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Abstract

In a world full of technologies and high screening usage, affected eyes need more
attention. A serious disease that causes blindness is related to one of the most infa-
mous one named as Diabetic retinopathy (DR). It leads to blindness if not detected
early. Unfortunately, the detection process is time consuming and requires prior
intensive labour. Our paper mainly focuses on how to propose something useful
so that it has a framework which includes solving five class severity DR grading
issues along with explainable AT (XAI) with quality-aware deep learning methods
examining the fundus images. Merging two datasets one being APTOS 2019 and
the other being the kaggle competitions Diabetic retinopathy dataset into a large
and curated one which triggers the work of severe class-imbalance and varieties of
different quality images. Our paper explores about 5 different state-to-art architec-
tures with some notable results to have recorded for along the entire paper. The
architectures listed as ConvNeXt, CoAtNet, Hybrid CoAtNet—ConvNeXt, MaxViT
and Vision Mamba which were worked upon some integrated preprocessing-loss,
evaluation which stands upon the clinically checkmark point. To further elaborate
on the working, this paper works on lesion-level integration to build the clinical
trust focusing on the impacted regions more following the predictions of the mod-
els. To summarize, our paper proposes a robust architecture which focuses on a
practical way to demonstrate building a robust, clinically trustworthy and accurate
framework which will make a difference in our living real world.

Keywords: Diabetic Retinopathy (DR), Al-driven system, Deep learning, Explain-
able AT (XAI), Convolutional Neural Networks (CNNs), Retinal fundus images, Au-
tomated reporting module, Quadratic Weighted Kappa (QWK), Grad-CAM, Hybrid
Architecture, CoAtNet, ConvNeXt, Vision Mamba, MaxVit, Quality Tier Analysis,
Class Imbalance, Black Box Al
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Chapter 1

Introduction

1.1 Background

Diabetic retinopathy (DR) is a progressive microvascular complication of diabetes
mellitus and remains one of the leading causes of preventable blindness worldwide
[16]. Prolonged hyperglycaemia damages retinal capillaries and leads to character-
istic lesions such as microaneurysms, haemorrhages, hard and soft exudates, and,
in advanced stages, neovascularisation [5]. DR severity is typically graded into five
stages No DR, Mild, Moderate, Severe non-proliferative DR and Proliferative DR
based on the type, extent and distribution of these lesions in colour fundus imaging.
Because early stages are often asymptomatic, many patients present only when ir-
reversible retinal damage has already occurred, making early and scalable screening
a major clinical and public-health priority [14].

Retinal fundus images has become the standard non-invasive modality for DR screen-
ing and longitudinal monitoring. Large public datasets such as APTOS 2019 Blind-
ness Detection and the Diabetic Retinopathy Detection competition on Kaggle
have enabled the development of automated DR grading systems by providing
tens of thousands of labelled fundus images. However, these datasets are highly
imbalanced—severe and proliferative cases constitute only a small fraction of the
data—and exhibit substantial variation in image quality due to different cameras,
illumination conditions and acquisition protocols. These factors complicate model
training and often lead to biased systems that perform well on common grades but
fail to reliably detect sight-threatening stages.

Deep learning has transformed medical image analysis and DR detection in partic-
ular. Convolutional neural networks (CNNs) and, more recently, transformer-based
and hybrid architectures have achieved strong performance on DR grading tasks
by learning complex, fine-grained features directly from fundus images [2], [15].
Yet most existing works are built around single-family architectures (CNN-only or
transformer-only) and focus primarily on improving overall accuracy or AUC, with
comparatively less attention to robustness under extreme class imbalance, explicit
modelling of image quality, or systematic interpretability for clinical use. There is
also growing interest in state-space models such as Vision Mamba, which extend
sequence-modelling ideas to images and offer a different inductive bias compared to
standard convolutional or attention-based networks.



At the same time, the “black-box” nature of high-capacity deep models has become
a major barrier to adoption in clinical workflows. Ophthalmologists and other clin-
icians must be able to understand why an automated system predicts a given DR
grade, particularly for high-stakes decisions such as referral for laser photocoagu-
lation or intravitreal therapy. Explainable Al (XAI) techniques—such as saliency
maps, class-activation maps, attention visualisations and gradient-based attribu-
tion—can highlight the retinal regions and lesion patterns that drive a model’s deci-
sion, thereby bridging the gap between statistical performance and clinical trust [6],
[18]. However, in most DR studies, XAl is treated as an auxiliary add-on rather than
as an integral design component tied to model choice, data quality and evaluation

12].

In this thesis, a large-scale merged DR dataset of 77,576 fundus images is con-
structed from APTOS 2019 and the Diabetic Retinopathy Detection Kaggle compe-
tition and subjected to systematic quality assessment and class-aware augmentation.
On top of this curated dataset, five modern architectures—ConvNeXt, CoAtNet,
a Hybrid CoAtNet-ConvNeXt model, MaxViT (Multi-Axis Vision Transformer)
and Vision Mamba (a state-space vision model)—are investigated within a uni-
fied, quality-aware and explainable DR grading framework. By combining convo-
lutional, hybrid convolution—attention, multi-axis transformer and state-space de-
signs, the study aims to understand how different architectural families behave under
real-world constraints of class imbalance and heterogeneous image quality, and how
their decisions can be made clinically interpretable through XAI.

1.2 Rationale of the Study or Motivation

Diabetic retinopathy (DR) is becoming more common as the number of diabetes
cases worldwide rises. According to worldwide health data, about 90 million indi-
viduals are afflicted by DR, with a sizable proportion at risk of developing vision-
threatening consequences. Early detection is critical because diabetic retinopathy
often progresses silently, with no symptoms up until irreversible damage comes about
[16]. It is for these reasons that DR constitutes a significant public health issue
indeed, a rising one especially in low- and middle-income countries where ophthal-
mology service and programed screening are scarce.

Conventional diagnostic techniques involve a manual fundus image examination,
which is very time-consuming and inefficient with low accuracy. Manual grading of
the retinal images is labor-intensive and suffers from intra- and inter-observer varia-
tions leading to non-scalability, making it challenging for doing large scale screenings
especially in resource constraints areas. This creates a need for scalable and sophis-
ticated tools to analyze retinal images and aid health professionals.

Deep learning algorithms, especially convolutional neural networks (CNNs), have
revolutionized medical imaging and surpassed conventional methods in accuracy and
efficiency [15]. These systems may find small patterns such as early microaneurysms
or exudates that the eye may miss. Nevertheless, in spite of these high performances
achieved by many automated DR tools on benchmark data sets, a few substantial
limitations have prevented them from being widely used as daily screening tool in
the real world.



Firstly, the datasets for DR are frequently associated with extreme class imbalance
( severe or proliferative type of DR tends to be substantially under-represented
compared to non-DR and mild cases). This biases the standard training objectives
towards the majority categories and lowers its sensitivity for rare but clinically
high-risk classes, exactly where early detection is key. Second, variation of image
quality due to variations across cameras, illumination, focus and artefacts like blur
or vignetting makes fundus images highly variable. Few models explicitly take image
quality into account for either training or evaluation, making them less robust when
deployed outside of curated training distribution. Third, the interpretability is still
a major challenge. In practical situations, one should not only predict accurately,
but also understand why. By the use of explainable AI (XAI) with the help of
different deep learning models secures clarification with their decision-making [10].
This enhances the openness of the model to be confident by physicians in daily
healthcare practice.

Moreover, automatic report generation from detected lesions and categorization out-
come can be time efficient, reduce physician fatigue and help to standardize diagnos-
tic reporting. Integration of such a system can substantially enhance clinical work-
flow and ensure uniform, objective diagnoses, especially for high-volume screening
programs [3] [6]. Other studies have also shown that deep learning and automated
reporting can decrease the diagnostic timing lag as well as maintain constant deci-
sion to output [19]. However, the majority of current DR pipelines do not integrate
robustness, imbalance and interpretability in a unique clinically oriented context.

The motivation for the current study is to develop a therapeutically useful Al-
enabled system that not only correctly detects DR but also identifies lesion loca-
tion, explains its reasoning and produces automated diagnostic reports that support
day-to-day clinical decision-making. In particular, this dissertation: (i) constructs
a curated, quality-aware DR dataset from APTOS 2019 and DR Dataset with ex-
plicit consideration of class imbalance; (ii) devises a training strategy that capi-
talises on the quality sensitized augmentation using the class-aware loss functions
to strengthen identification rare severe and proliferative cases; and embeds XAI
techniques in the heart of the system so that model predictions are complemented
by lesion-level visualisations as well as organised diagnostic narratives. Through
the systematic evaluation of five state-of-the-art architectures—ConvNeXt, CoAt-
Net, Hybrid CoAtNet—ConvNeXt, MaxViT and Vision Mamba on the same data
and loss pipeline as well as testing on the same five validation datasets. This the-
sis would like to show how these high performing models can not only be accurate
but also robust, interpretable and viable for scalable DR screening in real-world
healthcare settings.

1.3 Problem Statement

Diabetic Retinopathy (DR) is the primary cause of visual loss, usually asymptomatic
at early stages, and therefore often not diagnosed until advanced [5]. However,
the conventional means of fundus image inspection is timeconsuming with subjec-
tive judgement, which is infeasible for mass screening [14]. Despite the remarkable
success of deep learning-based DR grading, there still lacks a universally accepted



and clinically-deployable framework that simultaneously tackles three key real-world
challenges of extremely imbalanced class distribution, heterogeneous image quality,
and interpretability.

Public datasets like APTOS 2019 and DR Dataset have a heavily unbalanced dis-
tribution towards non-DR and mild categories, while severe cases along with pro-
liferation manifest much less frequently (benign cases only 5.3% in APTOS 2019).
This imbalance is unfair to training models towards majority classes and decreases
the sensitivity of sight-threatening DR stages. Furthermore, fundus image quality
varies greatly because of differences in cameras and illumination, focus and artefacts
but its consideration is mostly neglected during model development which results in
low robustness across deployment conditions. Besides, despite their diagnosis capa-
bility deep learning methods generally lack intrinsic interpretability, which curtail
the path to clinical application even with high accuracy [15]. The “black-box” be-
havior of such models diminishes clinician trust and hinders clinical validation [2],
and commonly systems do not output any sort of lesion-level evidence (i.e., hem-
orrhages, exudates, microaneurysms) which makes diagnostic feedback less useful.
Recent works claim to provide lesion-specific interpretability at the expense of full
transparent pipelines [17]. Also, the absence of a report generating mechanism is
inefficient; clinicians are required to manually record Al results [18].

The fundamental question to be solved in this thesis is that of a degree system for
an Al-based diagnostic framework, providing high diagnostic accuracy along with
lesion-level explainability and at the same time generation of reports compatible
with real-world clinical workflows [9]. Hence, the above thesis is concerned with the
development and rigorous evaluation of an interpretable and quality conscious deep
learning model for five-class DR grading, where it utilizes a large merged dataset
that performs robustly under severe class imbalance as well as diverse image quality
while also presenting with clinically meaningful explanations.

1.4 Objective

The overarching objective of this thesis is to develop and evaluate a quality-aware
and explainable deep learning framework for five-class diabetic retinopathy (DR)
grading that is robust, clinically interpretable, and suitable for scalable screen-
ing. Hybrid deep learning systems combined with explainability mechanisms have
demonstrated clinical potential in DR analysis [8].

The objectives of this study are:

e Construct and curate a large-scale DR dataset by merging APTOS 2019 and
the Diabetic Retinopathy Detection Kaggle dataset, and to perform systematic
image-quality assessment and class imbalance analysis across five DR grades.

e Develop a unified training pipeline and train five modern vision architec-
tures—ConvNeXt, CoAtNet, Hybrid CoAtNet—ConvNeXt, MaxViT, and Vi-
sion Mamba—for five-class DR grading.



e Integrate explainable Al (XAI) techniques (e.g., Grad-CAM and attention-
based visualisations) to generate lesion-level interpretability outputs that sup-
port clinical inspection of model predictions.

e Evaluate model performance using clinically meaningful metrics, including
quadratic weighted Cohen’s kappa, ROC-AUC, sensitivity, specificity, and con-
fusion matrices, with emphasis on severe and proliferative DR detection.

e Develop a prototype automated report-generation module that combines pre-
dicted DR grade and XAI evidence into structured, clinician-readable diag-
nostic summaries for screening workflows.

e Enhance scalability and deployment readiness through transfer learning and
modular design to support practical use across diverse clinical settings.

This study aims to combine advanced Al techniques with real-world clinical needs
by offering a DR detection framework that is accurate, understandable, and user-
friendly. The proposed method aims to assist ophthalmologists in delivering quick
and accurate care, particularly in high-demand or resource-limited settings, by in-
tegrating lesion localization, explainability, and automation.

1.5 Methodology in Brief

The paper creates an easily understandable and interactive Al system to identify and
analyze Diabetic Retinopathy (DR). It applies deep learning to classify the images,
find particular lesions, and then Explainable AT (XAI) to explain itself in a better
way, hence being able to write a diagnostic report individually. These principal
stages include:

e Research Design: This study conducts quantitative experimental research
on the construction and application of a deep learning system to diagnose
diabetic retinopathy (DR). The experimental setup allows for comparison be-
tween different architectures in a controlled setting using the same dataset,
preprocessing, training and evaluation procedures.

e Data collection and Merging: Labelled retinal fundus images are gathered
from two publicly available repositories: APTOS 2019 Blindness Detection
and the Diabetic Retinopathy Detection Kaggle dataset. We merge these two
datasets in a large scale dataset, with the aim to increase the diversity of
samples and spread out images over five DR levels. Following merging, the
dataset is analyzed to characterise grade distribution and balance particularly
that which under represent severe and proliferative DR like clinically signifi-
cant retinal signs (microaneurysms haemorrhages or hard exudates) which are
indicators of severity as may be obtained for interpretability analysis [16].

e Image quality and data splits: The combined dataset is quality-checked to
minimize the impact of non-useful images (e.g., very blurred or low contrast
fundus photographs). Images are categorized into four quality tiers (A-D)
based on blur, brightness, contrast, and usable retinal area metrics, enabling
tier-specific preprocessing strategies.



e Stratified train-validation split: Following quality-aware balancing to 65,000
images (13,000 per class), the dataset undergoes stratified random sampling
into training (52,000 images, 80%) and validation (13,000 images, 20%) sets
with a fixed random seed (42) for reproducibility. Each class maintains 10,400
training and 2,600 validation samples, preserving class balance and quality
tier distribution. The validation set serves as a held-out test set for final
evaluation, remaining completely isolated from the training process to ensure
unbiased performance assessment. This split strategy follows standard prac-
tices in DR detection literature [11], [15].

e Preprocessing and Data Augmentation: All images are processed to-
gether in the pre-processing pipeline to homogenise the input format across
various acquisition conditions. Tissue and retinal structures are visualized by
contrast enhancement using CLAHE with 8x8 tiles for each color channel to
observe lesions. Images are resized to the same resolution (224x224) for clas-
sification and noise reduction is done to reduce artefacts that can potentially
interfere with model learning. Moreover, some common augmentation oper-
ations (e.g. rotation, horizontal/ vertical flipping and brightness change) are
used to augment the training data for variety and overfitting resistance [5].

¢ Quality-Critical Balancing and Class Imbalance Treatment: And since
the majority of DR datasets are imbalanced in favor of non-DR and mild cases,
this work proposes a quality-aware balancing approaches which re-enforces
under-sampled classes (especially severe and proliferative DR) without increas-
ing low-quality samples. Bias toward majority classes is further mitigated by
class-aware loss functions used in training, which elevate sensitivity to rare
but clinically high-risk categories.

e Model Training and Experimental Setup: We train and evaluate five
architectures with a single unified training protocol, ConvNeXt, CoAtNet,
Hybrid CoAtNet-Con-vNeXt, MaxViT and Vision Mamba. We always keep
the same preprocessing and data splits for fair comparison. Transfer learning is
utilized to increase the efficiency of learning, and a staged fine-tuning strategy
is employed in which we first freeze the model backbones and then partially
unfreeze them for better feature extraction, adapted for retinal imagery. To
accelerate training and save memory, we use mixed-precision GPU training.

2] [9]-

e Explainable AI (XAI) Integration: To meet the clinical need for inter-
pretability, we analyse trained models by means of XAI methodologies gen-
erating visual lesion-level explanations. Methods like Grad-CAM, saliency
maps and attention-based heatmaps have been used to emphasize retinal re-
gions that are most important in making predictions [18]. These visualizations
aid clinical interpretability (enabling ophthalmologists to verify how much the
model attends to relevant disease areas, aiding trust and interpretability) [20].

e Automatic Report Generation Module: We have developed a prototype
automatic reporting module to translate Al outputs into summaries that are
user-friendly for any clinician. It also amalgamates the predicted DR grade
with the XAl evidence to produce succinct diagnostic text that can be helpful



for screening operations and can ease the burden of manual documentation.
This allows for standardized results communication and structured decision
support in the clinical setting [11].

e Evaluation Metrics and Validation Strategy: Model performance is as-
sessed with clinically relevant metrics, like QWK, ROC-AUC, per-class sen-
sitivity and specificity and confusion matrices. We also show other metrics
such as accuracy, precision, recall and Fl-score. Assessment focuses on the
presence of severe and proliferative DR because these are deemed to represent
the highest level of risk for vision loss [16]. For reliability and generalizabil-
ity, cross-validation and external testing are typically included to evaluate
whether the model generalizes across different imaging conditions or dataset
distributions [10].

By following this step-by-step plan fig 1.1, we hope that the study will create a
system that works well and explains how it thinks. This helps solve the main problem
between Al being right and doctors trusting it. Adding details about specific lesions
and automatic report writing makes it more useful for eye doctors in their daily
work.



Figure 1.1: Workflow diagram



1.6 Scopes and Challenges

This thesis is focused on the development and validation of an automated deep
learning system for five-class diabetic retinopathy (DR) severity grading based on
2D colour fundus photographs. The work utilises the public data, namely APTOS
2019 Blindness Detection (Diabetic Retinopathy) and the combined kaggle’s Dia-
betic Retinopathy Detection (DR Dataset), with uniform distribution on splits to
produce a large-scale dataset for training and testing. The research is limited to ret-
rospective image analysis and does not involve prospective clinical trials, real-time
applications or interfacing with hospital information systems.

Scope of the Research

e Fundus images DR grading based on deep learning: The approach
applies deep learning to classify fundus images at different DR severity stages
by capturing underlying disease patterns that may not be easily recognized
manually [2].

e Lesion-level feature interpretation for clinical relevance: The method
focuses on clinically relevant lesion evidence, including microaneurysms, haem-
orrhages and exudates, resulting in a more accurate assessment of the severity

of DR [5].

e Integration of explainable AI (XAI) techniques: Interpretability is in-
corporated through visual XAI methods such as saliency maps, class activation
mapping (CAM/Grad-CAM), and attention-based visualisations, allowing in-
spection of the retinal regions influencing predictions [18].

e Prototype report generation for screening support: A rule-based report
generation module is included to produce concise diagnostic summaries based
on predicted DR grades and XAl evidence, supporting structured screening-
style outputs [11].The integration of XAI with reporting may improve diag-
nostic standardisation and clarity in automated reporting formats [13].

Challenges and Limitations

Several challenges are anticipated in developing a clinically reliable DR grading
framework:

e Severe class imbalance: Public DR datasets are heavily skewed toward
non-DR and mild cases, while severe and proliferative DR remain rare. This
imbalance can bias model learning toward majority classes, reducing sensitivity
for high-risk disease stages and making calibration difficult. [5].

e Heterogeneous image quality and domain shift: Fundus images vary
widely due to differences in acquisition devices, illumination, focus, and arte-
facts. Such variability may reduce generalisation performance when models are
tested on unseen distributions and can disproportionately affect architectures
sensitive to noise.
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Balancing interpretability and performance: While XAI techniques give
visual justifications, the heatmaps might not match entirely with clinical thoughts.
It is still challenging to achieve clinically meaningful interpretability and as-
sessing the reliability of explanations [7].

Computational complexity and training restrictions: Training and
optimization of multiple large-capacity models (both transformer-based and
state-space-based ones) is computationally expensive and requires a signifi-
cant amount of attention to optimise the GPU memory management [16].

Clinical trust and acceptance constraints: Although transparency and
reporting with the system explainability are granted, clinician-in-the-loop re-
view is necessary to fully verify clinical acceptability of the systems. The
notions of trust and adoption have also been found to be paramount for ex-
plainable systems in healthcare domain.

Ethical and regulatory issues (recognized but not clinically trialed):
Given that DR screening is an important medical application, it’s essential to
be aware of challenges like fairness, bias, transparency and compliance with
medical Al norms. Our focus is not on the detailed verification of regulations,
which would be a case of formal regulatory validation.
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Chapter 2

Literature Review

This literature review examines current research on Diabetic Retinopathy (DR)
detection. It looks at how Artificial Intelligence (Al), deep learning, and Explainable
AT (XAI) are used for this job. The section starts with basic concepts. Next, it
reviews current methods in detail. Last, it discusses main findings and related work
that improve our understanding of DR detection

2.1 Preliminaries

Diabetic retinopathy (DR) is a progressive microvascular complication of diabetes
that results in destruction of the retinal capillaries and is induced by long-term
hyperglycemia. The resulting ischaemic damage leads to capillary dropout, leakage
and retinal ischaemia with clinical manifestations such as microaneurysms, intrareti-
nal haemorrhages, hard and soft exudates, venous beading which finally can result
in retinal neovascularisation [16]. At the clinical level, there are generally five cat-
egories of severity for Diabetic Retinopathy: no DR or mild Non ProliferativeDR
moderate non-proliferative DR Proliferative DR or Proliferative DR, at reference
standards of grading that include consideration of number and size of lesions and/or
their field allocations to grids. As the early stages are frequently asymptomatic,
population-level screening with color fundus images is endorsed to identify referable
DR before irreversible sight loss ensues.

Retinal fundus images, a non-invasive imaging modality that results in high-resolution
retinal images, is commonly used for the diagnosis of DR in clinical setting. Ophthal-
mologists or trained graders manually review such images to interpret the existence
and severity of DR. However, hand grading is labour intensive and time consuming,
and is also affected by inter-observer variation and potential human error, particu-
larly when signs are minimal or used for large scale screening [14]. These limitations
motivate the search for automated diagnostic methodologies that enables efficient
and identical screening.

Emerging from the recent advances in artificial intelligence (AI), especially deep
learning (DL), research in automated DR detection and grading has gained remark-
able momentum. Convolutional neural networks (CNNs) are commonly used since
they learn a hierarchical feature representations from raw images itself, which min-
imizes the need for hand-crafted features and can accurately classify DR sever-
ity using fine-grained patterns on retinal images [2] [5]. CNN-based systems have
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demonstrated high sensitivity and specificity for DR detection and have achieved
performance comparable to expert graders in several studies.

Beyond CNNs, newer architectures have expanded the capabilities of automated DR
grading. Transformer-based vision models use self-attention mechanisms to cap-
ture long-range dependencies across the image, which is useful for modelling global
retinal context. Hybrid convolution—attention architectures such as CoAtNet and
ConVnext combine local convolutional inductive biases with global attention, offer-
ing improved robustness and performance on high-resolution medical images. More
recently, sequence state-space models such as Vision Mamba have been adapted
for vision tasks, providing an alternative approach for modelling long-range interac-
tions with linear time complexity, and have shown promising results in retinal image
analysis.

Despite these developments, several dataset-related factors continue to limit real-
world performance. Public DR datasets such as APTOS 2019 Blindness Detection
and the Diabetic Retinopathy Detection Kaggle competition dataset provide large
collections of labelled fundus images and are widely used benchmarks. However,
these datasets exhibit severe class imbalance, where non-DR and mild cases domi-
nate while severe and proliferative cases remain rare. Moreover, the quality of images
varies greatly as a result of different cameras, lighting conditions, and focus/control
settings. Such properties have implications on model training, evaluation as well as
generalisation and thus underline the need for quality-aware and imbalance-tolerant
learning schemes.

Interpretability is another important challenge of clinical interpretation. Despite
their excellent prediction performance, most of the deep learning models are con-
sidered as black-boxes which hardly gives any explanation for why a specific DR
grade was predicted. This is an important problem in medicine, where transparency
is needed for diagnostic accountability and clinician confidence, as well as patient
safety. Explainable AT (XAI) aims to address this issue by providing tools to inter-
pret model decisions. Visual interpretation methods such as saliency map, Grad-
CAM and attention heatmaps show the regions in retinal images that contribute
most to the model’s prediction for physicians to verify whether the model is look-
ing on clinically meaningful evidences [18]. The introduction of XAI might help
to improve their confidence in the use of Al-assisted screening and enhance clinical
decision-making. This motivation aligns the primary objective of the thesis: a uni-
fication of deep learning’s diagnostic power with lesion-level explainability to drive
early DR detection and enhance screening processes [11].

2.2 Review of Existing Research

Diabetic retinopathy (DR) screening mechanisms have come a long from manual
clinical DR image evaluation to Al-based automated DR detection systems. Early
work focused on conventional machine learning with hand-engineered feature ex-
traction, while newer studies have emphasized deep learning models that extract
the discriminative retinal features directly from fundus images. In addition, XAI
has been recognized as an important factor for clinical trust and accountability. We
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discuss reviewed studies under 5 branches: classical methods literature, CNNs in
DR detection, transfer learning category, XAl in retinal imaging field and the newly
proposed hybrid models that integrate accuracy-interpretability balance.

2.2.1 Traditional Methods and Early AI Applications in
DR Detection

Traditionally, ophthalmologists visually examined retinal fundus images to detect
any pathological indications of DR including microaneurysms, haemorrhages and ex-
udates. Auto body fat segmentations have been proven to be a successful therapeutic
solution although the manual grading is time consuming and subjective among ob-
servers, especially in mass screening environment. In order to save time from manual
inspection, early automated systems utilized conventional machine learning models
such as Support Vector Machine (SVM), k-Nearest Neighbours(k-NN) and Decision
Trees for the DR detection and grading process[6]. These systems required hand-
crafted features describing colour, texture, and morphology, making them highly
dependent on expert design and often poorly generalisable across datasets. Limited
labelled data and variability in image acquisition further constrained their clinical
applicability.

2.2.2 Deep Learning in DR Detection

Deep learning, particularly convolutional neural networks (CNNs), introduced a ma-
jor shift in automated DR analysis by enabling models to learn hierarchical feature
representations directly from raw pixels. CNN-based methods have shown strong
performance in detecting DR severity stages and identifying clinically important
retinal patterns such as microaneurysms, haemorrhages, exudates, and neovascu-
larisation [5]. Several studies demonstrate that deep learning models can achieve
expert-level performance on public benchmark datasets, supporting their potential
use in screening programmes [1]. Compared to traditional approaches, CNNs gener-
ally provide superior accuracy and efficiency, and many works extend classification
to lesion localisation by identifying abnormal regions within the fundus image [16]
[15].

2.2.3 Explainable AI (XAI) in Medical Image Analysis

Although deep learning models can achieve high predictive accuracy, their black-box
nature limits clinical adoption. As DR screening is a high-stakes medical applica-
tion, interpretability is essential for transparency, accountability, and clinician trust.
Explainable Al (XAI) methods aim to visualise and justify model predictions by
highlighting image regions that contribute most to the decision. Techniques such as
saliency maps, Class Activation Mapping (CAM), Grad-CAM, and attention-based
visualisation have been widely used to support clinical validation of AI predictions
[10]. In DR, XAT is particularly valuable because clinicians expect lesion-level evi-
dence (e.g., haemorrhages, exudates, microaneurysms) to justify grading decisions.
Therefore, integrating XAI into DR detection systems has become increasingly im-
portant to support trustworthy deployment [16].
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2.2.4 Recent Hybrid and Modern Architectures for DR
Grading

Recent research has progressed beyond standard CNNs by adopting modern archi-
tectures that improve robustness and representation learning [4], [10]. Hybrid con-
volution—attention models combine the local feature extraction strength of CNNs
with global attention mechanisms to capture long-range dependencies, which is par-
ticularly useful for retinal images where lesions may be spatially distributed. Models
based on transformer and attention mechanisms have been faring well on complex
visual tasks, but most of time hybrid models are more stable for high-resolution in-
puts [15]. In addition, approaches that focus on interpretability concern more promi-
nently the research field recently (so called interpretability-driven frameworks) and
incorporate categorisation with lesion localisation and explainability techniques [5],
[7]. Even with the increase in speed, addressing challenges of real-world datasets
including highly imbalanced class distribution and varied image quality is still a
challenge.

Such constraints motivate the approach followed in this thesis, which evaluates dif-
ferent state-of-the-art designs using a common pipeline, and integrates quality-aware
balancing, class-aware optimization and lesion-level XAl to enhance the robustness
and clinical relevance of an automatic system.

2.3 Summary of Key Findings

Based on the reviewed literature, several key insights guide this thesis:

e Deep learning models can identify grades of disease severity like microaneurysms,
haemorrhages, exudates and neovascularisation. Nevertheless, in class-imbalanced
data, usually the performance is deteriorated for minority classes like more se-
vere stages

e Interpretable is a crucial requirement for clinical use. Deep learning models are
widely criticized for being black boxes, despite their impressive precision. XAl
methods such as Grad-CAM and attention heatmaps provide transparency by
highlighting retinal regions that contribute to predictions, thereby enhancing
clinical validation and confidence.

e In real applications, however, the imbalance of dataset and fluctuation of im-
age quality are seldom handled. Public DR datasets (e.g., APTOS 2019) are
highly imbalanced and also exhibit varying image quality owing to acquisi-
tion heterogeneity. These properties, which degrade robustness and constrain
the generalisability of learned models in real-world settings—clearly call for a
QualityAware learning approach.

e (linically relevant assessment parameters are required. Moreover, accuracy is
not enough for grading in DR, especially the imbalanced case. Metrics like
weighted quadratic Cohen’s kappa, sensitivity and specificity and confusion
matrices are used to give a more clinically meaningful performance estimation
particularly for the cases of severe and proliferative DR.
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e The requirement of integrative, clinically directed pipelines. There is a growing
interest in the literature on consolidating classification and interpretability.
Nevertheless, few models have an inclusive pipeline that deals with imbalance,
variance in image quality and lesion-level interpretation and even generates
structured diagnostic reporting [11]. This motivates the hybrid architecture
proposed in this dissertation.

2.4 Research Gap and Motivation

Although deep learning based diabetic retinopathy (DR) detection has achieved
impressive success upon public fundus imaging datasets, there are extremely limita-
tions restricting its clinical spread. Most of the existing approaches often emphasize
on improving prediction accuracy rather than robust, interpretable and clinically
dependable across a wide range of scenarios. A big gap in the class imbalance prob-
lem is present especially for popular datasets such as APTOS 2019 and the Diabetic
Retinopathy detection dataset. These datasets have a skewed class distribution with
majority of No DR and Mild cases, whereas Severe and Proliferative DR samples
are scarce. Thus models that are trained using the same objectives will be biased
towards majority classes and sensitivity for the most critical clinical stages is de-
creased [16]. This discrepancy makes it difficult to formulate grading systems for
the detection of sight-threatening DR specifically in screening programs.

A second limitation is image-quality variation. Fundus images captured by differ-
ent cameras with different settings mostly suffer from the blurriness, non-uniform
illumination and low contrast or other artifacts. Either recent works ignore these
quality differences and test their models on relatively clean benchmark distributions,
or performance degradation would be suffered under real-world deployment scenario
[14]. Since DR screening in the real world often takes place in low resources settings,
it is desired for the system to be robust under varying quality conditions.

In addition, although their diagnostic performance is superior, many deep learning
models are inscrutable black-box systems that limit clinical confidence and respon-
sibility. In a healthcare setting, what clinicians need is much more than the predic-
tions, but also evidences along with rationales broadly trusted by medical experts.
Explainable AT (XAI) techniques, including Grad-CAM, saliency maps and attention
visualisations have also helped mitigate this problem by highlighting image regions
important to predictions [18]. However, most DR works consider interpretability
as an optional add-on and do not naturally include it in the main workflow. This
reduces transparency and obstructs uptake by health decision makers .

Furthermore, the majority of prior work evaluates one or two architectures in iso-
lation, often using different preprocessing, loss functions, and evaluation settings.
This makes comparisons inconsistent and prevents a clear understanding of which
modern architectures are most suitable for real-world DR grading. Although CNN-
based approaches have been widely explored [2] [5], recent advances such as hybrid
convolution—attention networks and state-space vision models require systematic
evaluation under the same dataset and training conditions.
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Chapter 3

Proposed Methodology

3.1 Methodology Overviews

3.1.1 Final Specifications and Requirements

This thesis introduces a quality-aware and interpretable deep learning system for
the classification of five categories of diabetic retinopathy (DR) utilising 2D colour
fundus images. The system serves as a research-oriented prototype that enables
scalable diabetic retinopathy screening by producing (i) predictions of DR severity,
(ii) visual explanations at the lesion level, and (iii) structured diagnostic summaries.
Unlike DR classifiers that only care about accuracy, the design focuses on being able
to handle class imbalance and changing image quality. It also includes elements that
make it easier for doctors to understand and trust the system.

The proposed system is trained and tested on publicly available datasets namely
APTOS 2019 Blindness Detection and Diabetic Retinopathy Detection Kaggle (DR
Datasetand), which are then combined to form a large dataset. The method is based
on a five-class DR grading scheme (No DR, Mild, Moderate, Severe Non Proliferative
DR and Proliferative DR) that captures the clinically meaningful ordinal structure
of DR severity. Since DR screening is a safety-critical medical task, the system is
deliberately cast as decision-support tool rather than a replacement for expertise.
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Figure 3.1: Merged Dataset

3.1.2 Functional Requirements

The functional requirements define what the system must accomplish in terms of
inputs, outputs, and core capabilities. The system operates on fundus images and
produces both predictive and explanatory outputs. To ensure alignment with clinical
screening needs, the following functional requirements are specified:

e Fundus Image Input Handling The system should be capable to process 2D
colour retinal fundus images and computationally tolerant to resolution/image
acquisition parameters. To make it compatible to all models and prevent
unstable inference, we preprocess the image for standardization.

e Five-Class DR Severity Grading At a minimum, the underlying predictive
module must return a DR grade based on five severity levels. It is crucial
that the system optimizes for accurate identification of clinically significantly
categories (Severe and Proliferative DR) with the highest referral urgency.

¢ Quality-Aware Learning and Robustness Support The system should
be invariant to the image quality change, including defocused images, low
contrast images, variation of illumination condition and camera imperfect.
This criterion is important as screening images are commonly taken in diverse
scenarios, which are not necessarily part of the benchmark distributions.

¢ Imbalance-Aware Training Behaviour As a result of combined public
datasets are still highly imbalanced (majority No DR/Mild vs minority Se-
vere/Proliferative), the system has to include class imbalance management
approaches. The goal is to enhance the minority-class sensitivity without di-
recting the performance based on a wrong training assumption.
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e Explainable AI Output Generation The algorithm should generate a
lesion-level visual explanation for each of the prediction using XAI methods,
Grad-CAM and attention-based visualization. The clarification should high-
light trends in regions of the retina that are relevant to the expected grade,
which can help physicians assess and confirm results.

e Prototype Diagnostic Report Generation The system needs to generate
a structured written report concerning the predicted grade, confidence, and
lesion-related evidence from XAI outputs. This standard is applicable to any
screening process where a reportable interpretation must be given in an explicit
and consistent manner.

3.1.3 Non-Functional Requirements

The performance, dependability, interpretability, and repeatability of the system are
defined by the non-functional requirements. When assessing Al systems for health-
care, these factors take on further significance because accuracy alone is not enough.

Performance and Evaluation Requirements

Given the ordinal characteristics of diabetic retinopathy grading, it is essential to
utilise therapeutically pertinent criteria for system evaluation rather than abso-
lute accuracy. Quadratic Weighted Cohen’s Kappa (QWK) serves as the primary
evaluation metric, considering agreement and imposing greater penalties on distant
misclassifications compared to those that are closer. In clinical screening, it is less
critical to conflate The distinction between Moderate and Severe is problematic,
particularly in conflating Severe with No DR; this risk-informed framework raises
concerns for QWK.

The evaluation criteria include:

e Primary metric: Quadratic Weighted Cohen’s Kappa (QWK).

e Secondary metrics: accuracy, ROC-AUC, per-class precision/recall /F1-score,
sensitivity, specificity.

e Diagnostic analysis: confusion matrices with emphasis on severe/proliferative
performance.

The experimental findings demonstrate that the proposed unification pipeline achieves
clinically acceptable performance across multiple architectures. Among the evalu-

ated models, CoAtNet exhibited the strongest agreement with expert annotations,

attaining a quadratic weighted kappa (QWK) of 0.902. The Hybrid CoAtNet-

ConvNeXt architecture also demonstrated robust performance with a QWK of

0.8944, followed closely by ConvNeXt alone at 0.8667. These results validate the

method’s capacity to accurately classify images into five distinct severity grades,

indicating its potential utility for clinical deployment.
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Reliability and Robustness

A robust diagnostic system must maintain consistent performance across varying
image quality conditions. The quality-tier analysis conducted in this study reveals
that image quality significantly impacts model reliability. Specifically, poor-quality
images (Tier D) resulted in an accuracy decline of 0.4727 compared to high-quality
images (Tier A) while simultaneously reducing explanation entropy by 0.3533. This
reduction in entropy indicates compromised predictive confidence and diminished
model interpretability when processing degraded inputs.

These findings underscore the critical importance of implementing rigorous data pre-
processing protocols and quality-aware stratification strategies. Furthermore, they
highlight the necessity of exercising caution when interpreting model predictions on
suboptimal image inputs as such cases may reflect data quality limitations rather
than true diagnostic capability.

Interpretability and Transparency

Explanatory models are being treated today as one of the most genuine system’s
needs and not only nice fun. XAI outputs should be visually interpretable, clini-
cally meaningful with focus on lesions or lesion-proximal areas and not unrelated
artifacts. Since XAI techniques may sometimes uncover spurious correlations, the
system should provide explanations only as supporting evidence, not causal proof.

Usability and Maintainability

This is not entirely hospital integration but the design solutions must be modular,
maintainable. The preprocessing, classifier, XAI, and reporting modules should be
decoupled so they can be updated independently, without performing a full rewrite.

Reproducibility

Each experiment should be reproducible, with defined dataset splits, uniform pre-
processing, recorded hyperparameters and saved model checkpoints. Reproducibility
is important for validating science, and comparing with future research.

3.2 Societal Impact

Diabetic retinopathy (DR) is the leading cause preventable blindness and population
based screening is essential as early stages are often asymptomatic. But screening
programmes face resource constraints, especially in low- and middle-income coun-
tries with few ophthalmologists but large numbers of patients. Computer-aided
DR grading systems can alleviate the screening workload by identifying potentially
sight-threatening cases earlier and supporting initial referral decisions.

The method proposed in this thesis contributes to this direction by A) enhancing the
scalability of screening, and B) enabling more consistent grading through automati-
zation. Most importantly, the proposed method is interpretable, i.e., it is of necessity
to avoid resistance from clinicians and to encourage responsible treatment decisions
based on healthcare predictions. Rather than raw black-box predictions,the technol-
ogy satisfies a clinical transparency requirement by providing lesion-level heatmaps
and structured summaries.
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Nonetheless, societal influence implies risk. A false-negative result in severe or
proliferative diabetic retinopathy (DR) can delay referral and significantly increase
the risk of irreversible vision loss. Therefore, this system should be used strictly
as a clinical decision-support tool with clearly communicated limitations and it
must undergo rigorous clinical validation and prospective evaluation before being
considered ready for real-world deployment.

3.3 Environmental Impact

Deep learning models, and particularly hybrid and transformer architectures, can
be computationally expensive to train. This paper compares five high-throughput
designs in a ” one pipe way 7, which is more costly on the computation scale.
To mitigate environmental impact, the approach leverages strategies such as trans-
fer learning, mixed-precision GPU training and early stopping with learning rate
scheduling. These optimizations enhance the efficiency of training and the sustain-
ability of research quality assessment.

3.4 Ethical Issues

Safety, fairness, transparency and accountability are among the ethical questions
raised by medical Al. The errors in DR grading can be harmful since it has effect on
the referring urgency and also for clinical management. Ethical concerns posed by
this topic include issues of dataset bias, interpretability, performance and misuse.

Another issue is the bias and nonrepresentativeness of public data sets. APTOS
2019 and DR Dataset were not fully inclusive of global demographics, which may
limit thegeneralizability to other populations. Moreover, in the context of imbal-
anced class distribution and minority severe classes being under-detected, predic-
tions with bias can be made — not ethically desirable as it discriminates against
high-riskpopulations (i.e., that are sick or injured).

Interpretability has ethical concerns. The XAI results may enhance interpretability,
but they could mislead one to attribute causality. We need to treat heatmapsas
signals, in favour of an idea not as proofs. This paper eliminates these risks by
establishing the XAl side and exploring the explanation factor if it is not so good.

Finally, in this work we only use freely available and de-identified publicly available
data and we do not process any patients’ identifiable information. Ethical concerns
still require that results are reported along with these statements in the hope of
emphasizing that the reporting contrivance is not a diagnostic tool, and never should
be used to replace expert medical decision.
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3.5 Project Management Plan

The research followed a structured seven-phase methodology to ensure systematic
development, rigorous evaluation, and clinical relevance:

3.5.1 Phase 1: Dataset Acquisition and Integration

Merged APTOS 2019 and Diabetic Retinopathy Detection datasets (77,576 images
total), harmonized labels to five-class DR severity scale, and conducted exploratory
analysis to characterize class imbalance and quality variation.

3.5.2 Phase 2: Quality Assessment and Preprocessing

Developed automated quality scoring system (four-tier A-D classification), imple-
mented tier-specific preprocessing strategies (CLAHE, denoising, gamma correc-
tion), and established quality-stratified dataset splits.

3.5.3 Phase 3: Model Training

Trained five architectures (ConvNeXt, CoAtNet, Hybrid, MaxViT, Vision Mamba)
under unified pipeline with focal loss, transfer learning, and early stopping. Main-
tained consistent preprocessing and hyperparameters for fair comparison.

3.5.4 Phase 4: Performance Evaluation

Evaluated models on held-out test set using Quadratic Weighted Kappa (QWK),
accuracy, and per-class metrics. Generated confusion matrices and conducted com-
parative analysis prioritizing sight-threatening DR detection (Class 3/4 sensitivity).

3.5.5 Phase 5: Explainability Analysis

Implemented XAI techniques (Grad-CAM, Integrated Gradients, Occlusion Sensi-
tivity), analyzed quality-tier robustness, and discovered entropy paradox (accuracy
drops 47%, attribution entropy drops 35% from Tier A—D).

3.5.6 Phase 6: Report Generation Framework

Designed and prototyped rule-based automated report generation module, created
sample outputs for different quality tiers and DR grades, validated deterministic
mapping from predictions to clinical summaries.

3.5.7 Phase 7: Documentation and Finalization

Compiled thesis documentation, conducted revision cycles based on supervisor feed-
back, finalized presentation materials, and organized code repository for repro-
ducibility.
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3.5.8 Quality Control:

All phases incorporated validation checkpoints (data integrity checks, reproducibil-
ity protocols with fixed random seeds, clinical relevance verification through XAI
anatomical plausibility). The unified training pipeline ensured fair model compari-
son through identical preprocessing, loss functions, and evaluation metrics.

This phased workflow ensured that all design decisions were guided by the dataset
characteristics as well as relevant clinical requirements.

3.6 Risk Management

Several risks were identified during system development:

e Severe class imbalance leading to reduced sensitivity for Class 3/4 (Severe/Proliferative
DR)

e Label inconsistency and grading noise after merging APTOS 2019 and DR
Dataset

e Image quality variability (Tier A-D) causing performance degradation and
unreliable predictions

e Domain shift across datasets/capture conditions affecting real-world generali-
sation

e False-negative detection of sight-threatening DR causing delayed referral and
clinical risk

e XAI explanations highlighting non-lesion regions, reducing clinical trust and
interpretability reliability

e Limited prospective clinical validation, restricting readiness for real-world de-
ployment

3.7 Economic Analysis

From economical viewpoint, systems for screening diabetic retinopathy (DR) tend
to reduce the workload of physicians and patients to be monitored more frequently
because DR has been found to be expensive disease. Automated DR grading meth-
ods can be cost-effective to the health systems by expediting screening and reducing
workload to provide a quick response for patients with high risk content. The report
writing tool in the application generates summary structured reports and saves time
on typing.

But to develop and use models requires technical infrastructure and computational
power. Such activities were not simulated in thisthesis but the framework illustrates
a possible cost-benefit trajectory: once real-world experience Al is trained, inference
is substantially cheaper than repeated manual grading, making Al-assisted screening
financially viable in large scale programs.
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Chapter 4

Preliminary Process and Design

4.1 Design Process

This thesis follows a quantitative, experimental research design to develop and eval-
uate a clinically oriented deep learning framework for five-class diabetic retinopathy
(DR) grading using 2D colour fundus photographs. Diabetic retinopathy is a pro-
gressive disease that can remain asymptomatic in its early stages, making screening
essential for preventing irreversible vision loss [16]. However, manual grading of fun-
dus images is time-consuming and subject to intra- and inter-observer variability,
limiting scalability in large screening programmes, especially in resource-limited en-
vironments [16]. These constraints motivate the development of automated, reliable,
and interpretable DR grading systems.

The proposed framework is designed to address three real-world deployment barriers
commonly observed in automated DR screening research: severe class imbalance,
heterogeneous image quality, and limited interpretability of high-performing deep
learning models [15]. Instead of focusing solely on classification accuracy, the sys-
tem integrates robust learning strategies and explainable Al (XAI) mechanisms to
improve clinical trust and diagnostic transparency.

The methodology follows an end-to-end pipeline consisting of: (i) dataset acquisition
and merging, (ii) class imbalance and quality distribution analysis, (iii) preprocess-
ing and enhancement, (iv) imbalance-aware training under a unified protocol, (v)
systematic evaluation of five modern vision architectures, (vi) explainability analy-
sis using lesion-level visualisations, and (vii) prototype diagnostic report generation.
Unlike many studies that evaluate models under different preprocessing and training
settings, this thesis compares all architectures under the same pipeline to ensure fair
and meaningful comparison

4.2 Model Specification

The proposed system is developed as a modular architecture, where each component
addresses a specific screening challenge and supports reproducibility. The design is
informed by the clinical grading procedure, where DR severity depends on both
local lesion evidence and global lesion distribution across the retina [12]. Therefore,
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the framework combines robust feature extraction with interpretability mechanisms
that allow clinicians to inspect model reasoning.

4.2.1 Design Objectives and Constraints
The primary design objectives are:
e To achieve reliable five-class DR grading aligned with clinical severity ordering.

e To improve detection sensitivity for severe and proliferative DR, which are
clinically urgent stages.

e To increase robustness under heterogeneous image quality, reflecting real screen-
ing conditions.

e To integrate lesion-level interpretability through XAI methods such as Grad-
CAM and attention visualisation [8].

e To generate structured, screening-oriented outputs through a prototype re-
porting module [9].

The system is constrained by the use of retrospective public datasets and does not
include prospective clinical trials, hospital integration, or clinician user studies. In-
terpretability evaluation is therefore conducted through qualitative and quantitative
XAT analysis rather than clinical usability scoring.

4.2.2 Architecture Selection

To ensure modern and representative evaluation, five architectures were selected:

e ConvNeXt, representing modernised convolutional networks

e CoAtNet, representing hybrid convolution-attention modelling.

Hybrid CoAtNet—ConvNeXt, designed to combine local lesion modelling with
global context reasoning.

MaxViT, using window-based attention for scalable vision modelling.

Vision Mamba, using state-space modelling for long-range dependency learn-
ing.

All architectures are trained under identical preprocessing, loss, and evaluation set-
tings, enabling consistent comparison.
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4.2.3 Hybrid ConvNeXt—CoAtNet Architecture with Learn-
able Gated Fusion

To improve DR grading robustness and ordinal agreement, this thesis proposes a hy-
brid model that combines a pretrained ConvNeXtSmall backbone with a CoAtNet-
inspired convolution—attention branch. This design is motivated by the observation
that DR severity grading depends on both (i) local lesion-level patterns (e.g., mi-
croaneurysms, haemorrhages, exudates) and (ii) broader contextual evidence such as
lesion spread and distribution across retinal quadrants [12]. Convolutional networks
are effective at capturing fine lesion textures, while attention-based mechanisms
support global reasoning by modelling long-range spatial dependencies [8].

Dual-Branch Feature Extraction
The hybrid model processes each fundus image I € R¥*W>3 through two parallel
branches:

ConvNeXt branch (local lesion representation): A pretrained ConvNeXt-
Small model (ImageNet weights) is used as a deep convolutional feature extrac-
tor. The classification head is removed, producing a high-level spatial feature map.
Global average pooling compresses this map into a fixed-length vector, which is pro-
jected into a 512-dimensional embedding space using a dense projection layer and
layer normalization:

fconv € R512

Figure 4.1: ConvNext

This branch provides strong sensitivity to lesion boundaries, vessel structures, and
texture patterns that are critical for early and intermediate DR grading.
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CoAtNet-inspired branch (contextual/global reasoning): The second branch
begins with a convolutional stem consisting of strided convolutions, batch normal-
ization, and GELU activations to downsample and stabilise feature extraction. A
depthwise convolution block with residual connection refines local structures while
preserving information flow. The resulting feature map is converted into a token
sequence by reshaping:

(B,H,W,C) — (B,HW,C)

Two Transformer encoder blocks (multi-head self-attention and feed-forward net-
works) are applied to model long-range dependencies and integrate evidence across
retinal regions. After token-level processing, global average pooling produces a com-
pact embedding which is projected to the same fusion dimension:

fcoat € R512

Figure 4.2: CoatNet
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Learnable Gated Fusion

Instead of fixed fusion, the model uses a sigmoid gating mechanism that adaptively
weights the contribution of each branch per image. The gate g is computed from
the concatenated embeddings:

g=ao (W [fconv; fcoat] + b) NS (07 1) (41)
The final fused representation f is formed as:
f= g- fconv + (]- - g) : fcoat (42)

This design is particularly relevant for screening settings where image quality varies,
allowing the model to dynamically balance local lesion sensitivity with global context
reasoning.

Figure 4.3: Hybrid

Classification Head The fused embedding is passed through a regularized multi-
layer perceptron (batch normalization, GELU dense layers, and dropout) to reduce
overfitting and produce the final five-class probability distribution using softmax.

Training Objective and Ordinal Evaluation
The hybrid model is trained using focal loss, which reduces majority-class dominance
and emphasises difficult examples, improving minority-class learning. Performance
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is evaluated primarily using Quadratic Weighted Cohen’s Kappa (QWK) to reflect
ordinal severity ordering. Under the unified pipeline, the hybrid model achieved
strong ordinal agreement (QWK = 0.8944), supporting the effectiveness of gated
fusion in DR grading.

4.2.4 Training Strategy Overview

Training is performed under a unified protocol across all architectures. Transfer
learning is used where applicable, as pretrained models improve convergence and
generalisation on medical imaging tasks [19]. Mixed-precision GPU training is em-
ployed to reduce memory overhead and accelerate training. Early stopping, check-
pointing, and learning rate scheduling are applied to prevent overfitting and stabilise
convergence [11]. Class-aware learning strategies (such as focal loss and imbalance-
aware sampling) are used to improve performance on rare severe/proliferative classes.

4.3 Data Collection

4.3.1 Data Sources
This study uses two publicly available datasets:

e APTOS 2019 Blindness Detection dataset
e Diabetic Retinopathy Detection Kaggle dataset (DR Dataset)

Both datasets contain labelled fundus images graded on the standard five-class DR
severity scale.

4.3.2 Dataset Merging and Label Harmonization

Labels are normalized to ensures consistent encoding of images for the five categories.
The aggregation improves the representation of diverse retinal features and capturing
situations, leading to better generalization.

4.3.3 Quality Assessment of Fundus Images:

Quality of the combined fundus dataset was carefully assessed based on various
criteria such as blur, brightness, contrast and usable retinal area to ensure reliable
training and validation. This quality analysis led to an identification of differences
across data sets and grades of DR, reiterating the quality-aware pre-processing and
robustness-focused design of this work.

4.3.4 Class Imbalance and Dataset Characteristics

The combined dataset is heavily imbalanced in terms of class, with far more No
DR and Mild examples compared to Severe and Proliferative. Such discrepancy is
an actual screening case distribution while introduces a learning bias and justifies
the consideration of imbalance-based training [16]. In addition, photos suffer from
inequality in quality due to differences between cameras, blurs, illumination changes
and image artifacts; thus requiring strict preprocessing and quality-aware evaluation
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Figure 4.4: Quality Assessment Report

4.3.5 Data Cleaning

Images are validated for integrity, and corrupted/unreadable samples are removed.
Label validity is verified to ensure all samples fall within the five-class grading
scheme. Duplicate samples across datasets are checked to avoid leakage between
training and evaluation splits.

4.3.6 Data Transformation (Preprocessing)

The included retinal fundus dataset has significant variations in illumination, clarity,
contrast and color due to the differences in acquisition conditions that may reduce
lesion visibility and limit model generalization. Therefore, a comprehensive prepa-
ration pipeline was adopted to normalize image appearance and enhance DR factors
before training [12]. All photos were resized to a common resolution, and an auto-
matic quality-assessment module (evaluating the blur, brightness, contrast, usable
retinal region) and color quality phase was performed. Based on the determined
qualityscore, the images were divided into four quality groups (A-D). Tier-specific
post-processing was subsequently applied: minimal amount of CLAHE and sharp-
ening for high-quality images, and increased denoising, gain-contrast enhancement
(CLAHE /histogram equalization), gamma correction, and edge sharpening to im-
prove visualization of vascular structures/lesions in lower quality images. These
improve the validity of diabetic retinopathy grading and its readability under real-
world picture variance [9], [12], [15].
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Figure 4.5: Enhancement comparison
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4.3.7 Data Integration

After preprocessing, every single augmented image was linked to its own DR grade
label and assigned a unique identifier for the purpose of keeping track over both set
of datasets. The final training dataset was organized into class-specific directories
(classO-class4) for easy and straightforward loading during model training. This
embedding ensured that the input format was consistent, facilitated the use of the
dataset and preserved a systematic mapping of photos, labels, quality tiers and file
locations for reproducible testing [9], [12].

4.3.8 Summary of Preprocessed Data

The processed dataset contains scaled and quality-augmented retinal fundus images
with their associated paired (i) DR severity labels, (ii) dataset source, (iii) computed
quality metrics, and (iv) path to the final processed image. The multi-level en-
hancement approach ensures that the low-quality scans would be further enhanced,
whereas high-quality ones would not be excessively processed for enabling robust
training, and thus more clinically interpretable explanations in later XAI [12], [15].

4.4 Implementation of Selected Design

4.4.1 Training Implementation

In order to make sure all the models are being fairly judged, they went through
similar settings. The training part is using focal loss, GPU acceleration and QWK
for imbalance, mixed precision and metrics. Training callbacks, including check-
pointing, early stopping, and learning rate scheduling, facilitate stable optimization
and reproducibility.

4.4.2 Model Evaluation and Comparative Analysis

Profiling results exposed performance delta between different topologies in the grad-
ing task. CoAtNet ranked first based on a QWK score of 0.902 showing superior
ordinal agreement. This was closely followed by the hybrid CoAtNet—ConvNeXt
with a score of 0.8944, showing strong severity grading ability. ConvNeXt also out-
performed the reported QWK of Vision Mamba (0.6983) and MaxViT (0.1111). In
general, convolution-attention hybrids are superior to classical architectures in such
a mixed dataset scenario.

4.4.3 Explainability (XAI) Implementation

Interpretation is being done with the help of attention-based visualization so that it
highlights the lesion regions to further help on the predictions [18]. After being im-
plemented, the results show promising decrease through A to D by 0.4727 while the
decrease through attribution entropy by 0.3533, entailing the prediction reliability
of the low-quality images.

32



Chapter 5

Performance Evaluation,
Comparative Analysis and
Discussion

5.1 Performance Evaluation Framework

In this chapter, we have presented the performance of our method on to what extent
our method works well for five-class classification for DR grading. For a fairer com-
parison, we will evaluate using the same pipeline across 5 most-recent architectures :
ConvNeXt, CoAtNet, Hybrid CoAtNet-ConvNeXt, MaxViT and Vision Mamba. As
DR grading is an ordinal classification task, we need to measure the correctness of
misclassification severity. For instance, predicting ”No DR” in a case of proliferative
DR is much worse than confusing neighboring levels of severity.

Therefore, QWK will be of high priority as the primary evaluation metric in this
thesis. QWK is frequently used in DR grading challenge benchmarks since it
penalizes large grade differences between scores more than near-grade confusion,
which has clinical significance. In addition to the QWK overall accuracy, class-wise
precision/recall/F1-score and confusion matrix have been reported analysis for an
easy interpretation of model behavior against all severity categories.

5.2 Test setup and protocol

All the models are trained in an ensemble using APTOS 2019 and DR Dataset
data concatenated and evaluated with identical preprocessing, training schedule,
metric computation method. To maintain the distribution of severity and to prevent
sampling bias, we split the dataset into training, validation and testing. We employ
the held-out test set only for final evaluation to guarantee fair comparability.

To address imbalance in training, we adopt class-aware learning methods with the
help of focal loss. This reduces the over-sampling of high-represented classes and
encourages learning from minority or challenging samples. Training was monitored
using validation QWK, and best model checkpoints were selected according to the
highest validation kappa.
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5.3 Overall Performance Results

The relative performance of the five architectures investigated is largely presented
QWK wise. Ordering agreement The results (Table 3) show that there are substan-
tial differences in the relationship of ordinal agreement:

For QWK indicator in Table 3, the highest value is achieved by CoAt-Net (best
at ordinal consistency and overall grade reliability), which means its grading
capability to differentiate progression types.

Hybrid CoAtNet-ConvNeXt achieved a score of QWK = 0.8944 which means
once again very close to the best performance and high sensitivity for high-
grade DR.

ConvNeXt was able to reach a QWK of 0.8607, which is an indicator for high
performance but less than attention enhanced hybrids.

Vision Mamba QWK was 0.6983, suggesting moderate agreement and poor
discrimination in early-stage.

MaxViT attained a QWK of 0.1111, representing weak ordinal consistency
and random category behaviour.

There results strongly imply that architectures translating convolutional in-
ductive bias along with attention based global modeling (CoAtNet and Hybrid)
are more proper ones for five-class DR grading on a merged dataset environ-
ment.

Figure 5.1: Overall QWK

These results strongly suggest that architectures combining convolutional inductive
bias with attention-based global modelling (CoAtNet and Hybrid) are better suited
for five-class DR grading in the merged dataset setting.
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5.4 Model-Wise Detailed Performance Analysis

5.4.1 Hybrid CoAtNet-ConvNeXt (QWK=0.8944)

The Hybrid model is effective overall, it achieves 80.32% of accuracy on the test set
with 0.8100 averaged F1-score (macro). Its per-class statistics indicated particularly
good performance on clinically important epochs.

Class 3 (Severe DR): precision = 0.9833, recall = 0.8619, and F1 = 0.9186.
Class 4 (Proliferative DR): precision = 0.9716, recall = 0.8935 and F1 = 0.9309.

This is a highly pertinent characteristic for a screening setting as these classes rep-
resent sight-threatening DR that requires urgent referral. The confusion matrix also
indicates that the misclassifications are mainly for contiguous grades, which can be
useful from the clinical point.

The role of the particular classes follows-

Class 2 (Moderate DR) has a fairly high recall (0.7862) but relatively low precision
(0.5636), which means the model identifies moderateDR more by “overfitting” than
under-fitting in borderline situations. This is a common problem in the grading of
DR because severity and distribution of lesions overlap.

The interpretation of the confusion matrix also supports this: many Class 1 samples
are predicted as Class2 (858 samples) and few Class 2 samples are predicted as Class
3 (340 samples). This shows that the Hybrid model is extremely sensitive to lesion
data and that it may sometimes overestimate severity, which in a clinical setting is
safer than underestimating disease severity.
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Figure 5.2: Confusion Matrix: Hybrid CoAtNet-ConvNeXt

As a whole, the Hybrid model provides one of the best trade-offs between sensitivity
for high-grade DR and ordinal-consistent grading.
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5.4.2 ConvNeXt (QWK = 0.8607)

ConvNeXt was surprisingly better for the task with an accuracy of 78.72% and a
macro-average F1-score 0f0.7912. The model is doing great in high-grade DR classes.

Class 3 (Severe DR): precision = 0.9578, recall = 0.8727, F1 = 0.9133.

Class 4 (Proliferative DR): precision = 0.9245, recall = 0.9038, F1 = 0.9146.
These results show ConvNeXt’s better ability to capture lesion-level patterns, vas-
cular changes and retinal texture abnormalities. The confusion matrix demonstrates
that most misclassifications are between neighboring grades; especially between

Class 1 and Class 2, reflecting conflicting diagnostic interpretations of mild and
moderate DR in practice.

Figure 5.3: Confusion Matrix: ConvNeXt

ConvNeXt has a moderate lower ordinal agreement comparing with the Hybrid
model (QWK 0.8607 vs 0.8944), suggesting that incorporating attention-based con-
text can help grade more consistently across the range of severity.
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5.4.3 Vision Mamba (QWK = 0.6983)

In the case of Vision Mamba, he was a so-so performer with 64.48% accuracy and
macro-average Fl-score set at 0.6339. The greatest weakness is that it failed to
detect Mild DR efficiently.

Class 1 (mild DR): precision = 0.5592, recall = 0.2854, F1 = 0.3779

Figure 5.4: Confusion Matrix: Vision Mamba

This indication implies that the model does not well predict a large proportion of
Class 1 (DR patients at early stage), and tend to give it as No DR or Moderate
DR in most cases; The confusion matrix reveals that class 1 samples are usually
predicted as class 0 (749 examples) or class 2 (919 examples). This behavior is
not desirable for screening as it is necessary to detect mild DR in order to allow
prevention and follow-up.

But Mamba does better at later stages. Class 4 (Proliferative DR): recall = 0.8131,
F1 = 0.8145. Class 3 (severe DR): recall = 0.7177, F1 = 0.7547.
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5.4.4 MaxViT (QWK = 0.1111)

In particular, MaxViT performed badly in this evaluation setting. It achieved only
25.45% accuracy and the macro-average Fl-score was 0.2245, suggesting that the
model failed to learn discriminative representations for DR grading. The confusion
matrix shows large misclassification among all classes, and upscattered desired values
for unrelated grades

Figure 5.5: Confusion Matrix: MaxViT

The poor recall for Class 1 (0.0173) reflects that the model barely detects moderate
DR, and relatively low intermediate degree learning is not achieved as well from its
Class 2 recall=0.1277. The QWK 0.1111 suggests that MaxViT does not maintain
ordinal structure under the current training setting.

This observation suggests that MaxViT may need different hyperparameter settings,
longer training, or alternative preprocessing to challenge for DR grading.

5.4.5 CoAtNet (QWK = 0.902)

CoAtNet was the best overall performer (QWK = 0.902), demonstrating the greatest
ordinal agreement among all models examined. This indicates that CoAtNet is

39



most efficient for producing severity-consistent predictions, while limiting the clinical
harm of misclassification.

Figure 5.6: Confusion Matrix: CoAtNet

The improved performance can be attributed to the design of CoAtNet, which syn-
thesizes convolutional inductive bias for characterizing the lesion-level representation
and attention mechanisms for modeling global context. This is what makes CoAt-
Net suitable for the task of DR grading wherein severity classification depends not
only on local lesions, but also their spatial scattering.

5.5 Comparison of Misclassification Patterns

For all models, the most common errors are found between consecutive levelsof
severity, in particular

Mild to Moderate (Class 1 — Class 2)
mild vs severe (Class 2 — Class 3).

This is expected as DR grading boundaries are clinically indistinct, especially when
lesion numbers and features approach threshold condition. Significantly, the top-
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performing models (CoAtNet and Hybrid) result in higher separation for higher-
grade DR (Class 3 and 4), which is crucial for screening safety.

5.6 Explainability and Quality-Tier Robustness
Assessments

Further than that, this thesis applys XAl approaches to the models interpretability
to different situations of image quality at end, despite predicting accuracy perfor-
mances. Explanations were generated for all quality levels (Tier A to Tier D) and
both explanation and performance reliability was analyzed.

Two important findings were observed:
The accuracy for Tier A is 0.4727 lower than Tier D.
The average attribution entropy for users decreases 0.3533 from Tier A to Tier D.

The reduction in accuracy illustrates that degradation of model trustworthiness
is observed when low quality fundus photo. The decreasing attribution entropy
provides empirical evidence that explanation maps are concentrated in low-quality
images or that the model may over-rely on limited or noisy features. This supports
the thesis’s argument that variability of quality has implications on both predictive
confidence and interpretability coherence.

5.7 Discussion

Experimental results demonstrate under merged data settings that the hybrid convolution-
attention architectures can potentially outperform five-tier DR grading. CoAt-

Net frames the highest ordinal agreement (QWK 0.902), Hybrid does second best
(QWK 0.8944). Units of these architectures generally showed good recall for vision-
threatening and proliferative DR, suggesting that they were more appropriate for a
diagnostic setting in which the absence of high-grade retinopathy is clinically unac-
ceptable.

ConvNeXt also performed well, suggesting that existing convolutional designs are
still very powerful for lesion-level grading. But CConvNeXt Vs CoAtNet/Hybrid
difference does hint is powerful on global context modeling would help promote
severity-consistent classification.

We observed that Vision Mamba had a middle level of capacity but poor at early-
stage differentiation, and also that the use of MaxViT failed in the present pipeline
to reveal that not all very recent architectures are good generalizers when it comes
to fundus grading without fine-tuning.
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Chapter 6

Explainable AI

6.1 Explainability-Driven Report Generation Mod-
ule

Automated diabetic retinopathy (DR) classifiers often achieve high grading accuracy
but their clinical utility in the realworld goes beyond numerical predictions. In a
testing environment, clinicians want actionable evidence that engenders confidence
in the evidence, allows for error checking and speeds documentation. The majority
of deep learning models can only give approximated label, which impedes clinical
application on account of black-box characteristics in most modern models. This
limitation is addressed by this Thesis introducing an explainability-driven reporting
component which transforms model output into a structured diagnostic summary
in the style of medical screening.

We present the design and development of a prototype automatic report generation
module that incorporates three important components: (i) predicted DR grade, (ii)
model uncertainty and (iii) lesion-level visual evidence with Evidential Gradients us-
ing Explainable AI(XAI)-heatmaps. The reporting module is designed to aid screen-
ing workflows, by generating standardized documents and presenting clear evidence
for every prediction. Importantly, this module is not intended to replace clinician
decision-making but to provide a decision support tool that increases transparency
and reduces manual reporting workload.

6.2 Design Rational and Clinical Motivation.

In routine public screening programs, doctors usually grade the severity of DR based
on the patterns and distribution of lesions first, then record a clinical impression and
suggest follow-ups. Manually reporting is time-consuming and requires cognitive
load — work that you don’t necessarily want your staff to be doing, especially when
it’s busy. Then, it seems that the following two applied advantages can be achieved
by organizing reports:

Standardization serves to maintain uniformity with documentation style and mini-
mize subjective variability in reporting.
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Moreover, the integration of XAl evidence mitigatesone of healthcare Al adoption
barrier: Health practitioners are more likely to have confidence in model predictions
if they can observe that the model concentrates on relevant anatomical regions such
as hemorrhages, exudates, and microaneurysms rather than irrelevant artifacts.

6.3 Inputs and Outputs of the Reporting Module

6.3.1 Inputs

The report generation module takes the following inputs from the trained grading
pipeline:

e Predicted DR grade g € {0,1,2,3,4}.

Confidence score p(3), obtained from the softmax output.

XAI heatmap(s) generated using Grad-CAM and/or attention visualization.

Quality tier indicator (Tier A-D), derived from image quality assessment.

Optional: top-k class probabilities, to capture uncertainty between neighbor-
ing grades.

Figure 6.1: XAI models comparison on Tier A
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Figure 6.2: XAI models comparison on Tier B

Figure 6.3: XAI models comparison on Tier C
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Figure 6.4: XAI models comparison on Tier D

6.3.2 Outputs

The module generates a structured textual summary containing:
e Patient screening outcome (predicted DR severity grade)
e Confidence estimate
e XAl-driven evidence statement (regions highlighted)
e Lesion-informed interpretation (rule-based inference)
e Follow-up recommendation (screening-oriented)

The output is formatted to resemble a short clinical screening report.

6.4 Report Generation Strategy

The batch generator is a rule-based natural language template system for translating
model outputs into texts. We chose this approach because it offers deterministic,
controllable report structure and avoids the supernatural dangers of fully genera-
tive language models. It also assures reproducibility and standardization between
patients.

There are four steps in the reporting logic

Step 1: Severity Interpretation

e The expected grade is equivalent to a clinical severity label: 0 is No DR, 1 is
Mild NPDR, 2 is Moderate NPDR, Severe NPDR, Proliferative DR.
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Step 2: Confidence Categorization

e Confidence score values are also mapped to qualitative terms.

e p > 0.85 — High confidence.

0.65 < p < 0.85 — Moderate confidence level.

p < 0.65 implies low confidence.

This enhances the physician’s understanding and identifies questionable cases
for manual review.

Step 3: XAI Evidence Extraction

e Those retinal locations are analyzed in the XAI heatmaps to understand which
regions of the retina informed the decision. Evidence statements include:

e highlighted the center macular area.
e optic disc/peripapillary focus.

e Diffuse peripheral activation.

e vessel arcade-related focus.

e Avoid the classic problem of fancy filtering looking for disorders: we are not
to assure that you’ll be given direct lesion segmentation, but it works with
activation focus and site of clinical interest.

Step 4: Synthesis of recommendations.

e A grade-based screening recommendation is included.
e Grade 0-1: regular follow-up screening.
e Grade 2: close / watching and likely referral according to the rules.

e Grades 3-4: recommended immediate referral because of the risk to vision.

6.5 Role of XAI in Report Generation
There are two objectives fulfilling the Explainable Al in this module:

e Justification of Evidence: Heatmaps provide visual evidence for expected
grades.

e Context: The narrative support for the evidence regions is provided within
the report as short summaries.
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For better reliability the report module has quality-tier awareness. As XAl study
demonstrated that robustness of explanation is reduced as image quality decreases,
the module flags low-quality cases:

The cognate retrieval is lower with a decrement of 0.4727 from Tier A to Tier D.
There’s a reduction of 0.3533 in the attribution entropy between Tier A and D. For
images of Tier C/D, the study cautions against potential deterioration of prediction
and explanation reliabilities due to the image quality. ”Manual verification is rec-
ommended.” This ensures that interpretability is appropriately leveraged and aligns
with the focus of the thesis on quality-aware screening.

6.6 Illustrated Example Report Template

Following structure is constructed by the above module:

DR Screening Summary Report.
Predicted grade: Class 3, Severe NPDR.
Confidence is high (0.91).

Visual Evidence (XAI): The activation was concentrated around vascular ar-
cades and the mid-peripheral retina; highlighted areas are haemorrhagic /exudative
patterns.

Predictive features of full lesions are predicted by the model, which is typical
for advanced NPDR.

Recommendations: Urgent referral for ophthalmology review is indicated.

This pattern also illustrates how the module enlists both classification and
interpretability to provide a clinically useful summary.
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DIABETIC RETINOPATHY — AI-ASSISTED SCREENING

Tier: Tier A (Excellent)

1) Predicted Diagnosis
* Predicted Grade: Class 3 (Severe NPDR)
+ Confidence: High (89%)

Visual Evidence (XAI-highlighted regions)
* Vascular arcades
+ Mid-peripheral retina

Lesion Patterns
* Hemorrhages
* Hard exudates

Clinical Interpretation

The ConvNeXt model detected extensive retinal wascular changes consistent
with Severe Non-Proliferative Diabetic Retinopathy. Multiple hemorrhages
and exudates indicate significant microvascular damage.

Recommendation

URGENT REFERRAL (2-4 weeks)

Action: Refer to ophthalmology for:
* Comprehensive dilated examination
* Consider fluorescein angiography

Figure 6.5: Report Template Of Tier A

DIABETIC RETINOPATHY — AI-ASSISTED SCREENING REPORT

Tier: Tier B (Good)

1) Predicted Diagnosis
* Predicted Grade: Class 2 (Moderate NPDR)
» Confidence: Moderate (76%)

Visual Evidence (XAI-highlighted regions)
* Macular region
* Superior arcade

Lesion Patterns
* Microaneurysms
* Mild hemorrhages

Clinical Interpretation
The ConvNeXt model detected retinal changes consistent with Moderate Non-
Proliferative DR. Close monitoring and follow-up recommended to prevent

progression.

Recommendation
Close monitoring, consider referral
Action: Schedule follow-up screening in 6-12 months

Figure 6.6: Report Template Of Tier B
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DIABETIC RETINOPATHY — AI-ASSISTED SCREENING REPORT

Tier: Tier C (Acceptable)

1) Predicted Diagnosis
e Predicted Grade: Class 4 (Proliferative DR)
* Confidence: High (87%)

Visual Evidence (XAI-highlighted regions)
* Optic disc
* Peripheral retina

Lesion Patterns
* Neovascularization
* Vitreous hemorrhage

Clinical Interpretation

The ConvNeXt model detected neovascularization patterns consistent with
Proliferative Diabetic Retinopathy. Urgent ophthalmology consultation
recommended for laser photocoagulation assessment.

Recommendation

A IMMEDIATE REFERRAL (within 1 week)

Action: Refer to ophthalmology for:
* Comprehensive dilated examination
* Consider fluorescein angiography

Figure 6.7: Report Template Of Tier C
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DIABETIC RETINOPATHY

Tier: Tier D (Poor - Flagged)

1) Predicted Diagnosis
e Predicted Grade: Class 2 (Moderate NPDR)
« Confidence: Low (52%)

2) visual Evidence (XAI-highlighted regions)
« Diffuse activation

3) Lesion Patterns
+ Uncertain due to image quality

4) Clinical Interpretation
The ConvNeXt model detected retinal changes consistent with Moderate Non-
Proliferative DR. Close monitoring and follow-up recommended to prevent
progression.

Recommendation

MANUAL REVIEW REQUIRED - Retake recommended

A Low confidence prediction due to poor image quality
Recommended: Retake fundus photo under better conditions

Figure 6.8: Report Template Of Tier D

6.7 Shortcomings of the Reporting Module

Despite the module enhancing readability /documentation, however, there are
a few downsides:

Reports have been generated from rule-based templates without harnessing
true free-text clinical reasoning.

XAI heatmaps yield attention-based evidence, yet they may not offer causal
lesion localization.

No clinical user research was performed to evaluate usability, readability or
integrating that into real-world workflow.

This module also takes only fundus photos and introduces no patient informa-
tion (HbAlc, duration of diabetes) that may influence any clinical decision.

Despite these constraints, the module demonstrates that structured summary
reports can be generated from the output of a deep learning algorithm and
this is an important milestone for clinically useful DR screening Al.

6.8 Excluded Explainable AT Methods: Rationale

and Limitation

While multiple explainable AT (XAI) techniques exist for interpreting deep learning
predictions in medical imaging, not all methods are equally suited to retinal fundus
analysis and clinical deployment. This section discusses two widely adopted XAI
approaches—LIME (Local Interpretable Model-Agnostic Explanations) and SHAP
(SHapley Additive exPlanations)—that were considered but ultimately excluded
from this work due to practical and clinical limitations.
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6.8.1 LIME (Local Interpretable Model-Agnostic Explana-
tions)

LIME is a model-agnostic explainability technique that interprets individual pre-
dictions by locally approximating the model’s decision boundary using simplified
surrogate models. The method operates by perturbing segments of the input image
(typically superpixels) and observing the resulting changes in the model’s output
probability distribution.

Rationale for Exclusion Despite its widespread adoption in explainable AT re-
search, LIME was not implemented in this thesis due to the following limitations in
the context of diabetic retinopathy (DR) grading:

e Coarse Spatial Resolution and Lesion Misalignment: LIME relies on
superpixel segmentation which often fails to align with fine-grained retinal
lesions such as microaneurysms, hemorrhages, and exudates. This results in
coarse explanations that highlight clinically irrelevant regions.

e Instability and Non-Reproducibility: LIME explanations are stochastic
due to random perturbation sampling. Repeated runs on the same image yield
different explanations, which is problematic for medical applications requiring
reproducibility.

¢ Computational Overhead: LIME requires 500-1000 model evaluations per
explanation, resulting in 10-30 seconds inference time per image, which is
impractical for large-scale screening.

e Limited Anatomical Interpretability: LIME produces abstract superpixel
importance scores rather than anatomical region labels, reducing clinical util-

ity.

LIME was excluded in favor of Grad-CAM, which provides stable, class-specific,
spatially coherent explanations aligned with clinical interpretation.

6.8.2 SHAP (SHapley Additive exPlanations)

SHAP is a model-agnostic explainability framework grounded in cooperative game
theory. It assigns importance values to input features by estimating their contribu-
tion through Shapley value approximations.

Rationale for Exclusion Although SHAP offers strong theoretical guarantees, it
was not utilized due to practical limitations:

e Computational Complexity: Even approximate SHAP variants require
hundreds of model evaluations, resulting in 20-60 seconds per image—prohibitive
for screening workflows.

e Diffuse Explanations: SHAP produces pixel-level importance maps that
lack spatial coherence, making it difficult to identify specific lesion evidence.
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¢ Limited Compatibility: Extending SHAP to hybrid attention-based models
introduces complexity, as attention mechanisms don’t decompose into additive
contributions.

e Limited Clinical Validation: Few studies demonstrate SHAP’s clinical util-
ity for fundus image interpretation compared to gradient-based methods.

SHAP was excluded in favor of Grad-CAM, Integrated Gradients, and Occlusion
Sensitivity, which provide efficient, spatially localized, anatomically interpretable
explanations.
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Chapter 7

Summary of Findings,
Contributions and Future Work

7.1 Summary of findings

This thesis developed and evaluated a quality-sensitive, explainable deep learning

model for five-class diabetic retinopathy grading using open source fundus data(corresponding
to the APTOS 2019 and DR Dataset). The approach was designed to tackle three
obstacles toward clinical adoption of DR Al: class imbalance, heterogeneous image

quality and lack of interpretability.

A lesson learning pipeline was used on Five state of the art architectures. Re-
sults from the experiments demonstrate that hybrid convolution-attention architec-
tures are superior to classical ordinal grading. CoAtNet achieves the best overall
agreement with ground-truth (QWK = 0.902), closely followed by Hybrid CoAtNet-
ConvNeXt architecture(QWK = 0.8944). ConvNeXt also did well (QWK = 0.8607),
while Vision Mamba showed rather moderate agreement (Qwk = 0.6983). MaxViT
performed badly in the current experiment (QWK = 0.1111), suggesting more or
less a lack of suitability without extra tuning.

In addition to the predictive performance, lesion-level visual explanations were ob-
tained by explainable AI algorithms employed here in the thesis. Our quality-tier
robustness analysis identified that model reliability and interpretability degraded
with worse picture quality, where accuracy decreased by 0.4727 and attribution en-
tropy declined by 0.3533 from A to D, respectively; such observations underscore
the importance of quality-aware screening pipelines and careful interpretation of Al
predictions under suboptimal imaging conditions.

Ultimately a proof-of-concept report generation module was developed to translate
model predictions and XAl evidence into structured screening-style diagnostic sum-
maries, increasing transparency and relevance to the workflow.

7.2 Contributions in the Field

This thesis contributes to DR screening research in several aspects:

93



Merged, curated dataset formulation

By integrating APTOS 2019 and DR Dataset together, the unified DR dataset
is greatly enlarged in scale and variety at the same time makes it systematically
possible to investigate into imbalance and quality variation.

Unified benchmarking for modern architectures

Five state-of-the-art vision architectures were trained with the same pipeline
settings and compared for five-class DR grading.

High-performance hybrid model design

A gated-fusion Hybrid ConvNeXt-CoAtNet network was adopted to incor-
porate lesion-level feature extraction and global context reasoning, attaining
excellent ordinal agreement.

Interpretability and quality-tier assessment

XAI representations were tested at different image qualities and quantitatively
examined to show types of degradation that informs the responsible use.

Explainability-driven reporting prototype

A structured reporting system was developed to translate model outputs into
clinician-friendly reports, promoting transparency and utility of the screening
process.

7.3 Advice for Future Work

While the proposed system is high-performing and interpretable, many research
avenues are open to further improve:

External validation of clinical datasets.

In the future, we need to evaluate the trained models using hospital-grade
datasets from multiple populations and acquisition devices to verify our model
generalization.

Assessment with clinician in the loop.

User studies with ophthalmologists should assess the utility, interpretability,
and credibility of XAI heatmaps and automated reports.

Advanced quality modeling.

Image quality estimation could be directly incorporated into training as an
auxiliary task, helping models cope with low-quality inputs in a flexible man-
ner.

Lesion-specific segmentation supervision

Integration of lesion-level annotations may help interpretability and enable
true lesion localization over heatmap-based attention evidence.
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e Deployment-oriented optimization

e Light-weight formulations of the best performing architectures could even be
developed for mobile or edge deployment in low-resource screening setups.
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Chapter 8

Conclusion

In summary, in this thesis, to answer an urgent demand in scalable DR screen-
ing, we developed a quality-aware interpretable and high-performing deep learning
system for five-class-severity grading DR from retinal fundus images. The work
established a practical experimental base for the benchmark of real-world screen-
ing performance, by integrating public competition datasets (APTOS 2019 and DR
Dataset) and investigating class imbalance and image-quality difference in sophis-
ticated manners. A common unified training and testing pipeline was employed
to benchmark 5 recent architectures, and among them CoAtNet yielded the best
ordinal agreement (QWK = 0.902) closely followed by Hybrid CoAtNet-ConvNeXt
model (QWK= 0.8944). Notably, interpretability was considered to be a system
requirement rather than a stretch goal; XAl-based lesion-level visualizations were
embedded into the system to highlight clinically relevant retinal image areas affect-
ing predictions and thus enhance transparency and trust by clinical users. Reliability
of predictions and behavior of explanations also could be affected by image qual-
ity, as shown in robustness analysis where the averaged reliability dropped 0.4727
while the averaged entropy was lowered by 0.3533 from tier A to D (high- and low-
quality images). Last, the proposed architecture was complemented by a prototype
automatic report-generation module that outputs predicted grades and visual evi-
dence as organised diagnostic summaries in order to enhance workflow suitability
and document uniformity. In conclusion, the thesis introduces a complete pipeline
that balances accuracy, robustness and transparency of such systems for practical
Al-assisted DR screening in clinical practice, especially in high through-put settings
with limited resources.
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