by finding and retaining appropriate geo-
metry. For example, Isometric Mapping, or Isomap, has the property that distances are
preserved but maps the data points undistorted in a less dimensional space. This method

does an excellent job of preserving the geometric arrangement of the data’s internal
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structure to create complicated structures in lower dimensions.

Unlike Locally Linear Embedding (LLE), which preserves local neighbourhoods’
structures well, it guarantees the degradation of global neighbourhoods’ hierarchy. LLE
is more efficient than its other counterparts in exploring the data structure because it puts
more attention on the local structure of the manifold, which is important in applications
that need to understand the detailed structure and subtle changes of the data. These
types of nonlinear dimensionality reduction techniques have considerable advantages
over linear methods. They help to understand the much deeper and more sophisticated
structure of the higher-dimensional data. To take advantage of these methods, the
proposed approach intends to leverage their benefits in improving the effectiveness of
the feature extraction process and, consequently, the model’s overall performance in the

analysis and classification of image data.

1.2.4 Model Evaluation

Medical risks brought about by automated diagnosis systems are unlikely to be acceptable,
especially in CRC. Thus, imaging and classification of polyps are necessary for effective
diagnosis. Overlooking polyps can create several problems, including delays in critical
polypectomy operations and inappropriate decisions related to further resection. Such
delays or errors may be risky for complete risk neoplasia progression and ultimately
have fatal consequences for the patient. To mitigate these risks and ensure the reliability
of automated diagnostic systems, it is essential to incorporate a comprehensive set of
advanced evaluation metrics beyond basic accuracy measures. Precision, recall, and
F1 score are critical metrics that provide a more nuanced understanding of the model’s

performance. Precision measures the proportion of true positive classifications among
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all positive identifications made by the model, while recall assesses the proportion of
actual positives that were correctly identified. The F1 score, precision, and recall offer
a balanced evaluation of the model’s ability to correctly identify relevant cases while

minimising false positives and negatives.

In simpler terms, addressing type II classification errors, also known as false
negatives, is essential to ensure the effectiveness of diagnostic tests. A high-sensitivity
test is crucial because it guarantees that all identified negatives are truly negative, which
means the test correctly identifies every instance where the condition is absent. This high
sensitivity is particularly valuable for ruling out diseases and is crucial for screening
tests, especially for conditions with low prevalence where missing a case could have

severe consequences.

Colonoscopy is arguably the most sensitive diagnostic procedure to limit colon
cancer and strengthens colon cancer screening efforts. Potential cases of colon cancer
are not missed due to the high level of sensitivity, making it easier to initiate care and
treatment. This is due to the importance of colon cancer, where high-sensitivity tests
should seek to eliminate false negatives that can present and delay the diagnosis of
patients. Performance evaluation, as a result, in this case, focuses on recall measures.
Recall or sensitivity, in this case, is important because it measures how well the test
identifies people with positive cases. In this case, incorrect classification of malignant
polyps would lead to a high false negative rate, which would be detrimental to patients.
In this case, a high false negative rate means that malignant polyps would be missed,
resulting in the development of cancer, which in turn is unfavourable for the patient.
Hence, it is important to incorporate high sensitivity into the diagnostic architecture to

avoid misdiagnosis and achieve adequate cancer screening.
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1.3 Research Questions

RQ1:

RQ2:

RQ3:

Can an efficient deep learning colorectal polyp classification model be developed
using advanced data augmentation techniques for insufficient training data?

Sub-questions:

la. Which set of hyperparameter settings contributes to optimal performance in

building a CRC polyp classifier using transfer learning?

1b. Which is the best-fit deep learning model to successfully assist endoscopists

in performing virtual biopsies?

1c. Which data augmentation technique is most effective for enhancing the quality

and diversity of the CRC polyp dataset?

How can deep learning models be made more interpretable and transparent for
CRC classification, ensuring that pathologists can trust and understand the decision-
making process?

Sub-question:

2a. How can we extract and visualise key features in CRC polyp images that

contribute to its predictions?

Can nonlinear dimensionality techniques regularise the CRC classification model
and achieve a successful classification task?

Sub-question:

3a. To what extent can nonlinear dimensionality reduction techniques such as

Isomap, t-SNE, or LLE simplify the feature space complexity and improve
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the regularisation of the CRC classification model?

RQ4: Does the CNN classification model performance further enhance by developing
custom-built networks for accurate colorectal polyp classification?

Sub-question:

4a. How do custom-built CNNs compare to pre-trained models using transfer

learning for colorectal polyp classification?

1.4 Research Aims and Contributions

Our research aims to accomplish the following objectives:

* To provide a DL-powered solution for CRC virtual biopsy to help pathologists
distinguish between those that should go under histopathology and those that

should be removed directly.

* To assist in diagnosing colonic polyps with minimal training for endoscopists

through deep learning-assisted colonoscopy.

* To standardise endoscopy procedures and reduce human error while assisting

experts in improving accuracy and sensitivity of diagnoses.

* To handle the problem of data insufficiency and class imbalance by generating

high-quality and diverse synthetic CRC image data.

* To provide an explainable deep learning model essential for pathologists in inter-

preting the decision-making process.

* To discover significant patterns within complex high-dimensional images and to
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regularise the deep learning algorithm for better generalisation and to prevent

overfitting.

We have contributed the following main points to this thesis:

* Introduced an innovative framework for transfer learning-based virtual biopsy,
focusing on classifying colorectal polyps captured under NBI lighting. The frame-
work addresses the challenge of limited dataset images by leveraging transfer

learning and image augmentation.

 Evaluated and compared the efficacy of various structures in deep learning, namely
GoogLeNet, ResNet50, Inception-v3, Xception, DenseNet-201 and SqueezeNet,
to identify the most suitable deep neural network for the classification of colorectal
polyps with traditional data augmentation techniques and determining optimal

hyperparameter configurations to optimise deep neural networks.

* Proposed a weighted average ensemble model to deal with the complex nature of
polyps by improving the classification system’s generalisation and classification
results through a weighted average ensemble learning technique by assigning
weights to base classifiers, contrasting with ensemble averaging and cutting-edge

CNNE.

* Proposed a heterogeneous ensemble approach for classifying colorectal polyps in
colonoscopy images. The model enhances generalisation and robustness by lever-

aging the strengths of independent CNNs within the ensemble learning framework.

* Classified polyps into three classes: serrated polyps in addition to hyperplastic and

adenomatous polyps, which lead to CRC through an alternate serrated pathway,
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which is challenging to identify.

* Presented a novel framework for a concordant conditional generative adversarial
classifier that generates realistic and diverse CRC images. Synthetic images
generated were used for efficient training, asserting the strength of a unified
cDCGAN and classifier network to generate unseen data for training a classifier

while enhancing the generalisability of the classifier.

* Investigated the unified ability of the proposed cDCGAN and ViT for effective
classifier training on insufficient biomedical image datasets and feature extraction

to achieve multiclass CRC polyp classification.

* Presented an explainable deep learning method, XAlI, using Grad-CAM to build
the trust of pathologists and enhance the transparency of the decision-making

process of the developed method.

* Presented the fusion of synthetic data generation and feature extraction with a
nonlinear manifold learning technique to alleviate the curse of dimensionality and

performed model regularisation.

1.5 Research Methodology

This thesis employs the Design Science Research Method (DSRM) process model, a
problem-solving paradigm dedicated to advancing human knowledge by creating innov-
ative and effective artefacts. The DSRM framework is particularly suited for addressing
complex challenges by designing and evaluating solutions that provide practical and

theoretical contributions.
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In our approach, we conducted a thorough analysis of existing research to identify
gaps in the current knowledge base and explore potential areas for improvement. Our
motivation for conducting this research is rooted in the pressing need for a reliable virtual
biopsy assistance tool specifically tailored for pathologists dealing with colorectal cancer
(CRO). Clinicians often encounter difficulties trusting the decision-making processes
of deep learning models, especially those developed for medical image classification.
This lack of trust is often due to the opaque nature of these models, which hinders their

integration into clinical practice.

To address these challenges, our study aims to develop an accurate and efficient
deep learning-based computer-aided diagnostic (CAD) tool designed to classify the
subtypes of polyps of CRC polyps effectively. Furthermore, we strive to enhance the
explainability of the model’s predictions, which is crucial for building confidence among
clinicians and pathologists. By formulating a deep learning framework, we address
the issues of insufficient biomedical datasets and class imbalance. This is achieved by
integrating a concordant conditional generative adversarial network (cGAN), which helps

generate synthetic images to supplement the existing dataset.

Additionally, the study focuses on developing an explainable model using Vision
Transformers (ViT) combined with the Grad-CAM approach. This combination is inten-
ded to elucidate the black-box nature of deep learning models, providing insights into
how predictions are made. Given the large dataset and the high dimensionality of images,
we also incorporated nonlinear manifold learning and model regularisation techniques.
These methods are essential for managing the complexities of high-dimensional data and

ensuring that the model remains robust and generalisable.
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We conducted extensive experiments to thoroughly validate the proposed deep
learning framework, utilising it across three distinct CRC polyp datasets. These datasets
were acquired from both public repositories and private sources, ensuring a diverse
range of data for robust testing. By leveraging data from multiple sources, we aimed to
capture various characteristics of CRC polyps, thereby enhancing the generalisability and
reliability of our framework. The experimental procedures were meticulously designed
to comprehensively assess the effectiveness of our model on each dataset. For each
dataset, we conducted multiple rounds of testing, employing a variety of advanced
evaluation metrics to gauge the model’s performance accurately. These metrics included
but were not limited to accuracy, precision, recall, F1-score, and sensitivity. Using a
comprehensive set of metrics ensured that the model’s strengths and weaknesses were

fully understood, allowing us to refine and optimise its performance.

In addition to evaluating the overall performance of the proposed deep learning
framework, we also broke down the evaluation process to assess the contribution of each
component within the framework. Each framework part was subjected to a separate
evaluation using its corresponding evaluation metrics. This granular approach allowed us
to identify which components were most effective and which needed further refinement.
By analysing each part individually, we could ensure that every aspect of the framework

functions optimally and contributes positively to the overall performance.

Furthermore, these experiments provided valuable insights into how different
elements of the framework interacted with each other. Understanding these interactions
was crucial for fine-tuning the model and ensuring consistent and reliable results across
all datasets. The thoroughness of this evaluation process underscores our commitment

to developing a deep learning solution that is accurate, highly reliable, and adaptable
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to different types of data. This thesis not only seeks to advance the field of medical
image classification but also aims to improve the trust and reliability of deep learning
models in clinical settings by addressing key challenges related to data insufficiency,
class imbalance, and model interpretability. Our comprehensive experimental approach,
combined with detailed evaluations of each component, has allowed us to validate the
effectiveness of the proposed deep learning framework rigorously. This methodical
process has provided a deep understanding of the model’s capabilities and limitations,
guiding us toward further improvements and ensuring that the final solution is robust and

dependable in real-world applications.

1.6 Thesis Structure

To address the research aims specified, this thesis is outlined as follows:

Chapter 2 provides a comprehensive overview of six pivotal themes in our
research area, each contributing to the advancement of computer-aided diagnosis (CAD)
for colorectal cancer (CRC) and related fields. Section 2.1 delves into previous studies
on CRC CAD systems, presenting a detailed examination of various CAD approaches’
evolution, methodologies, and effectiveness over time. This section reviews how these
systems have been developed and refined, including their successes and limitations
in improving diagnostic accuracy and efficiency. Section 2.2 focuses on synthetic
image generation and its critical role in enhancing data diversity and quality. This
section explores various techniques used to generate synthetic images, evaluating their
effectiveness in addressing data insufficiency and variability challenges. The review

highlights how synthetic image generation can bridge gaps in data availability and
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contribute to more robust training datasets. In Section 2.3, we review advancements and
challenges in feature extraction techniques, which are essential for building accurate and
reliable classification models. This section provides an in-depth analysis of different
methods for extracting features from medical images, discussing their strengths and
limitations. It emphasises the importance of extracting detailed and informative features
to improve the performance of classification systems. Section 2.4 examines the progress
and current practices in model explainability, particularly in the context of medical
diagnosis systems. This section discusses how explainability techniques are implemented
to make deep learning models more transparent and interpretable. By providing insights
into these models’ decision-making processes, explainability helps build trust among
practitioners and improve diagnostic decision-making. In Section 2.5, we review feature
selection methods, highlighting their role in refining model performance and addressing
issues such as class imbalance. This section discusses various feature selection techniques
and their impact on model accuracy and efficiency, stressing the need for effective feature
selection strategies to enhance the overall performance of diagnostic models. Finally,
Section 2.6 covers model regularisation and its application in image classification. This
section explores different regularisation techniques to improve model generalisation
and prevent overfitting. It discusses how these methods contribute to developing more
robust and reliable classification models by managing the complexity of the models and

ensuring they perform well on unseen data.

Chapter 3 offers a detailed overview of the proposed methodology for colorectal
polyp classification, providing a thorough illustration of each methodological step in-

volved. This chapter emphasises how integrating concordant image generation with
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advanced feature extraction techniques can facilitate the development of a highly ex-
plainable and effective classification model. By leveraging these methodologies, we
aim to address various challenges associated with CRC polyp classification and enhance
overall model performance. We illustrate how concordant image generation can be com-
bined with feature extraction processes to improve model explainability and accuracy.
The chapter discusses the application of nonlinear dimensionality reduction techniques,
such as Isomap and LLE, which are instrumental in preserving data’s statistical and
geometric properties when reduced to lower dimensions. These techniques also play
a crucial role in regularising the model, enhancing its classification performance and
generalizability. Section 3.1 presents the methodological framework developed in this
study, detailing the comprehensive approach employed for CRC polyp classification.
This section lays the foundation for understanding how various methodology components
are integrated to achieve the desired outcomes. Section 3.1.1 delves into the capabilities
of the weighted ensemble method and the importance of hyperparameter optimisation
in classification tasks. This section addresses research question RQ1, highlighting how
these techniques improve model performance and accuracy by combining the strengths of
multiple models and fine-tuning hyperparameters. In Section 3.1.2, we discuss enhancing
synthetic image generation using conditional adversarial networks to create high-quality,
concordant datasets. This section demonstrates how synthetically generated images can
be optimised to address data insufficiency issues and improve the classification model’s
robustness. Section 3.1.3 elaborates on deep feature extraction using attention-based
mechanisms, addressing the research question RQ2. This section emphasises the im-
portance of extracting fine-grain details from polyp images to enhance the classification
model’s sensitivity and accuracy. Section 3.1.4 focuses on integrating explainable Al

(XAI) into the classification pipeline, which facilitates the understanding of the model’s
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decision-making process. This section addresses how XAI methods help interpret model
predictions and build trust among practitioners. Section 3.1.5 examines the significance
of nonlinear dimensionality reduction and model regularisation in biomedical image
classification, addressing research question RQ3. This section illustrates how these tech-
niques contribute to managing the complexity of high-dimensional data and improving
model performance. Finally, Section 3.1.6 presents the final classification results and
addresses the research question RQ4. This section provides a comprehensive analysis of
the classification performance, evaluating the effectiveness of the proposed methodology

in achieving accurate and reliable CRC polyp classification.

Chapter 4 provides an in-depth discussion of the experiments conducted using
the developed framework, offering a comprehensive analysis of each phase of the experi-
mentation process. Section 2.7 delves into the problem formulation, outlining the specific
challenges and objectives addressed by the framework. This section is crucial for under-
standing the context and rationale behind the experimental design, including formulating
research questions and hypotheses that guide the validation of the model. Section 4.1
presents a detailed account of the datasets utilised for training and evaluating the learning
model. This section describes the datasets’ sources, characteristics, and preprocessing,
including any data augmentation or enhancement techniques applied to improve dataset
quality and diversity. Section 4.2 details the experimental setup, providing a thorough
description of the implementation procedures. This includes the configurations and
parameters used during the experiments and the hardware and software environments
in which the experiments were conducted. The section offers insights into the practical
aspects of executing the experimental protocols. Section 4.3 outlines the network archi-

tecture employed in the experimental phase, detailing the specific deep learning models
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and configurations used. This section includes information on the network layers, hyper-
parameters, and any modifications made to the base architectures to suit the experimental
requirements. Finally, Section 4.4 elaborates on the advanced evaluation metrics applied
to assess the performance of the model. This section explains each metric used, including
their relevance and application in evaluating the model’s effectiveness. It also discusses
how these metrics contribute to a comprehensive understanding of the model’s strengths

and areas for improvement, ensuring that the model is rigorously tested and validated.

Chapter 5 presents a comprehensive analysis of the results derived from the
experiments outlined in the previous chapter, offering detailed insights into each aspect
of the evaluation process. Firstly, Section 5.1 focuses on the outcomes of extensive exper-
imentation with hyperparameter tuning, transfer learning, and ensemble learning. This
section thoroughly analyses how these techniques influenced the model’s performance.
The discussion covers the impact of various hyperparameters on model accuracy, the
benefits of incorporating transfer learning, and the effectiveness of ensemble learning
in enhancing the model’s robustness and generalizability. The results are analysed to
highlight key findings and implications for future work. Next, Section 5.2 delves into the
results of synthetic image generation and deep feature extraction, including an in-depth
analysis of evaluation metrics such as Fréchet Inception Distance (FID), Inception Score
(IS), Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index (SSIM). This
section discusses the quality and diversity of the generated synthetic images, assessing
their impact on model performance. The analysis includes a comparison of generated
images with real images to evaluate their effectiveness in addressing data insufficiency
and enhancing feature extraction. In Section 5.3, the focus shifts to the explainability

and regularisation aspects of the model. This section presents the results of various
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manifold learning algorithms, evaluated using metrics such as Adjusted Rand Index
(ARI), Normalised Mutual Information (NMI), and Fowlkes-Mallows Index (FMI). The
discussion includes an examination of how these metrics contribute to model robustness
and interpretability. Additionally, the explainable Al (XAI) module results are presented,
demonstrating how explainability techniques have been integrated into the model to en-
hance transparency and understanding of the decision-making process. Finally, Section
5.4 provides a detailed presentation and discussion of the final classification results. This
section includes an evaluation of the model’s performance based on several metrics, such
as sensitivity, specificity, accuracy, precision, recall, F1-score, and others. The results
are compared with existing state-of-the-art methods to highlight the effectiveness of the
proposed framework. The chapter concludes with a summary of key findings and their

implications for colorectal polyp classification and future research directions.

Finally, Chapter 6 provides a comprehensive summary of the research conducted
throughout this thesis, drawing well-supported conclusions based on the findings and
analyses presented in previous chapters. Section 6.1 offers an in-depth exploration of
the principal discoveries made during the research. This section synthesises the results
from various experiments and methodologies, emphasising the significant contributions
of the proposed framework to the field of colorectal polyp classification. It discusses
how integrating synthetic image generation, advanced feature extraction, and explainable
Al has addressed critical challenges, such as data insufficiency, feature representation,
and model interpretability. The key findings highlight the effectiveness of the proposed
approach in improving classification accuracy, enhancing model sensitivity, and providing
a more transparent decision-making process for pathologists. Section 6.2 delves into

the broader implications of the research, outlining how the results impact medical
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image analysis and computer-aided diagnosis. This section discusses the potential
benefits of the proposed framework for clinical practice, particularly in enhancing the
efficiency and reliability of colorectal cancer screening and diagnosis. It also explores
how the methodology can be adapted for other medical imaging tasks and domains,
potentially leading to advancements in precision medicine and automated diagnostic
tools. In Section 6.3, the thesis identifies and discusses the limitations of the proposed
method. This section critically evaluates the challenges and constraints encountered
during the research, including issues related to dataset quality, the computational demands
of the model, and the generalizability of the findings. It also addresses areas where
the methodology could be further improved or refined. Lastly, the chapter outlines
promising directions for future research. It suggests potential avenues for enhancing
the framework, such as exploring more advanced generative models, improving feature
extraction techniques, and integrating additional explainability methods. The chapter
concludes with recommendations for researchers and practitioners interested in building
upon the work presented in this thesis, aiming to advance the field of colorectal cancer

diagnosis and treatment.

1.7 Publications from Thesis

The following research papers have been written and published as a part of this research
project.

Journal Publications

* Younas, F., Usman, M., & Yan, W. Q. (2023). An ensemble framework of

deep neural networks for colorectal polyp classification. Multimedia Tools and
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Applications, 82(12), 18925-18946. DOI: https://doi.org/10.1007/

s11042-022-14177-0

* Younas, F., Usman, M., & Yan, W. Q. (2023). A deep ensemble learning method
for colorectal polyp classification with optimised network parameters. Applied In-
telligence, 53(2), 2410-2433. DOIL: https://doi.org/10.1007/s10489

-022-03689-9
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Chapter 2

Literature Review

In this chapter, we review four major themes of literature related to the contributions
made in this thesis. First, we discuss previous research on colorectal polyp classification,
data augmentation, and synthetic image generation. Second, we present the research on
feature extraction in the medical domain. Third, we review the research on explainable
Al in computer-aided diagnostic systems. Fourth, we review the existing feature selec-
tion methods and discuss the research work done on model regularisation and image

classification. All of these themes form the basis for the research conducted in this thesis.

52
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2.1 Colorectal Cancer Classification

Numerous models have been proposed for the computerized classification of colonic
polyps, each aiming to improve the accuracy and reliability of detecting various polyps.
One model was proposed to identify adenomatous and non-adenomatous polyp types,
as outlined by Komeda et al. (2017). In this particular study, the data comprised 1,200
samples of adenomatous polyps and 600 samples of non-adenomatous polyps, totaling
1,800 samples. These samples were extracted from real-life colonoscopy examinations
conducted at Kindai University Hospital. The dataset spans a period from January
2010 to December 2016, ensuring a comprehensive collection of cases for the model’s
development and testing. Computer-aided vision, a key component of this research,
refers to a sophisticated tool used to classify objects within the visual field of medical
imaging, specifically focusing on the identification and categorization of polyps. The
integration of computer-aided vision with Convolutional Neural Networks (CNN5s) in this
work aims to enhance the accuracy of polyp classification significantly. The proposed
CNN-based Computer-Aided Diagnosis (CAD) model demonstrated an accuracy of 0.75
on real-time endoscopy samples, which were rigorously tested using a 10-fold cross-
validation method. However, it is important to note that this study does not delve into the
classification of specific polyp types, such as serrated adenomas, adenomatous polyps,

and hyperplastic polyps, which could be crucial for more precise medical diagnoses.

However, the authors suggest that model performance might have been further
enhanced given access to a larger and more varied dataset. The problem of scarcity of data
may partly be addressed by using methods like transfer learning, image augmentation or
oversamplin,g which are meant to increase the capacity of the model as well as improve its

generalisation ability to new data. Furthermore, fine-tuning the hyper-parameters of CNN
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might help to achieve improved accuracy and overall model performance. Consequently,
though the current accuracy of this model may not meet the highest standards, the CNN-
CAD system still remains a preferable and promising tool for improving computerized

polyp classification in medical imaging..

Patino-Barrientos et al. (2020) presented a deep learning (DL) model developed
based on Kudo’s classification system, which aims to identify polyps as either malignant
or non-malignant. The dataset in this study comprised 600 images collected from 142
patients at Urudliz Hospital and the Biodonostia Health Research Institute. To address
the issue of limited data, the researchers applied data augmentation techniques, thereby
increasing the dataset size and diversity, which is crucial for enhancing the model’s
performance and robustness. The problem was approached iteratively, beginning with
the implementation of a small, deep convolutional model to establish a baseline for
performance. Subsequently, the outcomes were compared by implementing the VGG-16
neural network architecture, which is known for its depth and complexity in feature
extraction. The researchers didn’t stop there; they further fine-tuned the model to
optimize its performance and compared the results across different configurations. The
evaluation metrics employed in this study included accuracy, precision, recall, and F1
score, which together provide a comprehensive assessment of the model’s classification
capabilities. After fine-tuning, the model achieved an accuracy of 0.83, a precision of
0.81, arecall of 0.86, and an F1 score of 0.83, indicating a well-balanced performance
across all metrics. Moreover, the performance of the proposed model was benchmarked
against other traditional classification techniques, including Support Vector Machines
(SVM) and k-Nearest Neighbors (KNN). While the results obtained from SVM and

KNN were comparable, the proposed deep learning model demonstrated a superior
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approach to the classification task, particularly in terms of accuracy and generalisation
to new data. However, despite these promising results, the study also highlighted the
need for more data to further improve the model’s performance. Utilising additional
data, whether through further data augmentation or oversampling techniques, could
significantly enhance the model’s performance, leading to more reliable and accurate
classification outcomes. The research emphasizes that deep learning models, while
powerful, are heavily reliant on large and diverse datasets to achieve their full potential

in medical image classification tasks.

Furthermore, an advanced artificially intelligent detection and classification
model utilizing a deep neural network architecture has been developed by Ozawa et al.
(2020) specifically for the classification of colorectal polyps. The algorithm underlying
this method is based on a Single Shot Multibox Detector (SSD), which is a type of deep
learning model designed for object detection. This model is particularly noteworthy
because it takes into account various polyp classes, including adenoma, hyperplastic
polyps, sessile serrated adenomas, and others, thereby contributing significantly to the
classification of polyp subtypes. The study employed a substantial dataset for training
and testing, comprising data from 12,895 patients who underwent colonoscopies at
the Tada Tomohiro Institute of Gastroenterology and Proctology in Japan. A total of
16,418 images were used to train the CNN algorithm, including 3,021 images of polyps
and 4,013 images of normal colorectal tissue. The processing time of the CNN was
remarkably efficient, with an average of just 20 milliseconds per frame, highlighting the
model’s potential for real-time applications. The trained model demonstrated impressive
performance by accurately identifying 1,246 polyps, achieving a sensitivity of 0.92 and a

positive predictive value (PPV) of 0.86.
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It is also worth noting that imaging modality slightly changed the model’s
performance. In terms of white-light (WL) images, both sensitivity and PPV were 0.90
and 0.83, respectively. The sensitivity and PPV values for Narrow Band Imaging (NBI)
were even higher, i.e., 0.97 and 0.98, respectively. In general, 83% of polyps were
correctly classified by the system, and WL imaging was able to identify as many as 97%
of adenomas accurately. The study has emphasized this model’s ability to detect and

differentiate different kinds of polyps with great accuracy.

However, it is important to note that the study suggests the model’s performance
could be further enhanced. Another point noted by researchers was not all optimized
hyperparameters have been used fully which show more possibility of making improved
outcomes through refined tuning. Despite this, the results of the developed system are
already impressive, demonstrating great potential for Al-based automated systems in
the detection and classification of colorectal polyps. However this research shows an
incredible development in being done with the help of such systems assisting medical
professionals in diagnosing patients accurately besides fastening this process hence
improving health care. It is suggested that further improvements need to be made on
these areas through more fine-tuning since there still remains potential for getting better
output from this model based on its training data features depictions. The instance given
demonstrates how such models are useful when determining whether or not an individual
has cancer, thus enhancing early diagnosis before it becomes too advanced, leading
to severe conditions like death. Furthermore, if implemented widely, such a program
could prove one essential solution towards addressing current challenges experienced
globally across most healthcare institutions today. An earlier version indicating what

we have now can be called artificial intelligence-aided colonoscopic image analysis
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using deep learning-based algorithms. These results showed that up to four out of five
human specialists achieved higher performance when assessed individually and as a team

compared to the Al system.

A recently suggested model by Wei et al. (2020) leverages deep neural networks
for classifying colorectal polyps, representing an advanced approach in medical imaging.
The project employed a ResNet neural network architecture as the foundation for an
ensemble model. This ensemble model was particularly sophisticated, comprising five
distinct ResNets with varying depths: 18, 34, 50, 101, and 152 layers. Using multiple
ResNets in an ensemble configuration allowed the model to capitalize on the strengths
of different architectures, thereby enhancing its overall performance and robustness.
The proposed model was designed to classify four critical types of colorectal polyps,
which are commonly associated with varying degrees of malignancy risk. These types
include tubular adenoma, tubulovillous or villous adenoma, hyperplastic polyp, and
sessile serrated adenoma. Accurate classification of these polyp types is crucial for
effective patient management and treatment planning, making developing such models a

significant step forward in colorectal cancer prevention and diagnosis.

Dartmouth-Hitchcock Medical Center in Lebanon, New Hampshire, provided
a diverse dataset collected by the researchers for training and testing the model. For
this purpose, the dataset was carefully divided into subsets where 326 slides were used
to train the model, 157 internal data slides were kept for further testing and validation
was done using 25 slides. Also, they gathered an additional 238 slides from twenty-four
different institutions so that their research could be exposed to a range of samples in
order to avoid overfitting problems. This comprehensive approach to data collection and

model training enabled the researchers to develop a highly effective deep learning model



Chapter 2. Literature Review 58

capable of accurately classifying multiple types of colorectal polyps. The ensemble
model used several ResNet architectures together with extensive and diversified datasets
outlining the potential of deep learning in improving medical diagnostics. With advancing
technology, such models are likely to become increasingly important tools for healthcare
professionals, helping them to detect and classify colon polyps more precisely hence,

improve patients’ outcomes in the future.

A hierarchical algorithm was designed to classify colorectal polyps using DL
models for medical image analysis as a structured approach. This was done by splitting
the slides into smaller patches using a sliding window algorithm, which enabled the model
to focus on local regions within the slides. In addition, these patches were classified by
neural networks for detailed analyses of specific parts in each slide. These grid searches
involve determining thresholds for every type of polyp, and they systematically test
various parameters over ranges in order to ascertain optimal settings. The major aim of
this study was to evaluate how well the hierarchical DL model performed compared to
the results given by pathologists, who are the gold standard in medical diagnostics. The
evaluation of the model’s performance relied on key metrics such as accuracy, sensitivity
and specificity, which are essential indicators of how effective these models could be
in real clinical applications. The outcomes showed promise, where on average, 0.93
accuracy was found within our internal dataset for the model slightly outperforming
pathologists’ 0.91 accuracy rate achieved respectively. The model was 87% accurate for
the external dataset, which is equivalent to that of pathologists at 86%. This means that it
is the same as a well-trained medical doctor and can therefore be used in healthcare as

an important tool.

However, this study had one major limitation: the dataset size was relatively
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small, and thus, its performance in real-world scenarios would be affected where there
is more variability and complexity. It is widely known that acquiring enough medical
data is a big challenge; these authors propose transfer learning as one solution to such
thorny issues as oversampling. In situations with few data sets available, such as in
healthcare systems, transfer learning may be useful. Additionally, it is recommended
that one use artificial techniques such as data augmentation to have more examples and
increase the diversity of the dataset, hence making it robust. Finally, the hierarchical
DL model results agreed with those of local pathologists, proving its potential as an
assistive tool for doctors involved in the evaluation and classification of colorectal polyps.
Through its accuracy and reliability in classification, this model could help the diagnostic
process to be straightened out, leading to better patient outcomes and the more efficient

consumption of healthcare services.

The approach developed by Korbar et al. (2017) leverages deep learning, a
sophisticated computer-guided analysis method, for the classification of CRC polyps.
This model is designed to identify five specific types of CRC polyps: hyperplastic
polyps, sessile serrated adenomas, traditional serrated adenomas, tubular adenomas,
and tubulovillous/villous adenomas. The dataset used in this study was substantial,
comprising 458 whole-slide images for training and 239 images for testing, all of which
were obtained from patients diagnosed with colorectal cancer. In total, 2,074 cropped
images were collected and used to train and validate the model, ensuring a diverse
and comprehensive dataset for analysis. To determine the most effective approach for
CRC polyp classification, the researchers executed and evaluated various deep-learning
neural network architectures. Standard network architectures such as AlexNet, VGG,

GoogleNet, and ResNet were all tested to characterize the polyps. Among these, ResNet
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stood out for its superior performance, particularly when implemented with varying
numbers of computational layers. Specifically, the ResNet architecture was deployed in
multiple configurations: ResNet-A, B, C, and D, which comprised 50, 101, 152, and 152
layers, respectively. Although ResNet-C and D both 152 layers, they differed in their
approach to mapping, with ResNet-C employing identity mapping and ResNet-D using

projection mapping.

Out of all the tested architectures, ResNet has shown the highest accuracy in
classifying the CRC polyps. The model was evaluated using multiple validation metrics
like accuracy, precision, recall, and F1-score. This yielded impressive results since the
model had an accuracy of 0.93, a precision of 0.89, a recall of 0.88 and an F1-score of
0.88. These figures imply that the model was very successful in accurately recognizing
and classifying different types of polyps; hence, it is a valuable tool for diagnosing and
treating colorectal cancer patients. Nevertheless, what is indicated by the research is that
it would have been better if there were more hyperparameter tuning performed on this
model, and the study revealed that there were several areas where better hyperparameter
tuning could improve performance by fine-tuning hyperparameters. Therefore, while they
are important to consider while developing a good architecture, we need to consider both
their selection and setting up to get the best result possible. This nonetheless shows that
despite deep learning offering potential for various improvements in medical diagnoses
Korbar et al. (2017), this approach still represents a great leap forward in utilizing deep
learning techniques for CRC polyp classification, thereby improving medical diagnostics

accuracy through enhanced technology deployment efficiency.

Another approach suggested by Mesejo et al. (2016) is to facilitate clinical work-

flows with a virtual biopsy technique by distinguishing colorectal polyps. This novel
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method combines ML and computer vision (CV) algorithms for categorizing hyperplastic,
serrated, and adenoma polyps. The process begins with inputting images in which key
features are extracted for further analysis. The next step is the use of the structure of
motion methods to rebuild 3D lesions and extract 3D shape characteristics that add spatial
dimensionality to the analysis, improving classification performance. Once 3D features
have been extracted, the images are supplied to the system for classification purposes.
Thus, these classifiers were tested against another ensemble classifier called Support
Vector Machines (SVM), a widely used machine learning algorithm known for good
performance in classification tasks. For training and testing their models, the researchers
compiled a dataset consisting of 76 colonoscopy clips. The various classification methods
demonstrated different levels of accuracy in the results. On average, the Random Forest
classifier outperformed the other methods with an accuracy rate of 0.78. Although it
scored lower than its counterpart at 0.29, Random Subspaces made some improvements
by achieving an accuracy rate of 0.49 while SVM had an accuracy rate of 0.29. The
practical applicability of models was evaluated, and these results were compared with
the performance of expert and beginner practitioners. This study highlights possible
applications for virtual biopsy in classifying colorectal polyps that could lead to improv-
ing clinical workflows through increased precision and efficiency rates. However, some
classifiers, such as SVM, have shown relatively poor performance, which necessitates
further adjustment and optimization on this front. Nonetheless, integrating ML and CV
into this technique is a significant advancement towards technology-assisted medical
diagnostics, as well as offering a potentially useful addition to medical professionals’
expertise in formulating better diagnosis tools, despite low performances by certain
classifiers such as SVMs indicating areas requiring additional model refinement and

optimization efforts on this matter.
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Moreover, another computer-aided technique proposed by Zhang et al. (2016) fo-
cuses on the identification and categorization of hyperplastic and adenomatous colorectal
polyps, utilizing Convolutional Neural Networks (CNNs) for both detection and clas-
sification tasks. This approach employs CNNs in a two-step process, starting with the
detection of polyps and subsequently classifying them into specific categories. Unlike
the method described in the study by Komeda et al. (2017), which also used CNNs
for polyp classification, the approach taken by Zhang et al. (2016) differs in how the
classification problem is addressed. Initially, a CNN model is implemented to detect
polyps in colonoscopy images. Once the polyps are detected, a second CNN model is
employed to classify the detected polyps into either hyperplastic or adenomatous types,
which are crucial for determining the potential malignancy of the polyps. The features
necessary for this classification task are derived from two extensive public datasets: the
ILSVRC (ImageNet Large Scale Visual Recognition Challenge), which contains 1.2
million images, and Place205, which includes 2.5 million images. These large datasets
provide a rich source of diverse features that enhance the model’s ability to accurately
classify colorectal polyps. It is important to note that this approach yields results worth
attention, and the system attains an accuracy of 0.85 compared to practitioners’ rate of
0.74. This step justifies the fact that in some cases, computer-assisted approaches can
outperform humans in certain diagnostic tasks, such as early polyp diagnosis, where
accurate detection and classification are vital. However, the study also suggests that
further optimization of hyperparameters might have achieved better performance, indic-
ating possibilities for model improvement. Nevertheless, it is commendable that, unlike
other techniques which necessitate more extensive data preparation, the proposed method
has a minimal preprocessing requirement for the diagnosis of colorectal cancer. Thus,

narrowing down the diagnostic process, making doctors use less time and improving
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the quality of decisions about colorectal cancer diagnoses earlier and accurately with
these computerized aids will ensure prompt treatment for patients, hence a chance to live

longer.

For classifying colorectal polyps into two main types (adenomatous and serrated),
a deep learning model was presented by Zachariah et al. (2020). This study aimed to
achieve low cost, timely polyp classification, while at the same time offering doctors
with a tool that augments their diagnostic acumen. The intention is to streamline the
process of classification through improved clinical workflows so as to ensure that more
accurate and timelier medical decisions are made. The model has been trained and
tested on an extensive dataset consisting of 5,278 high-quality images which provided
a solid foundation for developing a robust classification system. This proposed CNN
model architecture can be divided into two core components: the base module and
the head module. The Inception-ResNet-v2 architecture is applied in designing the
base module because it facilitates the extraction of complex details from images due
to its deep and complicated structure. These features are, in turn, passed onto the head
module, where they are transformed into grades on an intensity scale. After pattern
recognition, these grades enable differentiation between adenomatous or serrated polyps.
This investigation is the comparison of two different imaging methods, including white
light imaging (WL) and narrow-band imaging (NBI). Although the techniques used in
these two methodologies are different, no difference was observed between WL and NBI
in terms of the model’s performance. Therefore, it can be concluded that this model can
be used with any type of imaging modality that is needed in clinical practice. The dataset
showed a high NPV of 97%, which means that the model can be trusted to correctly

exclude polyps from non-defined groups. Also, the overall agreement on surveillance was
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94%, which showed good potential for this model to become a reliable tool for assisting
in colorectal polyp monitoring and classification. However, further studies could benefit
from including other types of polyp classification. This expansion would help increase
its usefulness in clinical settings since it could identify and categorize many more types
of polyps, leading, therefore to the provision of better diagnostic results possible through

a complete diagnosis process.

Another significant contribution to the classification of colorectal polyps was
developed by Poudel et al. (2020), targeting five specific classes: Adenocarcinoma,
Adenoma, Crohn’s disease, Ulcerative colitis, and normal images. This study involved
collecting data from Gill Hospital, which yielded a dataset of 3,515 image samples.
To further validate the proposed model, the researchers also used the KVASIR dataset,
which comprises 4,000 images. The inclusion of this diverse and extensive dataset helped
ensure the robustness and generalisability of the model in different clinical scenarios.
The deep learning model designed in this study employs deep layers that preserve spatial
information through the use of dilated convolution. This technique enhances the model’s
ability to classify polyps more accurately by capturing detailed spatial features, which
are crucial for distinguishing between different types of colorectal conditions. To avoid
overfitting, which can be a common issue in deep learning models, the researchers utilised
ResNet-50 as the backbone of the model. Additionally, Drop Block, a regularisation
technique, was employed to improve the model’s generalisation capabilities by randomly
dropping entire blocks of feature maps during training, forcing the model to learn more
robust features. The model’s performance was assessed based on some key metrics
such as accuracy, recall, precision, and Fl-score. The results were encouraging with

the colorectal dataset having an F1 score of 0.93 and KVASIR having a score of 0.88.
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These high F1 scores point to a successful balance between precision and recall by the
model, thereby accurately classifying colorectal polyps and related conditions. However,
despite the strong performance of the proposed method, future research would benefit
from contrasting it with other deep learning architectures. These comparisons may
reveal more about the strengths and weaknesses inherent in this model to obtain even
better classification results. Researchers can decide which is most effective for specific
tasks within colorectal polyp classification, thus adding to the accurate diagnostic tools

expedient in clinical practice by exploring different architectures.

A transfer learning architecture was proposed to enhance the classification of
colorectal polyps, leveraging advancements in deep learning techniques. The dataset for
this study consisted of 1,000 instances collected from patients during colonoscopies at
Gachon University Gil Hospital. To evaluate the effectiveness of the proposed method, the
authors compared it with AlexNet using various configurations, including AlexNet alone,
AlexNet + SOS, AlexNet + ImageNet, AlexNet + Places, and their own proposed method,
NIN + ImageNet. The term "Network in Network" (NIN) refers to a deep learning
architecture that incorporates multiple fully connected layers or multilayer perceptrons
within convolutional networks. This approach allows for more complex feature extraction
compared to traditional CNNs, leading to improved performance in classification tasks.
The proposed NIN + ImageNet model demonstrated a significant accuracy enhancement
of 18.9% over the models based on AlexNet, highlighting the effectiveness of this
architecture in improving classification results. A recall rate of 0.92 was achieved by the
proposed model, with a standard deviation of 0.029 and an area under the curve (AUC)
close to 0.930 with a standard deviation of 0.020.According to these measures, it is

evident that the model performs well in discerning between normal and abnormal polyps,
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hence assisting pathologists in proper diagnosis.The research however proposes that
comparing this model to other advanced architectures like ResNet and DenseNet can offer
additional insights on how it performs relatively.This would therefore provide further
proof for the effectiveness of NIN-based approach as well as uncover more areas where
it could be improved.In addition, inclusion of classification for more types of polyps
would enhance its clinical applicability and practicality.Moreover, classifying a wider
range of polyp types could potentially increase its usefulness in clinical contexts.Finally,
the proposed architecture for transfer learning demonstrates great potential towards

enhancing accuracy and efficiency in colorectal polyp classification.

A method using a stacking ensemble approach for improved polyp classification
performance was proposed by Rahman et al. (2021). The dataset used in this study
was sourced from the University of Alcala and consisted of 26,512 images categorized
into four classes: Hyperplastic, Serrated, Adenoma, and Non-polyp. Preprocessing
steps included removing glare from images, which, while typically beneficial, was noted
to potentially negatively impact classification performance in this case. To address
this, a frame selection method was implemented to reduce the model’s processing
time, optimizing the efficiency of the classification process. The core of the proposed
method involved a stacked ensemble approach that combined three convolutional neural
network (CNN) architectures: Xception, ResNet-101, and VGG-19. Each of these
architectures was optimized individually before being integrated into the ensemble. A
softmax classifier was applied to predict the likely outcome of each model, leveraging the
combined strength of the different architectures. The ensemble neural network performed
best with two hidden layers, comprising 10 and 8 neurons respectively, and the ReLU

activation function. The performance metrics achieved were impressive: accuracy of
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98.5% * 0.2%, recall of 96.2% + 0.87%, precision of 92.1% + 4.62%, specificity of
98.9% + 0.36%, and an area under the curve (AUC) of 0.9912. These metrics demonstrate
that the stacked ensemble approach significantly outperformed individual neural network
models. Despite the strong performance of the proposed method, the authors noted
that comparing it with other advanced architectures could provide further insights and
potentially reveal additional improvements. This comparison could help validate the
effectiveness of the stacking ensemble approach and identify opportunities for further

enhancement.

The study conducted by Sakr et al. (2022) proposes a novel and efficient deep
learning approach based on a Convolutional Neural Network (CNN) for automatic early
detection of colon cancer from histopathological images. The main objective of the study
is to propose a novel and efficient deep learning approach for automatic early detection
of colon cancer from histopathological images. The study uses a Convolutional Neural
Network (CNN) model to detect colon cancer from histopathological images, with the
input images being rescaled and normalized before feeding them into the model. The
study employs seven deep architectures with different batches and layers and selects the
best performance architecture as the proposed model. The proposed model consists of
four convolution blocks, a flatten layer, a fully connected layer, and a SoftMax layer, using
the Adam optimizer and Cross-entropy loss function. The proposed approach achieves
a high accuracy of 99.50% in detecting colon cancer from histopathological images,
with the results being compared to existing state-of-the-art methods. The proposed
model achieves high accuracy, precision, recall, and F1-score of 99.50%, 99%, 100%,
and 99.49%, respectively. The model can detect all abnormal images correctly with an

accuracy of 100% and accurately detect 99% of the normal images. The study concludes
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that the proposed deep learning approach is efficient and effective in detecting colon
cancer from histopathological images, with a high accuracy of 99.50%. The proposed
method is a new efficient deep CNN approach for colon cancer detection, outperforming
most previous deep learning approaches. The model is lightweight and can be useful
in cases where pathologists need to be insured. However, the study did not address the

challenges collectively.

The diagnosis and treatment of colon cancer are significant social and economic
challenges due to high mortality rates, with various tests and imaging modalities available
for screening and diagnosis, including histopathology images, Computed Tomography
(CT), and Magnetic Resonance Imaging (MRI). The main goal of the study done by
Tharwat et al. (2022) is the automatic diagnosis of colon cancer with high detection
accuracy and without manual intervention. The study aims to provide a comprehensive
review of the current studies on colon cancer, classified into deep-learning (DL) and
machine-learning (ML) techniques. The study uses various imaging modalities, including
Computed Tomography (CT), Endorectal Ultrasound (ERUS), virtual Computed Tomo-
graphy Colonoscopy (CTC), and Magnetic Resonance Imaging (MRI). The study also
uses machine learning (ML) and deep learning (DL) techniques to analyze the images.
The study various ML and DL techniques, including CNNs, SSD-GPNet, and SVM,
across different datasets and imaging modalities to evaluate their effectiveness in cancer
detection. The study found that various machine learning (ML) and deep learning (DL)
techniques can be used to accurately detect colon cancer. The study also found that the
use of a combination of CT with PET produces better results in oncology to diagnose
and detect the stage of cancer. The results demonstrated high accuracy and sensitivity in

detecting colorectal cancer, with some methods achieving up to 99.10% accuracy and
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98.82% sensitivity. The study concludes that the diagnosis and treatment of colon cancer
are significant social and economic challenges due to high mortality rates. The study
also concludes that various machine learning (ML) and deep learning (DL) techniques
can be used to accurately detect colon cancer. The study concludes that ML and DL.
techniques are effective in early-stage cancer detection, which can lead to early treatment
and reduced mortality rates. However, they did not consider all the major changes of

biomedical in a single pipeline.

Khazaee Fadafen & Rezaee (2023) explores the use of a multi-SVM with an
RBF-based learning pool in an ensemble learning framework to improve the classification
accuracy of colorectal cancer (CRC) histopathological images (HIs) using deep learning
techniques like dResNet and ResNet architectures. The objective of the study was to
develop a hybrid architecture for classifying colorectal cancer based on histopathological
images, which can perform effectively in the absence of annotated datasets and minimize
pathologists’ workload. The study also aimed to reduce computational complexity and
improve the generalisability of the model. A dilated ResNet structure and attention
module were used to generate deep feature maps, and neighborhood component analysis
(NCA) was employed to overcome computational complexity. Data was fed into a
deep support vector machine (SVM) based on an ensemble learning algorithm called
DeepSVM. The study employed various deep learning architectures, including CNNss,
ResNet, DenseNet, and VGG, along with techniques like dilated convolution, attention
mechanisms, and ensemble methods to enhance feature extraction and classification

accuracy.

The study used an ensemble learning framework with multi-SVM classifiers

and RBF kernels. The datasets were divided into training, testing, and validation sets



Chapter 2. Literature Review 70

in a 60-20-20 ratio. The dResNet-101 model was used for feature extraction, and the
classification process was performed using 50 features. The study used a dilated ResNet-
101 model with an attention module for automatic feature generation and learning, and
a NCA-based feature selection procedure to reduce computational complexity. The
selected features were then fed to a robust DeepSVM classifier to classify colorectal
cancer multi-class texture. The hybrid model achieved 98.75% and 99.76% accuracy on
CRC datasets, demonstrating its effectiveness in classifying colorectal cancer tissues. The
proposed methods achieved high classification accuracy, with some models reaching up
t0 99.75% accuracy. The use of dilated convolution and attention mechanisms improved

feature fusion and spatial resolution, leading to better performance in detecting CRC.

Alboaneen et al. (2023) conducted a review of the state-of-the-art research on Al-
based ML and DL techniques applied to the modelling of colorectal cancer, highlighting
their potential in early diagnosis and treatment. The objectives of the studies include
developing predictive models using ML or DL approaches to predict a normal or abnormal
state, either using a public or collected dataset. The studies also aim to investigate the
application of ML and DL algorithms in colorectal cancer detection and diagnosis. The
methods used in the study include a systematic review of 57 research articles on Al-based
ML and DL techniques for colorectal cancer diagnosis. The methods used in the studies
include the application of ML and DL algorithms, such as convolutional neural networks
(CNNgs), support vector machines (SVMs), and random forests (RFs). The studies also
used various datasets, including public datasets, and collected datasets. The results of
the study show that ML and DL models can achieve high accuracy rates in predicting
colorectal cancer, with some models outperforming others. The results of the studies

show that ML and DL algorithms can achieve high accuracy in predicting colorectal
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cancer, with some studies achieving accuracy rates of over 99%. The studies also found
that the type of dataset used can impact the accuracy of the predictions. The conclusions
of the study are that Al-based ML and DL techniques have the potential to improve
the diagnosis and treatment of colorectal cancer, and that further research is needed to
develop more accurate and reliable models. The conclusions of the studies include the
high accuracy of ML and DL algorithms in predicting colorectal cancer, and the potential
of these algorithms to improve the prediction of malignancies like colorectal cancer. The
studies also highlight the need for further research in the field of ML and DL applications

in colorectal cancer prediction.

The research conducted by Sobur & Rana (2024) focuses on advancing cancer
classification using a hybrid deep learning model for lung and colon cancer detection.
The study is a dataset of 20,000 high-resolution histopathological images across five
classes. The hybrid model incorporates dual Convolutional Neural Networks (CNNs)
for feature extraction, followed by innovative feature reduction techniques to enhance
computational efficiency and robustness. Integrating global average pooling and dense
layers with dropout regularisation prevents overfitting and ensures generalisability. The
model achieved an impressive 99% classification accuracy, showcasing its precision
in handling high-dimensional datasets. The study underscores the importance of deep
learning in medical image analysis, particularly in cancer classification. It addresses the
challenges posed by high-dimensional datasets in histopathological images and highlights
the significance of innovative model architecture and data processing techniques. Feature
reduction methods like Principal Component Analysis (PCA) play a vital role in reducing
dimensionality, enhancing model efficiency, and improving classification accuracy. The

research emphasizes the essential role of advanced computational models in medical
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imaging, especially in early cancer detection and effective treatment planning. Overall,
the paper presents a comprehensive overview of the advanced hybrid deep learning
model’s design and evaluation for lung and colon cancer classification. The model’s
exceptional performance metrics and robustness underscore its effectiveness in accurately
distinguishing between different tissue types and cancer conditions. The authors suggest
potential areas for future optimization, including exploring additional feature reduction
techniques, optimizing model architecture, and investigating error cases to further en-
hance the model’s capabilities in medical image analysis. Investigation into additional
feature reduction techniques: Explore and compare different dimensionality reduction
methods beyond PCA and autoencoders to further enhance the model’s performance in

handling high-dimensional histopathological images.

A recent study done by Vanitha et al. (2024) focuses on enhancing diagnostic
imaging of lung and colon cancers through a novel deep learning framework that com-
bines the Xception and MobileNet architectures. The research addresses challenges such
as accuracy and overfitting in the classification of these cancers. The proposed ensemble
model aims to improve feature extraction, model robustness, and reduce overfitting by
training on a comprehensive dataset of histopathological images and validating against a
balanced test set. Results show an impressive classification accuracy of 99.44%, with
perfect precision and recall in identifying cancerous and non-cancerous tissues, outper-
forming traditional methods. The integration of Gradient-weighted Class Activation
Mapping (Grad-CAM) enhances interpretability, allowing clinicians to visualize the
diagnostic reasoning process. Through visual explanations, the model’s decision-making
process becomes transparent, crucial for clinical acceptance and personalized treatment

planning. The study not only expands medical imaging technology but also sets the
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stage for further research in cancer diagnostics. The research emphasizes interpretability
through Grad-CAM, enabling clinicians to verify model predictions visually. Despite the
model’s strong performance, potential limitations related to dataset biases and generalis-
ability to diverse clinical environments are noted. The study suggests future applications
in other cancer types and medical imaging tasks, aiming to advance automated and
reliable diagnostic processes for improved patient outcomes in oncology. The review of
detection and classification techniques for colorectal polyp classification are summarized
in Table 2.1. This review provides a comprehensive overview of the current state of

methods and technologies in this field.

2.2 Synthetic Image Generation

Generative Adversarial Networks (GANs) represent a cutting-edge approach in training
generative models. GANs consist of two key components: the Generator (G) and the
Discriminator (D). The Generator (G) learns to capture and reproduce the data distribu-
tion, effectively generating new samples that resemble the training data. Conversely, the
Discriminator (D) aims to distinguish between samples from the real training dataset and
those generated by G. This adversarial process helps G improve its ability to generate
realistic samples over time. A notable variant of GANs used in medical image analysis
is the Conditional GAN (cGAN). cGAN extends the standard GAN framework by incor-
porating additional information from a specific class or condition during training. This
approach allows both the Generator and the Discriminator to utilise conditional data,

which enhances the model’s ability to generate more targeted and relevant samples.

One foundational work in this area was developed by Mirza & Osindero (2014),
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who introduced the concept of cGANs. Their model was designed to estimate image
distributions conditioned on auxiliary information. For example, in their research,
they applied this approach to the MNIST digits dataset, where the additional class
labels served as the conditioning information. This allowed the Generator to produce
images corresponding to specific digits, improving the relevance and quality of generated
samples. While the cGAN approach represents a significant advancement, adding
an initial classifier to focus on diversity and data quality could further enhance the
effectiveness of the model. By incorporating a classifier that evaluates the diversity and
quality of generated samples, researchers could ensure that the dataset not only matches
the desired conditions but also maintains a high level of variation and fidelity. This
additional step would contribute to the creation of a more robust and high-quality dataset,
further advancing the capabilities of generative models in various applications, including

medical image analysis.

To generate realistic images, class-conditional GANs (cGANSs) such as BigGAN
have shown remarkable ability by exploiting class-specific information. Notably, Big-
GAN stands out as it enables one to produce high-resolution pictures with fine details
and realism that are important tools in various domains such as medical image analysis.
However, one of the major concerns when working with cGANSs is the fact that it requires
substantial amounts of good quality training data. This may result in poor performance
if there is inadequate training data where the model may generate lower quality or less
diverse images. In medical image analysis, this problem can be significant because
annotated datasets are often limited and can determine how good the images produced
will be. DiffAugment presents a way to improve and stabilize the process of training

c¢GANs according to S. Zhao et al. (2020). To make GANs more robust, DiffAugment
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uses differentiable augmentations so that generated images become more diverse. By
doing this, issues related to scarcity of data are alleviated and overall model performance

is improved through training data augmentation compatible with the GAN framework.

Even with the advanced cGAN models, the problem of producing low-quality
images persists. This emphasizes the necessity of collecting images of various categories
and of superior quality. It is essential to have all necessary training data available so as to
enable any clinical conditions and anomalies of the medical imaging to be appropriately
modeled. Having high-quality datasets helps to improve the quality of image synthesis,
which in turn improves the efficiency of GANs as well as other generative models
for use in the classification of medical images. To conclude, although in the recent
years advanced cGANSs have been able to generate life-like images with relative ease, it
remains apparent that continuous endeavors toward data enhancement and the refinement
of training techniques are needed when tackling medical image classification amongst

other tasks.

A framework for classifying colorectal cancer (CRC) histopathological slides
using a generative adversarial network (GAN) within a semi-supervised learning ap-
proach was proposed by Sasmal et al. (2023). This innovative framework leverages both
labelled and unlabelled data to enhance classification performance. In this approach, the
GAN’s discriminator is trained to perform two distinct roles: Supervised settings, where,
the discriminator classifies histopathological images based on the labelled data. This
helps the model learn specific features related to CRC classification and unsupervised
settings where, the discriminator distinguishes between real and synthetic images, similar
to traditional GANSs. This training allows the discriminator to extract nuanced features

from unlabeled images, contributing to the development of a more versatile and robust
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model. By combining supervised and unsupervised learning, the framework benefits
from the strengths of both approaches. The supervised learning component ensures
accurate classification using labelled data, while the unsupervised learning component
enhances feature extraction and generalisation by leveraging the extensive unlabeled

dataset.

In a related effort, MobileNetV2 was for effective CRC classification (Raju &
Rao, 2022). MobileNetV2 is a lightweight and efficient deep learning architecture that is
well-suited for mobile and embedded applications. To address data imbalance challenges,
a data augmentation technique based on CycleGAN was applied before classification.
CycleGAN is effective in generating additional synthetic images that help balance the
dataset, improving the overall performance of the classification model. Together, these
approaches illustrate the potential of combining advanced GAN frameworks and deep
learning architectures with innovative data augmentation techniques to enhance CRC

classification and tackle common challenges in medical image analysis.

Yoon et al. (2022) proposed an advanced system for detecting polyps that
focuses on capturing the morphological characteristics of sessile serrated lesions (SSLs).
This system aims to improve the identification of overlooked or missed lesions by
generating high-resolution samples of SSLs using Generative Adversarial Networks
(GANSs). The use of GANs helps address the issue of imbalanced polyp data by creating
synthetic, high-quality images of SSLs, which enhances the training dataset and improves
detection performance. Additionally, Chen et al. (2021) demonstrated how classifiers
can be integrated with conditional Generative Adversarial Networks (cGANs) within
a unified framework to enhance performance. Their approach involves decomposing

the joint probability distribution to link the objectives of cGANs with classification
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tasks. By incorporating a classic energy model to parameterize these distributions, the
framework provides a systematic approach to combining classifiers with cGANs. This
integration allows for a more comprehensive model that benefits from both generative
and discriminative learning, ultimately improving the accuracy and effectiveness of the

classification system.

Yu & Zhang (2020) proposed a novel model that incorporates a deep Conditional
Generative Adversarial Network (cGAN) architecture, with a significant enhancement in
the form of a capsule network used in place of the conventional Convolutional Neural
Network (CNN) in the GAN’s discriminator. This modification aims to address chal-
lenges related to variations in object pose and spatial relationships within the images.
Capsule networks are designed to capture and preserve spatial hierarchies and relation-
ships between features in a way that traditional CNNs might not. By utilizing capsule
networks in the discriminator, the model benefits from improved handling of variations in
input data, such as changes in object orientation and spatial configuration. This allows the
GAN to generate and recognize images with greater accuracy and robustness, especially
in scenarios where traditional CNNs might struggle with these variations. The integration
of capsule networks into the GAN framework enhances the model’s ability to learn
more invariant image representations, leading to better performance in tasks such as
image generation and recognition. This approach represents a significant advancement in
leveraging GANs for complex image processing tasks by addressing limitations related

to spatial relationships and pose variations.

Rau et al. (2019) employed the pix2pix Conditional Generative Adversarial
Network (cGAN) to transform monocular endoscopic images into depth maps. This

transformation is particularly useful for applications such as navigation and assessing
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lesion sizes during colonic examinations. By converting 2D endoscopic images into
3D depth information, the system provides a more comprehensive view that aids in
better navigation and measurement within the colon. To address the challenge of limited
labelled training data in endoscopy, the authors proposed utilizing simulation environ-
ments. These environments generate synthetic data that can supplement the training
process, helping to overcome data shortages. Additionally, they suggested training both
the generator and discriminator components of the network using unlabeled video frames.
This approach facilitates the adaptation of the model to real-world colonoscopy scenarios
by leveraging available unlabeled data, thus improving the model’s performance and
robustness in practical applications. This method highlights the potential of integrat-
ing cGANs with depth estimation techniques and simulation environments to enhance

endoscopic procedures and address common data limitations in medical imaging.

Shin et al. (2018) proposed a method that employs a combined input-conditioned
image approach for training networks, utilizing edge filtering techniques to generate
realistic polyp images while preserving the inherent structures of endoscopic frames.
This technique produces synthetic samples from standard colonoscopy images, which
are relatively easy to obtain, addressing the challenge of data scarcity. The generator
network’s encoding phase uses multiple dilated convolutions to capture large receptive
fields and prevent feature map size contractions, maintaining detailed spatial information.
During the decoding phase, convolutional layers are employed for upsampling, which
minimizes artifacts in the generated images. This approach effectively combines realistic
image generation with the preservation of endoscopic frame details, enhancing the quality

and applicability of synthetic data for polyp detection and classification.
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2.3 Feature Extraction

In the 1980s, Convolutional Neural Networks (CNNs) were first introduced, laying the
groundwork for what would become a groundbreaking approach in the field of machine
learning. Despite their early inception, CNNs gained substantial popularity and wide-
spread use around 2012, particularly for their remarkable applications in image detection
and classification, as well as in natural language processing (Ullman, 2000). CNNs are
specifically designed to extract meaningful features from images while preserving their
2D spatial structure. This is achieved through the use of sliding filters, or convolutional
kernels, that traverse the input data to detect various patterns and features. Over time,
several methods based on CNNs have been developed to automate the classification of
colon polyps, a critical task in medical imaging. For example, a model proposed by
Komeda et al. (2017) focuses on categorizing polyps into two primary types: adenomat-
ous and non-adenomatous. This model utilises computer vision techniques to enhance

both object classification and polyp detection.

Integration of CNNs with computer-aided detection (CAD) systems, the model
processes real-time images captured during colonoscopy procedures. Although this ap-
proach achieved a 75.1% accuracy rate in a 10-fold cross-validation test, the performance
of the model could benefit from improvements through the use of a larger dataset. To
address the challenge of data insufficiency, methods such as transfer learning and image
augmentation can be employed. Additionally, fine-tuning hyperparameters can further
enhance the model’s performance and classification accuracy, leading to more reliable

outcomes in the automated detection and classification of colon polyps.
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Building on the success of Transformers in automated translation, convolution-
free models relying solely on transformer layers have garnered significant attention in the
computer vision domain (Vaswani et al., 2017). Originally developed for natural language
processing (NLP), Transformers consist of encoder and decoder blocks, each comprising
multiple layers of similar architectures. The encoder section of the transformer is
responsible for encoding the input data, while the decoder generates the output sequence
by leveraging the contextual information provided by the encoder. Each transformer
block features a feed-forward neural network (FFN), a shortcut connection, and layer
normalization (LN), which collectively enhance the model’s ability to capture complex
patterns and relationships within the data. In the realm of computer vision, the ViT
represents a groundbreaking architecture designed to apply transformer principles to
image classification tasks (Dosovitskiy et al., 2020). Unlike traditional CNNs, which
rely on convolutional layers to extract features from images, ViT operates as a pure
transformer model that processes sequences of image patches. In practice, ViT begins by
transforming images into a sequence of patch tokens, which are then processed by the
transformer model. A classification token (CLS), similar to the approach used in BERT
for NLP (Devlin et al., 2018), is added to the sequence to facilitate the classification task.
This innovative approach aims to match or even surpass the performance of CNNs in
image classification, demonstrating the potential of transformer-based models in visual

recognition tasks (Rangarajan et al., 2018).

A notable distinction between CNNs and ViTs lies in their final embedding
processes. In CNNGs, the final embedding is typically achieved by averaging the features
across spatial locations, which helps in summarizing the spatial information into a

fixed-size representation. In contrast, Vision Transformers utilises a different approach,
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employing the classification token (CLS). This CLS token interacts with the sequence of
patch tokens at each layer of the transformer encoder, allowing the model to capture and

integrate information from various patches of the image (Borhani et al., 2022).

Although there are studies that have employed CNN models in colorectal polyp
classification, it is possible that Vision Transformers may be a better approach. ViTs
have also demonstrated great promise in tasks that include detection and segmentation of
colorectal polyps as they are well suited to modeling intricate structures and relations in
image data. However, not much has been done towards applying Vision Transformers
in the classification of colorectal polyp images. Considering the convincing results
obtained by transformers in the field of image classification, one would reason that this
particular area warrants further exploration. By filling this void, the quality of automated
classification of colorectal polyps may improve enabling clinicians to better control the

condition.

An interesting method for finger image feature extraction is presented in Tandon
& Namboodiri (2022) which is based on “unified end to end transformer body”. This
method is an improvement which makes it possible to carry out the extraction of overall
characteristics, minutiae, and local and micro-features from samples of a single finger-
print one after the other. The main benefit of this approach is that there is no longer any
need for employing multiple independent modules for each distinct feature extraction
task. By putting a combined model containing all the functions required to perform the
feature extraction task from the input images, which makes along with improvement the
workflow of feature extraction tasks. The researchers demonstrated the effectiveness of
this unified method through an efficient feature-matching process that leverages both

global and local perspectives. This integration results in superior performance on various
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datasets, setting a new standard in the field. This approach is particularly noteworthy as
it showcases how combining different types of feature extraction within one framework

can lead to more comprehensive and accurate results.

Our work is similar in its objective, as we also focus on advanced feature
extraction techniques using a vision transformer model. By adopting a similar unified
approach, we aim to leverage the strengths of transformer models for extracting a wide
range of features in a single, cohesive process. This method not only simplifies the
feature extraction pipeline but also improves the model’s ability to capture and utilise div
and complex features effectively, aligning with the successful strategies demonstrated in

fingerprint analysis.

A dual-stream feature extraction network, known as DSFENet, has been pro-
posed to enhance the accuracy of building extraction tasks (Xia et al., 2023). This
network represents a significant advancement in the field by leveraging both CNN-based
and transformer-based methods for semantic segmentation. The integration of these
two approaches allows DSFENet to effectively capture both local and global features,
thereby improving the accuracy of building extraction. The network’s performance was
rigorously validated on two benchmark datasets: the Google Image dataset and the ISPRS

Vaihingen dataset.

The results demonstrated a notable improvement in extraction accuracy, show-
casing the effectiveness of combining CNN and transformer methodologies. Our study
employs transformers for feature extraction in a similar spirit, focusing on leveraging
their advanced capabilities. However, while DSFENet is designed for segmentation

tasks, our objective is centered on image classification. By utilizing transformers, we
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aim to achieve accurate and efficient classification of images, building on the principles
demonstrated by DSFENet but applying them to a different aspect of image analysis. The
approach underscores the versatility and potential of transformers in various applications,

extending beyond segmentation to classification tasks.

Another recent and noteworthy study focused on incorporating a vision trans-
former for feature extraction was conducted for brain tumor classification (Abbasi et al.,
2022), which plays a crucial role in prognosis and treatment planning. This research
aimed to advance multiclass brain tumor classification by leveraging the vision trans-
former as a sophisticated feature extractor. Initially, the study involved optimizing a deep
learning model, specifically ResNet101, for the task of feature extraction. Following this,
various machine learning classifiers were employed to perform multiclass classification
based on the extracted features. The research then progressed by optimizing the vision
transformer model and integrating it into the classification pipeline as an input to a
machine-learning decision classifier. This approach allowed for a refined and enhanced
classification process, demonstrating the potential of vision transformers in improving
the accuracy and effectiveness of classification tasks. Our work aligns closely with this

study, as we also focus on utilizing vision transformers for feature extraction.

However, instead of brain tumors, our objective is to apply these advanced
feature extraction techniques to the multiclass classification of colorectal polyps. By
leveraging the capabilities of vision transformers, we aim to achieve precise and reliable
classification results, similar to the advancements made in brain tumor classification, but

tailored to the specific challenges of colorectal polyp analysis.

A significant contribution utilizing a vision transformer for feature extraction
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was presented by Gu et al. (2023), who developed an advanced model for classifying
Diabetic Retinopathy (DR) from fundus images. This innovative approach effectively
identified and categorized all stages of Diabetic Retinopathy, including no DR, mild,
moderate, severe, and proliferative forms. The model is structured into two key modules:
the Feature Extraction Block (FEB) and the Gradual Prediction Block (GPB). In the FEB
module, a vision transformer is employed to extract features from fundus images. This
module incorporates advanced attention mechanisms, allowing the model to focus more
precisely on critical areas such as retinal hemorrhages and exudates. By leveraging these
finer attention capabilities, the FEB module enhances the model’s ability to identify and
distinguish between the different stages of DR. The GPB module, on the other hand, is
responsible for classifying the five stages of DR. It uses residual attention mechanisms to
refine the classification process further, combining with the FEB module to capture a

broad range of spatial features associated with each class of DR.

The study highlights the effectiveness of using vision transformers for detailed
and nuanced feature extraction in multi-class classification tasks. Given these advance-
ments, incorporating a similar approach in our work on multiclass colorectal polyp
classification could offer substantial benefits. By utilizing the vision transformer’s ability
to capture intricate and diverse features, our model could achieve enhanced accuracy and

reliability in distinguishing between different types of colorectal polyps.

Jiseob et al. (2023) introduced an innovative approach to Generalized Zero-Shot
Learning (GZSL) that significantly enhances attribute-related information within image
features by leveraging a ViT. This approach capitalizes on the Vision Transformer’s

ability to process the entire image region without degrading the image resolution, thereby
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maintaining the integrity of local image information within the patch features. In tradi-
tional image processing models, preserving high-resolution details can be challenging,
but the ViT’s architecture addresses this by treating image patches as discrete tokens,

which are processed with attention mechanisms.

The study harnesses both patch and Classification Token (CLS) features from
the Vision Transformer to extract detailed and comprehensive image attributes. This
method enables the model to capture and utilise nuanced visual information that might
be lost in other models, leading to more accurate and effective learning of attributes.
By leveraging these features, the authors were able to improve the performance of
Generalized Zero-Shot Learning, a framework that traditionally struggles with accurately
classifying unseen classes due to limited attribute-related information. The approach
underscores the benefits of utilizing Vision Transformers for complex tasks such as
GZSL, where detailed attribute extraction is crucial. By integrating the patch and CLS
features, the model effectively enhances its understanding of image attributes, thereby
advancing the field of zero-shot learning and demonstrating the Vision Transformer’s
potential in addressing challenges associated with learning and classifying new and
unseen image categories. This innovative use of ViT in GZSL offers valuable insights

for improving performance in various image classification tasks.

Conv-ViT, a novel hybrid model, was developed to enhance the detection of
retinal diseases through the analysis of foveal-cut optical coherence tomography (OCT)
images (Dutta et al., 2023). This innovative model integrates the strengths of both
Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs) to achieve
superior performance in retinal disease classification. Specifically, the Conv-ViT model

employs the CNN architectures Inception-V3 and ResNet-50 for detailed pattern analysis
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through transfer learning, which focuses on understanding pixel correlations within the
images. These CNNs excel in capturing local features and spatial hierarchies, making

them well-suited for analyzing intricate patterns and textures in OCT images.

In addition to the CNN components, Conv-ViT incorporates a Vision Trans-
former model to leverage its ability to capture shape-based characteristics and analyze
correlations among distant pixels. Unlike traditional CNNs that primarily focus on local
pixel relationships, the Vision Transformer is designed to process global context by
examining the entire image and understanding long-range dependencies. This allows
the Conv-ViT model to effectively learn and integrate both local and global features,
enhancing its capability to distinguish between different retinal conditions. By combin-
ing the CNNs’ prowess in pixel-level pattern analysis with the Vision Transformer’s
strength in global feature extraction, the Conv-ViT model achieves improved classi-
fication accuracy across four retinal disease categories: choroidal neovascularization
(CNV), diabetic macular edema (DME), DRUSEN, and normal. The study not only
demonstrates the effectiveness of this hybrid approach in retinal disease detection but also
highlights the efficiency and robustness of the Vision Transformer in feature extraction
tasks. The successful integration of these diverse models underscores the potential of

hybrid architectures in advancing medical image analysis and disease classification.

2.4 Model Explainability

An advanced automated method was developed for identifying and classifying various
subtypes of lung and colon cancers using histopathology images from the LC25000

dataset (Tummala et al., 2023). This method encompasses the classification of different
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lung cancer subtypes, such as adenocarcinoma, benign lesions, and carcinoma, as well
as colon cancer subtypes, including benign tumors and adenocarcinoma. To achieve
this, the authors proposed a sophisticated approach incorporating Grad-CAM (Gradient-
weighted Class Activation Mapping) to generate detailed visual saliency maps. These
maps are instrumental in accurately identifying and highlighting the critical regions
within tissue pathology images that the model focuses on when making predictions
about cancer subtypes. Using saliency maps increases the understandability of the
presented models by indicating on tissue images the areas which were important for
the model-making decisions. This allows pathologists to understand the exact areas
which the model is emphasizing, an important step in the process of confirming and
improving diagnostic procedures. Their role can also enhance the understanding of how
the automated diagnosis works and the regions of interest for the model, thus assisting

the pathologists in constructing more efficient and individualized treatment options.

The proposed pipeline aims to fully automate the detection and classification
of lung and colon cancers from tissue pathology samples, integrating an explanation
component to make the results more interpretable and actionable. This makes the
method particularly well-suited for deployment in clinical settings, where the ability to
automate complex diagnostic tasks while providing clear, understandable explanations
can significantly enhance the efficiency and accuracy of cancer detection and treatment

planning.

A sophisticated technique for improving the explainability of deep neural net-
work (DNN) models has been developed through the use of synthetic histology images

generated by a cGAN (Dolezal et al., 2023). This innovative approach leverages the
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capabilities of cGANs to produce high-quality histology images that significantly en-
hance the performance of DNN architectures trained for classifying molecularly subtyped
tumors. By utilizing synthetic histology, the technique reveals crucial histologic features
associated with different molecular states of tumors, which might otherwise be difficult to
discern. The procedure pays attention to perfecting enhanced artificial histology images
using methods like class and layer blending. This emphasis allows for greater scrutiny
of and differentiation between minor morphological changes within the different tumor
subtypes. The method, therefore, enhances the quality of these synthetic images, thus
making it possible to recognize crucial nuances in tumor types that make classification

and diagnosis accurate.

Furthermore, the researchers illustrate how synthetic histopathology can be
effectively used to enhance the education of pathologists-in-training. The intuitive and
detailed visualizations provided by synthetic histology offer valuable insights into the
histological characteristics of tumor biology. These visualizations can serve as powerful
educational tools, helping trainees to better grasp the complexities of tumor morphology
and the molecular features associated with different cancer types. This approach not
only aids in the training of future pathologists but also contributes to a deeper and
more comprehensive understanding of histopathological features in cancer diagnosis and

treatment.

Mukhtorov et al. (2023) introduced an innovative and interpretable deep learning
(DL) approach that integrates ResNet152 with Grad-CAM specifically for analyzing
endoscopic images. Their method leverages the open-source KVASIR dataset, which
includes a substantial collection of 8,000 wireless capsule endoscopy images. This dataset

provides a rich source of data for training and validating the model, enhancing its ability
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to classify and interpret various endoscopic findings. The integration of Grad-CAM
(Gradient-weighted Class Activation Mapping) with ResNet152 allows for the generation
of heatmaps that visually represent the areas of the endoscopic images that significantly
influence the model’s classification decisions. This approach not only improves the
transparency of the model’s decision-making process but also provides valuable insights
into which regions of the images are most relevant for identifying specific conditions or

abnormalities.

In addition to utilizing Grad-CAM for interpretability, the researchers applied
a highly effective data augmentation technique. Data augmentation helps expand the
variety and volume of the training data, contributing to the robustness and generalisation
of the model. The combination of these techniques resulted in remarkable performance
outcomes. The model achieved an impressive training accuracy of 98.3% and a validation
accuracy of 93.5% in biomedical image classification tasks. These high accuracy rates
highlight the effectiveness of the proposed approach in accurately classifying endoscopic
images and demonstrate its potential for improving diagnostic accuracy in clinical
settings. In this paper, the author elucidated the mathematical framework underlying
the proposed classifier, clarifying that it is designed not to serve as a fully automated
diagnostic tool but rather as a supportive system for medical professionals (Sabol et
al., 2020). This distinction is crucial as it highlights the classifier’s role in augmenting
the expertise of pathologists rather than replacing their judgment. The study provides
detailed insights into the mathematical algorithms and computational processes that drive
the classifier, offering a comprehensive understanding of how it operates and contributes

to the diagnostic workflow.

The research also includes a thorough evaluation of the classifier’s performance
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using real-world CRC histopathological data. This evaluation is pivotal as it tests the
system’s accuracy and reliability in practical scenarios, ensuring that it can perform
effectively under real clinical conditions. The classifier was put through rigorous clinical
trials involving fourteen experienced pathologists, who assessed its suitability and utility
in a real-world setting. These trials were instrumental in verifying that the system not
only meets but also aligns with the high standards required in medical diagnostics. The
findings demonstrate that the proposed method achieves accuracy levels comparable to
those of state-of-the-art neural network models. This indicates that the classifier is not
only technically proficient but also practically valuable in clinical practice. Moreover,
the system has been favorably received by medical experts, who have recognized its
potential as a diagnostic tool. This acceptance by pathologists underscores the classifier’s
practical utility and its role in enhancing the diagnostic process, contributing to more

accurate and efficient cancer detection and diagnosis.

More recent publications describe more advanced Grad-CAMSs, capturing the
detail and precision at higher levels than others, but we chose to employ Grad-CAM in our
work because of its proven sturdiness and reliability in numerous research efforts. There
are clear means of improving neural networks whose decision processes are interpreted
through visual means and Grad-CAM Qualias focuses on this very task. It appeals to
works where issues concerning the understanding and transparency of models are key

and is one of the goals of our research.

Moreover, the newer variants of Grad-CAM, such as Grad-CAM++, introduce
additional computational complexity and require longer processing times. While these
advanced versions offer improvements in precision and detail, the increased complexity

and resource demands associated with them pose significant challenges. For instance,
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Grad-CAM-++ incorporates additional mechanisms to refine the saliency maps, but these
enhancements come at the cost of higher computational overhead. This makes them
less suitable for our study, where the focus is on balancing accuracy with practical
considerations such as computational efficiency and processing time. In summary, while
advanced Grad-CAM variants provide more refined visualizations, the decision to use
standard Grad-CAM in our study is based on its established effectiveness and efficiency.
The simplicity and reliability of Grad-CAM align well with the goals of our research,
ensuring that we can achieve meaningful insights into model behaviour without incurring

excessive computational costs.

2.5 Feature Selection

A robust unsupervised feature selection method was introduced, which integrates latent
representation learning to enhance the process of identifying relevant features (Tang
et al., 2019). This innovative approach shifts the focus from the original data space
to the learned latent representation space for feature selection. By operating in this
transformed space, the method achieves greater resilience to noise and variability, as
it evaluates feature importance based on the more stable latent representations rather
than the potentially noisy original data. The core of this method involves creating an
affinity matrix that captures the relationships between different data instances. This
matrix serves as a foundation for understanding how data points relate to each other in
the latent space. To model these latent representations effectively, non-negative matrix
factorization (NMF) is employed. NMF decomposes the data into non-negative factors,
which aids in uncovering the underlying structure of the data and facilitates the learning

of meaningful features.
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Additionally, the method incorporates a regularisation term based on the graph
to maintain the manifold structure of the original data space within the transformed
feature space. This graph-based manifold regularisation ensures that the local geometric
properties and relationships of the original data are preserved even after transformation.
By doing so, the approach maintains the integrity of the intrinsic structure of the data
while performing feature selection, leading to more accurate and reliable results. In
summary, this feature selection method leverages latent representation learning and
graph-based manifold regularisation to enhance robustness and accuracy. By focusing on
learnt representations and preserving the manifold structure, key features are effectively
identified in a manner that is resistant to noise and variability, ultimately improving the

quality and interpretability of the feature selection process.

A comprehensive study on multi-view feature selection, particularly for social
media analysis-based applications, was conducted (Yangxi et al., 2016). In this research,
the authors proposed a novel method known as Multi-View Regularized Multi-View
Feature Selection (MRMVES). This approach integrates four distinct types of information
to enhance the feature selection process: label information, label relationships, data
distribution, and correlations among different views. By synthesizing these diverse
sources of information, MRMVES effectively identifies the most representative features
from the original multi-view datasets, thus improving the quality and relevance of the
selected features. The researchers introduced manifold regularisation into the multi-task
feature selection framework, leveraging both the limited labeled samples and the larger
pool of unlabeled samples. This technique involves using a regression model to exploit
the label information available from the labeled samples, enhancing the feature selection

process.
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The inclusion of manifold regularisation helps in preserving the intrinsic struc-
ture of the data while utilizing both labeled and unlabeled samples to refine the feature
selection. MRMVEFS was evaluated on several benchmark datasets, including NUS-
WIDE, Flickr, and Animal image datasets. The results demonstrated that MRMVFS
outperforms other existing feature selection methods, showcasing its effectiveness in
selecting relevant features for image annotation tasks. Although the primary focus of this
study was on image annotation, which differs from our goal of image classification, the
principles underlying MRMVES are highly relevant to our research. In particular, the use
of manifold learning for feature selection and model regularisation aligns with our ob-
jective of simultaneously performing feature selection and enhancing model performance

through advanced learning techniques.

A novel approach known as Multi-Label Feature Selection via Manifold regular-
isation and Dependence Maximization (MRDM) was introduced for advanced feature
selection tasks (Rui & Wu, 2021). The MRDM method begins by projecting the original
data onto a low-dimensional manifold space that retains the same structural charac-
teristics as the original data while incorporating dependencies related to class labels.
This projection is crucial for preserving the inherent relationships within the data and
enhancing the relevance of the features selected. In the MRDM framework, the feature
selection process is carried out using an iterative algorithm. This algorithm leverages
l,.; norm regularisation to achieve sparse coefficients, which are essential for effective
multi-label feature selection. By applying this regularisation technique, MRDM ensures
that only the most relevant features are retained, thus improving the model’s performance

in handling multi-label classification problems.

Several comprehensive experiments were conducted on various multi-label



Chapter 2. Literature Review 95

datasets to assess the performance of the MRDM method. The results demonstrated
that MRDM outperforms several state-of-the-art multi-label feature selection methods,
showcasing its effectiveness in selecting pertinent features while maintaining a strong
dependence on class labels. This approach not only enhances feature selection but also
contributes to more accurate and efficient multi-label classification, making it a valuable

tool in the field of machine learning and data analysis.

A novel feature selection framework, which transforms shallow linear embed-
dings into deep embeddings, was proposed by Dornaika (2020). The authors argue that
conventional shallow embedding methods fall short in terms of enhancing the perform-
ance of learning tasks, particularly when it comes to more complex data representations.
To address this limitation, the proposed method employs a recursive embedding strategy
coupled with a selection scheme to significantly improve performance. This approach
is inspired by advances in deep learning techniques and involves the construction of a
cascade of embeddings. In this framework, the cascade consists of stacking both linear
and nonlinear functions to generate a robust representation or decision. The process
involves ranking the features of the data representation and eliminating those deemed
less relevant. By creating a cascade-based structure, the approach effectively transforms
noisy descriptors into relevant and condensed features through a linear manifold learning
process. This transformation is achieved via feature subset selection, which refines
the data representation to enhance the overall quality and effectiveness of the feature

selection process.

This research bears similarity to our work in that both employ recursive em-
bedding within a hierarchical feature extraction structure. However, while the proposed

method utilises linear manifold learning techniques, our study distinguishes itself by
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incorporating nonlinear manifold learning techniques prior to the classification phase.
This distinction is crucial as nonlinear manifold learning can capture more complex rela-
tionships within the data, potentially leading to more accurate and effective classification

outcomes.

A hybrid method for multi-label feature selection (LMFS) was introduced by
Y. Zhang et al. (2022), which integrates logistic regression, manifold learning, and sparse
regularisation techniques. The authors highlight a common shortcoming in existing
models: they frequently overlook either the sample matrix or the label matrix. In their
view, considering both matrices is essential for effective feature selection. Their approach
addresses this gap by combining both the feature manifold and the label manifold in the
construction of the multi-label feature selection model. The LMFS model is developed
by incorporating logistic regression to merge these manifolds, enabling the model to
leverage the strengths of both sample and label information. This integration allows the
model to capture the complex relationships and dependencies between features and labels,
thereby improving the accuracy of feature selection in multi-label settings. Additionally,
the model employs an L2,1-norm sparse constraint, which contributes to building a more
robust and efficient feature selection framework by enforcing sparsity in the solution.
This constraint helps in identifying the most relevant features while disregarding those
that are less important, thus refining the overall performance of the feature selection
process. LMFS model integrates these methodologies. The limitation of the previous
models regarding multi-label feature selection is overcome and improvement in the
ability to select meaningful features in difficult datasets is realized. This hybridization is
special in that it incorporates both manifold learning and sparse Regularisation in this

case making it an important development in features selection.
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A feature selection method known as Iso-GA was developed to enhance the
accuracy of cancer classification (Wang et al., 2023). This method specifically addresses
the challenges posed by the inherent randomness associated with feature selection
algorithms. Iso-GA is designed to select a reduced subset of critical genes by taking
into account the nonlinear geometry present in microarray gene expression data. To
achieve this, Iso-GA integrates a nonlinear dimensionality reduction algorithm, Isomap,
with a genetic algorithm (GA). This hybrid approach is intended to capture the complex
nonlinear structure of gene expression data effectively. The Iso-GA method combines
the dimensionality reduction capabilities of Isomap with the optimization strengths
of GA, creating a framework that not only reduces the number of features but also
maintains or improves classification accuracy. By focusing on the nonlinear aspects of
the data, Iso-GA can select a smaller set of genes while achieving similar or better results
compared to traditional methods. This capability helps in mitigating the randomness and
variability that often affect metaheuristic algorithms used in feature selection.The results
obtained using the Iso-GA framework indicate that it can effectively reduce the number
of genes needed for classification without compromising accuracy. This demonstrates
the method’s potential in overcoming the randomness associated with feature selection
processes and highlights the effectiveness of Isomap in producing clearer outcomes
through dimensionality reduction. While the Iso-GA method is aligned with the goals of
our study in terms of improving classification accuracy, it focuses on microarray gene
expression data, whereas our research is centered around image analysis. This distinction
underscores the applicability of different feature selection techniques depending on the

type of data being analyzed.
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2.6 Model regularisation and Image Classification

A novel method for mammogram classification that integrates Random Forest and Locally
Linear Embedding (LLE) algorithms for extracting texture features was introduced
(Xuejun et al., 2023). This method is structured in three distinct stages. The first stage
involves preprocessing, aimed at enhancing contrast and reducing noise within the Region
of Interest (ROI) images. In the second stage, texture features are extracted from the
Grey Level Co-occurrence Matrix, resulting in a sixteen-dimensional feature set that
serves as the input dataset for the LLE algorithm. The final stage involves mapping
this data into a five-dimensional subspace to facilitate classification. In our work, we
also have LLE to perform dimensionality reduction, paralleling the approach taken in
this study. However, instead of employing Random Forest for classification, as done
in the proposed method, we have opted for CNNs. This choice reflects a shift towards
leveraging advanced neural network architectures to potentially enhance classification

performance beyond traditional machine learning models.

Currently, the majority of image classification tasks are achieved through su-
pervised learning methods. However, this approach faces significant challenges due to
the difficulties in annotating high-quality datasets, and real-world datasets often exhibit
complex nonlinear structures. The cost of manual annotation grows exponentially with
the number of targets and the complexity of the images, creating substantial barriers
to effective and scalable image classification. In light of these challenges, there is a
growing interest in unsupervised image classification as a viable alternative. Traditional
unsupervised classification techniques, which rely on Euclidean distance metrics, often
struggle to capture the nonlinear structures inherent in many datasets. This limitation

results in lower accuracy and less effective classification outcomes.
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To address these issues, (Situ, 2023) proposed a novel two-step approach de-
signed to improve unsupervised classification. The first step involves employing manifold
learning techniques to extract and understand the nonlinear structure of the dataset. This
step aims to uncover the intrinsic geometry of the data, which is crucial for accurate
classification. In the second step, the authors use agglomerative clustering to generate
pseudo-labels based on the extracted features. These pseudo-labels retain the mathem-
atical structure of the original data with high precision. The process of obtaining these
labels allows for the training of a neural network without the need for costly manual
annotation. By leveraging these pseudo-labels, an unsupervised image classifier can
be trained effectively, even on smaller datasets. This approach not only reduces the
reliance on extensive manual labeling but also enables the application of advanced neural
network models to large-scale datasets, improving classification accuracy and efficiency

in real-world applications.

Tan & Jeong (2023) proposed a hybrid method that combines manifold learning
with contrastive learning to enhance histopathology image classification. This innovative
approach integrates manifold geodesic distance into the contrastive learning framework,
aiming to improve feature representation for nonlinear feature manifolds. Unlike tradi-
tional contrastive learning methods that use Euclidean distances to represent similarities
and differences among features, this novel method leverages geodesic distance, which
more accurately captures the complex geometric relationships inherent in nonlinear data
structures. The proposed method incorporates sub-classes and prototypes in a manner
similar to conventional contrastive learning. However, it distinguishes itself by using

geodesic distances to create more accurate sub-classes that better reflect the nonlinear
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nature of the feature manifolds. This approach facilitates improved separation of fea-
tures, resulting in larger margins between different classes and thus better classification

performance.

To evaluate the effectiveness of this hybrid method, the authors conducted a
series of experiments involving a control group and two manifold learning groups. The
control group employed standard methods without manifold learning, while the manifold
learning groups used LLE and Isomap algorithms to extract nonlinear structures from
the data. Pseudo-labels were generated based on these extracted features, and neural
networks were subsequently trained on these labels. The performance of the hybrid
method was then compared against the control group and the manifold learning groups
to assess improvements in classification accuracy. The results demonstrated that the
integration of manifold learning with contrastive learning significantly enhanced feature
representation and classification performance, validating the efficacy of the proposed

approach in dealing with the complexities of histopathology images.

The authors found that the accuracy rates for the two groups that manifold
learning algorithms to extract nonlinear structures were significantly higher compared
to the control group, which did not use manifold learning. Specifically, the group that
employed the Isomap algorithm achieved an impressive accuracy rate of 85% on the
test set. This substantial improvement highlights the effectiveness of nonlinear manifold
learning techniques in enhancing classification performance by better capturing the
complex, high-dimensional relationships within the data. The results underscore the
utility of manifold learning approaches, such as Isomap and LLE, in providing more
accurate and nuanced feature representations, which are particularly beneficial for tasks

involving intricate and nonlinear data structures. Given the demonstrated efficiency and
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superior performance of these manifold learning methods, it is evident that they are
well-suited for our research on the dimensionality reduction of colonoscopy images. By
leveraging nonlinear manifold learning techniques, we can achieve more precise and
reliable feature extraction, thereby improving the overall accuracy and effectiveness of

our classification models for colonoscopy image analysis.

A novel approach known as Manifold-GCN was proposed for image classi-
fication in semi-supervised scenarios, particularly when dealing with limited labeled
data (Pascotti Valem et al., 2023). This innovative method integrates Graph Convo-
lutional Networks (GCN) with manifold learning techniques to enhance classification
performance. In their approach, deep features are first extracted from images using
transfer learning techniques with CNNs and ViT models. These deep features are then
processed through unsupervised manifold learning algorithms, which rank structures
based on these extracted features. The primary goal of manifold learning is to utilise the
intrinsic manifold structure of the data for improved distance and similarity computations.
In the Manifold-GCN method, recent unsupervised manifold learning techniques are
employed to refine similarity measures through rank-based formulations. This helps in
leveraging the inherent geometric structure of the data to enhance the performance of the
classification model, even with limited labeled data. The research presented is somewhat
analogous to our study in that it applies manifold learning to learned features. However,
while their approach integrates a graph neural network, our study utilises CNNs for
feature extraction and classification. Both approaches aim to leverage advanced learning
techniques to improve classification accuracy in challenging scenarios, albeit through

different methodologies.



Chapter 2. Literature Review 102

A method designed to enhance the diagnosis process by automatically classify-
ing the malignancy or benignity of lung nodules based on 3D CT image patches was
developed (Ren et al., 2020). Recognizing that real-world data often exhibit an intrinsic
structure embedded within a low-dimensional manifold, the authors aimed to address this
by introducing an innovative approach known as Manifold Regularized Classification
Deep Neural Network (MRC-DNN). This method leverages the manifold structure of
the data to improve classification accuracy. The MRC-DNN approach involves directly
classifying lung nodule images using their manifold representation, which simplifies the
data structure into a more manageable form. By incorporating manifold regularisation,
the network’s training process is constrained to prevent overfitting. This regularisation
technique ensures that the learned model remains robust and generalizes well, even with
complex and high-dimensional data. The key advantage of this approach lies in its ability
to maintain the intrinsic data structure while performing classification. The manifold
representation helps in capturing the underlying patterns and relationships within the data,
leading to more accurate predictions. Furthermore, the use of manifold regularisation
helps in mitigating the risk of overfitting, thereby improving the reliability of the model

in real-world diagnostic applications.

A study explored the hypothesis that CNNs could achieve enhanced feature
learning by incorporating manifold learning into their regularisation process (Samad &
Sekmen, 2021). Manifold learning algorithms are designed to identify a new feature
space that preserves the geometric structure of high-dimensional data when reduced
to lower dimensions. By transforming the data into this new embedding space, the
representation of the data can become more distinctive and better suited for separation by

linear classifiers or clustering based on Euclidean distance metrics. The authors of this
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study investigate the potential of using nonlinear manifold learning as an auxiliary tool
to complement deep model parameter learning. Their approach involves regularizing the
CNN’s objective function with manifold learning techniques, which helps in improving
the quality of the learned features and enhances the overall performance of image
classification tasks. This method aims to refine the feature space, making it more suitable
for classification and clustering tasks by better preserving the underlying data structure.
In line with this research, our work also incorporates model regularisation using manifold
learning techniques prior to the final classification step. By leveraging manifold learning,
we aim to improve feature representation and enhance classification performance, similar
to the approach taken in this study. This alignment underscores the effectiveness of
combining manifold learning with deep learning models to achieve more accurate and
robust classification outcomes. A review of these of these techniques is given in Table

2.2.

2.7 Problem Formulation

This study underscores the importance of effective colorectal polyp image classification,
specifically addressing challenges related to data insufficiency and class imbalance
by generating highly concordant synthetic images. Our approach not only involves
optimizing transformer models for feature extraction but also addresses the need for
explainable models in the CRC domain. By capturing the intrinsic geometrical patterns of
data and incorporating regularisation techniques, we aim to enhance model performance
and robustness. Our strategy includes generating synthetic images to mitigate the issue
of limited training data, thereby enabling more effective training and feature extraction.

This synthetic data will facilitate the development of a model that not only achieves high



104

Chapter 2. Literature Review

'SaINJea) 9FeWII OY) UTYIM
UOTJEWLIOJUT PI)R[AI-9JNqLIE o) doUuBYUH

8%°0 ‘1S°0 ‘91°0 :NNS
L9°0 °6S°0 ‘8L°0 :dND
TL0°€9°0

$8°0 :TVMY :KorInddy

uonoenxy aInjesq

sogew

NNS
110¢-00C-4ND
VMV

LA

(€200
‘Te 32 qoasIf

LAqeure[dxy [PPOJAl PUB UOIIRIIX] INJBd ]

'$aINoNIs 93ewWl [eUISLIO Ay Jul 1°89 ‘G :[[eooy (8102)

-urejurews J[ym sagewr dAjod onsiear AjeIouID) €'G8 ‘6L UOISIOAUJ uonejuaWISny vleqg Kdoosouojo) DINITID-DAD NVDO ‘[ 319 ulys
S9'1 “HSINY UeSN

‘pdop /4T I0LIS- T 9ATIR[OX UBIIN xidgxid (6100

0} soSewt 91dodsOpUL JB[NOOUOW ULIOJSURL], [#] JoLd-[ T Uy  uonwuewdny eieq Kdoosouojo) Blep wojueyd papuaxyg ‘Te 10 ney
onv

sdiysuonerar reneds :AoeInooy NvDOde)

pue asod 309[qo ur seSueyd 9)1dsop JuASISU0D €11 :90uadIaAIq NVDST (0202)

surewal jey) uonejuasaxdar aSewr ue dojoasq 91'] :I9[qIaT Yoeq[Iny] uoneuawSny vl TIN qapmurerg NVOOA Sueyz 2 nx.
£'¢0¢ -dld-enug
$'81 :SI‘6'81 :dld
JoNeSew] Aur],

€ It :aId-enuy JoN@Sew]

'SNVD? jo aoue 001 :ST'6'L :dld JoNoSew] Aury, (1200

-wI0j1ad oY) 9oUBYUD ULD SIQYISSE[D JBY) MOYS 01-4VAID  uoneuowsny ereq ele( o3ew] 01-4VAID NVDDH ‘Te 30 uay)
204NV
91098 T

"sd&jod passtur Afnuapr 01 sSS fipyroadg (2202)

Jo sonsudoeIeyd [eor3ojoydiow oy amyde) KNAnISUQS uonpuawsny eleq Kdoosouojo) jaseie(q ABALIJ NVD ‘T 32 UOOX
66°0:9109s [

“onbru 66°0:1189Y LSININ
-[[59) uoneIUAWSNE BIEP PIseq-NVOI[LD 0°1:uoIs 1osBIRp A30] (22020)
& 3uIsn sanssI 9duB[EqUI BIEp SSAIPPY -1931d 66°() :AoeInodY uonejuaWISNY vleqg A3oroyiedoisiy  -01SIH [€10210[0D)  NVD 9[04d ory % nley
‘eyep

Ppa[ege[un jo junoure 93Ie[ & pue eiep po[[oqe| (9%09) 9L°0

JO Junowe pA)IWI| B WOIJ JOUUBW [BLIBSIOA “(%62) L]0 (€202)

-pe ue ur sarjeo] SurysisunsIp oY} ureo| Koemooy  uonejuowSny eieq KSoroyedoistH oyjedoriun NVD ‘Te 10 Tewses

uoneJJaudn QMQEH 052\—“:%@

SWSIYSIH LI uoneneAy SEL, A)epoN 1seIR(  POYRIN uonedIqng

SISouSeIp [edIpaw Ul SUTUIRY | PIOJIURIA PUB VX ‘XHd ‘NVDO JO MIIAY (7' 9[qBL



105

Chapter 2. Literature Review

190uBd Jun|

ejep el 606080 ‘uo[od (€200
-TROIDIW UI SQUAS Jo josqns [ewndo ay) 309[eS :DOV-OIIA UONI[S AINJe,| Ae1IeOIOIN 9searg dewosy ‘Te 30 Suepy
16°0 :2100S [
16°0 “1eo9y
*SUD[RW-UOISIOAP [€I] 16°0 :UoISIAIg SOpI[s onssn (0202)
-pawul pre 03 RyIssedo [qeuredxs ue dojaasq 16°0 :AoeIndoy Anqiqeurerdxyg K3ojoyedoisig DdD paueIsgH  DDINDHD ‘Te 19 [oqes
‘spoyjeut (€200
Surures] doap jo Anqiqeerdiojur ay) doueyuyg 86°0 :AoeInooy Anqiqeurerdxyg Kdoosopug MISVAS  AVD-PRID T 19 ACIONPINIA
DIST-DOVLIO
‘Sururen avnT1-OvVLdO
-ur-systsooyyed Suneonps 10y SNYDO ulsn SL'0'€8°0°6L0 OVLdD (€200)
s[epowr NN( Jo Anfiqeiaidiojur oy ooueyuyg :KoBINOOY Anqeurerdxg K3oroyredoisty VODL NVDo ‘Te 12 [ezojoq
66'0 -D0N
66'0 Ve sdey
66°0 91008 T Kouoreg
"sagewt £30f0 6'0 20NV [ensiA (€200)
-ypedolsty ur suoI3aI [eoNLId AJIUIPI A[91RINddYy 66°0 :AoeIndoy Anpiqeurerdxyg K3ojoyredoisig 000SZDT1 TNVD-PeID ‘B39 elewwing,
RUBlAIVE]
QINJe9J © St JOULIOJSUBI], UOISIA © Sulsn uone 00T : DNV [eAdInoy (2200
-OIISSE[O Inown) urelq sse[onnw judwdrduwy 66°0 :AoeINdoY UONORIXH 2INJEI] N Jowngurerg LIA ‘[e 19 IseqQQy
Juudesuy e jo (2202)
suonejuasaidar [eso] pue [eqo[3 Y10q 10enXa 0} SOAIND DOY soSeuwn 900T ‘v00T Iouw- LIIPoOquIE N
poeuw Judroye-Krowow pue dwin e dofoadq %1°0 =dVID%IIA UONORINXH 2INJBI] wudedul]  ‘200T ‘000T DAL oJsuel], 29 UOpue],
‘uonoenxa urpying as1oaid syosejep oSewnr  uddumyrepA SYJSI
10J YI0M]U UONIRIIXS dINJBd) Weans-fen(g £8°0:91008 4 UoNIRIXH 2INJEd] Sursuas gjoway Suiliog 9[S00n LA (£200) ‘Te1weryx
060 -0NV
78°0 AoeInooy
*s[1e3dp ureid-ouy Sunoenxa £q seare 78°0:K110y100dg sagewn
9Jepnxo pue 9FBYLIOWILY [BUNAI UO SNI0] 18°0:A11ADISULS UONOBNXH ML snpun,j anddi LIA (€207 ‘TR ND
*s[ox1d JUB)SIp U99M]q UOTIR[ILIOD 26°076°0:9109S T (€202)
Qy) Surssasse Aq sainjea) paseq-adeys ozA[euy 76'0'76°0:AorIndoy UuonoBNXH 2INJed, drLLdo K9[opuay LIA ‘e 19 enng
SWSIYSIH  JLIIIA UoneneAy SEL, A)epoN 1seIR(  POYRIN uonedIqng




106

Chapter 2. Literature Review

*9ourwIofIad OIS INyed)
Suroueyua ‘A[snosueynuurs saInjeay jo sadAy
JUSISFJIP SuOWE SUOTB[ALIOD PUE ‘UOHNLISIP

eyep ‘sdiysuone[al [oqe| ‘uoneuLIoul [9qe] [ewmuy
o5e10A9] 0} (STAINYIN) UONOS[s aIm)eay DI (9100
MITA-J[NW UT UONBSLIB[NSAI P[OJIuBW ISI[1IN VIN UonoI9[AS 2IMed soew] dAIM-SON  INAS ‘NNI ‘Te 10 IX3uex
SdSn
‘gD 9)e1sold
TO0FE€6'0°99F LOT60 9111 dNsS TIO
Y'LF090°6'0F 060 91081
‘uonoenxs aInjes) padueyua ‘9CTF 960 TSTF 160 0¢TI0D
10} SPOYIOW UOT)OJ[As dInjea) pasiaradnsun ‘I'9F 280 ‘STFQL(Q uonesuengal [OpojN ‘do1d1ddrem (6102)
ojur Surured] uonejuasaidal Judje| 9erdajug PIS F VIV UONIA[S AINJL,| AelreomdIN  JOTSMEBIHO “TIO NN ‘Te 10 Suey,
9€°CC 140N
6€'1CT ‘1J-010BIN
6L°61 :uorsioaid 3ay
‘UOT)ORIIXD 9INJBIJ SATJBUTIULIOSIP 98°1T 9881900
QOUBYUD 0 UOIIII[IS AINJBIJ [9qe] SSB[O-NNUI 6F 1 :SSo[ Sunjuey  uonesLR[N3AI [OPOIA Sururea| (6102)
ojul uonesLe[n3a1 projiuew eiodioouy 8G'7€ :SSO[ Suruuey UONO9[as IS soewy Areiqry ue[n PIOJIuBI ‘Te 30 Sueyyz 1
“UOTJRUIWI[Q PUB UOIOJ[IS 10dd
QIMJeaJ se0SIopun JoLe] Yoes o1oym ‘sSurppaq q1d
-wo Jo s1oke] o[dnnuw Surpeoses Aq jueLrea €8°0°T6°0 ‘€8°0 ‘S6°0 J[ex pPapuAxXyg
doop e ojur Surppaquio MO[[eYS ® WLIOJSURI], :Koemnooy uono9[oS aImed oSewy ex. a1 (070g) ereuioq
‘[ UOISIAI] SAY
‘It I019-9UQ
(INQIN) +'G 190UaZI10AU0D)
uoneZIwIxew douepuadop pue uonesLe[nIal 8°G :sso] Sunjuey  uonesLe[n3al [OPOJA Sururea| (1202)
PlOJIURW SUISN UOTIOQ[IS 2INJeJ [9qe[-NNIA '8 :SSO[ SuTweH UoNI9[AS 2IMed soew ATeIqr UBMIA PIOJIURIA np 29 Ty
790 -
vT0‘LY0-
€L0°1S0-~
'SQINJONIS UONONNSU0dI dsIeds pue [eqo[3 650 ‘780 -
joq urejurewt o} (JAVAS) Sururea] pjojruew 8/°0°L8°0- UONEsLENSoI [OPOIA Sururea|
pue Surured arnjonis [eqo[3 aandepe ojeidoiuy [uBow UonI9[AS 2IMed] soew| ATeIqIT UBINIA plojiuelN  (1202) Te 19 AT
SIYSIYSIH  OLIIIA] UonenfeAy] ASEL, Aypepoy joseje(  poypA uonedlqng




107

Chapter 2. Literature Review

*sso001d Sururen ay) 9zure[n3ar

$6°0 :Anoyroadg

UOT)BOYISSE[D)

0] SJUTEIISUOD paseq-projuewr Sursn SNNJ 18°0 :K11AnIsuag ‘uorjestre[ngor (0202)
Jo douewIoyrod uoneOYISSR[d AY) doUBRYU 06°0 :AoeIooy [9POIN 1D odr1dg plOJTURIA ‘Te 10 uoy
*sa1n)ea) asuodsax 93ewy
[RUOTIN[OAUOD JO SSUIPPIQUID JRAUI[UOU [JIM 66'0:1D0 9seasI( Je[noRI (1207) uow
SNND Surzire[ngar jo joedwi oy) ourwrexy ¢6'0:d4VAID DNV UOneIYISSe[) 100 AVAID HTT1  -3°S % peuleg
‘wyose SuLeIsnyd aAneIdWo[S3e
ay) Sursn sjoqel-opnasd Junerouad £q pamoj[oy
‘spoyjow Surured] pjojiuew suisn jasejep
[eurSTIo 9y} JO AINJONI)S TEQUI[UOU AU} JORIIXH L6°0 :KorInooy uoneIYISSE[) soSewy LISNIA 711 (g207) miIs
'SQINJE0J AINIX9) JOJ WYILIOS[e UOTIoNpal
Anpeuorsuowtp (7777 Surppaquuy Ieour|
112007 OU) YIIM 1510,] WOPUEY SIUIGUIOD 66°0 DNV (€200
1B} POYIOW UONBIYISSE[O WRISOWew 76°0 KoeIndoy Ay uoneIYISSe) WeISoWWeA V/N 711 ‘Te 10 unfony
“UoNEBOYISSL[d 1102-002-9ND
et 10§ seyoeordde paseq-plojrueur yim 6L°0°660°L60 AC[2I0D (€200) e 10
(NDD) YIomiaN Teuonnjoauo)) ydein) ajerSajuy :KoeInooy uoneOYISSe[D) soSewy [ TSIoMOT] NDD  wo[eA modsed
*A[0AT}OQIJO Q0OUE)SIP 9,°( 191038 T .1 JoNoSe
-QUISOJ JO PEAISUI ‘SSO] QATISLIIUOD 2JeN[EAD 9L°0 ey -wy s
0) 3ULI9ISN[O 2INJBAJ PISL]-IOUBISIP-OISIPOIT LL'0 ‘UOISIodI] I90UBD JOAI] 91DDA (€2020)
Sursn uoronpar AJEUOTISUSWIP WIOLIOJ LL'0 :AkoeIndoy uoneIYISSL[D) K3oroyedoistH SODOHI  pouren-oig Suoof 29 ue],
SIYSIYSIH  OLIPIA] Uonen[eAy] yse], Aypepoy jJesejeq  POYPRIN  uonedlqng




Chapter 2. Literature Review 108

classification accuracy but also provides transparent and interpretable results. The goal is
to build a model that pathologists can trust, given the complexity of the data involved.
By concentrating on these critical aspects, our work highlights the robustness of the
proposed framework in achieving both explainability and enhanced generalisability in
the classifier. The integration of synthetic image generation, optimization of feature
extraction processes, and application of model regularisation collectively ensure that our
approach adeptly addresses the inherent challenges associated with data insufficiency

and class imbalance.

Synthetic images are significant in enhancing the training dataset, as this mit-
igates the risk of bettering real images than what is available in reality. This enhances
the scope of training as the model is exposed to larger number of different examples
which translates to better feature learning. In addition, response optimization is done
considering cutting edge methods particularly transformers, this leads to better perform-
ance since the model extracts the best features. In addition, various model regularisation
schemes are also adopted to control overfitting and maintain models that are usable in
different environments and datasets. This model is not only beneficial in enhancing the
performance of the model but also the structure. In general terms, our approach embraces
the establishment of a classification framework for the detection of colorectal polyps
that is not only efficient and effective, but more importantly, clear and trustworthy. We
seek to develop a workable solution that addresses the problem in modern-day medicine
where the diagnosis and subsequent management of colorectal cancer are bedeviled by

too many uncertainties.

Feature extraction is a pivotal step in the process of image diagnostics, playing a

significant role in accurately identifying and classifying images. For colorectal polyp
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feature extraction, several methods are currently employed, including end-to-end learning,
hand-crafted features, and hybrid approaches (Bernal et al., 2017). These methods utilise
various strategies to capture the essential characteristics of polyps in diagnostic images.
End-to-end learning approaches involve training models that learn to extract features
directly from the raw image data. This method leverages deep learning techniques to
automatically learn and represent the complex patterns in the images, which can enhance
the model’s ability to identify subtle details relevant to polyp classification. Hand-crafted
feature extraction methods rely on predefined algorithms to extract low-level features
such as texture, structure, color, and magnitude from the images. These features are
manually designed and chosen based on domain expertise and prior knowledge. While
these methods can provide valuable insights, they may not always capture the intricate

details required for accurate polyp classification.

Hybrid methods combine elements of both end-to-end learning and hand-crafted
features. By integrating the strengths of automated learning with manually designed
features, these methods aim to provide a more comprehensive representation of the polyp
characteristics. Despite the advancements in these approaches, the challenge remains to
extract complete and accurate features that include fine-grain details. Achieving this is
essential for minimizing the misclassification rate and improving the diagnostic accuracy
of colorectal polyp detection. Effective feature extraction techniques are crucial for

developing reliable diagnostic tools that can significantly impact patient outcomes.

Both data availability and feature extraction occur in relation to the supply of
Computer-Aided Detection (CAD) systems. In addition, these issues are complex and
to an extent amenable to resolution. In the past, studies twinned either one of these

problems and tried to resolve them separately, but it is much harder to embrace both
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problems at once. The problem of limited data is quite common and a lot of authors cite
an obvious solution to the problem of data: the use of data augmentation techniques.
Basic augmentation methods are: rotation, flipping, brightness modifying, scaling and
other related techniques. On the one hand, it is a good practice to extend the number of
images by creating its variations, on the other hand it does not provide any additional

new samples.

Therefore, the obtained augmented data are still subject to the weaknesses of
the preliminary data set and fail to represent the diversity that may exist in reality. Such
limitation in data diversity may greatly affect feature extraction processes. In the absence
of new unseen samples, feature extraction methods might not perform adequately on a
wider span of variations. Eventually, this can cause a decrease in a classifier’s sensitivity
and performance as a whole. The shortage of novel and diverse samples makes feature
extraction algorithms less efficient at acquiring all the relevant, broad and therefore more
useful features that would assist in enhancing the rigor and precision of CAD systems.
It is important that both issues of data scarcity and difficulties in feature extraction are

tackled to come up with better and dependable diagnostic tools.

Several strategies focus on enhancing classifier performance by employing
various data augmentation techniques. One prominent method in this area is the use
of Generative Adversarial Networks (GANs). GANs are sophisticated deep learning
models that consist of two neural networks: a generator and a discriminator. These
networks work in opposition, with the generator aiming to create realistic images and
the discriminator striving to distinguish between real and generated images (Elsheikh,
2008). This adversarial process helps GANs produce high-quality synthetic images that

can augment existing datasets. Conditional Generative Adversarial Networks (cGANSs)
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extend the functionality of GANs by incorporating additional information to guide
the image generation process. This allows cGANs to create images that belong to
specific classes (Krizhevsky et al., 2012) (Sener & Savarese, 2017). By leveraging this
conditional information, cGANs can enhance the diversity of the training data, making it

more representative of various classes and improving the robustness of the classifier.

In the context of image classification, Vision Transformers (ViTs) have shown
significant promise due to their ability to capture long-range dependencies and handle
complex contextual information effectively. ViTs excel at processing large images
and extracting features from fine-grain details. However, the effectiveness of a Vision
Transformer model is heavily dependent on the availability of a substantial dataset. A
significant challenge in this domain is the availability of public colorectal cancer (CRC)

datasets and the associated class imbalance issues.

To address these challenges, we have integrated a Conditional Deep Convolu-
tional GAN (¢cDCGAN) into our framework to generate synthetic images. GANs, by
introducing new and unseen images into the dataset, play a crucial role in increasing
data diversity. On the other hand, cDCGAN focuses on generating images for specific
class labels using additional information, which helps tackle the class imbalance problem
prevalent in CRC data (Krizhevsky et al., 2012) (Sener & Savarese, 2017). Nevertheless,
it is necessary to analyze the characteristics and level of variation of the synthetic images
created by the cDCGAN network. However, prior to the overfitting of the classifiers
due to augmentation fusion, extremely concordant images need to be extracted. To
solve this problem, a further classifier is added to the network which classifies synthetic
images according to the maximal predicted probability for each of available classes. To

investigate this quality and variability of these samples, two powerful parameters Fréchet
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Inception Distance (FID) (Heusel et al., 2017) and Inception Score (IS) (Park et al., 2022)
are employed. These parameters play an important role in ensuring that the synthetic

images used do not deteriorate the training aimed at the classifier and its performance.

The black-box nature of neural networks, which is one of their most advanced
capabilities, complicates the understanding of how and why systems make specific
decisions. This issue is especially serious in medicine where it is essential to garner
and keep pathologists’ confidence in the systems. To overcome these issues, we have
constructed an Explainable Artificial Intelligence model. The quick and easy access
of the patient, as well as the analyzing, decided quality of the diagnosed conditions
description will be further enhanced using our proposed XAI model. To make it clearer
for the reader, the authors of this work have made the images associated with the model
more readable using Grad-CAM technology. Grad-CAM is an example of an attention
map that indicates which parts of the input image hold the most relevance to the model
output. These maps efficiently illustrate all aspects of the input which were critical in
making the predictions or classification. In our model, it is argued that the incorporation
of Grad-CAM heatmaps works in closing the gap between DNNs complexities and the
practicality of the medical domain. The pathologists can see the areas highlighted under
the model and appreciate how the model behaves and what decisions it makes. Such
validation of the model’s outputs addresses the concerns on the models reliability and
accuracy. Our method intends in the end that the automated solutions provided will not
only be efficient but will also correspond to the needs of the healthcare practitioners,

thereby improving their willingness to use them in clinical decision making.

An increased number of extracted features typically results in high-dimensional

data, which complicates the task of capturing meaningful patterns among the spread-out
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data points. This complexity often leads to notorious overfitting problems, significantly
affecting the model’s performance. To address this, it’s crucial to build a generalized
and robust model. In the context of image classification, where images often contain
nonlinear and complex structures, linear techniques may prove inadequate. Consequently,

nonlinear dimensionality reduction techniques are better suited for handling such data.

The manifold algorithm is designed to capture these characteristics in high di-
mensions and conserve them in newly constructed low-dimensional embeddings. While
techniques like Principal Component Analysis (PCA) and Multidimensional Scaling
(MDS) are commonly used for dimensionality reduction, they rely on linear trans-
formations, which are less effective at learning nonlinear data manifolds. Nonlinear
dimensionality reduction methods, such as Isomap and LLE, are more adept at uncov-
ering the underlying structure of high-dimensional data. Isomap focuses on preserving
the geodesic distances between data points, while LLE excels at maintaining the local
relationships between neighboring points. In this study, these algorithms are within
the proposed framework to identify the most effective method for discovering the un-
derlying nonlinear structure of CRC data. The aim is to integrate these techniques
into a deep CNN-based classification framework to analyze colon endoscopy images,
thereby addressing the challenges associated with high-dimensional data and improving

classification accuracy.

2.8 Summary of Chapter

In this chapter, we have pinpointed the key discussions in relation to the literature and

contributions such as this thesis. The literature retrials have demonstrated that many of
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the described models lie in attempting to develop approaches to an imaging modality for
detecting and classifying colorectal cancer polymorphic images. At the same time, there
have been additions concerning this area of investigation, and several problems still exist,
and they arise from the nature of CRC polyp data itself, which is why a single solution is

insufficient.

The first threat described in the works is the publicly available gastrointestinal
polyp databases. Due to the limited accessibility of such datasets, efficient classification
models cannot be developed or tested. Aside from the data being scanty, the class
imbalance problem of certain polyp subtypes not being sufficiently represented is a
common one. Such a problem may result in biased models whose efficiency in predicting
infrequent polyp types will be poor, and this can have dreadful consequences on the
patients. To deal with these problems, conventional data augmentation methods have
also been applied in previous work. These include techniques like rotation, flipping and
scaling that expand the available training data. However, such conventional methods will
have a major drawback: they do not add any new and previously unseen samples to the
dataset. The data strengthened by these methods is also often not sufficient to train the
model on the images it has not seen in the sense that it does not contain diversity. This is
where more advanced augmentation techniques are required. One promising approach to
overcoming this limitation is the use of conditional Generative Adversarial Networks
(cGANs). cGANSs have the capability to generate synthetic samples that are new and
distinct from the original data, thereby enhancing the diversity of the dataset. However,
the literature also points out a critical concern with the use of cGANs: the quality
and concordance of the synthetic images. If the generated images do not accurately

represent the characteristics of real CRC polyp images, they can degrade the performance
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of the classifier rather than improve it. This highlights the importance of thoroughly
evaluating the quality and diversity of synthetic images produced by cGANs before they

are incorporated into the training process.

While significant advancements have been made in the detection and classific-
ation of CRC polyps, several unresolved challenges persist, particularly regarding the
availability of datasets and the quality of synthetic data. Traditional data augmentation
techniques, although useful, are insufficient for addressing the need for diverse and
representative training data. cGANSs offer a promising solution, but their effectiveness
depends on the careful assessment of the synthetic images they generate. Thus, future
work in this area must focus not only on generating synthetic data but also on ensuring
that this data meets the necessary standards of quality and diversity to build intelligent
and reliable classifiers. This chapter has set the stage for the methodologies discussed
later in this thesis, which aim to address these critical challenges and contribute to the

advancement of CRC polyp classification.

Secondly, the literature indicates that current methodologies for extracting
colorectal polyp features primarily include end-to-end learning, manually crafted features,
and hybrid approaches (Bernal et al., 2017). However, a critical gap remains in extracting
comprehensive and precise features that capture the fine-grained details essential for
minimizing the misclassification rate of polyps. These fine-grained details are crucial
because colorectal polyps often exhibit complex morphological structures that, if not ac-
curately captured, can lead to significant errors in classification. The prediction accuracy
of CAD systems has been consistently hindered by two major challenges: the limited
availability of high-quality data and the difficulties associated with effective feature

extraction. While data augmentation methods, such as traditional image transformations,
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help address the scarcity of images, they do little to enhance the diversity of the dataset.
This lack of diversity ultimately restricts the ability to extract a wide range of features,
particularly those that are subtle yet significant in differentiating between various polyp
subtypes. Consequently, these limitations can lead to suboptimal performance of the

classification model, especially in clinical scenarios where precision is critical.

Given these challenges, there is a pressing need for a more sophisticated feature
extraction mechanism that can go beyond basic attributes like shape, texture, and colour.
Such a mechanism must be capable of capturing the intricate and nuanced details present
in colorectal polyp images, which are often characterized by complex and variable
morphological features. An advanced feature extraction approach would not only improve
the classifier’s ability to distinguish between different types of polyps but also enhance
its overall sensitivity and specificity. To develop a highly sensitive classifier model, it
is essential to implement a feature extraction process that meticulously captures these
fine-grain details. This process should be integrated into a comprehensive framework
that also addresses the limitations of data augmentation by incorporating methods that
introduce genuinely novel and diverse samples into the dataset. By doing so, the model
can be trained on a dataset that is both sufficiently large and diverse, thereby improving its
generalisability and reducing the likelihood of misclassification. While existing methods
for colorectal polyp feature extraction have laid the groundwork, they fall short in
addressing the need for detailed and precise feature capture, which is vital for improving
the accuracy of CAD systems. The integration of advanced feature extraction techniques,
coupled with strategies to enhance dataset diversity, is crucial for the development of a
robust and highly sensitive classifier model that can reliably distinguish between different

polyp subtypes and support more accurate and effective colorectal cancer screening.
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Thirdly, another significant challenge faced by deep learning models, as high-
lighted by the literature, is their often opaque decision-making process. While the existing
studies demonstrate the application of Explainable Al (XAI) within the medical domain,
they frequently fail to integrate XAl as a fundamental component of the computer-aided
diagnosis (CAD) system. This omission limits the ability of practitioners to gain insights
into the internal workings and decision-making processes of deep neural network (DNN)
models. Incorporating XAl into the CAD system can profoundly enhance transparency,
allowing practitioners to understand how the model arrives at its predictions. Developing
an interpretable CRC classification framework for colonoscopy imaging is, therefore, of
paramount importance. Such a framework would not only clarify the specific features
and factors that influence the model’s predictions but also assist pathologists in making
more informed and accurate diagnostic decisions. This increased interpretability can
lead to greater trust in the system, ultimately improving clinical outcomes and fostering

a more reliable integration of deep learning technologies into medical practice.

Fourthly, CRC polyp images often exhibit high dimensionality due to their
intricate textures and detailed structures. This high dimensionality can exacerbate the
notorious overfitting problem, where the model struggles to identify meaningful patterns
within sparse or complex data, resulting in a model that lacks generalisability. To
address this issue and promote better generalisation, it is crucial to apply regularisation
techniques to the cost function of nonlinear dimensionality reduction algorithms. For
instance, the manifold algorithm can be regularized to penalize overly complex models,
thus mitigating the risk of overfitting. Despite the potential benefits of this approach,
there has been limited research focusing on regularizing deep learning model training

through manifold learning. To the best of our knowledge, there is a notable gap in



Chapter 2. Literature Review 118

the CRC polyp domain regarding the enhancement of classification performance using
such methods. This gap presents an opportunity for further exploration and innovation,
highlighting the need for dedicated research to integrate manifold learning techniques

with deep learning models in the context of CRC polyp classification.

The concerns previously discussed drove us to design a comprehensive method-
ology for CRC polyp image classification capable of addressing the multifaceted issues
inherent in such images. Our approach integrates various components to tackle each
challenge simultaneously, from data insufficiency and feature extraction to model inter-
pretability and overfitting. The proposed methodology will undergo rigorous evaluation
using advanced metrics to ensure high sensitivity and accuracy in classification. By
developing an explainable deep learning method, we aim to build pathologists’ trust and
improve the transparency of the model’s decision-making process. This enhanced trans-
parency is crucial for integrating the model into clinical workflows, where it can provide
clear insights into the reasons behind each prediction. Moreover, the methodology’s
focus on automating CRC biopsy workflows addresses key factors affecting pathologists’
efficiency, such as the need for accurate and reliable support tools. By streamlining the
biopsy process and enhancing the capabilities of CAD systems, the proposed framework
not only saves pathologists time and effort but also improves diagnostic accuracy. This
comprehensive approach ensures that the CRC polyp classification system is both robust
and generalized, effectively advancing the state of automated medical diagnostics and

contributing to more efficient and reliable clinical practices.



Chapter 3

Explainable Deep Learning Framework

for CRC Polyp Classification

In this chapter, we present an overview of the proposed methodology for an efficient
and explainable CRC classification model (XAI) for concordant images that facilitate
the classification of polyp types in endoscopy images. As mentioned earlier, the main
objectives of our study are to generate synthetic unseen images with strong concordance,
to extract features using an attention-based mechanism and its feature discriminative
abilities, to provide transparency for a reliable clinical decision-making process through
an explainable model, to uncover the nonlinear structures present in the data for efficient
model training along with model regularisation, and finally, to perform classification

with optimised deep learning model.

119
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3.1 Methodological Framework

The proposed framework comprises six key modules: Ensemble Learning Block - ELB,
Synthetic Image Generation Block - SIGB, Deep Feature Extraction Block - DFEB,
Model Explainable Block - MEB, Manifold Regularization Block - MRB, and Deep
Neural Network - DNN for final classification. All these parts of the framework are

described in the subsections 3.1.1 - 3.1.6 below.

3.1.1 Ensemble Learning Block (ELB)

The classification of colorectal polyps presents a complex and multifaceted challenge,
particularly when attempting to achieve automated classification through deep learning
networks. This complexity arises from the intricate and highly variable patterns these
polyps exhibit, making distinguishing between different polyps, such as benign and
malignant, especially difficult. Recognising these challenges, we have structured the first
phase of our methodology around developing an ensemble learning model. This model
is carefully designed to integrate various methods by combining multiple base learners,
thereby harnessing a broader and more diverse range of features extracted from input

data.

The rationale behind this approach stems from the observation that while power-
ful, individual CNN architectures do not consistently deliver outstanding performance on
their own. Each CNN model has unique strengths and weaknesses, and performance can
vary significantly depending on the specific characteristics of the data set used. Therefore,
by combining the strengths of multiple weak learners, each potentially capturing different

aspects or features of the polyps, we can construct an ensemble model that is more robust
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and capable of achieving superior overall performance. This ensemble-based strategy is
particularly advantageous for analysing colonoscopy images, where subtle and complex
variations in the texture, shape, and colour patterns of colorectal polyps require a more

nuanced and comprehensive approach.

Our proposed ensemble model leverages CNNs to analyse and classify these
images. The key steps in this approach include several critical processes, including
data augmentation, which involves artificially increasing the size and variability of the
training dataset to improve model generalisation; hyperparameter optimisation, which
fine-tunes the model parameters to enhance its performance; and finally, the ensemble-
based classification of colorectal polyps, where multiple CNNs are combined to improve
the accuracy and robustness of the predictions. By employing this ensemble approach, we
aim to address the limitations of single-model architectures and provide a more reliable
and accurate classification framework for colorectal polyp detection and diagnosis.
This not only improves the effectiveness of CAD systems but also has the potential to
significantly impact clinical practice by enabling more accurate and early detection of
colorectal cancer, ultimately contributing to better patient outcomes and advancing the

integration of Al technologies in healthcare.

In addition to its numerous advantages, one of the primary requirements for the
effective implementation of deep learning models in medical imaging is the availability of
large, high-quality medical datasets for automated model training. However, generating
a sufficiently large and meticulously annotated training dataset presents significant
challenges. This difficulty arises from the inherently expensive and time-consuming
nature of data acquisition and annotation in the medical field, which often involves

domain-specific expertise to accurately label complex medical images (Jha et al., 2021;
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Nogueira-Rodriguez et al., 2021). The scarcity of large datasets is further compounded
by privacy concerns and the difficulty of accessing diverse patient populations, making it

particularly challenging to gather a dataset that is both representative and comprehensive.

To mitigate these challenges, transfer learning is commonly employed in con-
junction with data augmentation techniques to maximise the utility of available data and
leverage the power of pre-trained architectures (Pacal et al., 2020). Transfer learning is a
powerful technique that is particularly suited for situations with insufficient training data
to train a model from scratch. This approach involves utilising deep neural networks
trained extensively on large, diverse datasets, such as ImageNet, and then transferring
the learnt weights and knowledge to new tasks requiring classification with smaller,
domain-specific datasets. By doing so, the pre-trained models bring forward a wealth of
feature representations that can be fine-tuned for colorectal polyp classification, thereby

improving model performance even with limited new data.

In addition, there is a significant imbalance in the distribution of colorectal
polyp image data among various patients, which poses another major challenge for
effective image classification. This imbalance can lead to biased models that perform
poorly on under-represented classes. For instance, images of adenocarcinoma, a type
of cancerous polyp with a carcinoma structure, are exceedingly scarce in the dataset.
This scarcity can prevent the model from learning the distinct features associated with
this critical class, potentially compromising the model’s ability to accurately identify
adenocarcinoma cases. To address this imbalance, data augmentation techniques such
as image flipping, rotation, scaling, and brightness adjustments were employed. These
methods help artificially increase the number of training samples in the underrepresented

classes, specifically the hyperplastic and adenocarcinoma categories, thereby ensuring
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a more balanced representation across all three classes in the dataset. In the Colorectal
Polyp Dataset Collection (CPDC), these augmentation techniques were systematically
applied to enhance the number of training samples available for the less frequent classes,

promoting a more balanced and fair model training process.

Furthermore, when employing deep learning algorithms to classify colorectal
polyps, it is crucial to carefully consider and optimise hyperparameter configurations
to achieve the best possible model performance. Hyperparameters, such as learning
rates, batch sizes, number of layers, and types of activation functions, play a vital
role in the training process and significantly impact the model’s ability to learn from
data effectively. Fine-tuning these parameters can lead to substantial improvements
in model accuracy, generalisation ability, and robustness. By systematically exploring
different hyperparameter settings through methods such as grid search or random search
and incorporating domain-specific knowledge, it is possible to identify the optimal
configuration that maximises the model’s performance in real-world clinical settings. This
careful attention to hyperparameter optimisation ensures that deep learning models used
for colorectal polyp classification are not only accurate and reliable but also adaptable
to varying dataset sizes and conditions, ultimately contributing to more effective and
trustworthy Al-driven diagnostic tools in healthcare. Hence, this part of the framework

addresses RQ1a for optimal hyperparameter settings of the architecture.

Six contemporary CNN architectures were used to accomplish the hyperpara-
meter tuning. The purpose of this step is to find the most suitable hyperparameter
settings among neural networks for the purpose of classifications. First, the datasets
were segmented into a training and a test set. Then the training set was passed to the

pre-trained network to find out the best possible optimiser for the dataset. The three
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optimisers selected are ADAM - Adaptive Moment Estimation, SGDM - Stochastic
Gradient Descent, and RMSprop - Root Mean Square Propagation. During the first phase
of the experiment, six networks were tested with these three optimizers one by one with
a learning rate of 0.001 and 50 epochs. In the next step, the networks were tested for the
same learning rate but by increasing the number of epochs from 50 to 100. Later, the
bending ratio was increased to 0.005, and the number of epochs was set to 50 and then
100 for the next phase of the experiment. After establishing the most efficient optimiser,
further experiments were conducted to select the number of epochs that generated the

best result. The best resulting hyperparameters were used for further experimentation.

The rationale for employing ensemble learning in the classification of colorectal
polyps is rooted in enhancing the diagnostic system’s generalisation ability. In complex
medical imaging tasks, such as the identification and classification of colorectal polyps,
a single learning model or learner may encounter difficulties in fully capturing the
underlying data distribution, especially given the variability and complexity inherent
in medical images. Individual models often possess unique strengths and weaknesses,
and these limitations can result in suboptimal performance when used in isolation.
However, by aggregating the decisions of multiple weak learners, ensemble learning
significantly bolsters the learning capability of the classification system. This approach
helps to mitigate the individual limitations of each model, resulting in a more robust and

comprehensive understanding of the data.

Ensemble learning works by consolidating the decisions of diverse learners,
effectively combining their individual outputs to produce a more accurate and reliable
final prediction. This process not only improves the robustness of the system but also

enhances its overall performance by ensuring that the model is less likely to overfit
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to any particular subset of the training data. In the proposed method, three cutting-
edge deep learning models—GoogLeNet, Xception, and ResNet-50—were employed
as foundational benchmarks. These CNN architectures are renowned for their ability
to handle complex image recognition tasks due to their advanced structural designs,
such as residual learning. Each model differs in layer configurations, block designs, and
specific learning techniques. For instance, Googl.eNet utilises an Inception module for
multiscale feature extraction, Xception leverages depthwise separable convolutions for
efficient computation, and ResNet-50 employs residual blocks to mitigate the vanishing

gradient problem during training.

Following the implementation of these deep learning architectures, an averaging
approach was initially used to combine the predictions of these base learners. This simple
ensemble technique aggregates the outputs of each model by calculating the average
of their predictions, thus generating a final decision that reflects a consensus among
the learners. In addition to simple averaging, a more sophisticated weighted averaging
method was also implemented. This approach assigned appropriate weights to each
base classifier based on their performance metrics, such as accuracy or Fl-score. The
weighted average aims to give more importance to models that perform better in certain
aspects of the classification task, thereby enhancing the overall classification accuracy.
This weighted ensemble strategy, as depicted in Figure 3.1, leverages the unique strengths
of each model to optimise performance in the challenging domain of colorectal polyp
classification. The effectiveness of ensemble learning is largely driven by the diversity
among its base learners, which can be achieved through several strategies. First, diversity
can be introduced by employing a range of different learning algorithms or by varying

the configurations of the same algorithm. For example, using different architectures or
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Figure 3.1: Methodology of weighted-average ensemble learning block

hyperparameter settings can lead to models that focus on different features or aspects
of the data. Second, utilising a diverse set of features for training each base learner can
help ensure that different models capture different relationships and patterns within the
data. Finally, incorporating a variety of training instances or data subsets for each learner
helps to expose the models to different aspects of the problem domain, thereby enhancing
the ensemble’s ability to generalise well across unseen data. These diverse approaches
ensure that the ensemble captures a wide range of perspectives on the classification
task, thereby improving its overall effectiveness and reliability (Gomes et al., 2017). By
integrating these diverse models and techniques, the ensemble learning strategy in this
study aims to create a more accurate and reliable system for the automated classification

of colorectal polyps, ultimately advancing the field of CAD and contributing to improved
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clinical outcomes.

Furthermore, the classification of serrated adenomas presents a particularly
challenging task due to their hybrid nature, which differs significantly from the more
distinct characteristics exhibited by hyperplastic and adenomatous polyps. Serrated
adenomas have a combination of features that overlap with benign and potentially
malignant polyps, making their identification and classification less straightforward. This
complexity arises because the visual patterns of serrated adenomas can closely resemble
those of other types of polyps, making them difficult to distinguish even for experienced
pathologists. The subtle morphological differences between these polyps often require
careful examination and interpretation, which can be both time-consuming and subject
to variability among different observers. Therefore, it is crucial to develop a reliable and
precise automated assessment system that can accurately classify serrated adenomas and

other polyp types to ensure proper diagnosis and treatment planning.

The availability of numerous pre-trained architectures for transfer learning offers
a potential solution to enhance the performance of automated classification systems.
However, the efficacy of these pre-trained models must be carefully compared and
evaluated to identify the architecture that consistently performs best for the specific task
of colorectal polyp classification. Different pre-trained models, such as VGG, ResNet,
Inception, and DenseNet, have unique strengths and weaknesses, particularly in handling
the nuances of medical imaging data. The performance of these models can vary based
on factors such as network depth, the complexity of the convolutional layers, and the
types of features they are optimised to detect. As a result, a thorough evaluation and
comparison of these architectures are essential to determine the most suitable model

for the classification of colorectal polyps. As part of our comprehensive analysis, we
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have conducted a detailed examination and assessment of various transfer learning
architectures to address this need. This evaluation aims to determine which architecture
is most appropriate for accurately classifying colorectal polyps, considering factors such
as model accuracy, computational efficiency, and the ability to generalise from training
to unseen data. By utilising pre-trained architectures instead of developing a customised
deep neural network from scratch, we leverage the rich feature representations that these
models have already learnt from vast datasets. This approach not only saves significant
time and resources but also enhances the model’s ability to generalise to new data, as
these pre-trained models have already been fine-tuned to recognise a broad range of
features that are applicable to various image classification tasks. The decision to use
pre-trained architectures was informed by our need to address RQ1b, which focusses on
optimising model performance for accurate and reliable colorectal polyp classification.
The training scheme employed for this block of our methodology, which integrates these
pre-trained architectures, is detailed in Algorithm 1. This algorithm outlines the specific
steps and procedures used to fine-tune the pre-trained models, ensuring that they are
optimised for the nuances and specificities of the colorectal polyp classification task,
ultimately contributing to a more robust and effective computer-assisted diagnosis (CAD)

system for clinical applications.

3.1.2 Synthetic Image Generation Block (SIGB)

In the second phase, our framework aims to produce high-quality synthetic images for
model training to address RQ1c. To achieve this, it is beneficial to up-sample the data to
a larger output feature map. To up-sample, we embed a transposed convolutional layer in

the GAN instead of a regular convolutional layer, which typically down-samples the data.
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Algorithm 1 The training scheme of ELB

Inputs:
1: Trainingdata 0 ={ g, g2, - ... g, }
2: Hyperparameter search space P={ p,, p2.. .., pn }

3: Number of trials (X)
4: Number of classes (C)
5: Number of models to be used in the ensemble (N)
6: Testingdata Q' ={¢q;". q2",....q. }
Training Process:
7: Generate the set of N random hyperparameter combinations from P.
8: Create N different networks pertaining to X combinations found in step 7.
9: Train each pre-trained network PT,,., on X from step 8.
10: Choose the most efficient PT,,,, with specified accuracy threshold from step 9.
11: Perform  grid search and  assign  suitable  weights  wg =
argmary i, Wi, ..., Wy to PT ..
12: Perform the final training for the best-M networks selected from step [/ using the
entire training dataset.
Testing Process:
13: Input testing image g’ from the Q'
14: Generate output h(g ') predictions from each of the chosen PTnet from step 12.

15: Perform the final classification by doing an ensemble of predictions from step 4.

Output: Final classification label hi(g’) for a testing image from Q’
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DCGAN (Radford et al., 2015) is a convolutional network GAN model that improves the
stability of the standard GAN model and the quality of generated images. By adding a
transposed convolutional layer in the generator network of DCGAN, we create cDCGAN
- a conditional deep convolutional GAN. The cDCGAN has a vital role in retaining and
restoring the fine-grain details of a feature map. Due to these properties, cDCGAN is
a suitable choice for our framework. This technique generates synthetic images of a
specific class to handle class imbalance and introduce unseen data points, increasing the

generalisability of the classifier.

We first train a neural network and a cDCGAN model on colonoscopy images
to begin our approach. The cDCGAN generates new samples from a seed, a vector of
random numbers. The seed determines the general appearance of the image based on the
class label. In the first step, we define the initial generator parameters 6, discriminator
parameters ¢, and transposed convolutional parameters 6. The generator receives two
inputs: a 100-node latent vector as the initial seed and class labels. Before passing
through the rest of the network, the seed and class labels are concatenated and reshaped.
The transposed convolutional layer then upscales the data to 28 x 28 pixels. Two distinct
inputs are used for the discriminator in the cDCGAN model: a class label and an image
generated by the generator. The class label is first converted into an embedding, a vector
of learnt numerical values that represent the essence of the class label. This embedding
is then passed through each layer of the cDCGAN along with the generated image. To
create the final cDCGAN model, we merge the generator and discriminator models. The
discriminator model is specified as non-trainable, as we trained it separately with real
and synthetic data. In the next step, we train and evaluate the model. We then allow the

model to generate images for each class label and store the synthetic endoscopic images
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according to the individual class. Lines 1 - 7 of Algorithm 2 present the procedure.

Algorithm 2 The Training Scheme of Concordant cDCGAN and SIGB

Require: X: Training endoscopic image data;Y: Labels, where Y = {y |y € {0, 1,2 }} ;

QG-'

G’s parameters; 0p: DS parameters; 67 T* parameters; L: Latent Space.

Input: X, where x ¢ X

1:

2:

10:

11:

12:

13:

14:

15:

16:

Initialize parameters 6, 0p, 07, L=100, Adam Parameters: a=2x103, 51=0.9.
Input seed drawn from the latent space L and class labels to the generator G.
Upscale the image dimensions through transposed convolutional layers T and obtain
the output image.
Input the image generated in Step 3 and the image label to the discriminator D.
Combine G and D to create cDCGAN. Set model D as non-trainable to allow separate
training.
Train the final model and generate conditional synthetic images CSI.
Store CSI in the relevant folder Fiyeric, Where Fyyupenc = {0, 1, 2}
Train CNN to determine concordance C
Input CSI to concordance classifier
for n =1 — N do // where N is the total no. of components
if Prob > 0.75 then
store image CSI, in corresponding folder F,,, of original dataset.
else
discard image
end if

end for

The subsequent step in our methodology involves categorizing the classifier’s
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predictions into three distinct categories: strong concordance, weak concordance, and no
concordance. This categorization is crucial for refining the quality of the synthetic images
included in the dataset and for ensuring the robustness of the classification model. To
determine the level of concordance, synthetic images are systematically extracted from
the dataset and individually evaluated by the classifier. For each image, the classifier
generates a prediction along with an associated probability score. If the classifier’s
probability score for a particular class is greater than or equal to 0.75, the prediction is
classified as strong; conversely, if the score is less than 0.75, the prediction is deemed

weak.

The categorisation process is further refined by comparing the classifier’s predic-
tion with the class label generated by the Conditional Deep Convolutional Generative
Adversarial Network (cDCGAN). If a prediction is strong and aligns with the cDCGAN’s
class label, the image is considered to exhibit strong concordance, indicating a high
level of agreement between the classifier and the generated label. This agreement sug-
gests that the synthetic image is of high quality and closely resembles the features and
characteristics of real images within that class. On the other hand, if the classifier’s
prediction is weak but still matches the cDCGAN label, the image is categorised as
having weak concordance. This weak concordance indicates some level of uncertainty
or less confidence in the classifier’s prediction, even though it aligns with the synthetic
label. Finally, images that do not match the cDCGAN class label or have a probability
score below the threshold for strong or weak predictions are classified as having no
concordance. These images are typically considered low quality or less reliable for

training purposes.

The comprehensive overview of this methodology, including the classification
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and concordance determination process, is visually represented in Figure 3.2. The
methodology is designed to ensure that only high-quality synthetic endoscopic images,
which demonstrate either strong or weak concordance, are included in the dataset for
further analysis and model training. Images that fall into the category of low or no
concordance are excluded from the dataset to prevent them from negatively impacting
the model’s learning process, as detailed in lines 8 to 16 of Algorithm 2. This selective
inclusion and exclusion process helps to maintain the integrity of the training data and

enhances the model’s ability to generalise well to test data.
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Figure 3.2: Framework of synthetic image generation block

To quantitatively ensure the high quality of the synthetic images that are being
integrated into the dataset, we utilised the Fréchet Inception Distance (FID) metric. The
FID score measures the distance between the distributions of real and synthetic images
in a feature space, with lower scores indicating closer resemblance and higher quality.

Inception Score (IS), Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index
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(SSIM) is used to assess the quality of synthetic images. By employing these metrics,
we ensured that only synthetic images with acceptable values were included in the final

dataset.

The output of the SIGB (Synthetic Image Generation Block), which comprises
these high-quality synthetic images, is then merged with the existing dataset to create
a more comprehensive and enriched dataset for subsequent training and evaluation
phases. This strategic integration of high-quality synthetic data is intended to improve the
robustness and accuracy of the classifier, ultimately enhancing the overall performance

of the CAD system for the classification of colorectal polyps.

To illustrate the second phase of our methodology, we applied Algorithm 2 on
images from dataset D to generate a synthetic image using cDCGAN [ with the class
label Adenoma. After generating an image, we proceed to determine whether it meets the
criteria for inclusion in the current dataset. For that, three possible scenarios that could
arise are given in Table 3.1. The first requirement is that the predicted and actual class
labels must match. If the predicted class does not match the actual class label (Scenario
3 of Table 3.1), that image will be discarded. On the other hand, if the predicted label
matches the class label, we will verify the class probability (Scenario 1 and 2 of Table
3.1). In case the probability is greater than or equal to 0.75, it will be categorized as

highly concordant and added to the dataset; otherwise, it will be discarded.

Table 3.1: Concordance determination of generated images

Predicted Class | Concordance Addition to
Scenario | Predicted Class Probability Category Existing Dataset
SI. Adenoma >0.75 High Yes
S2. Adenoma <0.75 Low No
S3. Adenocarcinoma or Hyperplasic <0.75 No Concordance No
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3.1.3 Deep Feature Extraction Block (DFEB)

After generating a diverse and comprehensive dataset, the next crucial phase in our
methodology involves extracting meaningful image features to address RQ2. To achieve
this, we have utilized the ViT model, which has been specifically chosen for its advanced
capabilities in deep feature extraction. The ViT model is highly effective in learning
rich and nuanced representations from visual data, thanks to its innovative architecture
that excels at capturing both global and local image patterns. Unlike traditional CNNss,
ViT operates on image patches, which allows it to maintain high resolution and detailed
representation of the image, making it particularly suitable for tasks requiring intricate

feature extraction (Raghu et al., 2021).

The Vision Transformer leverages a powerful attention mechanism, which is
central to its ability to focus on the most relevant parts of an image. This attention
mechanism allows the model to identify and emphasize important regions of the image,
thereby capturing subtle and intricate details that might be overlooked by other models.
By attending to various parts of the image and understanding the context within those
regions, ViT models can produce highly detailed and informative feature representations.
This capability is especially beneficial in medical imaging applications, where the ability
to discern fine details can significantly impact diagnostic accuracy. Incorporating the
high-quality synthetic images generated in the preceding phase further enhances the
effectiveness of the feature extraction process. By expanding the dataset with these
synthetic images, the model is exposed to a broader range of variations and features,
which enriches its learning experience and improves its generalization capabilities. The
increased dataset size and diversity contribute to a more robust feature extraction process,

enabling the Vision Transformer to capture a more comprehensive set of features from
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the images.

Furthermore, ViT models are known for their computational efficiency when
handling large datasets, which provides a distinct advantage over traditional CNN archi-
tectures. While CNNSs are effective, they often require extensive computational resources
and may struggle with large-scale datasets due to their inherent design. In contrast, the
transformer-based approach of ViT allows for more efficient processing and scalability,
making it well-suited for working with extensive and diverse datasets. The ability of
ViT to handle large volumes of data while maintaining high performance in feature
extraction is a key reason for its integration into our methodology. By leveraging the
Vision Transformer for feature extraction, we ensure that our model benefits from the
most advanced and effective techniques available. This approach allows us to capture
detailed and accurate features from both real and synthetic images, thereby enhancing
the overall performance of our classification system. The combination of high-quality
synthetic images and the sophisticated feature extraction capabilities of ViT positions
our methodology to achieve optimal results in addressing RQ2 and advancing the field

of automated colorectal polyp classification.

The ViT operates using the attention mechanism by establishing connections
among neighbouring and distant pixels. To achieve this, the input image is partitioned
into small patches, resulting in a 4-dimensional matrix organized by batch, row, column,
and depth. To make the model compatible, we reshaped the original image x having
the original shape [H x W x C] is restructured to x, € R N* (PO, here (H, W) represents
image resolution, (P, P) represents the spatial dimensions of each patch, and C denotes

the channel count (Gu et al., 2023). The number of patches N is calculated as given in
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equations 3.1 - 3.2 below:

_HXW

N ==

(3.1)

where the patch size is represented by P. The image size is (244 x 244), and the patch

size is (32 x 32); the calculation for the number of patches is represented as follows:

224 x 224
N o= ZEEX AR g (3.2)
(32)?

A transformer pipeline was set up to normalize the images and reduce the
influence of any biases. After that, the image (x) is converted into a flattened 2-D
matrix M;p as given in equation 3.3 and is projected linearly into 1-D embedding vector,
Mp as a 1-D token embedding sequence is the appropriate input format for a standard

transformer as shown in equation 3.4.

M,p = (3.3)
_[3343] [244] [51749]_
[l 22 a2l
2 2 768
Mip - [351] [xQ] [xQ ] (3.4)
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Given the computational expense associated with transformers, particularly
when applied to high-resolution images, the Vision Transformer (ViT) utilises a strategy
in which image patches are aggregated into smaller segments. This aggregation process
involves dividing the input image into a series of non-overlapping patches, each treated
as a single input token. Subsequently, these patches are embedded using a positional
embedding technique, allowing the model to maintain spatial relationships within the
image while processing larger image sizes (Trockman & Kolter, 2022). Positional
embedding, denoted as Eppg, plays a significant role in providing the transformer with
information about the order and position of patches in the original image layout. The
transformer model employs a combination of sine and cosine functions at varying
frequencies to create positional embeddings, as proposed in the original transformer
architecture (Vaswani et al., 2017). This sinusoidal approach to positional encoding is
designed to allow the model to capture and understand the relative and absolute positions
of patches within an image. Specifically, patches located at odd-numbered positions
within the sequence are embedded using the cosine function, whereas patches positioned
at even-numbered positions are embedded using the sine function. This alternating
pattern of sine and cosine functions provides a unique encoding for each position, which
helps the transformer to maintain a sense of order and location for each patch across

different network layers.

In the context of positional encoding, pos represents the specific position of
a patch within the sequence, while I denotes the dimension of the embedding space.
Therefore, full positional embedding involves computing the sinusoidal values for each
possible position across multiple dimensions. This encoding process ensures that each

patch has a distinct positional representation that the model can use to learn spatial



Chapter 3. Explainable Deep Learning Framework for CRC Polyp Classification 139

dependencies and relationships between different patches. The maximum length of
the patch group is represented by d, which corresponds to the number of patches that
the transformer can handle at once. After the patches are linearly projected into a
higher-dimensional space, each projected patch is augmented with its corresponding
positional embedding. This augmentation process effectively combines the positional
information with the patch’s feature representation, allowing the transformer to not
only recognise the features within each patch but also understand their spatial context
relative to the entire image. This capability is particularly advantageous in medical image
analysis, where the spatial arrangement of features can provide critical insight into the
diagnosis and characterisation of various conditions, such as identifying different types of
colorectal polyps. By embedding patches, the Vision Transformer can efficiently handle
larger images and capture intricate details without losing important spatial information.
This approach ensures that the model can effectively learn complex visual patterns and
relationships within high-dimensional data, which is essential to achieve accurate and
reliable performance in automated colorectal polyp classification. The combination of
patch aggregation, positional embedding, and the transformative power of the attention
mechanism positions the Vision Transformer as a powerful tool for deep feature extraction

in advanced medical imaging applications.

Encoding an image involves several steps, including linear projection and posi-
tional embedding. Once these steps are completed, the embedded patch is then passed
to the encoded block for further processing. The encoder comprises eight identical
blocks, each comprising six layers. These layers include a normalisation layer, followed
sequentially by a multi-head self-attention (MSA) layer and a multi-layer perceptron

(MLP). This combination of layers helps to ensure that the encoded image is accurately
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represented and can be used for further analysis or processing. In the encoder block,
the input (EP) is combined with the output produced by MSA. The resulting output
subsequently passes through a normalisation layer, followed by an MLP dense dropout
layer. Lastly, a skip connection is established from the input and concatenated with
the attention mechanism output. This enhances the positional impact by providing the
subsequent layer with the original embedded patch and the concatenated attention out-
put. The attention mechanism involves three embedding matrices: key K, query @),
and value V. These matrices are computed using weight matrices Wq, Wg, and Wy,
respectively, with the equations 3.5 - 3.7 (Dutta et al., 2023), where the embedded patch

are represented by EP, and Wq, Wy, Wy € R e *di gre the weight matrices.

Query,Q = EP.Wy (3.5)
Key, K = EP.Wgk (3.6)
Value,V = EP.Wy, (3.7)

The MHA layer executes the following equation in parallel multiple times to
perform the single attention function called the head. The method for calculating attention
is given in equation 3.8. Where d; is a dot product that scales to prevent the explosion
of the attention value. The attention value is a scoring function that represents the
correlation between two image patches. The proposed framework includes multi-head

attention (MHA) with twelve heads, which is represented in equation 3.9:
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. QKT
Attention, (Q, K,V') = softmax ¥ % (3.8)
k

MHA = Attention, (Q, K, V) x12 (3.9)

In the subsequent layers, a dense layer with Gaussian Error Linear Unit (GELU)
activation is utilised in the multilayer perceptron, introducing nonlinear characteristics.
Here, ¢ denotes the cumulative distribution function of the Gaussian distribution used
in the GELU activation function. Finally, the features of the last layer of the model are
extracted, which iS Trqure embeddings and the feature embeddings are flattened and placed
in a single tensor using a tensor background using equations 3.10 - 3.12 (Dutta et al.,
2023). All the embeddings obtained by the feature extractor are then stored in Er for
further framework modules. The learning scheme for this block is given in Algorithm 3,
and the overview of the methodology is shown in Figure 3.3 and the incorporation of the

ViT network into the network pipeline is shown in Figure 3.4.

GELU(x)=xzP(X > z) = z¢(x) (3.10)
Tfeature_embeddings = GELU(MHA) (31 1)

Er = flatten (Tfeature_embeddings) (3.12)
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Algorithm 3 The Learning Scheme for DFEB

Require: X ,): Synthetic (s) and Original (0) endoscopy images, Y o) ={y |y € {0,

1,2}}

Input: Endoscopy Images, where X € Xy o)

1:

2:

10:

11:

12:

13:

14:

15:

16:

17:

18:

19:

Load the image dataset D, where D contains (X, o)), (Y(s, 0))-
Train Vision Transformer Model T on (X o)) with optimized network hyperpara-
meters through grid search.
Divide the input image x into small patches of a 4D matrix.
Reshape the original image x into x € RNx (®*0)
Calculate the number of Patches N.
Define transformer pipeline P, that is, image resizing and data normalization.
Convert x,, into flattened 2D matrix Mp.
Project linearly into 1D embedding vector Mp.
Group image patches into smaller groups.
Embed image patches with positional embedding Epgs.
if POS/2 = 0 then
embed using cosine function
else
embed using sin function
end if
Concatenate linear projection patches with Eppg to produce embedded patches.
Pass embedded patches to encoded blocks.
Extract the feature embeddings E from the last layer of the trained transformer model
for the model explainability block.
Convert the embeddings into a single tensor E7 and store resized tensor embeddings

in a list. Convert E7 into matrix M for Manifold Learning Block

Output: Feature embeddings Er, Feature matrix M
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3.1.4 Model Explainable Block (MEB)

This step aims to provide further information about the decision-making process of our
model addressing RQ2a, thus improving trust in the decision of the model. It explains the
human level, which is crucial in the regulated healthcare sector, as it plays a pivotal role in
bolstering confidence in the automated diagnosis system among specialists, patients, and
other stakeholders (Nazir et al., 2023). Due to the opaque nature of DNNSs, it is impossible
to get insight into the features that contribute to the predictions. Therefore, the features
obtained through the last layer of DFEB are utilised by this framework component to
reveal the features chosen for the decision-making process. We incorporated visualisation
using the gradient/backpropagation method for this purpose and used heat maps to present
the hidden information regarding the importance of features. This approach utilises the
backward pass to determine the contributing features and assess the region’s significance
for the model’s prediction. We implemented Grad-CAM to visualise the contributing
image regions instead of its recent versions due to its established robustness and reliability
in several studies. Grad-CAM is a reliable approach for ensuring explainability, and
the recent versions have higher computational overhead, so they restrict the processing
where resources are constrained. Therefore, its versatility, lower computational cost and

reduced complexity make it a suitable choice for our study.

In the first step, we determine the gradient of y. using feature map activation Ay
from the convolutional layers. The gradient in equation 3.13 is equal to the input image,

representing the feature map.

oy©

Gradient = DA

(3.13)
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In the next step, we compute the alpha value. This can be achieved by calculating
the average set of global variables against the breadth measure I and the height dimension
index j. The result of the following calculation will give us af, the weights of neuron
importance as shown in equation 3.14.

1 dy°©
of = — (3.14)
b Z Z ; DAk

In the final step, we combine the feature map activations A; using a weighted
approach; here, the weights o, are added for the final calculation. The alpha value is used
to calculate a weighted sum of feature maps. This sum is then passed through a ReLU
operation, which zeros out negative values and keeps only positive values, resulting in

the final Grad-CAM heat map as given in equation 3.15 (Mukhtorov et al., 2023).

Ly od-can = ReLU (Z a;Ak) (3.15)
k

The highlighted regions of the image represent the features used for the decision-
making process; these features are stored separately for further analysis. The learning

scheme of this block is given in Algorithm 4.

3.1.5 Manifold Regularization Block (MRB)

To construct an accurate classifier, it is critical to create suitable feature vectors that can
be effectively separated into different classes. To address RQ3, the features extracted
through ViT in the previous step contain high dimensionality, and diminishing the curse

of dimensionality is a crucial step to construct an efficient image classifier. Moreover,
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performing regularization through manifold learning tackles the overfitting problem.
Applying manifold regularization at the junction of feature extraction and final classifica-
tion significantly improves the quality of feature representations for subsequent image
classification. Since the obtained features are of the utmost importance in contributing to
the decision of the model, we extract a subset of these features to reduce computational
cost and regularise the model simultaneously. Therefore, we reduce the data dimensions

in this stage by preserving statistical and geometric properties in lower dimensions.

Algorithm 4 Learning Scheme of Explainable Model with Grad-CAM
Input: Feature embeddings Er

1: Compute g., the gradient, using A, the feature map activation, equation 3.13.
2: Compute «, equation 3.14.

3: Compute the average of global variables against i and j.

4: Compute a weighted combination of A, by adding af, to final calculation.

5: Apply ReLU operation on the computed weighted sum WSy, , equation 3.15.
6: if WSy, > 0 then

7: store WSy,

8: else

9: WS4, =0
10: end if

11: Generate Grad-CAM heat map on obtained gradients.

Output: Heatmap of input x

Various nonlinear dimensionality reduction algorithms were applied one by one
to reduce the features and evaluate their effect on the concluding classifier, as shown in

Figure 3.5 and passed on to the classifier for predicting the classes. Given the data matrix
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M obtained from the feature extraction block, M € R "*4_where R is the number of
neighbors to consider for each point when reconstructing the local neighborhood, d is the
desired dimensionality of lower dimensional space, and n represents the column of the
matrix in R . Using k nearest neighbours, every sample M; can be linearly reconstructed

M ; as shown in equation 3.16 (Samad & Sekmen, 2021).

Mizgwijxj,jzl,...,k (3.16)
J

For each sample represented by index i, there are k neighbours identified through
index j. In the equation 3.16, W is a square matrix of size n x n, serving as a weighted
matrix with columns being the linear coefficients for neighbouring samples. These
coefficients are employed to reconstruct rows from the individual samples. Zero is
assigned as the weight of all nonlinear neighbouring samples, and the remaining weights
are adjusted to fine-tune the W matrix through a least squares approach as presented in
equation 3.17.

argmin Y || M; - M;||2 (3.17)
W g=1

Therefore, W functions as the local map retained in a low-dimensional embed-
ding. During the last phase, d-dimensional coordinates are derived as the columns of the
U matrix, also known as low-dimensional embedding vectors. This process ensures the
preservation of the acquired W matrix by fine-tuning the specified embedding cost in

equation 3.18.

mim[']mize =3 U = > WUl (3.18)
i=1 7
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Mitigation involves resolving the sparse n x n W matrix through Eigen decom-
position. This process results in the U matrix containing the targeted eigenvectors or
d-dimensions. The m-dimensional representation of d-dimensional data is achieved by
mapping the data onto the initial m (where d > m) Eigenvector as shown in Equation
3.18. Finding the optimal number of dimensions for an accurate classifier is important.
In contrast to linear-dimensionality techniques, determining the appropriate number of
dimensions in non-linear techniques is challenging. The SVM is known to generalise
well in high-dimensional spaces (Yan, 2019). Therefore, we trained an SVM classifier on
reduced-dimensional data representations generated by several manifold algorithms to
determine the optimal dimensions in the designed framework. The classification report
was evaluated for the different number of components to establish the ideal number by

assessing the accuracy and stability of the classifier’s performance.

3.1.6 Concluding DNN Classifier

As illustrated in Figure 3.5, the finalised set of components of the previous step is then
implemented to perform classification. We have integrated only two fully connected
hidden convolutional layers to fulfil this purpose RQ4. The selected optimisation
algorithm is SGDM, 100 number of epochs and a 0.001 learning rate as established by
our study (Younas et al., 2023). We perform batch normalisation for every training batch
as it tends to normalise activation functions in the middle layers of neural networks.
The normalisation of the final layer of the deep network is the primary significance of
batch normalisation (Bjorck et al., 2018). The fully connected (FC) hidden layer maps
the dimensional feature vector n_vflatten obtained from the manifold algorithm into n;

feature space ygc. The last fully connected layer maps n; to the output layer with n,
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classification nodes. The manifold loss, computed batch-wise, is determined based on

the response of the first hidden layer, as illustrated in equation 3.19.
1y g
£ = NZ”Z/ZLLE_Z/%CHQ (3.19)

In this context, yr¢ denotes the output of the first fully connected hidden layer,
N signifies the batch size, and y;;z represents local linear embedding (LLE) of the
final convolutional response. Reducing the mean-squared error term during training
encourages manifold embedding in the fully connected layer alongside the convolutional
filter parameter optimisation. The final training goal is to minimise the cost function

using equation 3.20 for every batch of training samples.

argmin (a*Z(yi—gji)2+B*§+7*||l||2) (3.20)

L(g,y) ==Y y* log g*) (3.21)

Where, (y; - 9;) is the squared classification error. [, represents the norm encompassing
all weights, including both the filter parameters and the weights of fully connected
layers. «, 3,7 are positive tuning parameters that control the impact of classification
error contributions, manifold regularization, and weight penalty terms in equation 3.20.
The learning schemes of MRB and the final classifier are given in Algorithm 5. We
utilized the multiclass cross-entropy loss function as given in equation 3.21 to calculate
the loss between predicted y and ground truth § labels. Here, y*) is 0 or 1, indicating

whether predicted label k is the correct classification (Zafar et al., 2018). The complete
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methodological framework is presented in Figure 3.5.
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Algorithm 5 Learning Scheme of Manifold Regularization and Concluding Classifier

Require: M: Feature Matrix

Input: Endoscopy Images, where X € Xest

1: Load the nonlinear manifold learning model ML, ,, 4.

2: Build an SVM classifier with grid search for network optimization.

3: Set the parameters 0y for ML,,,q0, i = 1, acc =0

4. for g =1 — Q do, //where Q is the maximum number of components.

5: Setd =gq
6: Load M from DFEB, //where M € Rnxd
7: Linearly reconstruct M; by apply k-NN algorithm to generate M;, equation 3.16.
8: Reconstruct individual sample.
9: Assign zero weight to all non-neighbouring samples.
10: Update remaining samples weights to yield optimal W matrix, equation 3.17
11: Preserve the W matrix by optimize the embedding cost Q
12: Obtain d-dimensional coordinates as the column of U matrix
13: Train SVM() classifier on d manifold components
14: if accyy; > acc, then
15: q++, goto Step 4
16: else
17: d = q, // where (3 is the input parameter to the classifier
18: Initialize: Convolutional parameters, P = {P;, P,, ..., P,}
19: Initialize: Fully connected layer parameters, F = {F;, F,, ..., F,}
20: for epoch = 1 - n_epochs do
21: Train DNN for d, P and F
22: Compute loss, equation 3.21
23: end for
24: Finalize model with calculated parameters
25: end if
26: end for

Output: Trained model predicts the corresponding class for input x
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3.2 Summary of Chapter

This chapter comprises the methodology, which has been elaborately detailed with the
aim of enhancing the functioning of computer-aided diagnosis (CAD) systems, with
particular reference to the classification of colon polyps. The proposed conceptual frame-
work provided illustrated each of its elements and assisted as ever in the understanding
of the processes, the techniques used or the developments that ensued. The proposed
methodology differs from other methods since it elucidates the use of sophisticated and
advanced techniques such as data augmentation, feature extraction, and explainable arti-
ficial intelligence (XAI), among others. Moreover, it adds this extra nonlinearity through
a derivative model restraining and polyp images reconstruction or modeling techniques
which enhance image classification accuracy and reliability. Through this comprehensive
method, the efficiency of the CAD system is increased, and the classification results are
understandable and accurate, which is very important for the users of the systems in

medical fields especially.

An integral component of the methodology we are proposing is using different
types of data augmentation techniques, including the addition of synthetic concordant
images. This method aims to overcome the limitations commonly known as the data
bottleneck in the case of machine learning in most medical datasets. We have shown that
these synthetic images are good even when used with transformers’ attention mechanisms,
a networking architecture class that emphasises important data features. Combining
synthetic data generation and transformer models is essential in creating an interpretable
Al system or model. This model serves to improve not only the performance of polyp
imaging but also the performance of models that highlight the salient enablers of the

final output of the model. These models are crucial in understanding the inner workings
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of the model by allowing researchers and clinicians to see and understand the reasoning
behind the prediction. Such point of view is very essential to makes Al transparent and
improves trust and acceptance of the application of Als in the medical field where critical

decisions are made due to impact on the patients’ health.

We have taken into account an emphasizing explanation of the application of
advanced methods concerning dimensionality reduction in the course of the developed
framework. In this way, such methods are instrumental in the reduction of the model
complexity because of the decrease in the data size that requires being trained. However,
while performing this reduction, enough care is made to develop the techniques so that
they still give the model great ability to learn and encode the most important aspects of
high-dimensional medical data. This is necessary in order to prevent degradation of the
model performance and accuracy. These methods for dealing with high-dimensional data
are especially helpful whenever combined with other model regularisation methods to
deal with the overfitting problem which is a very serious challenge encountered when
training deep learning models on datasets which are usually small as in the case of
medical imaging data Overfitting constrains produces models that perform excellently
on the training sample yet the performance on test samples is poor. These encourage
effective nonlinear dimensionality reduction techniques and regularisation to be applied
in a manner that prevents the model from overfitting the training data by making it,
learn useful features rather than just patterns present in the training data only. This
technique improves the strength of the model and guarantees its efficacy and consistency
at making predictions under conditions of fewer or less diverse datasets. Through careful
trade-off between the reduction in the complexity and saturation of the features, there

is the building of more generalised models without compromising on the accuracy and
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reliability in clinical settings with different patient populations.

This chapter provides the presentation in detail of the many algorithms and
techniques which are employed in the methodology and explains how every part of
the outlined framework works together towards enhancing the classification accuracy
of the small medical data sets. By presenting the detailed function and interaction of
each of the algorithms, the framework is shown how the components can interact with
one another in a way that improves performance in terms of classification in a situation
where the amount of data is constrained. Instead, this strategy helps reduce dependence
on excessive data gathering and annotation practices that are usually labor-intensive,
time-consuming, and at times unattainable in the medical field as a result of privacy

issues and lack of annotated datasets.

In addition, the methodology also makes sure that even as significant attributes
are extracted from the data, the most information is being put to use that is useful for the
decision-making process of the model so that very little information is wasted. This is
particularly important in areas like medical imaging where small details can be predictive
of important clinical endpoints. At the same time, the strategy handles nonlinear high
dimensionality of medical imaging data which has rich in patterns and variations. The
nonlinear dimensionality reduction methods are included in the framework to make sure
the geometric relations in the data are preserved which is helpful in retaining the important
spatial and structural information needed for classification. This type of moderation in
the complexity of the data also helps improve how the derived inferences are explained
as well as strengthening the model’s adequacy and practicability in deployment as would
be required in the real world for the efficient performance of diagnosis as time is of the

€ssence.
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In order to validate our assumptions and showcase the effectiveness of our
suggested approach in practice, we shall utilise several real-world datasets which will
be described in detail in Chapter 6. This chapter is expected to be one of the most
important parts of our work since it will provide quantitative proof of how effective
and robust our methodology is cut out to be in tackling the multifarious and complex
task of classifying colorectal polyps. In these results, we would therefore intend to
demonstrate the efficacy of our approach in engaging with and resolving the variability
and complications that are typically associated with the use of real medical images
and, more specifically, the imaging of patients. Such demonstrations will also further
emphasize the possible applicability of the proposed method in clinical practice where
the use of reliable, accurate, and easy to interpret Al based diagnostic systems is on the
rise. If such challenges are addressed, our methodology helps to break the current barrier
in the development of CAD systems for the classification of colorectal polyps and also

encourages the wider acceptance of Al technology in medicine.

The advent of this integration is mainly focused towards achieving a change in
clinical practices that is significant through better and quicker diagnosis. This means
that we have taken a big leap in reconciling the two critical aspects of Al in medicine;
improvements in theory and the implementation of such advances within medicine, which
helps to visualise Al as a powerful technology for the healthcare sector by proving its
easiness, efficiency, and reliability in solving complicated diagnostic problems. Con-
sequently, this adds to the increasing evidence base of the different areas in which Al
can be applied in medicine and proceeds to make progress towards designing smart and

efficient as well as patient-orientated healthcare.



Chapter 4

Experiments on Real-world CRC

Datasets

This chapter describes the experiments performed on the three real-world datasets. In the
first section, we elaborate on the network architecture and experimental setup used to test
the framework developed, followed by the data sets used to validate the methodology.
The evaluation metrics used for analysing the performance of the model are described in
the last section. We have implemented the full-fledged prototype in various experimental

settings and have conducted an extensive experimental evaluation to analyse performance.

157
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4.1 Datasets for Learning Model

The proof of concept of the proposed CAD-CRC learning model uses the following three

datasets:

4.1.1 UCI Dataset

The first dataset Gastrointestinal Lesions in Regular Colonoscopy is publicly accessible.
This dataset has been utilised by other CAD researchers as well (Mesejo et al., 2016).
The dataset comprises 76 short colonoscopy videos clinicians recorded under varying
lighting conditions. The dataset includes both White Light (WL) and Narrow Band
Imaging (NBI) data. All experimental procedures utilised digital images extracted from
colonoscopy videos captured under narrow-band imaging (NBI) lighting, which is an
advanced optical technique that enhances the visualisation of vascular patterns in the
colon, providing detailed information about lesion types during the procedure (Shaban et

al., 2019).

4.1.2 PICCOLO Dataset

The second dataset called the PICCOLO dataset (PICCOLO RGB/NBI Image Collection,
2021) was obtained from the Hospital Universitario Basurto, Spain. The data set includes
clinical metadata as well as annotated frames from colonoscopy videos (Zhang et al.,
2016). The metadata information for the acquired data and the annotation procedure are

described in the following.

* The metadata completed by the gastroenterologist includes the number of polyps

of interest, the current polyp ID, polyp size in mm, Paris classification, NICE


http://www.depeca.uah.es/colonoscopydataset/
https://www.biobancovasco.org/en/Sample-and-data-catalog/Databases/PD178-PICCOLO-EN.html
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classification, and preliminary diagnosis.

* Metadata completed by pathologists includes final diagnosis and histological

classification.

The dataset consists of 3,433 WL and narrow-band imaging (NBI) images
extracted from clinical colonoscopy procedure videos of human patients. It encompasses
76 different lesions detected in 46 patients. The data set was divided into three subsets:
the training set with 2,203 images, the validation set with 897 images, and the test set
with 333 images. Details about the frames included in each set are provided in Table
4.1. The dataset covers three distinct types of polyps: Adenoma, Hyperplasia, and

Adenocarcinoma.

4.1.3 CPDC Dataset

The Colonoscopy Polyp Detection and Classification Dataset CPDC dataset (Li et al.,
2021) integrates publicly available endoscopic datasets, including MICCAI 2017, CVC
colon DB, GLRC dataset, and KUMC (Kansas Medical Center) dataset. It comprises
two classes: Adenomatous and hyperplastic polyps. Our experimental setup uses 116
training, 17 validation and 22 test sequences, with 28,773, 4,254, and 4,872 frames
allocated for each set. The details of these frames in each dataset are provided in Table

4.1, and sample images are given in Figure 4.1.

4.2 Experimental Setup

To successfully train a Conditional Generative Adversarial Network (cGAN) for med-

ical imaging, substantial computational power is necessary. The adversarial nature of


https://dataverse.harvard.edu/file.xhtml?fileId=4638276&version=1.0&toolType=PREVIEW
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Figure 4.1: Sample polyp images of datasets

c¢GANSs, where the generator and discriminator are trained simultaneously, demands
high-performance GPUs or TPUs to handle complex computations efficiently. In ad-
dition, medical images, particularly high-resolution endoscopic or histopathological
images, require significant memory, with a recommended VRAM of at least 16GB to
manage large batches without bottlenecks. Training time is another key consideration:
depending on the size of the dataset, the architecture of the model, and the tuning of the
hyperparameters, the training can extend from several hours to multiple days, even on

high-end GPUs.

All experimental procedures were performed on a GPU-based workstation fea-
turing a 512GB hard drive, 32GB RAM, an Octa-core processor and a GeForce GTX
1080Ti GPU running on the Microsoft Windows 10 Operating System. The primary
software used in the experimental study includes MATLAB and Anaconda Navigator.
MATLAB was used in the preliminary study, while the Anaconda Navigator Jupyter

Notebook was used mainly to develop the framework in Python programming language
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4.2.1 Scalability Considerations for Clinical Deployment

Beyond computational requirements, the deployment of the trained model in a clinical

setting presents additional challenges, particularly in scalability and efficiency:

* Preprocessing Pipeline Optimisation: Preprocessing raw medical images before
feeding them into deep learning models significantly enhances computational
efficiency. The workload on high-performance GPUs can be minimised using
CPU/GPU optimisation, noise reduction, and data augmentation techniques. Addi-
tionally, training the model offline and storing synthetic samples in a structured

database reduces real-time computational costs during inference.

* Batch Inference for Throughput Enhancement: Efficient batch processing of
endoscopic images can improve overall model throughput, ensuring that real-time
clinical applications are not delayed. Implementing optimized data pipelines that

allow for batch inferencing can enhance model responsiveness.

* Edge Deployment Considerations: In resource-constrained environments such
as real-time clinical workflows, deploying lightweight variants of GANs, such
as MobileGAN or TinyGAN, can be beneficial. These models reduce computa-
tional overhead while maintaining performance, making them more suitable for

deployment in endoscopy suites, mobile diagnostic tools, or embedded systems.

* Parallelization & Distributed Training: For large-scale medical image ana-
lysis, leveraging multi-GPU or distributed training strategies can accelerate model
convergence. Frameworks such as TensorFlow’s MirroredStrategy or PyTorch’s
Distributed Data Parallel (DDP) allow seamless parallelisation, ensuring that ex-

tensive datasets can be efficiently processed. This approach is particularly relevant
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Table 4.1: Datasets details

Dataset Category Items Training Set Validation Set Test Set
PICCOLO Image type WL 1,382 558 192
NBI 821 340 141
Diagnosis  Adenocarcinoma 172 166 127
Adenoma 1,552 592 92
Hyperplasia 435 139 114
N/A 44 - -
CPDC Diagnosis Adenomatous 18,241 2,977 3,410
Hyperplastic 10,532 1,277 1,462

for institutions or research laboratories with large colonoscopy data sets that require

high-throughput training and inference.

4.3 Network Architecture

The success of a deep learning model depends heavily on the quality and quantity of data
used for training. Unfortunately, the collection of 76 colonoscopy images from the UCI
Repository and 3433 images from the PICCOLO dataset is insufficient for our model.
We need a much larger dataset to achieve accurate classification. Therefore, we have
implemented an oversampling technique to enhance the dataset. With this approach, we
can ensure that our model receives the best possible training data, resulting in accurate
and reliable results. The training dataset was confirmed to be imbalanced, and label
information was extracted. The data was split into an 80% training set and a 20% testing
set. Variable labels were extracted from the training set, and group indexes were obtained
for each class. The minority classes were oversampled in comparison to the majority
class images. Due to the small and dissimilar dataset, developing an effective solution is
challenging. If we train the model too deeply, it may overfit and become ineffective. Data

augmentation is an indispensable tool for achieving optimal results in transfer learning.
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Using this technique, we can effectively address problems and ensure a seamless data
transition. Therefore, data augmentation was employed to facilitate successful transfer

learning.

Deep learning architectures are particularly suited for classification tasks. How-
ever, pre-trained models can significantly simplify model development since they can be
adjusted and customized for new tasks (Heinz et al., 2022). Furthermore, deep learning
benefits greatly from transfer learning, where a model built for a specific task is used
for a different task. In transfer learning, the model is trained on public datasets, and
the initial weights of this model are used for the new task instead of assigning random
weights, which is typically done when designing a network from scratch. In the regular
training process, the last fully connected layer is responsible for final classification by
presenting new images to the network and adjusting the weights of specific layers. The
pre-trained model is fine-tuned, fully connected, and modified for the classification task.
Each model is trained separately on oversampled and augmented images according to
the specified training options for image classification. Our experimentation involved six
CNN architectures: GoogleNet, ResNet-50, Inception-v3, Xception, DenseNet-201 and

SqueezeNet.

Improving the classification generalization through an ensemble-learning model
can aid in dealing with the intricate characteristics of polyps. As part of our experimenta-
tion, various models were unified by integrating base learners for feature learning to build
an ensemble learning module. In the initial training phase, three deep pre-trained CNNs
with different architectural designs (GooglLeNet, Xception, ResNet-50) that perform
residual learning were independently trained using ImageNet. In the final classifica-

tion, an averaging-based ensemble learning approach is used where the averaging of
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base-classifier weights is incorporated to make a final decision.

One of the goals of our framework is to generate high-quality synthetic images
for model training; therefore, the data was up-sampled to a larger output feature map,
which was done by embedding a transposed convolutional layer in GAN instead of a
regular convolutional layer, which usually down-samples the data. The addition of a
transposed convolutional layer in the generator network of cGAN creates cDCGAN
- conditional deep convolutional GAN. cDCGAN plays a vital role in retaining and
restoring the fine-grain details of a feature map. These properties of cDCGAN made it
a suitable choice for our framework as this technique generates synthetic images of a
specific class to handle class imbalance and introduces unseen data points for increasing
the generalizability of the classifier. Our approach starts with training a neural network
and cDCGAN model on colonoscopy images. cDCGAN generates unseen samples
from a seed, the vector of random numbers; the seed determines how the image will
generally look according to the class label. Initial generator parameters 6, discriminator
parameters fp, and transposed convolutional parameters 6.1 are defined in the first step.
Two inputs are passed to the generator: a 100-node latent vector as the seed and class
labels. The seed and class labels are reshaped and concatenated before going through
the rest of the network by the transposed convolutional layer that upscales the data to 28
x 28 pixels. Two separate inputs are also specified for the discriminator: a class label
and an image generated by the generator model. The specified class label is converted
into embedding and passed through each layer of cDCGAN, where the embedding
is a vector of numbers learned during training that encodes the essence of the class
labels. To create the final cDCGAN model, the generator and discriminator models

are merged; here, the discriminator model is specified as non-trainable as we trained
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the discriminator separately with real and synthetic data. In the next step, the model is
trained and evaluated. Now, we allow the model to generate images for each class label,

and the synthetic endoscopic images are stored according to the individual class.

In the next step, the predictions were categorised into strong, weak, and no
classifier concordance. To verify the concordance of the classifier, synthetic images
are extracted from the dataset individually, which is then predicted by the classifier.
Predictions are considered strong if the classifier's probability is > 0.75 and weak if the
probability is < 0.75. If the predictions are strong and match the cDCGAN class label,
the image is considered to have a strong concordance. On the other hand, if the classifier
has a weak prediction even though it matches the cDCGAN label, it is considered to have

a weak concordance .

Finally, we include the strongly concordant images in the dataset for further
analysis and exclude those with low or no concordance. Therefore, this block generates
only high-quality synthetic endoscopic images, part of the existing dataset. The outcome
of the SIGB block is merged with the existing dataset to be utilised by further blocks
of the proposed framework. After that, the deep feature extractor, a pre-trained Vision
Transformer (ViT) model, acquires the initial data representations and extracts the
features of concordant images. These models can learn rich representations from visual
data by capturing global and local image patterns without degrading the image resolution
and enabling effective feature extraction (Raghu et al., 2021). As ViT models are
based on an attention mechanism, they allow the model to focus on relevant parts of
images to capture the fine-grain details. The addition of strong, concordant synthetic
images generated in the previous step transforms the data into a more extensive dataset.

Compared to conventional CNN architectures, ViT models are computationally efficient
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for large datasets. A standard input of a 1-D token embedding sequence was given to the
transformer after reshaping the original image, x, with the original shape into flattened
2-D patches. A transformer pipeline was created where images were normalised to
reduce the influence of any biases. Feature embeddings are generated using a tensor
background and converted into a single tensor, and then all the embeddings obtained by

the feature extractor are passed on to the next block.

Once the features were extracted effectively by the model, heat maps were
constructed via Grad-CAM to incorporate XAl in the decision-making process. At
the same time, it is critical to create suitable feature vectors that can be effectively
separated into different classes. The features extracted in the previous step contain high
dimensionality, and alleviating the curse of dimensionality is essential for constructing
an efficient image classifier. Therefore, we reduce the data dimensions in this stage by
preserving statistical and geometric properties in lower dimensions. Several nonlinear
dimensionality reduction algorithms were applied to extracted features and passed on
to the classifier to predict the classes. However, finding the optimal dimensions for an

accurate classifier is crucial.

In contrast to linear dimensionality techniques, determining the appropriate di-
mensions in nonlinear techniques is challenging. Therefore, to assess the optimal number
of dimensions in the proposed method, we trained an SVM classifier on reduced dimen-
sional data representations generated by several manifold algorithms. The classification
report was evaluated for the different number of components to establish the ideal number
by assessing the accuracy and performance stabilization of the classifier. With a large
number of images, model overfitting is evident, and nonlinear dimensionality reduction

was used not only to handle the dimensions while preserving the geometry but also to
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regularize the model. The finalized set of components from the previous stage is then
deployed to perform classification. The components are fed into the final CNN classifier
that predicts the class label. We utilised the multiclass cross-entropy loss function in
equation 3.21 to calculate the loss between predicted y and ground truth ¥ labels. Here,

y(k) is O or 1, indicating whether predicted label k is the correct classification.

4.4 Evaluation Metrics

Accessing the performance of the developed model is an integral part of the study. As the
framework is designed to address multiple issues, every component must be evaluated
separately and thoroughly. The advanced evaluation measures used for each block are

described below:

4.4.1 Classification Performance Analysis

The recall rate is a commonly used evaluation metric for classification models. The
classification of colorectal polyps presents a class imbalance issue; therefore, individual
and group models are evaluated using the F1 score. The F1 score is ideal for the

evaluation of unbiased imbalanced datasets as it considers precision and recall equally.

The dataset contains various imbalances. When dealing with imbalanced data,
it is important to use advanced metrics to evaluate the results. In addition, this project
aims to classify the data into three distinct classes. Therefore, the proposed method
was evaluated not only by accuracy, recall, precision, and F1-score but also by macro

F1-score and weighted F1-score.

Two common methods for interpreting confusion matrices in multiclass settings
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are micro F1-score and macro fl-score. Confusion matrix of every class g; € G ={ 1, ...,
K } such that the i-th matrix takes g; class as the positive class and the rest of the classes
g; with j # i being negative classes. Micro-averages the performance over all samples
to compute overall performance. The micro-averaged F1 score is calculated from the
micro-averaged recall (R?,,,;.-,) and micro-averaged precision (F,,;.-,). This score is used
to evaluate the overall performance of a classifier based on the weighted average of the
F1-score for each class. The mathematical equations of these metrics are shown in the

equations. 4.1, 4.2, and 4.3.

“Tp
Pmicro = ZZ:I : (41)
S TR+ FP,
“Irp
Rmicro = ZZ:I : (42)
YR+ FN,

Pricro * Romi
Flmicro -9 micro Micro 4.3
Pm'icro + Rmicro ( )

A high value of Flmicro indicates that the model has performed well overall. The
micro-average is misleading for imbalanced data as it fails to account for variations
in predictive performance across classes. The macro-average calculates the average
performance across all classes instead of evaluating each class individually. When the
macro-value F1 is higher, individual classes perform well. Mathematical formulas are
given in equations. (4.4), (4.5), and (4.8).

18 . 2NR
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Pmacro + Rmacro
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W= —Zﬁl L @.7)
2121 w;
L(9,y) = SF y logy™ (4.8)

4.4.2 Reliability Analysis

In imbalanced class problems, the Cohen's Kappa Coefficient is useful for evaluating
performance and analyzing reliability. In equation 4.9, p, is the aggregate accuracy,
and p. depicts the comparison between the model’s prediction and the actual class
value, which is determined by chance agreement. The coefficient results are interpreted
as follows: values < 0 indicate no agreement, values between 0.01 and 0.20 indicate
none-to-slight agreement, values between 0.21 and 0.40 indicate fair agreement, values
between 0.41 and 0.60 indicate moderate agreement, values between 0.61 and 0.80
indicate substantial agreement, and values between 0.81 and 1.0 indicate almost perfect
agreement.(McHugh, 2012). The weighted average is shown in equation 4.7. For binary
classification, the Matthew Correlation Coefficient (MCC) is considered, serving as a

measure of the quality of binary classification, as presented in equation 4.10

kappa(k) = Z% 4.9)

€
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TNxTP-FNxFP

M =
ce (TP+FP)(TP+FP)(TN + FN)

(4.10)

4.4.3 Image Quality and Diversity Analysis

To assess the standard and diversity of generated images constructed by CRcGAN, four
metrics namely: FID - Fréchet Inception Distance, IS - Inception Score, PSNR - Peak
Signal-to-Noise Ratio and SSIM - Structural Similarity Index were used to ensure that
images are of good quality. FID metric compares the feature representation of both
image types by employing a pre-trained inception model. The mathematical equation
to calculate FID is given in Equation 4.11, where 1, and p,, indicate the feature-wise
average of synthetic and real samples, >, and X, are the covariance matrices of both
images, and 7. represents the linear algebra operation trace. Lower FID values indicate
good similarity in real and generated images, whereas FID less than ten shows that the

generated samples are comparable to real samples.

FID =|| iy — iy |2 +Tr(zm+2y—2((2xzy)1/2) (4.11)

Another metric to assess image quality is IS - Inception Score, the most widely
used scoring algorithm for GANs. The mathematical equations are shown in equation4.12
where (p(y|z)) is the conditional probability, p(y) is the marginal probability distribution
and Dy shows the divergence between conditional and marginal probability. A higher

value of IS indicates good diversity among the generated images.

IS(G) = exp(E, » pyDrr(p(ylz))p || (v))) (4.12)
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PSNR is a widely used metric for assessing the quality of a reconstructed or
compressed image/video compared to its original counterpart. It is particularly useful
in image processing, medical imaging, and video compression to quantify the level of
distortion introduced by compression or noise. The Peak Signal-to-Noise Ratio (PSNR)
between an original image x and a processed image y is expressed in decibels (dB),
which is calculated using equation 4.13, where M AX is the maximum possible pixel

value and MSE is the mean square error, given by equation 4.14:

MAX?
PSNR=10-1 —_— 4.1
SNR=10 ng( MSE) *-13)
1 m mn
MSE =—>">"[x(i,5) —y(i ik (4.14)
mnz:lj:l

SIGB generated multiple images that require the quality assessment of all syn-
thetic images. Therefore, an average PSNR was calculated on multiple images. For a

data set with N image pairs, the arithmetic mean PSNR is computed using equation 4.15:

1 N
MeanPSNR = > PSNR; (4.15)

A higher PSNR value, ranging between 30 and 50 dB, indicates a high-quality
reconstruction with less distortion. The lower PSNR between 20 and 30 dB represents a
higher noise with noticeable distortion, but the images are still acceptable. A value of <

20 dB shows a significant loss of quality.

SSIM is a widely used metric to measure the perceptual similarity between two

images, often used in medical imaging, image compression, and deep learning-based



Chapter 4. Experiments on Real-world CRC Datasets 172

reconstruction tasks. Unlike PSNR, which only considers pixel-wise differences, SSIM
accounts for luminance, contrast, and structure, making it more aligned with human
visual perception. The SSIM between an original image x and a processed image y is
defined as shown in equation 4.16, where, ji,, 11, are the mean intensities of the images
v and y, 07, o are the variances of = and y, 0, is the covariance between x and y and
(1 and C are small constants to stabilise the division. SSIM values range from -1 to 1,

where 1 indicates perfectly identical images, >0.9 shows a high similarity, and a value <

0.5 represents significant distortion.

_ (2pzpty + C1) (204, + Cy)
SSIM(x,y) = (2 +p2 + Ci)(o2+ oo+ Cs)

(4.16)

The mean SSIM was calculated on multiple images in a dataset containing N
image pairs, the mean SSIM is calculated using the equation 4.17, where SSTM (z;,y;)

is the SSIM score for each image pair (z;, y;).:

N
MeanSSIM = %ZSS!’M(@,%) 4.17)
i=1

4.4.4 Manifold Learning Analysis

The performance of the multiple learning algorithms was evaluated on three different
matrices: Adjusted Rank Index (ARI), Normalised Mutual Information (NMI), and
Fowlkes-Mallows Index (FMI). ARI is the measure of similarity between two clusters.

It is calculated using the equation 4.18 (Rand, 1971; Hubert & Arabie, 1985; Vinh et

n
al., 2009), where n is the total number of elements and ( ) is the total number of

2
instances. The number of elements at the intersection of the clusters is represented by
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n;, where i indicates the first cluster and j is the second cluster. The sum of elements in
clusters i and j are represented by a; and b;. The index value ranges from -1 to +1, where
a value of O indicates that there is a random agreement between clusters, -1 represents
that the clusters are dissimilar, and +1 shows a perfect agreement between the clusters
(Wagner & Wagner, 2007). Therefore, the higher index value indicates that the clusters

are close to each other.

ARI = (4.18)

NMI is a mutual information metric to determine the quality of the clustering
using class labels. NMI is the normalised value of Mutual index (MI), presented in
equation 4.19, where |U| indicates the number of clusters in U clustering, whereas |V| is
the number of clusters in V clustering. P(i), P(j) are the probabilities of elements i and j
randomly chosen from cluster U and V respectively, and P(i, j) is the joint probability.
NMI value ranges from O to 1, where 1 shows that the clusters are identical and 0 shows
otherwise (Kvalseth, 2017). Equation 4.20 presents the formula for calculating NMI,

where H(U), H(V) are the entropy of clustering U and V.

[U] V] i 7
MI(U,V) = Z;Z;P(i,j)log(%) (4.19)
NMIU,V) = — MHTV) (4.20)

mean(H(U), H(V')
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TP
FMI = 421
(TP +FP)(TP+FN) *-21)

FMI is an evaluation measure that determines the similarity between multiple
clusters and measures the confusion matrices using equation 4.21. The formula is defined
by the geometric mean of precision and recall of clustering. This measure handles the
issue of varying cluster sizes and number of clusters. A higher value represents a higher
similarity between clusters. The value of FMI ranges from O to 1, where O represents the
worst or no agreement between the clusters, and 1 represents the best classification or

perfect agreement between the clusters (Chicco & Jurman, 2023).

4.5 Summary of Chapter

This chapter provides a comprehensive summary of the experiments conducted through-
out this thesis. Initially, we defined the core problem to address the challenges in CRC
polyp image classification. To achieve this, we employed three extensive datasets: UCI,
PICCOLO, and CPDC, which include both public and private sources. Sample images
from these datasets are illustrated in Figure 4.1. The datasets were systematically divided
into training, validation, and test sets to ensure a well-balanced representation of each
cancer type within each subset. This approach aimed to maintain the integrity of the
data while providing a reliable basis for model training and evaluation. Traditional data
augmentation techniques, such as rotation, flipping, and scaling, were applied to enhance
the dataset’s diversity and volume. Additionally, we implemented a novel approach
for synthetic image generation to further increase dataset variability and quality. The

synthetic images produced were categorized based on their quality and diversity. This
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categorization ensured that only high-quality synthetic images were incorporated into
the training dataset, thereby enriching the dataset while avoiding potential degradation of
model performance. Once the augmented dataset was prepared, it was reformatted to
meet the dimensional requirements of the transformer model used for feature extraction.
This transformation was crucial for enabling the model to process and analyze the data
effectively. The process involved scaling and reshaping the data to fit the input specifica-
tions of the Vision Transformer (ViT), thereby optimizing the feature extraction phase

and contributing to the overall robustness and generalization of the classification model.

In this research, a comprehensive examination and utilization of several ad-
vanced deep learning architectures were conducted, encompassing GoogLeNet, ResNet-
50, Inception-v3, Xception, DenseNet-201, and SqueezeNet. Each of these models was
rigorously customized with optimized hyperparameters, including the selection of the op-
timizer, learning rate, and number of epochs. These hyperparameters were meticulously
fine-tuned using an extensive grid search methodology to ensure the ultimate perform-
ance of each model. To further enhance model generalization and robustness, ensemble
learning techniques were applied. This approach involved aggregating the strengths of
multiple weak base learners to create a more robust and generalised classification model.
By leveraging the diversity and unique strengths of different models, ensemble learning
significantly improves overall performance and reliability. Beyond the conventional deep
learning models, the cDCGAN (Conditional Deep Convolutional Generative Adversarial
Network) model was employed to train on colonoscopy images, generating synthetic
concordant images. The goal of creating these synthetic images was to augment the
dataset and address the critical issue of limited data availability. To effectively extract

feature embeddings from the processed images, a transformer model was utilised. This
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model used a tensor-based background to capture and represent complex features with
high accuracy, thereby enhancing the overall feature extraction process and contributing

to the robustness of the classification system.

To ascertain the performance of the model, thorough experiments were carried
out, adopting various advanced evaluation metrics, including the performance of in-
dividual components of the framework. This examination of block by block enables
the understanding of the contribution of each component to the overall performance,
as this is done prior to going to the next steps in which all pieces are integrated in the
model evaluation process. In view of the analysis of the image aesthetic aspects and its
variability, we used such scoring metrics as FID, IS, PSNR and SSIM, which are the
most effective metrics to measure the quality of images synthesized with GANs. These
measurements are necessary to validate the quality of synthetic images generated through

the cDCGAN model so that the data produced can be classified efficiently.

Given the imbalanced nature of the dataset, conducting a thorough reliability
analysis was a crucial component of the evaluation method. To assess how well the
classification model performed, particularly in the context of the imbalanced dataset, two
key metrics were employed: the Cohen Kappa Coefficient and the Matthew Correlation
Coefficient. These metrics are instrumental in quantifying the level of agreement between
the predicted classes and the actual class labels. Specifically, the Cohen Kappa Coefficient
measures the agreement between predicted and true class labels while accounting for
the agreement that might occur by chance, providing a nuanced understanding of model
accuracy. Similarly, the Matthew Correlation Coefficient offers a comprehensive measure
of the model’s performance by evaluating the quality of the binary classifications in terms

of true positives, true negatives, false positives, and false negatives. By utilizing these
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metrics, the analysis effectively captures how well the model performs on the imbalanced
dataset, offering insights into its reliability and overall effectiveness in predicting class

labels amidst uneven class distributions.

When evaluating the outcomes of applying nonlinear dimensionality reduction
techniques, several metrics proved to be highly effective: the Adjusted Rand Index (ARI),
the Fowlkes-Mallows Index (FMI), and the Normalised Mutual Information (NMI).
These metrics are crucial for assessing and quantifying the success of the dimensionality
reduction process as they help to verify that the reduced dimensions still preserve valuable
structures and relationships within the data. The ARI measures the agreement between
the clustering results and the ground truth, adjusting for chance, while the FMI evaluates
the similarity between clusterings in terms of both false and true positive rates. NMI
assesses the amount of information shared between the clusters and the true class labels,

providing insight into how well the reduced dimensions represent the original data.

To enhance the model’s ability to generalise and prevent overfitting, regularisa-
tion was achieved through the use of the multiclass cross-entropy loss function. This
function is pivotal in training deep learning models to effectively manage complex,
high-dimensional data. By minimising the cross-entropy loss, the model is encouraged
to produce probabilistic outputs that are closer to the true class distributions, thereby

improving its performance on unseen data.

The classification performance of the model was thoroughly assessed using
a comprehensive suite of metrics, including sensitivity, specificity, accuracy, recall,
precision, F1-score, and additional measures such as micro, macro, and weighted F1-

scores. Sensitivity and specificity provide insights into the model’s ability to correctly
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identify positive and negative instances, respectively, while accuracy offers an overall
measure of correctness. Recall and precision evaluate the model’s performance in
retrieving relevant instances and avoiding false positives. The F1-score, along with its
micro, macro, and weighted variations, offers a balanced view of performance considering
both precision and recall, providing a nuanced evaluation of the model’s effectiveness

across different classes.

To benchmark the efficacy of the proposed model, comparisons were conducted
with existing studies that utilised the same dataset. This comparative analysis was
instrumental in highlighting the strengths of the proposed model and demonstrating
its superior performance in managing complex and high-dimensional data relative to
previous approaches. The results underscored the improved ability of the model to
capture intricate patterns and deliver more accurate classifications, marking a significant

advancement in the field.



Chapter 5

Results and Discussion

This chapter analyses and demonstrates the experiment results from the designed frame-
work and experiments performed on three real-world datasets. The performance of every
module of the framework is analysed and discussed. The results are validated on the
basis of the evaluation metrics specified in the previous chapter. Section 5.1 elaborates on
the experimental results obtained by the ensemble learning block. Section 5.2 provides
comprehensive results on synthetic image generation and deep feature extraction blocks.
The model explainability and manifold regularisation results are discussed in section 5.3.

Finally, the classification results are demonstrated in Section 5.4.

179
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5.1 Ensemble Learning Block

This block demonstrates the results obtained by the experiments conducted on the
designed ensemble learning block. First, we discuss the performance of transfer learning-
based experimentation on benchmark and balanced datasets. Second, we elaborate on
the results produced by the ensemble model, where we discuss the performance of the
proposed classifier, provide a comparative analysis with existing studies on the same

datasets, and analyse and discuss the other important evaluation measures.

5.1.1 Transfer Learning-Based Polyp Classification

The experiments were conducted on the UCI benchmark dataset using six modern CNN
architectures: Googl.eNet, ResNet-50, Inception-v3, Xception, DenseNet-201, and
SqueezeNet. The rationale behind selecting this particular set of architectures is their
proven performance for classification tasks in literature. The experiments were designed
to find the best hyperparameter settings for the neural networks for classification purposes
that will aid in addressing the research question RQ1a. Furthermore, the most efficient

network was also selected by the experiments to address the research question RQ1b.

E 1.1: Performance on Benchmark Data

The pre-trained network was applied to the training set to identify the optimal optimiser
for the given dataset. The three optimisers selected were ADAM - Adaptive Moment
Estimation, SGDM - Stochastic Gradient Descent, and RMSprop - Root Mean Square
Propagation. Optimisation algorithms can reduce error rates in deep neural network

models during training. The Adam optimiser is widely favoured for its minimal need for



Chapter 5. Results and Discussion 181

tuning and demonstrated effectiveness in enhancing model performance. This study com-
pared various optimisers to find the best fit with other hyperparameters. The experimental

configuration employed for this section is provided in Table 5.1.

Table 5.1: Experimental settings

Networks optimisers Learning Rates Epochs
Googl.eNet ADAM 50
ResNet-50 0.001
I ion-

ncept-lon v3 SGDM 100
Xception 50
D Net-201 0.005

censeine RMSprop
SqueezeNet 100

Since our study is conducted on balanced data, and our dataset is also balanced,
we consider the SGDM optimiser, which outperforms ADAM on larger datasets (Pacal &
Karaboga, 2021). Six networks underwent testing with three optimisers, each employing
a learning rate of 1x10- and trained for 50 epochs. Subsequently, the same networks
were tested with a learning rate of 1x103 over 100 epochs. The resulting outcomes are

presented in Figures 5.1 and 5.2.

The preliminary experiments employed a learning rate of 1x10-3, and the out-
comes are documented in Table 5.2. Later experiments used a bending ratio of 5x10-3
and 50-100 epochs. ADAM outperformed other optimisers with accuracy and recall of
0.87 and 0.86, respectively, across all six models. RMSprop is consistently the worst
optimiser, with only 0.53 accuracy and 0.51,0.39 recall. ADAM is the best choice among
the three options, with high sensitivity and better results. The results show that ADAM
was the most efficient optimiser. Furthermore, 100 epochs produced better results with

0.87 accuracy and 0.86 recall compared to 50 epochs, which produced 0.80 accuracy and



Chapter 5. Results and Discussion

182

a
Accuracy
~4— GoogLeNet  —m— ResNet-50 Inception-v3
—— Xception —»— DenseNet-201 —®&— SqueezeNet
100
90
80
70
60 | > X
50
40
30
epochs 50 epochs 100 epochs 50 epochs 100
0.001 0.005
Learning Rate

Precision
«—t— GoogleNet ——— ResNet-50 Inception-v3
——Xception ~=¥#=— DenseNet-20]1 —@— SqueezeNet
100
90
80
70
60
50
40
30
epochs 50 epochs 100 epochs 50 epochs 100
0.001 0.005

Learning Rate

Figure 5.1: Accuracy and precision, optimiser: ADAM, LR: 0.001, epochs 50, 100
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Figure 5.2: Recall and f1-score, optimiser: ADAM, LR: 0.001, 0.005, epochs: 50, 100

0.81 recall, and the 1x10-3 learning rate produced better results compared to 5x10-3, as

shown in Table 5.3.

E 1.2: Performance on Balanced Data

The experiment aims to evaluate the proposed model on balanced data. Class imbalance

can affect model performance. The imbalanced datasets used in this study deteriorated

model performance. To address this issue, the imbalance was addressed by equalising
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Table 5.2: Learning rate: 0.001 and 100 epochs

ADAM SGDM RMSprop
Model(s)

Acc. Prec Recall F1 score|Acc. Prec Recall Fl-score|Acc. Prec Recall F1 score

GoogLeNet 86.7 87.6 86.6 871 |733 754 712 76.3 |60.0 61.2 66.5 63.8
ResNet-50 733 754 772 763 |53.3 50.8 514 51.1 |53.3 50.8 51.4 51.1
Inception-v3 60.0 61.2 66.5 63.8 |60.0 61.2 66.5 63.7 |60.0 61.2 66.5 63.7
Xception 53.3 50.8 51.3 51.1 |53.3 50.8 513 51.1 |53.3 50.8 513 51.1
DenseNet-201 60.0 61.2 66.5 63.8 [66.6 777 652 709 160.0 61.2 66.5 63.8
SqueezeNet 60.0 61.2 66.5 63.75 |60.0 61.2 66.5 63.7 533 50.8 513 51.1

Table 5.3: Results with ADAM optimiser, 0.001 and 0.005 learning rate, and 100 epochs

Model(s) 0.001 0.005
Accuracy Precision Recall F1 score | Accuracy Precision Recall F1 score

GoogLeNet 86.7 86.6 86.6 87.1 754 754 77.2 76.3
ResNet-50 73.3 77.2 77.2 76.3 67.7 67.8 65.3 66.5
Inception-v3 60.0 66.5 66.5 63.7 55.1 55.2 54.1 54.6
Xception 53.3 51.3 514 51.1 57.2 57.2 54.2 55.6
DenseNet-201 60.0 66.5 66.5 63.8 61.2 61.1 63.5 62.3
SqueezeNet 60.0 66.1 66.5 63.5 73.3 73.4 72.2 72.8

the images across all classes, as demonstrated in Table 5.4. Following the oversampling
of the data, we adjusted pre-trained networks and augmented a limited number of
images for rotation and scaling before applying the DL algorithm. Similar parameters
were employed to identify the most efficient deep learning architecture with the best
hyperparameters. To find the best one, we tested three optimisers - ADAM, SGDM,
and RMSprop - on both oversampled and augmented data. We compared the results by
changing other parameters and selecting the best optimiser, which was then evaluated.
The same optimiser and number of epochs were used to determine the optimal learning

rate from 1x1073 to 5x10-3. Finally, the most effective architecture was determined based
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on the selected parameters. The findings are displayed in Figures 5.3 and 5.4.

Table 5.4: Number of polyps per category

Adenomatous Hyperplastic Serrated

Lesions Lesions Lesions
Benchmark Dataset 40 21 15
Balanced Dataset 40 36 33

The SGDM optimiser yielded the most favourable results for evaluation metrics,
achieving an accuracy of 0.93 and a recall of 0.96 across various network configurations,
surpassing other optimisers. Additional testing demonstrated that using SGDM with
100 epochs produced better results than with 50 epochs, irrespective of the learning rate,
as shown in Table 5.5. Overall, the results confirmed that SGDM is the most efficient

optimiser across all experimental settings.

Choosing the right learning rate is also important in training a DL model. In
this experiment, an SGDM optimiser was used with 100 epochs, comparing results from
two learning rates of 1x10- and 5x10-3, which showed that 1x10- gave an improved
outcome. Class imbalance affects performance, but it can be handled before training
for higher accuracy, as demonstrated in Table 5.6. Balancing data improves predictions.
Results were generated for two and three-class classifications, as shown in Table 5.7.
GoogLeNet achieved 0.87 accuracy, with 0.86 precision, 0.86 recall, and 0.87 F1-score
on benchmark data using ADAM optimisers, a learning rate 1x10-, and 100 epochs.
ResNet-50 demonstrates high accuracy when applied to balanced datasets. SGDM is the

better optimiser with 0.93 precision, 0.95 recall, and 0.94 F1 score.

A publication (Mesejo et al., 2016) used the benchmark dataset to classify polyps

into two categories: hyperplasic and adenomatous. We experimented with these classes
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using optimal hyperparameters, and the optimal outcomes are reported for comparison.
Based on the findings presented in Table 5.7, ResNet-50 demonstrated the highest
accuracy across benchmark and balanced datasets. These results answer the research
question RQ1b. The ADAM and SGDM optimisers achieved comparable and top
performance with a learning rate of 0.001 over 100 epochs, yielding an accuracy of 0.86,
precision of 0.91, recall of 0.92, and F1 score of 0.91 that answers the research question
RQ1a. However, the least effective CNN architectures for two-class classification are
DenseNet201, achieving 0.40 accuracy, 0.66 precision, 0.37 recall, and 0.47 F1 score on
benchmark data, and GoogLeNet, achieving 0.67 accuracy, 0.72 precision, 0.80 recall,

and 0.76 F1 score on oversampled data.

a b
Accuracy Precision
4 GoogleNet -~ ResNet-50 Inception-v3 4 GoogLeNet -~ ResNet-50 Inception-v3
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0.001 0.005

Learning Rate Learning Rate

Figure 5.3: Accuracy and precision, optimisers: SGDM, LR: 0.001, 0.005, Epochs: 50,
100

5.1.2 Ensemble-Based Polyp Classification

This section examines the performance of a weighted average ensemble approach in
classifying colorectal polyp images into adenoma, hyperplasia, and adenocarcinoma

categories. Our goal is to enhance the classification system’s generalisation capability
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Figure 5.4: Recall and f1-score, optimiser: SGDM, LR: 0.001, 0.005, Epochs: 50, 100

Table 5.5: Results with 0.001 learning rate and 100 epochs

ADAM SGDM RMSprop
Model(s)

Acc. Prec Recall F1score | Acc. Prec Recall F1score | Acc. Prec Recall F1 score

GoogLeNet 250 58.0 511 54.4 875 889 87.6 88.2 25 58.01 51.1 54.5
ResNet-50 533 486 486 48.6 93.3 933 958 94.6 60.0 60.0 63.8 61.8
Inception-v3 625 66.7 66.7 66.6 533 689 638 66.3 66.7 738  68.1 70.8
Xception 75.0 808 79.3 80.0 857 859 736 79.3 750 808 793 80.0
DenseNet-201 650 61.7 61.1 61.4 75.0 80.8 793 80.0 750 80.7 793 80.0
SqueezeNet 250 58.1 511 54.4 875 889 87.6 88.2 250 580 512 54.4

in handling the complex nature of polyps through ensemble learning. The ensemble
method proposed leverages DL and involves two training stages. In the first stage, three
independent pre-trained CNNs — GoogleNet, ResNet-50, and Xception are individually
trained using ImageNet as their base classifiers. In the subsequent training phase, an
averaging-based ensemble learning approach is utilised to classify the input data. The

weights derived from the base classifiers are averaged to determine the final decision.
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Table 5.6: Results with SGDM optimiser and 100 epochs

0.001 0.005

Model(s)
Acc. Precision Recall Fl-score | Acc. Precision Recall F1-score

GoogLeNet 87.5 88.9 87.5 88.2 66.7 67.9 72.2 70.0
ResNet-50 93.3 93.3 95.8 94.6 87.5 89.6 88.6 89.1
Inception-v3  53.3 68.9 63.8 66.3 60.0 70.0 52.8 60.2
Xception 85.7 85.9 73.6 79.3 72.0 78.3 75.2 76.7
DenseNet-201 75.0 80.8 79.8 80.0 62.5 67.9 72.2 70.0
SqueezeNet 50.0 51.8 50.4 51.1 50 50.8 51.4 51.1

Table 5.7: Optimized hyperparameter settings

No. of classes Dataset Model optimiser No of epochs Learning Rate Acc. Precision Recall F1 score
Benchmark ResNet-50 ADAM 100 0.001 86.67 91.7 91.67 91.7
2 classes
Balanced ResNet-50 SGDM 100 0.001 86.67 91.7 91.67 91.7
3d Benchmark GooglLeNet ADAM 100 0.001 87.5 86.63 86.63 87.12
classes
Balanced ResNet-50 SGDM 100 0.001 93.3 9333 95.83 94.56

E 1.3: Ensemble Learning of Optimised Networks

Neural networks are notorious for their high variance and low bias, which can make
them less reliable than desired. However, ensemble learning can assist in solving this
problem. Ensemble learning introduces bias to the model by training multiple models and
combining their predictions. This reduction in variance ultimately leads to more accurate
predictions. Not only does this approach improve the reliability of the model, but it
also enhances its performance. As a result, the model becomes more robust, producing
predictions that are less influenced by the specifics of the training data and the training

methodology. The results are depicted in Figure 5.5.

Ensemble learning involves the use of different models and training data to
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Table 5.8: Performance evaluation of multiclass imbalanced and balanced dataset

Dataset Model(s) Data type  Accuracy Precision Recall F1-score Specificity Sensitivity TP TN FP

< GoogLeNet 86.7 87.6 86.6 87.1 0.87 0.84 65 141 10
2 Imbalanced
= ResNet-50 73.3 75.4 77.2 76.3 0.71 0.78 56 132 24
[=)
) GoogLeNet 87.5 88.9 87.2 87.6 0.87 0.87 95 204 14
S Balanced
ResNet-50 92.7 91.8 93.5 92.7 0.92 0.93 101 210 9
- GoogLeNet 73.1 75.2 72.4 73.2 0.75 0.71 255 593 84
QD
é Xception Imbalanced 72.3 75.2 71.2 73.4 0.75 0.71 265 598 86
g ResNet-50 73.1 78.1 69.2 73.3 0.78 0.69 244 577 72
§ GoogLeNet 72.1 73.3 71.1 72.4 0.73 0.71 240 573 90
E Xception ~ Balanced 72.4 71.1 73.2 72.3 0.71 0.73 239 572 98
ResNet-50 73.2 73.4 72.3 73.3 0.73 0.72 242 575 90

generate an average of the predictions from those models. Assigning appropriate weights
to each model’s predictions can enhance the overall accuracy of this average. In the
context of this study, this method is known as a weighted average set or model blending
(Brownlee, 2018). To enhance the classification system’s generalisation for complex
colorectal polyps, we chose the top two optimised pre-trained networks—GoogLeNet and
ResNet-50—based on a predefined accuracy threshold. Several high-performing deep
learning networks are combined to enhance classification performance. This is achieved
by training individual base classifiers with the ImageNet database. Combining the
capabilities of these networks into an ensemble compensates for their limited capability
to capture data distribution, resulting in a more accurate outcome. We improved the
classifier’s performance by developing an averaging ensemble-based classifier. We
selected the optimal base classifier weight values through a grid search to maximise the

ensemble model’s performance.
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Figure 5.5: Weighted ensemble learning macro results comparison for imbalanced and
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E 1.4: Performance of the Base Classifier

During the initial phase of experiments, the original imbalanced dataset was utilized.
Table 5.9 - 5.12 presents the results of the base classifiers on the validation and test
sets. The F1-score measure was employed to assess the training potential of the base
classifiers. Recall and precision were taken into account to assess the variety among the
learners. Each of the base classifiers demonstrates learning proficiency, achieving F1
scores between 0.71 and 0.74 on the validation set and maintaining a consistent score of
0.73 on the test set. However, a thorough examination of the results shows that with the

imbalanced dataset, the validation precision is notably low, reaching a value of 0.61

In this study, multiclass classification was conducted, considering the imbalance
in the data. Performance metrics such as macro precision, macro recall, macro F1-score,
and weighted F1-score were employed to assess performance across specific categories.

The highest macro F1-score attained was 0.72 on the validation set with GooglLeNet and
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0.75 on the test set with ResNet-50, as detailed in Table 5.13.

E 1.5: Performance of the Proposed Classifier

A deep ensemble learning classifier has been developed to address the intricate structure
of colorectal polyps. Virtual biopsy is a sensitive and complex task that demands an
accurate polyp classification. Hence, the ensemble learning method was devised to

enhance polyp classification.

For the imbalanced dataset, the macro F1 scores achieved by the average and
weighted-average ensemble models were 0.70 and 0.71 on the validation set and 0.73
and 0.74 on the test set, respectively, using the PICCOLO dataset. These findings
indicate that ensemble-averaging learning did not enhance the outcomes compared
to the base classifiers. Nevertheless, the quantitative assessment of the average and
weighted average ensemble classifiers indicates that allocating an appropriate blend of
weights produces encouraging outcomes and outperforms individual base learners and
average ensemble architecture. Furthermore, data augmentation has indicated improved
performance, achieving 0.76 and 0.79 in the validation and 0.76 and 0.84 on the test
set using the PICCOLO dataset. The findings are displayed in Table 5.14. The macro
and weighted F1 scores demonstrate that the base classifiers successfully captured the
complex representations of various types of polyps. A similar trend is observed for the
CPDC dataset, where the proposed approach achieved an accuracy of 0.75 on the test

and 0.76 on the validation set.

The effectiveness of several pre-trained CNNs with diverse model designs was
assessed to handle the challenge of CRC classification. However, these classifiers failed

to achieve exceptional results on colonoscopy images, unlike the proposed technique. On
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the other hand, leveraging the collective strength of weak learners has led to significant
improvements in results. Furthermore, assigning appropriate weights to the base learners
has notably enhanced image classification. Figure 5.6 illustrates the comparison of F1

SCores.

90
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Figure 5.6: Base and ensemble classifier performance on balanced dataset

The proposed method demonstrates a 2% increase in macro F1-score on the
validation set and 3% on the test set for original data. In addition, a notable improvement
of 4% on the validation set and 12% on the test set is observed compared to the highest
value achieved by individual base classifiers. Furthermore, the proposed weighted
ensemble learning notably improves macro precision in the validation and test sets;

Figure 5.14 illustrates the results produced.

For the imbalanced dataset, the weighted-average ensemble models achieved
average macro-F1 scores of 0.73 and 0.74 on the test set. These findings indicate that
average ensemble learning does not offer improvement compared to using individual
base classifiers. On the other hand, assigning suitable weights to base classifiers yields

better performance than using single or average ensemble models. Furthermore, the
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balanced data exhibited superior performance, achieving scores of 0.76 in the validation

set and 0.79 on the test set.

We evaluated multiple pre-trained CNNs with different architectures for classi-
fying colorectal polyps, but they did not work well on colonoscopy images. However,
combining weak learners improved the results, and assigning appropriate weights to
the base classifiers significantly improved the results. Our approach demonstrated a 3%
improvement in the macro F1 score in the test set compared to the benchmark data and a

notable 12% increase over the highest score achieved by each individual base classifier.

The results of the validation and test set are presented in Tables 5.14 - 5.17. The
ensemble learning approach demonstrates robust capabilities in polyp classification. The
performance of the base, average ensemble, and weighted average ensemble is validated
on the validation set and tested on the test set.

Table 5.9: Performance of the base and ensemble classifier on imbalanced dataset

Models Dataset Accuracy Precision Recall F1-score
GoogLeNet 0.72 0.74 0.73 0.73
Xception 0.71 0.75 0.72 0.72
ResNet-50 Test 0.73 0.75 0.69 0.73
Ensemble learning 0.73 0.78 0.73 0.76
Ensemble learning (Weighted Average) 0.74 0.78 0.73 0.75
GoogLeNet 0.73 0.68 0.77 0.75
Xception 0.70 0.61 0.79 0.70
ResNet-50 Validation 0.72 0.63 0.79 0.72
Ensemble learning 0.74 0.64 0.83 0.73

Ensemble learning (Weighted Average) 0.76 0.69 0.84 0.75
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Table 5.10: Sensitivity and specificity of the base and ensemble classifier on imbalanced
dataset

Models Dataset Specificity  Sensitivity TP TN FP FN
GoogLeNet 0.73 0.70 255 593 84 107
Xception 0.70 0.69 265 598 86 110
ResNet-50 Test 0.74 0.71 244 577 72 106
Ensemble Learning 0.75 0.72 235 558 68 108
Ensemble learning (Weighted Average) 0.76 0.73 244 572 70 98
GoogLeNet 0.68 0.81 662 1559 314 156
Xception 0.65 0.73 622 1519 398 152
ResNet-50 Validation 0.68 0.75 642 1540 358 154
Ensemble learning 0.69 0.76 665 1562 372 92
Ensemble learning (Weighted Average) 0.70 0.78 695 1622 367 97

Table 5.11: Performance of the base and ensemble classifier on augmented dataset

Models Dataset Accuracy Precision Recall F1-score
GoogLeNet 0.73 0.71 0.72 0.72
Xception 0.71 0.70 0.73 0.70
ResNet-50 Test 0.72 0.72 0.72 0.73
Ensemble learning 0.76 0.77 0.74 0.73
Ensemble learning (Weighted Average) 0.80 0.81 0.82 0.80
GoogLeNet 0.69 0.69 0.68 0.68
Xception 0.73 0.74 0.73 0.73
ResNet-50 Validation 0.74 0.76 0.73 0.75
Ensemble learning 0.77 0.76 0.76 0.77
Ensemble learning (Weighted Average) 0.81 0.82 0.80 0.81

E.1.6: Comparative Analysis of Classification Performance

The limited use of this publicly available dataset makes it difficult to compare with other
methods. Two studies have previously classified colorectal polyps on this benchmark
dataset. Zhang et al. (2016) proposed a transfer learning framework based on CNN,

where features learned from a non-medical dataset were utilised. It is crucial to evaluate
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Table 5.12: Sensitivity and specificity of the base and ensemble classifier on augmented
dataset

Models Dataset Specificity Sensitivity TP TN FP FN
GoogLeNet 0.72 0.70 240 573 90 96
Xception 0.71 0.72 239 572 98 90
ResNet-50 Test 0.72 0.73 242 575 90 92
Ensemble learning 0.78 0.75 253 591 66 89
Ensemble learning (Weighted average) 0.82 0.81 270 603 61 65
GoogLeNet 0.70 0.69 975 2346 396 396
Xception 0.73 0.73 1018 2389 353 353
ResNet-50 Validation (.74 0.74 1039 2410 332 332
Ensemble Learning 0.76 0.75 1056 2427 315 315
Ensemble learning (Weighted average) 0.81 0.80 1122 2493 249 249

Table 5.13: Performance evaluation of multiclass augmented dataset

Macro Macro Macro Weighted

Models Dataset
Precision Recall Fl-score F1-score

GoogLeNet 0.71 0.70 0.72 0.71
Xception 0.70 0.69 0.70 0.71
ResNet-50 Test 0.71 0.72 0.70 0.70
Ensemble Learning 0.74 0.74 0.73 0.74
Ensemble Learning (Weighted Average) 0.81 0.81 0.84 0.84
GoogLeNet 0.69 0.70 0.69 0.71
Xception 0.70 0.71 0.72 0.73
ResNet-50 Validation 0.72 0.73 0.75 0.76
Ensemble learning 0.75 0.74 0.76 0.75
Ensemble learning (Weighted Average) 0.80 0.79 0.79 0.81

our results in the context of binary classification in order to compare them with the results

of their investigation. As a result of our experiments, we were able to classify colorectal
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Table 5.14: Performance of the base and ensemble classifier on binary class augmented
dataset

Models Dataset Accuracy Precision Recall Fl-score MCC
GoogLeNet 0.72 0.73 0.72 0.73 0.44
Xception 0.70 0.72 0.74 0.73 0.36
ResNet-50 Test 0.71 0.73 0.75 0.74 043
Ensemble Learning 0.73 0.73 0.73 0.73 0.45
Ensemble Learning (Weighted Average) 0.75 0.76 0.76 0.76 0.47
GoogLeNet 0.71 0.72 0.71 0.71 0.44
Xception 0.69 0.68 0.70 0.69 0.34
ResNet-50 Validation 0.72 0.71 0.73 0.72 0.44
Ensemble learning 0.74 0.74 0.74 0.74 0.46
Ensemble learning (Weighted Average) 0.76 0.75 0.77 0.76 0.49

polyps as either hyperplastic or adenomatous using an optimised hyperparameter config-
uration. The work achieved 85.9% accuracy, 0.87 precision, 0.87 recall, and 0.87.0 F1
scores in a two-class classification task. Our proposed approach of creating a weighted
average ensemble improved the classifier’s performance by 2% on imbalanced data and
3% on balanced data. Our framework outperformed their approach by achieving 86.6%
accuracy, 91.7% precision, recall, and F1-score with both benchmark and oversampled

data.

The other comparative evaluation was accomplished by Mesejo et al. (2016),
where in order to implement virtual biopsy and classify colorectal polyps into hyperplastic
lesions, serrated adenomas, and adenomas, a three-class classification framework was
developed by combining machine learning and computer vision algorithms. The research
incorporated Random Forest (RF), Random Subspace (RS), and Support Vector Machine

(SVM) classifiers to achieve its goal. The approach yielded an accuracy of 82.46%,
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sensitivity of 72.74%, and specificity of 85.88%. After comparing the outcomes of
our three-class classification, it became evident that our proposed framework surpasses
traditional machine learning and deep learning approaches. The framework produced an
accuracy of 90.1% compared to 0.96 and a recall of 0.92 compared to 0.97 on benchmark

data and oversampled data, respectively.

This research explores the effectiveness of various deep learning models for
colorectal polyp classification, including GoogleNet, ResNet-50, ensemble learning, and
weighted average ensemble learning. Afterwards, the results are compared to published
studies regarding polyp classification using deep learning models. The CNN model
proposed by Hsu et al. (2021) achieved the highest accuracy of 82.8%, as observed.
Further, Jae et al. (2021) proposed a transfer learning model using AlexNet as the
backbone. In terms of accuracy, the model performed best with fully connected networks,
achieving a high score of 0.79. However, this study surpassed previous investigations
by achieving even higher accuracy rates of 0.96 and 0.91 on balanced and imbalanced

datasets, respectively, through approach of weighted averaging.

5.1.3 Reliability Analysis

Figure 5.9 shows the comparison of error rates and kappa coefficients for imbalanced
and balanced data sets of the UCI dataset. The kappa values for the base classifiers,
GoogLeNet and ResNet-50, are 0.79 and 0.58 on the benchmark data, respectively.
The kappa values improve to 0.81 and 0.89 with balanced data. However, in terms
of ensemble classifiers, the average ensemble generates a 0.90 kappa value, and the

weighted ensemble further improves the result to 0.94.

Figure 5.10 compares the kappa coefficient and the error values performed on the
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Figure 5.7: Macro precision and false positive rate comparison of imbalanced and
balanced UCI dataset
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Figure 5.8: Macro precision and false positive rate comparison of imbalanced and
balanced PICCOLO dataset

PICCOLO dataset. The base classifiers GoogleNet, Xception, and ResNet-50 had kappa
values of 0.59, 0.55, and 0.59, respectively. In terms of ensemble classifiers, the average
ensemble produces a kappa value of 0.61. However, the weighted ensemble improves the
result to 0.62, illustrating that the model error decreases in both scenarios as the kappa
coefficient increases. This proposed ensemble method demonstrates an acceptable level

of reliability, as evidenced by a significant increase in the kappa coefficient. Figure 5.11
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Figure 5.9: Reliability comparison using Cohen’s kappa coefficient on UCI dataset
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Figure 5.10: Reliability comparison using Cohen’s kappa coefficient on PICCOLO
dataset

shows the ROC-AUC value of 0.94, indicating good model separability for the PICCOLO
dataset, and Figure 5.12 shows the ROC-AUC as 0.89 for the two-class classification and

0.91 for the three-class classification in the UCI dataset. These values indicate that the

proposed model has a high degree of separability.
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Figure 5.12: AUC-ROC of binary and multiclass classification on UCI dataset

5.1.4 Precision-Recall Analysis

Besides evaluating the model’s sensitivity, it is crucial to assess the precision of the

proposed system. Precision measures the proportion of correctly identified positive cases

among all cases predicted as positive in the dataset. A few false positives can significantly

impact the precision of a CAD system, especially in the context of imbalanced data, res-

ulting in a reduced F1 score. In medical applications, data often exhibit class imbalance,
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where one class predominates with more instances than another smaller but clinically
significant class. Such systems generate a high false negative rate, misclassifying minor-
ity instances as the majority class (Yang et al., 2011). In such systems, misclassifying
positive class examples can cost highly and adversely affect system performance and
diagnosis. The proposed system was designed to handle class imbalance and improve
accuracy by reducing false positive and negative predictions. The system achieved a
precision of 95.5 in the UCI dataset for balanced data, indicating its ability to detect
positive cases, as shown in Figure 5.7. The comparison of the precision and false positive
macros of the proposed approach is presented based on both the imbalanced and balanced
PICCOLO dataset, as shown in Figure 5.8. The system achieved a precision of 0.81 on

this dataset for balanced data, indicating its ability to identify positive cases accurately.

Figure 5.13 compares the performance of base and ensemble classifiers on the
augmented dataset, and Figure 5.14 compares macro precision in the proposed approach
for both imbalanced and augmented datasets. Besides model sensitivity, analyzing
precision is crucial for assessing the proposed system. Precision measures the correctly
identified positive cases out of all positive instances in the data. The presence of a small
fraction of false positive values in Figure 5.15 can significantly impact the precision
of the CAD system, especially if the data is imbalanced, leading to a decrease in the
Fl-score. Figure. 5.16 presents the performance comparison of the CPDC dataset,
whereas Figure 5.17 shows the False positive and Precision comparison of CPDC. In
the medical domain, where data is usually imbalanced, this misclassification can affect
the system’s classification and have an adverse effect on diagnosis. The precision of the
proposed system is 0.81 for augmented data, which indicates that the system can identify

positive cases.
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Figure 5.13: Base and ensemble classifier performance on augmented dataset
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Figure 5.14: Precision-based comparison of imbalanced and augmented data

Figure 5.18 shows a comparison of validation and test set with Kappa coefficient
and error values. The kappa values for the base classifiers Googl.eNet, Xception, and
ResNet-50 are 0.59, 0.55, and 0.59, respectively. However, the average ensemble
achieves a kappa value of 0.61, and the weighted ensemble further improves the result to
0.62. The graph demonstrates that as the Kappa coefficient increases, the model’s error
decreases in both scenarios. This notable increase in the Kappa coefficient indicates that
the proposed ensemble method exhibits a satisfactory level of reliability. Figure 5.19

illustrates the ROC-AUC value of 0.94, indicating that the proposed model exhibits high
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Figure 5.15: False positive rate comparison of imbalanced and augmented data
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Figure 5.16: CPDC dataset performance analysis

separability. The Matthews Correlation Coefficient (MCC) is a fair evaluation metric for
the imbalanced binary (CPDC) dataset. The results depicted in Figure 5.20 demonstrate
an upward trend in the MCC value, indicating improved performance of the proposed
models compared to the base classifiers. Table 5.18 presents the execution time and error

of each architecture in both datasets used in this study.

The experiments in this study employed various deep learning models for the

classification of colorectal polyps, including GoogleNet, ResNet-50, ensemble learning,
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Figure 5.17: False positive and precision comparison of CPDC augmented data

Table 5.15: Performance evaluation of multiclass augmented dataset

Macro Macro Macro Weighted

Models Dataset
Precision Recall Fl-score Fl-score

GoogLeNet 0.71 0.70 0.72 0.71
Xception 0.70 0.69 0.70 0.71
ResNet-50 Test 0.71 0.72 0.70 0.70
Ensemble Learning 0.74 0.74 0.73 0.74
Ensemble Learning (Weighted Average) 0.81 0.81 0.84 0.84
GoogLeNet 0.69 0.70 0.69 0.71
Xception 0.70 0.71 0.72 0.73
ResNet-50 Validation 0.72 0.73 0.75 0.76
Ensemble learning 0.75 0.74 0.76 0.75
Ensemble learning (Weighted Average) 0.80 0.79 0.79 0.81

and weighted average ensemble learning. The results are then compared with published
works on polyp classification using deep learning models. The highest accuracy achieved
in this study is 82.8% using the CNN model proposed by Hsu et al. (2021). Furthermore,

Jae etal. (2021) utilised AlexNet as a backbone in transfer learning, achieving a maximum
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Figure 5.18: Reliability comparison using Cohen’s kappa coefficient

Table 5.16: Performance of the base and ensemble classifier on binary class augmented
dataset

Models Dataset Accuracy Precision Recall Fl-score MCC
GoogLeNet 0.72 0.73 0.72 0.73 0.44
Xception 0.70 0.72 0.74 0.73 0.36
ResNet-50 Test 0.71 0.73 0.75 0.74 043
Ensemble Learning 0.73 0.73 0.73 0.73 0.45
Ensemble Learning (Weighted Average) 0.75 0.76 0.76 0.76 0.47
GoogLeNet 0.71 0.72 0.71 0.71 0.44
Xception 0.69 0.68 0.70 0.69 0.34
ResNet-50 Validation 0.72 0.71 0.73 0.72 0.44
Ensemble learning 0.74 0.74 0.74 0.74 0.46

Ensemble learning (Weighted Average) 0.76 0.75 0.77 0.76 0.49
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Table 5.17: Sensitivity and specificity of the base and ensemble classifier on binary class
augmented dataset

Models Dataset  Specificity Sensitivity TP TN FP FN
GoogLeNet 0.59 0.56 558 256 144 139
Xception 0.43 0.50 540 245 155 180
ResNet-50 Test 0.43 0.50 545 245 145 140
Ensemble Learning 0.58 0.62 548 258 142 134
Ensemble Learning (Weighted Average) 0.62 0.63 564 263 138 132
GoogLeNet 0.59 0.59 538 249 141 138
Xception 0.64 0.65 526 210 180 140
ResNet-50 Validation 0.64 0.65 547 258 142 141
Ensemble learning 0.65 0.65 557 261 140 132
Ensemble learning (Weighted Average) 0.67 0.69 558 302 138 127

Table 5.18: Execution time comparison of datasets

Model(s) Dataset PICCOLO Dataset CPDC Dataset
Error Execution Time | Error Execution Time

GoogLeNet 0.28 16min 55s 0.28 09min 25s
Xception 0.28 15min 04s 0.30 10min 14s
ResNet-50 Test 0.27 16min 03s 0.29 12min 22s
Ensemble Learning 0.23 21min 55s 0.27 14min 53s
Ensemble Learning (Weighted Average) 0.19 22min 34s 0.25 15min 04s
GoogLeNet 0.29 22min 11s 0.29 10min 13s
Xception 0.26 19min 31s 0.31 13min 33s
ResNet-50 Validation (.24 18min 11s 0.28 13min 10s
Ensemble Learning 0.23 23min 04s 0.26 14min 02s
Ensemble Learning (Weighted Average) 0.18 24min 12s 0.24 15min 18s
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Figure 5.19: AUC-ROC of the proposed classifier on test data
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Figure 5.20: MCC comparison of validation and test set

accuracy of 79% with variations in fully connected networks. However, our method
surpasses these recent works by achieving the highest accuracy of 96.3% and 90.5% on
both balanced and imbalanced datasets using Weighted Average Ensemble Learning. A

comparison with existing recent studies is presented in Table 5.19 and Table 5.20.
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Table 5.19: Comparative analysis of UCI and PICCOLO datasets with existing studies

z g o
‘s ] E 'g = s
sz s Iz Es Iz
— ] ]
Dataset s Method <% &% g% &t
Transfer Learning (Mesejo et al., 2016) 85.9 87.3 87.6 86.0
Optimized Network 86.6 91.7 91.6 91.7
Imbalanced .
Dataset Ensemble Learning 87.9 91.9 91.7 91.3
2 Weighted Ensemble 88.1 92.4 91.9 91.5
Learning
Optimized Network 86.7 91.7 91.6 91.7
Balanced .
Uer Dataset Ensemble Learning 88.3 91.9 92 91.8
Dataset Weighted Ensemble 89.8 923 92.1 92.2
Learning
SVM (Zhang et al., 2016) 82.5 N.A. 727 N.A.
Optimized Network 86.7 86.6 86.6 87.1
Imbalanced .
Dataset Ensemble Learning 88.2 88.9 88.3 88.6
3 Weighted Ensemble 90.1 91.2 91.5 91.3
Learning
Optimized Network 92.7 91.8 93.5 92.7
Balanced .
Dataset Ensemble Learning 93.6 93.6 93.6 93.6
Weighted Ensemble 96.3 95.5 97.2 96.3
Learning
Optimized Network 73.1 78.1 69.2 73.3
Imbalanced .
Data Ensemble Learning 73.2 78.4 69.1 73.4
PICCOLO Weighted Ensemble 74.4 78.2 71.3 74.2
Dataset 3 Learning
Optimized Network 73.2 73.4 72.3 73.3
Balanced .
Dataset Ensemble Learning 71.3 79.1 74.2 77.1
Weighted Ensemble 81.2 82.4 81.1 81.3
Learning
CVC-Clinic, CGMH-WL, 3 NA CNN model-NBI 82.8 82.5 95.2 81.5
NBI (Hsu et al., 2021) . CNN model-WL 72.2 75.3 88.7 81.5
) . 0.706  0.685 0.807 0.729
Children’s medicine AlexNet+SOS,No trans-
+0.041 +£0.077 +£0.140 +0.052
department of Gachon 3 N.A fer of fc6, fe7
University Gil Hospital AlexNet+SOS. Transfer 1 0770 0793 0766
in South Korea of fc6 +0.062 +£0.101 +0.139 +0.061
0.782 0.737 0.893 0.804
(Jae et al., 2021) AlexNet+SOS, Transfer

of fc6 and fc7 +0.037 +0.061 +0.052 +0.027
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Table 5.20: Comparative analysis of PICCOLO and CPDC datasets with existing studies

T £ g
i~ 1Z] [—] =}
5 5. 3. &
S S S S
Dataset Model(s) : s SR é s =
GoogLeNet 0.73 0.71 0.72 0.72
Xception 0.71 0.70 0.73 0.70
ResNet-50 Test 0.72 0.72 0.72 0.73
Ensemble Learning 0.76 0.77 0.74 0.73
Ensemble Learning 0.80 0.81 0.82 0.80
PICCOLO Dataset (Weighted Average)
GoogLeNet 0.69 0.69 0.68 0.68
Xception 0.73 0.74 0.73 0.73
ResNet-50 Validation 0.74 0.76 0.73 0.75
Ensemble Learning 0.77 0.76 0.76 0.77
Ensemble Learning 0.81 0.82 0.80 0.81
(Weighted Average)
GoogLeNet 0.72 0.73 0.72 0.73
Xception 0.70 0.72 0.74 0.73
ResNet-50 Test 0.71 0.73 0.75 0.74
Ensemble Learning 0.73 0.73 0.73 0.73
Ensemble Learning 0.75 0.76 0.76 0.76
CPDC Dataset (Weighted Average)
GoogLeNet 0.71 0.72 0.71 0.71
Xception 0.69 0.68 0.70 0.69
ResNet-50 Validation 0.72 0.71 0.73 0.72
Ensemble Learning 0.74 0.74 0.74 0.74
Ensemble Learning 0.76 0.75 0.77 0.76
(Weighted Average)
AlexNet+SOS, 0.706  0.685 0.807  0.729
Children’s medicine
No transfer of fc6, fc7 +0.041 £0.077 £0.140 +0.052
department of Gachon
0.761  0.770  0.793 0.766
University Gil Hospital AlexNet+SOS, Transfer of fc6
+0.062 +0.101 +£0.139 +0.061
in South Korea
0.782  0.737 0.893 0.804
(Jae et al., 2021) AlexNet+SOS, Transfer of fc6
and fc7 +0.037 +£0.061 +0.052 +0.027
. 0.795 0.766 0.868  0.809
AlexNet+SOS,Addition of fc9
+0.045 +£0.066 +0.069 =+0.034
CVC-Clinic, CGMH-WL, CNN model-NBI 0.82 0.82 0.95 0.81
NBI (Hsu et al., 2021) CNN model-WL 0.72 0.75 0.88 0.81
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Table 5.21: Evaluation of concordant cDCGAN on UCI, PICCOLO, and CPDC datasets

Method Dataset FID IS PSNR SSIM
UCI 45 7.8 20dB 0.6
Concordant cGAN PICCOLO 49 82 22dB 0.7
CPDC 56 75 23dB 0.7

5.2 Synthetic Image Generation and Deep Feature
Extraction

This section presents the results generated by SIGB and DFEB from the datasets. The
imbalance between the classes significantly hinders the performance of the model. To
address this problem, the imbalance was removed from the data by making the number
of images in all classes equal through data augmentation. However, the images generated
through cGAN do not always have the best quality and diversity for training an efficient
model. Therefore, we performed two sets of experiments to determine the enhancement
in classifier performance by incorporating a neural network that filters the concordant
synthetic images for data augmentation. The first experiment includes data augmentation
without incorporating the proposed concordant classifier and predicted class labels.
The second experiment was conducted using the proposed concordant classifier, which
generated and classified high-quality and diverse CRC data. The experiments on the
datasets examined the performance of the concordant synthetic image dataset unified
with feature extraction through ViT. The network architecture of the cDCGAN generator,
the discriminator and their combined structure are shown in Figures 5.21, 5.22, and 5.23,

respectively. The subsections 5.2.1 to 5.2.4 discuss the experimental results in detail.
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Generator-Latent-Input-Layer | input: | [(None, 100)] Generator-Label-Input-Layer | input: | [(None, 1)]
InputLayer output: | [(None, 100)] InputLayer output: | [(None, 1)]
Generator-Foundation-Layer | input: | (None, 100) Generator-Label-Embedding-Layer | input: (None, 1)
Dense output: | (None, 8192) Embedding output: | (None, 1, 50)
Generator-Foundation-Layer-Activation-1 | input: | (None, 8192) Generator-Label-Dense-Layer | input: | (None, 1, 50)
ReLU output: | (None, 8192) Dense output: | (None, 1, 64)
Generator-Foundation-Layer-Reshape-1 | input: (None, 8192) Generator-Label-Reshape-Layer | input: | (None, 1, 64)
Reshape output: | (None, 8, 8, 128) Reshape output: | (None, 8, 8, 1)

/

Generator-Combine-Layer | input: | [(None, 8, 8, 128), (None, 8, 8, 1)]
Concatenate output: (None, 8, 8, 129)

Generator-Hidden-Layer-1 | input: (None, 8, 8, 129)
Conv2DTranspose output: | (None, 16, 16, 128)

Generator-Hidden-Layer-Activation-1 | input: | (None, 16, 16, 128)
ReLU output: | (None, 16, 16, 128)

Generator-Hidden-Layer-2 | input: | (None, 16, 16, 128)
Conv2DTranspose output: | (None, 32, 32, 128)

Generator-Hidden-Layer-Activation-2 | input: | (None, 32, 32, 128)
ReLU output: | (None, 32, 32, 128)

Generator-Hidden-Layer-3 | input: | (None, 32, 32, 128)
Conv2DTranspose output: | (None, 64, 64, 128)

Generator-Hidden-Layer-Activation-3 | input: | (None, 64, 64, 128)
ReLU output: | (None, 64, 64, 128)

Generator-Hidden-Layer-4 | input: (None, 64, 64, 128)
Conv2DTranspose output: | (None, 128, 128, 128)

\
Generator-Hidden-Layer-Activation-4 | input: | (None, 128, 128, 128)

ReLU output: | (None, 128, 128, 128)

Generator-Output-Layer | input: | (None, 128, 128, 128)
Conv2D output: (None, 128, 128, 3)

Figure 5.21: Network structure of the concordant cDCGAN generator
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Discriminator-Label-Input-Layer | input: | [(None, 1)]
InputLayer output: | [(None, 1)]
Discriminator-Label-Embedding-Layer | input: (None, 1)
Embedding output: | (None, 1, 50)
Discriminator-Label-Dense-Layer | input: (None, 1, 50)
Dense output: | (None, 1, 49152)
Discriminator-Label-Reshape-Layer | input: (None, 1, 49152) Discriminator-Image-Input-Layer | input: | [(None, 128, 128, 3)]
Reshape output: | (None, 128, 128, 3) InputLayer output: | [(None, 128, 128, 3)]

/

Discriminator-Combine-Layer

input:

[(None, 128, 128, 3), (None, 128, 128, 3)]

Concatenate output:

(None, 128, 128, 6)

Discriminator-Hidden-Layer-1

input: | (None, 128, 128, 6)

Conv2D

output: | (None, 64, 64, 64)

Discriminator-Hidden-Layer-Activation-1

input: | (None, 64, 64, 64)

LeakyReLU

output: | (None, 64, 64, 64)

Discriminator-Hidden-Layer-2 | input: (None, 64, 64, 64)
Conv2D output: | (None, 32, 32, 128)
Discriminator-Hidden-Layer-Activation-2 | input: | (None, 32, 32, 128)
LeakyReLU output: | (None, 32, 32, 128)
Discriminator-MaxPool-Layer-2 | input: | (None, 32, 32, 128)
MaxPooling2D output: | (None, 15, 15, 128)
Discriminator-Flatten-Layer | input: | (None, 15, 15, 128)
Flatten output: (None, 28800)

Discriminator-Flatten-Layer-Dropout | input: | (None, 28800)
Dropout output: | (None, 28800)
Discriminator-Output-Layer | input: | (None, 28800)

Dense

output: (None, 1)

Figure 5.22: Network structure of the concordant cDCGAN discriminator
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Generator-Latent-Input-Layer | input: | [(None, 100)] Generator-Label-Input-Layer | input: | [(None, 1)]
InputLayer output: | [(None, 100)] InputLayer output: | [(None, 1)]
Generator-Foundation-Layer | input: | (None, 100) Generator-Label-Embedding-Layer | input: (None, 1)
Dense output: | (None, 8192) Embedding output: | (None, 1, 50)
A 4
Generator-Foundation-Layer-Activation-1 | input: | (None, 8192) Generator-Label-Dense-Layer | input: | (None, 1, 50)
ReLU output: | (None, 8192) Dense output: | (None, 1, 64)
A 4
Generator-Foundation-Layer-Reshape-1 | input: (None, 8192) Generator-Label-Reshape-Layer | input: | (None, 1, 64)
Reshape output: | (None, 8, 8, 128) Reshape output: | (None, 8, 8, 1)

\

/

Generator-Combine-Layer | input:

[(None, 8, 8, 128), (None, 8, 8, 1)]

Concatenate output:

(None, 8, 8, 129)

Generator-Hidden-Layer-1

input: (

None, 8, 8, 129)

Conv2DTranspose

output:

(None, 16, 16, 128)

Generator-Hidden-Layer-Activation-1

input:

(None, 16, 16, 128)

ReLU

output

: | (None, 16, 16, 128)

Generator-Hidden-Layer-2

input:

(None, 16, 16, 128)

Conv2DTranspose

output:

(None, 32, 32, 128)

Generator-Hidden-Layer-Activation-2

input:

(None, 32, 32, 128)

ReLU

output:

(None, 32, 32, 128)

Generator-Hidden-Layer-3

input:

(None, 32, 32, 128)

Conv2DTranspose

output:

(None, 64, 64, 128)

Generator-Hidden-Layer-Activation-3

input:

(None, 64, 64, 128)

ReLU

output

: | (None, 64, 64, 128)

Generator-Hidden-Layer-4

input:

(None, 64, 64, 128)

Conv2DTranspose

output:

(None, 128, 128, 128)

Generator-Hidden-Layer-Activation-4 | input: | (None, 128, 128, 128)
ReLU output: | (None, 128, 128, 128)
Generator-Output-Layer | input: | (None, 128, 128, 128)

Conv2D

output:

(None, 128, 128, 3)

N,

Discriminator

input:

[(None, 128, 128, 3), (None, 1)]

Functional

output:

(None, 1)

Figure 5.23: Network structure of the concordant cDCGAN generator and discriminator

combined
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Table 5.22: Confusion matrix of all datasets with and without concordant classifier
integration

Dataset Actual Label Predicted Label
0 1 2
0 450 64 78
UCI 1 70 175 53
2 72 59 350
0 460 78 54
Non-Concordant  PICCOLO 1 50 200 48
Dataset 2 82 20 379
0 2712 265 -
CPDC 1 179 1098 -
0 545 33 14
UCI 1 18 201 73
2 29 58 355
0 580 6 6
Concordant PICCOLO 1 7 258 33
Dataset 2 5 34 442
0 2876 101 -
CPDC 1 79 1198 -

5.2.1 FID, IS, PSNR and SSIM Analysis

The computed FID of our designed network is 4.5 for UCI, 4.9 for the PICCOLO, and
5.6 for the CPDC dataset; as the values obtained are less than 10 and closer to O, it
indicates that the generated images closely match the actual samples. Furthermore, the
IS value achieved by the proposed model was 7.8, 8.2, and 7.5 on the UCI, PICCOLO,
and CPDC datasets, respectively, showing that the generated images have good quality
and diversity. In terms of PSNR, the mean values obtained were 20 dB, 22 dB, and 23 dB
for three data sets, indicating acceptable image quality, and SSIM was 0.6 for UCI and
0.7 for PICCOLO and CPDC datasets, which shows a good similarity between original

and synthetic images. The results of both metrics are shown in Table 5.21.



Chapter 5. Results and Discussion 214

Table 5.23: Performance evaluation of updated UCI, PICCOLO and CPDC datasets with
and without concordant classifier integration

Dataset Label Precision Recall F1 score
0 0.76 0.76 0.76
UcClI 1 0.59 0.59 0.59
2 0.73 0.73 0.73
Non-Concordant 0 0.78 0.78 0.78
Data PICCOLO 1 0.67 0.67 0.67
2 0.79 0.79 0.79
0 0.84 0.90 0.87
CPDC 1 0.78 0.68 0.73
0 0.92 0.92 0.92
ucl 1 0.69 0.69 0.69
2 0.80 0.80 0.80
Concordant 0 0.98 0.98 0.98
Dataset PICCOLO 1 0.87 0.87 0.87
2 0.92 0.92 0.92
0 0.97 0.97 0.97
CPDC 1 0.94 0.92 0.93

5.2.2 Performance Evaluation

A deep concordant classifier was developed to effectively deal with the lack of data along
with the complex morphology of colorectal polyps. Data insufficiency is a significant
obstacle in training an effective CRC classifier. Therefore, for effective data augmentation
necessary to perform improved classification, cDCGAN unified with ViT was developed.
The confusion matrix obtained for each class is shown in Table 5.22. Results show that
the capability of the classifier to identify instances of every class correctly has improved

by segregating the images for model training.

Moreover, Table 5.23 presents the performance evaluation for individual classes

of all datasets. The evaluation of advanced metrics is presented in Table 5.24, showing
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Table 5.24: Performance evaluation of updated UCI, PICCOLO, and CPDC datasets
with and without concordant classifier integration

' = T o @ %

= 2 - B gE gE z2: 5E%

= > = S S9 29 w3 T E

g 2 § 2 52 22 g S=%

Dataset < ~ =7 = = 5 Bk &)
ucl 074 069 067 068 072 069 071 05

Non-Concordant
Maaset ™ PICCOLO 076 073 075 074 076 075 076 0.6
CPDC 0.83 086 079 083 083 080 083 0.6
ucl 097 097 097 097 089 090 093 0.6
Concordant

Dataset PICCOLO 093 092 0.89 090 083 093 093 0.7
CPDC 096 095 095 095 096 095 096 09

that in the case of the non-concordant dataset, the achieved macro F1 score was 0.69,
and the weighted F1 score was 0.71. Meanwhile, the analysis of the concordant dataset
showed a significant increase to a 0.90 macro F1 score and 0.93 weighted F1 score. In
the case of the PICCOLO dataset, the macro F1 score value moved up from 0.75 to 0.93,
and the weighted F1 score was enhanced from 0.76 to 0.93. Moreover, Cohen’s Kappa
Coefficient for concordant datasets was higher than for non-concordant data. In the case
of UCI, the kappa value increased from 0.55 to 0.64; for PICCOLO, the value improved
from 0.62 to 0.72; and in the case of the CPDC dataset, the kappa value enhanced from

0.6 to 0.9, which indicates substantial agreement.

5.2.3 Specificity and Sensitivity Analysis

Sensitivity, or the true positive rate, is a key metric for evaluating the performance of
the model. Sensitivity assesses the proportion of correctly identified positive instances.

It is a crucial factor in medical diagnosis, as failing to identify a disease has serious
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(a) UCI Dataset

(B)PICCOLO Dataset

(¢) CPDC Datasct

Figure 5.24: Concordant synthetic images of all datasets generated by the model

consequences. Experiments were performed on both non-concordant and concordant
datasets, and analysis showed that the sensitivity value for the UCI dataset showed at
least 3% improvement, and for the PICCOLO dataset, the sensitivity value was increased

by a minimum of 5%.

In the medical domain, sensitivity and specificity are also beneficial in evaluating
the classification model. It is a key metric to evaluate correctly identified negative
instances. Specificity was evaluated for both non-concordant and concordant datasets.
Experiments on UCI and PICCOLO showed 3% and 6% improvement in specificity
values. Specificity and sensitivity are often considered together for a more comprehensive
model evaluation. In a few cases, finding a trade-off between both metrics is desirable.
As the given problem is a medical diagnosis, a highly sensitive model is crucial. Figure

5.25(a) presents that the proposed method improved the true positive and true negative
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rate, i.e. the non-concordant dataset has less capability to identify the positive and

negative instances correctly than the concordant dataset.

() Sensitivity and Specificity ®) Type T and Type IT Error
1 05
0.8 04
0.6 03
0.4 02
) ) I— L l I-
0 0
0 1 2 0 1 2 0 1 2 0 1 2 0 1 2 0 1 2 0 1 2 0 1 2
UCI Dataset PICCOLO Dataset UCI Dataset PICCOLO Dataset UCI Dataset PICCOLO Dataset UCI Dataset PICCOLO Dataset
True Positive Rate True Negative Rate False Positive Rate False Negative Rate
u Non-Concordant Dataset = Concordant Dataset u Non-Concordant Dataset = Concordant Dataset

Figure 5.25: (a) Comparison of sensitivity, specificity, and (b) Type I, Type II error on
UCT and PICCOLO dataset for non-concordant and concordant datasets

5.2.4 Type I and Type II Error Analysis

Type I error (False positive rate) can have a number of implications on patients’ mental
health. It can lead to unnecessary anxiety in patients about having a disease that does
not exist, or it might lead to unnecessary diagnostic procedures. Therefore, it is also
necessary that the classification model has a lower percentage of Type I error. The
analysis of the proposed model presented in Figure 5.25(b) shows that the false positive
rate was reduced up to 1% on both datasets. It was noted that the concordant dataset

used for training the dataset improved the model results.

Type I error (false negative rate) occurs when the model fails to identify cancer
in a patient that is present in the endoscopy image. It is crucial to handle type II errors
because if a critical condition is not detected, it can risk a patient’s life by delaying med-
ical interventions and allowing the medical condition to progress further. Furthermore,

an increased type II error reduces the sensitivity of the model by diminishing its ability
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to identify true positive instances. The proposed model also focused on reducing type II

error, and the results showed that it was reduced by 2% for both datasets.

Table 5.25: Performance comparison of proposed model

Dataset Method Accuracy Precision Recall F1 score
Optimized CNN Network 92.7 0.91 0.92 0.91
) Ensemble Learning 93.6 0.93 0.94 0.93
- Weighted Ensemble DL,
Younas et al. (2023) 96.3 0.95 0.97 0.96
Proposed Method 97.5 0.97 0.97 0.96
o Optimized CNN Network 73.2 0.73 0.72 0.73
o
8 Ensemble Learning 77.3 0.79 0.74 0.77
< Weighted Ensemble DL
[~}
= Younas et al. (2023) 81.2 0.82 0.81 0.81
Proposed Method 93.3 0.92 0.89 0.90

The results obtained using this method are compared with our previous study
(Younas et al., 2023), which used CNN architectures on the same datasets with traditional
data augmentation techniques. The comparison results shown in Tables 5.25 indicate
that the proposed method gave significantly improved results. In the UCI and PICCOLO
datasets, ViT further improved the results and attained 97.5% and 93.3% accuracy, 0.97

and 0.92 precision, 0.97 and 0.89 recall, and 0.96 and 0.90 F1 scores, respectively.

5.3 Model Explainability and Manifold regularisation

In the next part of the experiment, we extracted the features learned by the vision
transformer network to build an explainable model. We trained our model using an
explainable Al tool, Grad-CAM. This tool utilises the gradients of CRC polyp images,

streaming them into the last layer of ViT to provide a coarse localisation indicating the
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Figure 5.26: Generated explainable sample images for UCI dataset

critical areas of the images contributing to the decision-making of the model. The heat
map is generated with an emphasis on the region for the predicted CRC polyp image.
The highest gradient values are present in the regions where polyps exist in the image.
The output of Grad-CAM provides the information that took part in generating the final
decision. Moreover, superimposed images are also generated along with the heatmaps to
highlight the regions of interest in the polyp images. Figures 5.26, 5.28, and 5.30 shows
a few samples of the superimposed images and their corresponding heatmaps generated

for the UCI, PICCOLO and CPDC datasets.

Once we had extracted the features using the vision transformer and verified
the decision-making process, non-linear manifold learning algorithms were applied
to the extracted features. The main purpose of this step is to make the process less

computationally expensive by extracting a subset of the most important features and
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regularising the model simultaneously by handling the overfitting problem. Several
manifold learning algorithms were applied to each dataset separately to analyse the result.
Regarding the UCI dataset, the standard and modified LLE gave the best results for ARI
and NMI metrics. Among all the implemented manifold algorithms, the model achieved
the highest values for LLE: 0.842, 0.832 NMI, and 0.781, 0.762 ARI; in addition, the
FMI value achieved by modified LLE was also the highest of 0.862 in comparison to
all the other algorithms. The result presented in Table 5.26 indicates that the model was
able to reduce the dimensionality while preserving its geometry. Moreover, Figure 5.27
provides the visual representation of the non-linear dimensionality reduction results. A
different colour indicates each class to make the visualisation easier.

Table 5.26: Comparison between various manifold learning algorithms for the optimum
components for UCI dataset

Dataset Backbone Method ARI NMI FMI
Isomap 0.744 0.805 0.613
t-SNE 0.707 0.779 0.555
Standard 0.781 0.842 0.681
; Modified 0.762 0.832 0.862
LLE
+
. Hessian 0.765 0.794 0.585
UCI <
8 Tangent Space Alignment  0.734 0.717 0.624
()
© Truncated SVD 0.699 0.671 0.672
Spectral Embedding 0.654 0.697 0.608
Random Trees 0.765 0.797 0.697

LDA 0.717 0.734 0.652
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Figure 5.27: Manifold learning visualizations on UCI dataset
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Figure 5.28: Generated Explainable Sample Images for PICCOLO Dataset

The same procedure was performed on the PICCOLO dataset, and the obtained
results are shown in Table 5.27. Analysis of results shows that the LLE provides a
consistent performance on this dataset as well. However, instead of Modified LLE,
Standard LLE achieved the highest results of 0.887 ARI, 0.904 NMI and 0.941 FMI.
The second best-performing algorithm is still the Modified LLE, which has the same
performance as the UCI dataset; it achieved 0.878 ARI, 0.868 NMI, and 0.773 FMI
values. Figure 5.29 provides a visual representation of the non-linear dimensionality

reduction of extracted features from the PICCOLO dataset.
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Table 5.27: Comparison between various manifold learning algorithms for the optimum
components for PICCOLO dataset

Dataset Backbone Method ARI NMI FMI
Isomap 0.773 0.805 0.722
t-SNE 0.717 0.779 0.647
Standard 0.887 0.904 0.941
-; Modified 0.878 0.868 0.828
LLE

+
z Hessian 0.786 0.815 0.773

PICCOLO <
§ Tangent Space Alignment 0.784 0.805 0.728
© Truncated SVD 0.655 0.611 0.609
Spectral Embedding 0.644 0.457 0.531
Random Trees 0413 0.675 0.617
LDA 0.716 0.739 0.694

Lastly, the results of CPDC datasets were examined, and the results are illustrated
in Table 5.28. The CPDC dataset consists of two classes, and the experiment results
are somewhat different from those of the previously employed three-class datasets. We
observed that the best results were achieved through Modified LLE again, producing
0.871 ARI, 0.58 NMI and 0.923 FMI; however, the standard and hessian LLE did not
perform well for this dataset. Moreover, in this scenario, the Isomap algorithm also
performed well, generating the second-best result of 0.769 ARI, 0.861 NMI, and 0.771
FMI values. Figure 5.31 shows the outcome of manifold learning algorithms on the

CPDC dataset.
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Figure 5.29: Manifold learning visualizations on PICCOLO dataset
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Figure 5.30: Generated explainable sample images for CPDC dataset

Hyperplasic

Adenomatous

Table 5.28: Comparison between various manifold learning algorithms for the optimum
components for CPDC dataset

Dataset Backbone Method ARI NMI FMI
Isomap 0.769 0.861 0.771
t-SNE 0.601 0.623 0.591
Standard 0.670 0.789 0.633
E Modified 0.871 0.858 0.923
LLE

+
z Hessian 0.637 0.599 0.613

CPDC <
8 Tangent Space Alignment 0.671 0.699 0.601

Q
© Truncated SVD 0.689 0.760 0.728
Spectral Embedding 0.700 0.757 0.695
Random Trees 0.483 0.707 0.573
LDA 0.601 0.637 0.591

The comparison of ARI, NMI and FMI metrics exemplifies that the LLE con-
sistently gives better results on all datasets, indicating superior clustering performance

among the tested models. Figures 5.32, 5.33, and 5.34 presents the comparison of each
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metric. The high performance of LLE can be associated with its efficacy in preserving

local geometry, which is imperative for clustering.

The weight matrices of LLE were built on the assumption that every sample in
the dataset is a linear function of two neighbouring data points. It was found during the
experimentation that a non-linear manifold works more efficiently with a lower number of
neighbours. Moreover, to preserve the original classifier loss, the tuning parameters «, (3
and ~y were initialized to 10, 0.1 and 0.0001. These settings ensure that the classification
loss is not overridden by the non-linear manifold learning, and CNN parameters carry

out the learning.

5.4 Concluding Classifier

In the final stage, the model regularisation block results were passed on to the CNN layers
for final classification. The confusion matrices are presented in Figure 5.35, and the
performance evaluation for individual classes is shown in Table 5.29. Results show that
the designed framework can distinguish between the polyp classes effectively. Moreover,
the overall performance results obtained are shown in Table 5.30 and the evaluation of

advanced metrics is given in Table 5.31.

The obtained results indicate that the developed framework produced impress-
ively accurate results with minute errors on all the datasets. Among the three datasets,
CPDC provided the best results, being a two-class problem, whereas UCI and PICCOLO
also generated noticeable results, considering all the challenges posed by these datasets.
As mentioned earlier, sensitivity or the true positive rate is a key metric for evaluating

the performance of the model, and it is a crucial factor in medical diagnosis, as failing
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Figure 5.31: Manifold learning visualizations on CPDC dataset
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Figure 5.35: Confusion matrix visualization of UCI, PICCOLO, and CPDC dataset

to identify a disease has serious consequences. Experiments were performed on all the
datasets, and analysis of the concluding classifier showed that the sensitivity values for all
datasets were above 95%. Like sensitivity, specificity is also beneficial for evaluating the
classification model. It is a key metric to evaluate correctly identified negative instances.
The experiments showed that the specificity values range from 92% to 97%, indicating

that the model has a high capacity to effectively classify positive and negative instances.
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Table 5.29: Confusion matrix and performance evaluation on all validation datasets for
proposed classification model

Predicted Label
Dataset
Label 0 1 2 Precision Recall F1l-score
0 39 0 2 0.98 0.95 0.96
UCI 1 1 20 1 0.95 0.91 0.93
2 0 1 12 0.80 0.92 0.83
0 160 2 4 0.96 0.96 0.96
PICCOLO 1 5 578 9 0.98 0.98 0.98
2 2 11 126 0.91 0.91 0.91
CPDC 0 2876 101 ; 0.97 0.97 0.97
1 79 1198 - 0.94 0.92 0.93

Table 5.30: Performance measures of proposed model for all datasets

Dataset Precision Recall F1score Accuracy Sensitivity Specificity
ucCI 0.92 0.95 0.93 0.93 0.95 0.92
PICCOLO 0.97 0.96 0.97 0.96 0.96 0.96
CPDC 0.96 0.95 0.96 0.96 0.96 0.95

All classes have data imbalance, and two of the datasets require multiclass
classification that requires results evaluation through advanced metrics. The macro
f1 score was 0.93, 0.96 and 0.97 for the UCI, PICCOLO and CPDC datasets. MCC
and Kappa values were also evaluated for the final classification task. MCC values
obtained range from 0.90 to 0.93, and the kappa values showed a significant improvement
compared to the results of the previous methodologies. The kappa values show that the

model has a high degree of separability.



Chapter 5. Results and Discussion 231

Table 5.31: Advanced metric evaluation of proposed model for all datasets

Micro Macro Weighted
Dataset Error MCC Kappa
F1 score F1 score F1 score
UClI 0.93 0.92 0.93 0.07 0.90 0.6
PICCOLO 0.96 0.95 0.96 0.04 0.91 0.6
CPDC 0.96 0.95 0.96 0.04 0.93 0.9

5.5 Qualitative Analysis: Model Decision Making in
Challenging Cases

* Small or Flat Polyps with Low Contrast
Small or flat polyps often blend with the surrounding mucosa, making them
difficult to detect due to low contrast and ambiguous boundaries. Traditional CNNs
struggle in these cases because they rely on local feature extraction, which may not
capture subtle intensity variations effectively. The ViT architecture captures global
dependencies between patches, enabling it to identify subtle contrast variations that
define polyp boundaries. Grad-CAM heat maps show strong activation in polyp
regions, even when CNN-based models do not highlight them, demonstrating
the model’s ability to distinguish small polyps from normal mucosa. In some
borderline cases, the model still misclassifies polyps when their contrast difference
is negligible, indicating a need for contrast enhancement techniques to improve

sensitivity.

* Poorly Illuminated or Noisy Endoscopy Frames

Shadows, reflections, and motion blur in endoscopic frames degrade image quality,
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leading to false negatives or misclassifications. CNNs typically struggle with these
artefacts due to their local receptive fields and limited robustness to variations in
illumination. The ViT model compensates for noise better than CNNs because
its self-attention mechanism processes long-range dependencies, allowing it to
infer missing or distorted features from surrounding image regions. Performance
is notably better in low light conditions, where CNNss fail due to missing texture
details. However, extreme motion blur leads to misclassification, as the model
cannot reliably extract discriminative features. This highlights the need for frame

selection algorithms that filter out severely degraded frames before processing.

* Rare Polyp Morphologies
Some polyp types, such as serrated adenomas, exhibit hybrid structural character-
istics that may not be well represented in the training dataset. This results in lower
classification accuracy for these rare cases. To address data scarcity, CGAN-based
augmentation introduces synthetic rare polyp samples, which improves the model’s
generalisation to under represented classes. Grad-CAM analysis reveals occasional
attention misalignment, where the model mistakenly prioritises surrounding mu-
cosa instead of the polyp itself, leading to false negatives. This suggests a need for
fine-tuning with additional hard-negative mining to force the model to learn subtle

but clinically significant features of rare polyps.

5.6 Summary of Chapter

This chapter presents the comprehensive outcomes of applying the designed framework

to the CRC polyp classification task and provides an in-depth discussion of the findings.



Chapter 5. Results and Discussion 233

The analysis is structured to evaluate each framework block individually based on
relevant performance metrics. This thorough evaluation ensures that each component’s

contribution to the overall performance is well understood and documented.

The first part of this chapter delves into the results obtained from extensive
experimentation with the ensemble learning blocks. This section discusses the detailed
findings from hyperparameter tuning, transfer learning, and the application of ensemble
learning techniques. The impact of various hyperparameters on model performance
is analysed to determine which configurations yield the best results. Hyperparameter
tuning, including adjustments to learning rates, batch sizes, and epoch numbers, is crucial
to optimising model performance and achieving the desired accuracy. In addition, the
effectiveness of transfer learning is examined. Transfer learning involves utilising pre-
trained models and adapting them to the CRC polyp classification task. This approach
leverages existing knowledge from other domains to improve model accuracy and reduce
training time. The chapter discusses how transfer learning enhances the model’s ability
to generalise and perform well on the CRC polyp dataset, showcasing its benefits in

improving classification performance.

In addition, the benefits of ensemble learning are explored in this section. En-
semble learning combines the strengths of multiple models to create a more robust and
accurate overall system. The chapter explains how integrating various models through
ensemble methods enhances the performance and robustness of the classification system.
Highlights how ensemble learning improves the model’s ability to handle complex and

diverse data, leading to more reliable and accurate predictions.

To evaluate the image generation block, its performance is evaluated using
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subjective measures such as the Fréchet Inception Distance (FID), Inception Score (IS),
Peak Signal-to-Noise Ratio (PSNR) or Structural Similarity Index(SSIM). FID compares
the distribution of the generated images and the real images in terms of feature space, thus
assessing the quality and realism of the images produced. On the other hand, IS assesses
the degree of diversity and quality of the images generated based on their conformity to
the target class distributions in the datasets. PSNR 1is a widely used metric for assessing
the quality of a reconstructed or compressed image compared to its original counterpart.
SSIM measures the perceptual similarity between two images. Such assessments provide
a measurable evaluation of the efficiency of the synthetic image generation procedure
in terms of its generative nature and also emphasise the enhancement of the synthetic

generation process in terms of its quality and diversity.

The performance of the deep feature extraction block is assessed in other areas.
This entails assessing the contribution of the deep features extracted from the images
towards the classification of the images. Fixing the accuracy of the feature extraction
process is important in the construction of a strong classifier since it guarantees that the
most discriminative and applicable features are obtained and utilised. The evaluation
includes how efficiently the features derived from both real and synthetic images form a
basis for improving the performance of the model in the classification of CRC polyps.
Furthermore, the understanding of the decision-making process of the model is analysed
through various explainability techniques, which provide an insight into the workings of
the prediction. Explainability functions such as AlexNet and grad-CAM are performed
to visualise image-based data and determine which specific aspects of the images model
leaned towards predicting which class. This is useful in the evaluation of the model’s

cognitive ability and whether the outcome achieved is what is expected with regard to
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the features learnt.

In addition, the chapter further examines model performance with respect to the
application of non-linear dimensionality reduction techniques and regularisation. Most
of the time, high-dimensional data are resolved using nonlinear dimensionality reduction
techniques like Isometric Mapping (Isomap) and Locally Linear Embedding (LLE) in
order to enhance the performance of the model. Apart from the foregoing, regularisation
methods are implemented to curb overfitting where increasing model complexity is
required due to complex training data. The efficiency of these strategies is evaluated
with the help of metrics including Adjusted Rand Index (ARI), Normalized Mutual
Information (NMI), and Fowlkes-Mallows Index (FMI). These measures are shown to
improve the model’s non-linear dimensionality reduction and regularisation robustness

and interpretability framework.

Finally, we present the classification results and provide a detailed analysis
of the predictive performance of the proposed framework. The evaluation includes
a comprehensive discussion of performance metrics, including specificity, sensitivity,
accuracy, precision, recall, F1-score, micro and macro F1-scores, Matthews Correlation
Coefficient (MCC), and Cohen’s Kappa values. Specificity measures the model’s ability
to correctly identify negative cases, while sensitivity (recall) evaluates its effectiveness in
detecting true positives. Accuracy reflects the overall performance by combining correct
classifications of positive and negative cases, whereas precision gauges the proportion
of true positives among all positive predictions. The F1 score balances precision and
recall, providing a metric that accounts for false positives and false negatives, with micro
and macro F1-scores offering insights into performance across multiple classes. MCC

provides a balanced measure of the performance of the model, particularly useful for
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imbalanced datasets, and Cohen’s Kappa evaluates the agreement between the model
predictions and the actual classes, adjusting for chance. The classification results are
compared with existing state-of-the-art deep learning approaches, highlighting the su-
perior performance of the proposed framework. This comparison demonstrates that
the proposed methodology not only meets but often exceeds the performance of cur-
rent leading methods, showcasing its effectiveness in delivering accurate, reliable, and

interpretable classification results for CRC polyp detection.



Chapter 6

Conclusion

This chapter concludes the research done in this thesis, reflects on the implication of the
findings in the CAD domain, acknowledges the limitations of the research performed,
and suggests future directions that we consider promising in the context of this work.
This chapter aims to illustrate how the research questions and objectives outlined in
Chapter 1 have been addressed and reflect the overview of the contribution of this study.
Section 6.1 summarises the essential insights and elaborates on all the key findings of the
research questions. Section 6.2 illustrates the theoretical and practical implications of
the research. Finally, Section 6.3 expounds on the methodological limitations and scope

of the study and highlights future research directions.

237
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In recent years, the practice of artificial intelligence (Al) and deep learning
(DL) technologies has continued to gain a lot of applications, and the field of medicine
seems to be one of the greatest beneficiaries. Incorporating such advanced technologies
into the field of medicine has made it possible to develop new techniques for diagnosis
based on images, thus improving the accuracy and agility to predict the presence of a
disease. Regarding colorectal cancer screening strategies (CRC), colonoscopy remains
the cornerstone procedure for the identification and prophylaxis of CRC, being one of

the most powerful diagnostic techniques.

Although this procedure is crucial, the practice of colonoscopy remains highly
dependent on the ability, experience, and focus of the endoscopist performing this exact
procedure. Colonoscopic analysis is by nature a very subjective examination procedure,
which implies that the outcomes are subject to variations around the skill level of each
practitioner. This is a major drawback since inconsistency in colonoscopy results can
cause complications, such as missed or delayed diagnosis, especially colorectal cancer,
which is often easier to treat when diagnosed early. Hence, the need for quality assurance
of the procedures performed in colonoscopy is fundamental in the scope of strategies

that aim to lower CRC rates in the community.

To tackle these issues, medical organisations have been actively working on
different ways to improve the quality control processes of attention over call procedural
examination. Earlier approaches included training and certification of endoscopists,
formulating uniform guidelines, and employing several adjuncts during polyp surgery
and other abnormalities. However, despite some of these improvements, the most
prominent drawback remains the subjective view of the test. From this perspective, it can

be said that deep learning-assisted colonoscopy or virtual biopsy could be considered an
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exceptional supplementary method. These systems assist endoscopists in detecting subtle
changes through spatial intelligence and deep learning techniques, enabling real-time
assistance to the endoscopists during the procedure. The incorporation of deep learning
models in performing colonoscopies will help reduce variability in human judgment and
errors and promote uniform accuracy and quality of work in CRC screening. One area
where great advancements have been made is the virtual biopsy where no cutting of any

tissue is done as with the conventional approach of a tissue biopsy.

It can be asserted that these Al-assisted tools have been developed to improve
the adequacy and consistency of the diagnosis of colorectal cancer in primary prevention.
Since this area is also developing, deep learning for colonoscopy will likely become
part of every CRC screening program and provide great support in the early detection
and treatment of the disease. This change in attitude in terms of acceptance of Al in
diagnostic medicine highlights the fact that technology can change the way medicine is

practiced by making it more accurate and affordable to more people.

The research presented in this thesis was driven by a critical observation: the
urgent need for a virtual biopsy tool for colorectal cancer (CRC) is essential not only to
mitigate the risk of cancer-related deaths but also to alleviate the heavy workload faced by
pathologists. While numerous techniques are available that can detect polyps effectively,
there is a notable absence of a comprehensive framework capable of addressing the
multitude of challenges posed by this complex medical dataset. The development of
such a framework is essential, but it is fraught with various challenges, especially when

multiple issues must be tackled simultaneously.

One of the primary challenges in developing computer-aided diagnostic (CAD)
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systems is the availability and accessibility of medical datasets. These datasets are
often scarce, incomplete, or difficult to obtain, which poses a significant barrier to
creating effective diagnostic tools. Traditional data augmentation techniques, commonly
used to address the lack of data, can inadvertently affect the feature extraction process
negatively. These techniques often introduce redundancy and do not necessarily increase
the diversity of the dataset, which is crucial for training robust models. At the same time,
extracting important features that include fine-grain details is critical to reducing the
misclassification rate of polyps. However, focusing on this aspect introduces the problem
of high dimensionality in the data, which complicates the development of a robust and

generalised model.

There is a high dimensionality in every data source that can pose a challenge,
especially in pattern recognition in various datasets, which causes overfitting. The model
learns the training data so accurately that when presented with data for which it was not
trained on, it does not perform well. To counter this, dimensionality reduction techniques
such as PCA and MDS attempts to eliminate some extraneous information. Yet, these
techniques are linear and are unable to reveal the true nature of high-dimensional data,

leading to almost no meaningful improvement to the performance of the model.

Additionally, besides the technical hurdles, a major barrier to the successful
adoption of these CAD systems in everyday clinical practice is the pathologists’ lack of
confidence in deep learning solutions’ involvement in the decision-making process. The
“black-box” nature of the majority of the current deep learning technologies reduces the
clarity of decision-making in most health-related issues, such as how a clinician reaches
a particular diagnosis or offers a prognosis. This lack of clarity is troubling because

pathologists do not want to work with a system they do not understand because it can
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affect a decision relating to the welfare of a patient.

Given these numerous challenges, it becomes clear that a suitable and integrated
methodology is required to handle all these problems simultaneously and seamlessly. The
methodology must address the issues of data availability, feature extraction, high dimen-
sionality, overfitting, and transparency in the decision-making process. The research aims
to develop a comprehensive framework that incorporates advanced techniques such as
non-linear dimensionality reduction, robust feature extraction methods, and transparent
deep learning models to create a reliable and trustworthy virtual biopsy tool for CRC.
This approach aims to improve CRC detection and classification accuracy and reliability.
Also, it seeks to build a bridge of trust between advanced Al-driven systems and the
medical professionals who use them. By holistically addressing these challenges, this
research sets the foundation for successfully implementing CAD systems in clinical
practice, ultimately contributing to better patient outcomes and more efficient healthcare

delivery.

The development of a well-designed structure for detection and classification is
crucial for colorectal cancer (CRC), which can not be accomplished by the integration
of already available technologies in a linear manner and expects positive results. Every
phase in this undertaking has to be given proper and efficient attention to detail so as
to ensure the effectiveness and correctness of the end product is achieved. The process
starts with data cleansing, which comes first in setting up such a framework, where
the role played is very critical for every other step to follow. This stage is not merely
an initial stage but rather an important one which affects all other processes from data
augmentation up to the last stage of carrying out classification. For example, data

augmentation goes hand in hand with care to avoid new redundancy or noise and increase
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only the quality and diversity of the dataset. This justification is crucial and provides
the basis of why the next step is necessary, as it is beneficial towards enhancing the
generalisation performance of the model on unseen data. The following stage deals with
feature extraction, which is directed to obtain and capture important features which can
help bring down the misclassification rate of polyps. On the other hand, this step brings
about the problem of working with a high dimensional feature vector, which can result
in overfitting if no measures are taken. To tackle the issue of high dimensionality, the
framework employs advanced dimensionality reduction techniques. These techniques
are not just applied superficially but are the result of extensive experimentation and
analysis to determine the most effective methods for the specific dataset at hand. The
goal is to reduce the data dimensionality while preserving its intrinsic structure, thereby
enhancing the model’s ability to learn meaningful patterns without being overwhelmed

by the complexity of the data.

Model regularisation is another critical aspect of the framework that requires
careful consideration. This step involves fine-tuning the model to prevent overfitting,
ensuring it remains robust and generalisable across different datasets. The regularisation
process is not a one-size-fits-all solution but is tailored to the specific needs of the
framework, based on the characteristics of the data and the requirements of the task at
hand. The training phase of the developed method is particularly resource-intensive,
requiring significant computational power due to its separate training phases for base
classifiers, intensive image synthesis, and complex feature extraction processes. The
framework’s complexity is further compounded by the need for elaborate experimentation
on dimensionality reduction and model regularization, all of which contribute to the

overall effectiveness of the final model. Despite these challenges, using advanced
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GPUs helps mitigate the computational burden, allowing for efficient processing of large

datasets and complex models.

Moreover, adopting advanced, customised methodologies proves to be adequate
and essential for managing the complex tasks involved in CRC detection and classi-
fication. These methodologies are designed to address the specific challenges posed
by the medical dataset, such as class imbalance, high dimensionality, and the need for
explainable models. Integrating these methodologies into a cohesive framework ensures
that each step is optimised for the best possible outcome, leading to a more accurate and
reliable diagnostic tool. Therefore, developing a robust CRC detection and classification
framework requires a careful and intelligent approach at every stage of the process. From
data pre-processing to final classification, each step is meticulously planned and executed
to overcome the various challenges inherent in working with medical datasets. The
resource-intensive nature of the training phase is managed through the use of GPUs. At
the same time, the adoption of advanced, customised methodologies ensures that the
framework is capable of handling the complexities of the task. This integrated approach
not only improves the accuracy and reliability of the final model but also lays the ground-
work for the successful implementation of computer-aided diagnostic systems in clinical

practice.

As previously discussed, developing an effective computer-aided colorectal
polyp classifier necessitates a large dataset to achieve successful image classification.
However, the benchmark datasets available for this project were insufficient to meet this
need. To address the issue of data insufficiency, we conducted a comprehensive explor-
ation focused on building a sensitive classifier, with a primary emphasis on enhancing

precision in cancer classification. The proposed model exhibited exceptional capabilities
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in classifying colorectal polyp images, tackling the challenges posed by limited data.

To overcome the limitations of the available datasets, we employed cDCGAN
to generate synthetic images. However, the generated data was a mix of good and poor-
quality images, which had the potential to negatively impact the classifier’s performance.
To mitigate this issue, the proposed framework implemented a mechanism to segregate
good-quality images from poor-quality ones based on class probability. This segregation
ensures that only high-quality synthetic images contribute to the training process, thereby
enhancing the overall accuracy of the model. To further improve feature extraction, we
integrated ViT with cDCGAN. ViT, a recent advancement in pure transformers, has
shown promising results in the computer vision domain, making it an ideal choice for
this task. The use of ViT allowed for the extraction of fine-grain features that were
crucial for accurate classification. The incorporation of these features also facilitated
the integration of XAl into the designed framework, enhancing the transparency and
interpretability of the model’s decisions. Additionally, manifold learning played a pivotal
role in dimensionality reduction and model regularisation, addressing the challenges
associated with high-dimensional data. By preserving the intrinsic structure of the data,
manifold learning ensured that the model could generalise well, reducing the risk of
overfitting and improving its robustness. This combination of advanced techniques

resulted in a framework that effectively handles the complexities of CRC polyp images.

Our experimental results demonstrated that the Vision Transformer model, when
adapted and combined with a concordant conditional adversarial network for CRC
image classification, outperformed traditional CNNs trained on data augmented through
conventional methods. The superior performance of the proposed method was evident

through increased accuracy, reaffirming its effectiveness in managing the intricacies
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associated with CRC polyp images.

The effectiveness of the proposed model was further validated by the values
obtained for various evaluation metrics. The FID, IS, PSNR and SSIM metrics, used
to assess the quality and diversity of synthetic image data, confirmed that the synthetic
images generated by the cDCGAN were of high quality and contributed positively to
the classification process. Moreover, ARI, NMI, and FMI metrics, which were used
to evaluate the effectiveness of manifold learning, indicated that the proposed model

efficiently handled the challenges of dimensionality reduction and model regularisation.

The proposed framework, which integrates cDCGAN, ViT, and manifold learn-
ing, offers a robust solution for CRC image classification. It not only addresses the issue
of data insufficiency but also enhances the precision and reliability of the classification
process. The comprehensive evaluation of the model using various metrics underscores
its potential as a valuable tool in the field of medical image analysis, particularly for

colorectal cancer diagnosis.

A comparative analysis with our previous study on the same datasets highlights
the significant superiority of the proposed method. The comparison was meticulously
conducted using both non-concordant and concordant versions of the UCI, PICCOLO,
and CPDC datasets. The results of this comparison clearly demonstrate that the proposed
method excels in classifying polyps with notably higher accuracy. This improvement in
accuracy is not merely incremental; it marks a substantial advancement in the reliability
and effectiveness of polyp classification. Beyond its impressive classification accuracy,
what truly distinguishes our method is its heightened sensitivity, which is a critical factor

in medical diagnosis. Sensitivity, in this context, ensures that the model can accurately
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identify malignant polyps, thereby minimising the risk of false negatives, an outcome
that could have severe consequences in a clinical setting. The increased sensitivity of our
model thus enhances its utility as a diagnostic tool, offering pathologists a more reliable

and trustworthy resource.

The findings presented in this thesis make a meaningful contribution to the
broader discourse on the transformative impact of generating concordant images and
extracting fine-grain feature details. These elements are not just technical improvements;
they are foundational steps towards building an explainable model that can be confidently
implemented in clinical settings. The ability to explain the model’s decisions is crucial
for gaining the trust of medical professionals and ensuring the adoption of such tools in

real-world practice.

Moreover, the study underscores the potential of the proposed method in advan-
cing the field of precision medicine. Precision medicine aims to tailor medical treatment
to the individual characteristics of each patient, and the accuracy, sensitivity, and explain-
ability of our method align perfectly with these goals. By offering a tool that not only
performs well in terms of classification accuracy but also provides clear insights into the
decision-making process, this research paves the way for more personalised and effective

medical interventions.

The comparative analysis reinforces the value of the proposed method as a
significant improvement over previous approaches. It enhances classification accuracy
and sensitivity and contributes to the development of explainable Al models in medicine.
These advancements are critical for the future of precision medicine, where accurate,

reliable, and interpretable diagnostic tools are essential for delivering the best possible
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patient outcomes. The potential of the proposed method to revolutionise clinical practice

is substantial, and its successful implementation could mark a major step forward in

integrating Al into healthcare.

6.1

RQ1:

RQ2:

Summary of Key Findings

Can an efficient deep learning colorectal polyp classification model be developed
for insufficient training data using advanced data augmentation techniques?
Key Findings:

The study demonstrated that cDCGAN, unified with a concordant classifier, can
enhance the dataset in terms of size, quality and diversity if the data available for
training is insufficient. The results show that the average classification accuracy
increased by 18% and sensitivity was enhanced by 17%, which is a substantial
improvement over traditional data augmentation techniques such as flipping,
rotation, cropping, etc, that improved the robustness and generalizability of the

model.

How can deep learning models be made more interpretable and transparent
for CRC classification, ensuring that pathologists can trust and understand the
decision-making process?

Key Findings:

Incorporating the Grad-CAM explainability method into the workflow allowed for
visual explanations of the decisions taken. The regions of the images contributing
towards the final decision were highlighted by the model, building the trust of

pathologists in the developed system. A major factor that contributed positively
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RQ3:

RQ4:

towards implementing an interpretable model is the extraction of fine detail-grain

feature details which was achieved through the vision transformer.

Can nonlinear dimensionality techniques regularise the CRC classification model
and achieve a successful classification task?

Key Findings:

This study signifies that incorporating nonlinear dimensionality techniques in the
pipeline, such as manifold learning can not only tackle the curse of dimensionality
and handle the notorious overfitting problem, but it also plays a vital role in the
regularisation of the model. Results obtained by implementing several manifold
learning algorithms such as Isomap, LLE, Spectral Embedding, etc, indicate that
the model was able to reduce the loss to a great extent, leading towards precise

classification.

Does the CNN classification model performance further enhance by developing
custom-built networks for accurate colorectal polyp classification?

Key Findings:

A custom CNN network designed as the final classifier tailored to the network
requirement further enhanced the classification performance as compared to
off-the-shelf CNN models. In addition to improved performance, the complexity
of the model was also reduced. Domain knowledge and constraints were directly

incorporated into the custom network which led to reliability.
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6.2 Implications of Research

The work presented in this study contributes to the growing body of literature on applying
DNN to medical image analysis, focused on CRC polyp classification, providing evidence
that by handling all the major challenges posed by biomedical images using DNN models,
classification accuracy and sensitivity can be significantly enhanced. Furthermore, this
research work offers insights into the significance of the interpretability of the model in

clinical workflows.

The superior performance, as evidenced by increased accuracy, validates the
effectiveness of the proposed method in handling the intricacies of CRC images. The
findings suggest that implementing such models in clinical applications can lead to the
early classification of polyps, providing better patient outcomes, and is also resourceful
for clinicians in terms of time and effort. This virtual biopsy tool will be beneficial
in a real clinical environment to decide on the severity of a patient’s colorectal lesions
when the patient is suffering from multiple lesions. Implementing a concordant synthetic
image generation module, generalising the model, and incorporating explainable Al in

the framework provided a transparent decision-making process.

6.3 Limitations and Future Work

Even though the developed framework provides promising results and the proposed
methodology addresses several challenges posed by CRC data, potentially useful methods
and directions were not explored due to the limited timeframe of our work. This work
can be extended to diverse application domains where several future directions can be

pinned down.
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* Scalability Issues:
Scaling this approach to larger datasets or high-resolution medical images presents
several challenges. ViTs, due to their global self-attention mechanism, require
exponentially increasing memory and computation as image resolution increases.
Similarly, CGANs become harder to train on large datasets due to mode col-
lapse risks and increased instability. Manifold learning techniques, especially
those relying on pairwise distance calculations (e.g., t-SNE, Isomap), struggle
with scalability as dataset size grows, leading to excessive computation time and
memory usage. Strategies such as model pruning, mixed-precision training, and
distributed computing are necessary to address these issues and enable large-scale

deployment.

* Training Time:
The combined use of ViTs, CGANs, and manifold learning results in significantly
longer training times compared to conventional deep learning models such as
CNNs. While CNNs benefit from efficient weight-sharing and local receptive
fields, ViTs require extensive training with large-scale datasets to learn meaningful
representations. CGANS, in turn, suffer from slow convergence due to the ad-
versarial nature of training, which often requires careful hyperparameter tuning
and extensive iterations to stabilise. Manifold learning techniques add another
layer of complexity, especially when applied to high-dimensional medical data, as
they require iterative computations to map data onto a lower-dimensional space
while preserving structural integrity. Given these constraints, optimising training
through GPU parallelisation, reduced-precision arithmetic (e.g., FP16 training),

and transfer learning can help mitigate excessive computational demands and
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improve training efficiency. Furthermore, transformer architectures are slow at
training and prediction, require a large parameter count, and have a slow reasoning
speed that becomes an issue in real-time tasks and large-scale rapid applications.
Therefore, redesigning the model without impacting its performance is a challen-
ging direction. This also makes the real-time detection of polyps or streaming data
difficult. Therefore, designing such an effective method is one of the directions for

this research.

* High Computational Cost:
The proposed framework integrates Vision Transformers (ViTs), Conditional Gen-
erative Adversarial Networks (CGANSs), and manifold learning, all of which are
computationally intensive. ViTs demand substantial memory and processing power
due to their self-attention mechanisms, which compute relationships between all
image patches, leading to quadratic complexity with respect to input size. CGANs
introduce additional computational overhead, as they involve training two compet-
ing networks: a generator synthesising realistic medical images and a discriminator
distinguishing real from synthetic data, resulting in prolonged training cycles.
Additionally, manifold learning, which is often used for dimensionality reduction
or feature extraction, requires expensive distance computations to preserve the
intrinsic structure of high-dimensional data. These factors collectively contribute
to high computational costs, necessitating high-performance GPUs or TPUs to
achieve feasible training times. In terms of the experiment environment, high-
performance GPUs and TPUs such as NVIDIA Tesla are essential for large-scale
datasets. It can provide a robust environment for large-scale data to classify images

while maintaining the model’s performance and efficiency.
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Another challenge in the clinical setting is the confrontation with inaccurate data; hence,
examining how to handle such data is the next direction of our research. One of the
important directions is the utilisation of transformers and manifold learning in combina-
tion with the kNN graph and Reciprocal Graph to facilitate semi-supervised learning to

improve classification where labelled data is scarce.

An important issue that was not addressed in this work is the potential risk posed
by the enhanced capability of the synthetic image generation module of being misused to
generate malicious content. This requires the development of more anti-forgery methods
in the future to mitigate the risk of misuse and harness the benefit of synthetic image

generation for positive use at the same time.

We have not focused on the classification of streaming data, the colonoscopy
video generated in real time. Such data arrive continuously, and it is important that the
model adapts to the requirements in real time and maintains performance. Moreover, in
addition to polyps classification, it would be highly beneficial to incorporate the detection

module into the framework before the classification module.

6.4 Road Map for Future Work

Addressing the limitations of the proposed framework and advancing its capabilities
requires a strategic and collaborative approach. By implementing targeted improvements,
we can improve its computational efficiency, interpretability, and generalisation, making
it a more effective tool for colorectal cancer diagnosis and treatment. Ultimately, these
enhancements will support clinical adoption, improve diagnostic accuracy, and contribute

to better patient outcomes.
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* Improving Computational Efficiency:
The framework’s reliance on computationally intensive models, such as Vision
Transformers (ViTs) and Conditional Generative Adversarial Networks (CGANSs),
necessitates optimisation strategies to reduce resource consumption while main-
taining performance. One effective approach is distributed training across multiple
GPUs or TPUs, which enables parallel computation, significantly reducing training
time and allowing the model to handle large-scale, high-resolution endoscopic
images more efficiently. Additionally, techniques such as mixed-precision training
(FP16/FP32), gradient checkpointing, and model pruning can further optimise

memory usage and speed up training without compromising accuracy.

* Enhancing Interpretability
For the framework to be clinically useful, its decision-making process must be
transparent and interpretable for healthcare professionals. This requires a collab-
orative effort with clinicians to design user-friendly interfaces that present model
outputs intuitively and meaningfully. Techniques such as saliency maps, Class
Activation Mapping (CAM), and SHAP (Shapley Additive Explanations) can be
integrated to highlight critical regions of medical images, helping doctors under-
stand why a model makes a specific diagnosis. In addition, interactive visualisation
tools that allow clinicians to explore the Al’s reasoning process will foster trust

and facilitate real-world deployment.

* Contrast Enhancement Techniques
A common challenge in colorectal polyp detection is the misclassification of polyps
due to texture similarities with normal mucosa, leading to false negatives. Contrast

enhancement techniques can be incorporated into the pre-processing pipeline
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to mitigate this issue and improve polyp visibility. Methods such as adaptive
histogram equalisation (AHE), contrast-limited adaptive histogram equalisation
(CLAHE), and deep learning-based enhancement models can help distinguish
polyps more effectively. Furthermore, leveraging GAN-based image enhancement
can generate high-quality, contrast-improved images to aid model training and

clinical diagnosis.
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