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Abstract

This thesis presents research work conducted in the field of retinal image analysis. More specifi-
cally, the work is directed at the employment of deep learning (DL) based image informatics
for the analysis of diverse real world phenomena where features of interest are very difficult
to distinguish. The evaluation of idiopathic full-thickness macular holes (MHs) holds critical
clinical importance as MHs represent one of the strongest predictors of surgical success, influ-
encing both anatomical closure and functional visual recovery — a key motivation for developing
robust deep learning frameworks to quantify their characteristics and predict postoperative out-
comes. In this context, three distinct parts to retinal image analysis are proposed. The first
part addresses critical research questions on the quantitative assessment of MH, the role of DL
in postoperative visual acuity (VA) prediction, the integration of automated optical coherence
tomography (OCT) analysis for clinical decision-making, and the potential of DL models to
improve diagnostic accuracy and support clinical practices. Hence, this part presents a compre-
hensive image informatics framework to create a high-quality spectral-domain OCT (SD-OCT)
image dataset, providing a robust DL-based predictive model of VA in patients following surgery
with MH and presenting an automated solution for non-standardised SD-OCT datasets. The
imaging data undergoes preprocessing, quality assurance, and anomaly detection procedures.
Seven state-of-the-art DL predictive models are then designed, implemented, trained, and tested
with multiple two-dimensional (2D) input channels on the SD-OCT dataset. The models are
quantitatively compared using four evaluation metrics. The method concludes the impact of
the following surgery by predicting VA. Overall, the obtained results confirm that the fully
automated approach with input from seven central SD-OCT images from each patient may
robustly predict VA measurements using a high-quality SD-OCT image dataset. Following
this, three-dimensional (3D) convolutional neural networks are integrated to train the model.
3D networks generally outperformed the 2D networks in some evaluation metrics; however,
it came with the sacrifice of significantly more computational complexity. The second part
identifies key research questions related to common sources of uncertainty in OCT images and
proposes an effective method for representing and quantifying this uncertainty in DL-based
predictive models. Furthermore, the study compares the proposed UQ method with existing
approaches. In this context, the study highlights the significance of uncertainty, especially in
dealing with the SD-OCT images. Predicting postoperative VA through DL models is crucial for
decision-making and patient advisement, though their black-box behaviour is opaque to users
and uncertainty associated with their predictions is not typically stated, leading to a lack of
trust among clinicians and patients. To meet this need, an uncertainty-aware regression model
is introduced for predicting postoperative VA using 3D SD-OCT images. The model not only



predicts VA post-surgery but also quantifies the associated uncertainty, enhancing reliability and
trustworthiness. Qualitative evaluation shows that the proposed model outperforms commonly
used methods in terms of prediction accuracy and reliability, demonstrating robust performance
on out-of-sample data, including low-quality images and previously unseen instances. This
makes the model a promising tool for clinical settings, improving the reliability of DL models
in predicting VA. The third is the segmentation of the retinal external limiting membrane layer,
where any disruptions in this layer are associated with worse visual outcomes in patients with
idiopathic full-thickness MHs. Precise image-wise binary annotations are used to segment the
retinal external limiting membrane (ELM) layer. Finally, qualitative and quantitative results
are systematically compared with seven state-of-the-art DL-based segmentation methods to
identify the ELM layer with an automated system. Additionally, it examines the feasibility of
integrating automated ELM layer segmentation into clinical workflows while incorporating the
latest advancements in DL-based ELM detection. The results confirm the efficacy of DL in
retinal image analysis, providing a foundation for future enhancements in clinical applications.
Future work will explore enhancing the models’ performance and efficiency, and extending the
approach to other retinal conditions.

Keywords: Image Analysis, Machine Learning, Deep Learning, Visual Acuity Measurement,

Optical Coherence Tomography
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2 Introduction

1.1 Introduction

Retinal imaging and retinal image analysis are pivotal in modern ophthalmology. These high-
resolution imaging techniques allow for a detailed examination of the retina, which is instrumental
in detecting and monitoring various eye conditions [62]. Examining these images presents a
significant challenge for ophthalmologists, as it necessitates the precise interpretation of intricate
retinal structures and subtle pathological changes (see Fig. 1.1).

The advancement in automated image analysis algorithms supports ophthalmologists in
efficiently processing and interpreting the vast amounts of retinal imaging data generated,
enhancing diagnostic accuracy and patient care. However, until the early 2000s, computer-
assisted retinal imaging did not attract sufficient scientific attention to identify eye diseases
accurately [119]. Despite the recent momentum gained by automated image analysis algorithms
in improving the early detection and diagnosis of retinal diseases, significant research challenges
remain.

This thesis aims to substantially impact this growing field by exploring state-of-the-art
predictive modelling using image informatics, deep learning (DL), and uncertainty quantification
(UQ). The potential benefits and excitement of this research are palpable.

This chapter will introduce the technology that enables the acquisition of three-dimensional
(3D) retinal imagery, the importance of image analysis for clinical applications, an overview of
computer-aided diagnosis (CAD) systems, including classical, machine learning, and DL-based
image informatics techniques, and the UQ in retinal imaging analysis. It will also outline the

research contributions and structure of this thesis.
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Fig. 1.1 The human eye. A cutaway view of the eye (left) demonstrates retina, fovea, optic nerve,
lens, pupil, cornea, iris, and choroid. A cross section through the fovea (top right) indicates
neural retina, retina pigmented epithelium, choroicapillaris and choroidal vessel. The enlarged
cross section (bottom right) shows retinal layers [37, 38].
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1.1.1 Retinal Imaging and Analysis

The anatomy of the human eye is presented in Fig. 1.1, illustrating a cross-sectional view of the
human eye with various ocular structures. The human eye operates sequentially: Light enters
through the cornea and pupil to reach the lens, which is surrounded by the iris. Subsequently, the
lens focuses the light onto the retina at the back of the eye. The retina then converts the captured
light into signals transmitted to the brain via the optic nerve. Given the critical role of the retina
in vision, it is crucial to monitor its health and detect any abnormalities early on. Changes in the
retinal structure can indicate various eye conditions that may lead to severe vision impairment or

blindness if left untreated.
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Fig. 1.2 Schematic diagram of spectral-domain optical coherence tomography system, based on
a Michelson interferometer [161].

To meet this need, retinal imaging techniques have been developed to effectively capture the
morphology of the retina and to model its changes over time. Fundus photography (FP), Optical
coherence tomography (OCT) [67], and Fluorescein angiography (FA) are retinal imaging tech-
niques that are widely used to identify any potential issues that may affect sight. Notably, OCT
has revolutionised retinal imaging by providing non-invasive cross-sectional two-dimensional
(2D) and 3D views of the retina and has proven effective in detecting and monitoring a variety
of retinal diseases [62]. OCT resolution has advanced from 10 um to 200 pum, and imaging
speed has increased, reflecting the transition from time-domain OCT to spectral-domain OCT
(SD-OCT). A typical SD-OCT schematic is shown in Fig. 1.2. The schematic illustrates key
SD-OCT components (reference arm, sample arm, detector, light source). The light coming

from source is split by a beam splitter into two paths; the reference mirror and sample-reflected
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back and combined at the detector array. Interference occurs when the light travel times match,
allowing measurement of depth within the retina. The horizontal SD-OCT image of a normal

fovea illustrates retinal layers (Fig. 1.3).
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Fig. 1.3 Spectral-domain optical coherence tomography illustration of the various layers of
retina [161]. Retina layers from inside are internal limiting membrane, nerve fiber layer, ganglion-
cell layer, inner plexiform layer, inner nuclear layer, outer plexiform layer, outer nuclear layer,
external limiting membranem, inner and outer segments and retina pigmented epithelium.

Image processing has played a crucial role in retinal imaging. It has been instrumental in
analysing retinal layers and diagnosing retinal conditions over the past 15 years [4, 166]. Image
processing is, therefore, of particular interest to ophthalmologists. In this way, ophthalmologists
utilise a broad range of imaging-based techniques using SD-OCT scans to qualitatively and
quantitatively characterise and monitor many retinal diseases, including diabetic retinopathy
(DR), central serous chorioretinopathy, vitreomacular interface syndrome, age-related macular
degeneration (AMD), diabetic macular edema (DMO), and idiopathic full-thickness macular
holes (MH) [33, 117, 138]. Given the importance of accurate retinal imaging and analysis, this
thesis focuses explicitly on MHs, a significant retinal condition that can cause severe vision loss
(see Fig. 1.4).

MHs are a common vitreoretinal interface abnormality that affects approximately 1 in 200
people aged 60 years or older and can result in significant visual deterioration [6, 111]. MHs are
small, typically 400 um defects in the neurosensory retina at the centre of the fovea, which can
be related to diabetes or ageing [144, 149]. Retinal imaging allows ophthalmologists to diagnose,
measure and analyse MHs using SD-OCTs [33]. Surgery is the primary treatment for MHs, with
pars plana vitrectomy and intraocular gas tamponade being the current gold standard intervention,
which achieves successful postoperative MH closure in more than 90% of cases [107, 147]. After
successful hole closure, visual acuity (VA) usually improves by a mean of three lines of vision.
However, the final VA achieved can be variable, with, for instance, only 35-40% achieving a
United Kingdom (UK) driving level of vision after otherwise successful surgery [73, 147] (see
Figs. 1.5). This thesis initially seeks to evaluate the VA using preoperative SD-OCT images to
ascertain if the potential benefits of surgical intervention outweigh the associated risks.

Anatomical and visual outcomes of MH closure surgery have recently improved with retinal
imaging and analysis using SD-OCT devices. SD-OCT devices easily reveal distinct hyper-
reflective layers corresponding to the external limiting membrane (ELM), the inner segments (IS),
the outer segments (OS), and the retinal pigment epithelium (RPE) as seen in Fig. 1.3. The IS-OS
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Fig. 1.4 A 2D fundus view of the eye (a), and coronal (b), sagittal (c), and axial (d) slice of the
spectral-domain optical coherence tomography image showing a macular hole. The green box
and arrow on the fundus view indicate the corresponding locations of 2D slice. OCT resolution
is 200 um.

Macular Hole
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Fig. 1.5 A preoperative 2D slice of a 3D SD-OCT image of a patient’s eye with an idiopathic
full-thickness macular hole and VA of 42 ETDRS letters (a), and the postoperative 2D slice of a
3D SD-OCT image after successful surgery with closure of the hole, restoration of the foveal
depression and a VA of 71 ETDRS letters (b). The green box and arrow on the fundus view
indicate the corresponding locations of 2D slice. OCT resolution is 200 pm.
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junction hyper-reflective layer appears to coincide with the isthmus between the inner and outer
segments of the photoreceptors [97]. The studies have noted a substantial correlation between
the visual outcomes of MH closure surgery and the postoperative condition of the IS-OS junction
layer, with disruptions in this layer being associated with poorer visual outcomes [97, 123].
Additionally, the ELM is another hyper-reflective layer in the outer retina, appearing just above
the IS-OS junction layer. Recent studies have demonstrated that after retinal detachment (RD)
repair, the combined disruptions of the ELM and IS-OS layers cause worse visual outcomes than
eyes with isolated IS-OS layer disruptions [97, 123]. For these reasons, preoperative analysis of
the ELM layer is crucial for assisting in MH closure surgery. The accurate identification of the
ELM layer plays a key role in correct intervention, potentially improving VA following surgery.
This thesis will also examine the analysis of the ELM layer (see Fig.1.6).

Macular Hole

ELM Layer

Fig. 1.6 Spectral-domain optical coherence tomography central slice through the macula demon-
strating an idiopathic full-thickness macular hole. The external limiting membrane is clearly
labelled.

1.1.2 Traditional Methods for Retinal Image Analysis

Retinal image analysis was traditionally performed using classical image processing and machine
learning techniques, valued for their interpretability, lower data requirements, and applicability in
low-resource environments. Classical image processing methods were applied to enhance image
quality, reduce noise through techniques like histogram equalization, Gaussian filtering, and
median filtering, and to perform tasks such as segmentation and detection of relevant structures
using mathematical morphology.

Matsui et al. [110] were among the first to propose a method for segmenting retinal blood
vessels in 2D color fundus photographs using mathematical morphology. Similarly, other studies
employed techniques such as the top-hat transform to detect pathological lesions associated
with DR and AMD [78, 166]. Building on these early approaches, subsequent research intro-
duced more sophisticated methods for vessel segmentation and lesion detection. Leandro et
al. [98] combined mathematical morphology and wavelet transforms, employing top-hat filtering,
Laplacian of Gaussian edge detection, and frequency-based noise suppression to improve vessel

visibility. Budai et al. [24] used a multi-resolution Gaussian pyramid with Hessian-based analysis



1.1 Introduction 7

to segment vessels of varying diameters, while Martinez-Perez et al. [109] proposed a multiscale
Gaussian convolution method to isolate vessels at different scales. Despite these advances,
classical fundus analysis methods often lacked robustness to illumination changes, artefacts, and
anatomical variability, limiting their real-world performance.

As imaging technology evolved, the introduction of OCT fundamentally expanded the retinal
image analysis from 2D color fundus images to 3D volumetric cross-sections, leading to more
advanced spatial and volumetric analysis. Classical image processing techniques were adapted
to handle the increased complexity of 3D volumetric data. Early approaches for retinal layer
segmentation used edge detection, active contours, or graph-based shortest path algorithms to
delineate intraretinal boundaries [36, 54]. Cabrera Ferndndez et al. [25] developed a method
based on deformable models and statistical priors to segment fluid-filled regions and retinal layers
in OCT images. Similarly, Baroni et al. [21] introduced dynamic programming for boundary
detection. Structural abnormalities such as fluid accumulations or MH were also targeted
using region growing, voxel intensity modeling, and morphological filtering [101, 165]. These
handcrafted pipelines enabled interpretable analysis but often struggled with generalizability,
sensitivity to image noise, and variability in anatomical presentation.

Traditional machine learning techniques were widely employed to enhance retinal image
analysis by combining handcrafted feature extraction with statistical classification methods. In
2D fundus photography, features such as color histograms, texture descriptors (e.g., Local Binary
Patterns), and morphological characteristics were commonly extracted to facilitate tasks including
microaneurysm detection, drusen classification, and optic disc localization. These features
were subsequently fed into classifiers (support vector machines (SVMs), k-nearest neighbors
(k-NN), random forests, and decision trees) to distinguish between normal and pathological
patterns [2, 120]. Following these studies, traditional machine learning methods were also
applied to OCT images to classify macular diseases and detect fluid accumulations by leveraging
volumetric intensity profiles, layer thickness measurements, and reflectivity-based features. For
example, Venhuizen et al. [165] used a random forest model to detect intraretinal and subretinal
fluid, while Srinivasan et al. [145] applied SVMs to differentiate between diabetic macular
edema, AMD, and normal retinas. Similarly, Mujat et al. [116] used SVMs for segmentation
and thickness mapping of retinal layers, and Draelos et al. [45] utilized logistic regression on
extracted OCT features to detect retinal fluid in patients with exudative AMD. Although these
models improved diagnostic accuracy and interpretability, they often required extensive feature

engineering and remained sensitive to image quality and inter-patient variability.

1.1.3 Deep Learning Applications for Retinal Image Analysis

With the recent advancement in DL techniques applied to medical image processing prob-
lems, retinal image analysis has become increasingly influential and an indispensable area of
research [13]. Early retinal image analysis relied on manual segmentation, which was labour-
intensive and required significant expertise [119]. In contrast, computer-aided detection is
cost-effective, objective, and feasible without needing highly trained ophthalmologists. Screen-

ing systems developed through these techniques enable early detection, diagnosis, and real-time
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classification of retinal diseases [13, 117, 118]. However, these traditional methods used manual
image feature descriptors, requiring domain knowledge, manual parameter tuning, and often
lacking generalisation. Recent advancements in DL have transformed retinal image analysis by
enabling automatic and generalised feature extractions from raw image data [13].

DL has significantly advanced retinal image analysis, providing powerful tools for various
tasks aimed at diagnosing and classifying diseases (DR, AMD, glaucoma, and MH) [3, 59, 128],
segmenting optic discs, retinal vessels, choroidal and retinal layers [114, 127, 136, 168], and
monitoring disease progression (treatment efficacy) [94, 122, 176]. The essential DL technique
leveraged in these tasks is the convolutional neural networks (CNNs), specifically designed for
processing grid-like data such as images.

CNNSs can accurately diagnose several retinal conditions. CNNs consistently demonstrate
physician-level classifying and grading from SD-OCT images, which have been approved by the
United States (US) Food and Drug (FDA) cleared system [3]. A study also used eyes containing
patient records that CNNs may recognise [128]. Remarkably, it showed that CNNs could classify
cardiovascular and diabetic risk factors from fundus images with patient records, including age,
gender, smoking, haemoglobin level, body-mass index, systolic blood pressure, and diastolic
blood pressure.

Besides, several different architectures of CNNs have been used for segmentation of retinal
layers, retinal vessels, macular edema, and macular hole using SD-OCT images, including
FCNN [108], U-Net [133], SegNet [14], and DeepLabV [27]. Additionally, the segmentation
analysis of retinal layers was further extended to more severe retinal diseases, and the features
from fundus and SD-OCT have been combined in multimodal DL, which is closer to one of the
chapters in this thesis [114, 127, 136, 168].

Similarly, recent state-of-the-art DL architectures can predict the progression of retinal
diseases, including DME, AMD, glaucoma, and MHs. More specifically, the study presented
that in patients diagnosed with exudative wet AMD (exAMD) in one eye, CNNs perform better
than five out of six experts in predicting progression to exAMD in the second eye [176]. Other
studies also observed visual improvement after MH surgery using DL and clinical features,
which is closer to one of the chapters in this thesis [94, 122]. One study predicted whether the
VA improvement would be greater than or less than 15 letters using Early Treatment Diabetic
Retinopathy Study (ETDRS) vision charts, while another study categorised outcomes into four
groups. However, no study has considered predicting the exact number of letters that can be read
on the ETDRS charts following surgery.

1.1.4 Uncertainty Quantifications

While state-of-the-art DL architectures have shown outstanding performances in retinal image
analysis, more attention should be paid to uncertainty estimation/quantification in model outputs.
UQ helps determine which cases need further inspection by ophthalmologists by providing a
confidence evaluation [13]. This is particularly important in retinal disease diagnosis, classifica-
tion, prediction, and segmentation, where clinical decisions may cause significant patient visual

deterioration.
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Despite the high performance of DL techniques, a study presented that doctors using DL
make more errors in cases where the DL prediction is incorrect [81]. This indicates that the
probabilistic outputs from DL models do not accurately reflect the true probability that their
predictions are correct. Providing the uncertainty estimation/quantification of the DL techniques
could help reduce errors in such settings [12]. However, this would only be effective if the
UQ is well-calibrated, which means the uncertainty needs to be higher when more errors are
made. In this way, Orlando et al. [125] proposed a Bayesian DL-based model to observe
model uncertainty when segmenting a retinal layer. Similarly, Sedai et al. [139] introduced a
Bayesian DL-based model for retinal layer segmentation, which also captured the model and data
uncertainty. Another study presented a novel DL model for DR grading, providing UQs with
each prediction [11]. Additionally, as collecting a dataset that covers all retinal abnormalities is
practically impossible, the study developed an uncertainty-inspired open-set DL model capable of
accurately classifying known retinal diseases while also identifying out-of-distribution samples
without requiring further labelled data [167].

This thesis only considers commonly used UQ methods and our proposed method. The first
is dropout sampling, proposed by Gal and Ghahramani [53], performing multiple predictions
on the same input image during inference. Next are model ensembles, which provide multiple
predictions for each input by training many DL models independently [95]. Lastly, we describe
and perform an uncertainty-aware regression model (U-ARM), presenting prediction and its
associated uncertainty with single-run implementation. The following section continues with the

motivation of this work. It explains the main problems that are addressed by this thesis.

1.1.5 Summary

Retinal imaging has undergone significant advancements, particularly with the development
of modalities like SD-OCT and automated analysis techniques. Classical image processing
methods were instrumental in enhancing image quality and detecting structural features, but they
were often limited in their robustness to variations in illumination, anatomical differences, and
image artefacts. These limitations hindered their scalability and general application in clinical
environments, particularly when deployed across diverse patient populations with varying
imaging conditions.

In recent years, the rise of ML and, more prominently, DL has shifted the field towards
more data-driven models capable of learning complex, rich image representations. DL-based
methods have demonstrated state-of-the-art performance in several tasks, including disease
classification, retinal layer segmentation, and disease progression prediction. However, while
these advancements have had a significant impact on some retinal diseases, they have not been
uniformly applied across all retinal conditions. Much of the focus of current DL research has
been on more prevalent diseases, such as DR and AMD, while conditions like MH, which can
lead to substantial vision loss, remain underrepresented. This underrepresentation of MH in DL
applications is a notable gap in the current landscape of retinal image analysis.

Furthermore, while significant strides have been made in disease classification and segmenta-

tion, there is a notable gap in the prediction of postoperative VA, particularly after MH surgery.
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Current models typically focus on binary classifications or coarse outcome categories, but fail to
provide fine-grained predictions that are clinically meaningful. Specifically, models that predict
continuous VA scores, such as those measured in exact ETDRS letters, are still underexplored.
This is a critical shortcoming because, in clinical practice, exact visual acuity measurements are
necessary to assess treatment efficacy and guide surgical decision-making accurately. In this
regard, more advanced predictive models that estimate precise functional outcomes, based on
comprehensive features from SD-OCT images, are needed.

Another significant gap in current research is the insufficient integration of anatomical
features, particularly the ELM layer, in predictive models. The ELM is an important anatomical
marker for postoperative visual recovery, as it reflects the integrity of photoreceptors that are
critical for visual function. Despite its relevance, few models explicitly incorporate the ELM
in their analysis pipelines, and even fewer consider its role in predicting functional recovery
following MH surgery. A deeper integration of such anatomically relevant features would
improve the predictive accuracy and clinical relevance of DL models.

Moreover, one of the most critical shortcomings in the field is the limited and often poorly
calibrated incorporation of UQ in deep learning models. While recent advances in Bayesian
deep learning and ensemble-based methods have introduced ways to estimate uncertainty, these
approaches have not been adequately explored in the context of continuous outcome prediction,
such as postoperative VA. In clinical settings, the confidence in a prediction is just as important as
the prediction itself. For instance, accurately quantifying the uncertainty around VA improvement
post-surgery can significantly impact clinical decision-making. Furthermore, few models provide
mechanisms to effectively identify ambiguous or uncertain cases that may require additional
review or more detailed clinical investigation. The lack of reliable uncertainty estimation prevents
these models from being fully trustworthy and actionable in clinical practice.

In summary, while retinal image analysis has made considerable progress, current research
still exhibits critical gaps: (1) the underrepresentation of complex retinal conditions, such as
macular holes, in deep learning applications; (2) the lack of fine-grained, continuous predictive
models for functional outcomes, such as exact ETDRS letter scores; (3) insufficient incorporation
of anatomically relevant features like the ELM layer, which is key to understanding postoperative
visual recovery; and (4) the underexplored use of well-calibrated uncertainty quantification in
predictive models. Addressing these gaps is essential for advancing the development of clinically
robust, interpretable Al systems that can significantly enhance decision-making in ophthalmology

and ultimately improve patient outcomes.

1.2 Motivation

The majority of image analysis approaches in the past have used privately owned datasets,
and there is currently no large publicly available benchmark dataset. Therefore, the most
appropriate image analysis methodology is unclear in retinal-related tasks. Moreover, the impact
of high variations in retinal image datasets requires an extensive imaging data assessment and
quality assurance procedure to have a robust of the DL model. In particular, the published
literature aiming to predict postoperative VA for patients with MHs is sparse and not sufficient
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performance since a fully automated image informatics approach is needed in retinal images
containing high variations. To address this gap, a robust, publicly available dataset and advanced
models are essential to achieve consistent and accurate predictions. Also, UQ methods have
not been thoroughly evaluated for VA prediction. The introduction of a thorough uncertainty
quantification framework would not only improve the accuracy of the models but also help in
assessing the reliability of predictions, which is crucial for clinical use. Similarly, ELM layer
segmentation lacks a detailed analysis of image and annotation quality, which is essential for
achieving precise ELM layer segmentation. Improving segmentation models and analyzing
image annotation reliability will be key to advancing automated diagnostic tools in retinal care.
Thus, there is a pressing need for more comprehensive studies that address these challenges and
propose solutions for practical implementation in clinical workflows. There have only been a
limited number of studies investigating these various tasks. To address the above challenges and

limitations, this PhD research is attempting to fulfil the following research questions (RQ):

1. How have idiopathic full-thickness macular holes (MHs) been quantitatively assessed in
the published literature, and what are the limitations of existing datasets?

2. How does the newly introduced 3D SD-OCT imaging benchmark dataset contribute to
advancing DL models for MH analysis?

3. How do different state-of-the-art DL models perform in predicting postoperative VA from

preoperative OCT images?

4. What relationships exist between preoperative OCT images, preoperative VA, and postop-

erative VA, and how can DL-based predictive models leverage these relationships?

5. How can an automated OCT image analysis framework for ophthalmologists be developed

using DL algorithms trained on preoperative OCT images and postoperative VA outcomes?

6. What preprocessing, image quality assessment, and anomaly detection techniques enhance
the robustness of DL-based OCT analysis?

7. What are the common sources of uncertainty in OCT images, and how can they be

effectively represented and quantified in DL-based predictive models?

8. How does the proposed UQ method compare with commonly used UQ approaches in

improving the reliability of 2D and 3D DL-based predictive models?

9. How do different state-of-the-art DL-based segmentation models perform in detecting the
ELM layer in OCT images?

10. How can automated ELM layer segmentation be integrated into clinical workflows, and

what are the latest advancements in DL-based ELM layer detection?
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1.3 Thesis Contributions
This PhD research adds to the literature by:

(A) We present a novel 3D SD-OCT imaging benchmark dataset for 210 patients with idiopathic
full-thickness MHs (10,339 2D slices).

(B) We propose a complete image informatics framework to generate a high-quality OCT
image dataset for use in a robust DL-based predictive model of VA in patients with
idiopathic full-thickness MHs. The framework involves image preprocessing, image

quality assessment, and anomaly detection.

(C) We compare quantitatively seven 2D state-of-the-art DL-based predictive models of both
preoperative and postoperative VA. To account for the 3D nature of the eye captured in 3D

SD-OCT imaging data, we used multiple image slices during the training phase.

(D) We compare quantitatively four 3D state-of-the-art DL-based predictive models of both

preoperative and postoperative VA using four evaluation metrics.

(E) We propose a novel method that present a quantitative evaluation of uncertainty in the 2D

and 3D DL-based predictive models on the dataset.
(F) We compare the proposed method and most commonly used UQ methods on the dataset.

(G) We perform an extensive experiments including seven 2D state-of-the-art DL-based image

segmentation models for the ELM layer using six evaluation metrics.

1.4 Thesis Structure

The motivation behind this work, the objectives of the thesis, and the contributions have been
described so far. This section provides an outline of the thesis, alongside a brief overview of

each chapter. The remainder of this thesis is structured as follows:

Chapter 1 presents the motivation for the work undertaken in this thesis, and highlights retinal
imaging, traditional and advanced retinal image analysis approaches, DL-based predictive
models, and UQ methods. The contributions and the peer-reviewed publications produced

as a result of work undertaken in fulfilment of this thesis are also presented.

Chapter 2 provides the description and analysis of the benchmark OCT imaging dataset used

in this study and existing datasets (Research questions 1 and 2 - Contribution (A)).

Chapter 3 outlines a comprehensive image informatics framework for predicting VA using
DL-based predictive models. The implementation of the DL models is examined in detail,
including model training, evaluation metrics, and hyperparameter tuning. In addition, the
comparison of 2D and 3D CNN models are presented (Research questions 3, 4, 5, and 6 -
Contributions (B), (C), and (D)).
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Chapter 4 describes a novel uncertainty-aware regression model, presenting the prediction of
VA and its associated uncertainty with single-run implementation (Research questions 7
and 8 - Contributions (E), and (F)).

Chapter S details the experimental design for segmenting ELM layer using state-of-the-art
DL-based image semantic segmentation models (Research questions 9 and 10 - Contribu-
tion (G)).

Chapter 6 explains how the proposed framework (Chapter 3), uncertainty of the models (Chap-

ter 4) and ELM segmentation (Chapter 5) are useful to understand overall MH assessment.

Chapter 7 provides a summary of the study findings. In addition, it summarises the thesis
contributions and highlights future works and recommendations for how the research
should proceed.

1.5 Publications

The following papers have been either submitted or published towards support of the research

conducted in this thesis:

[143] Singh, V. K., Kucukgoz, B., Murphy, D. C., Xiong, X., Steel, D. H., and Obara, B. (2022).
Benchmarking automated detection of the retinal external limiting membrane in a 3D
spectral domain optical coherence tomography image dataset of full thickness macular
holes. Computers in Biology and Medicine, 140:105070.

[89] Kucukgoz, B., Yapici, M. M., Steel, D. H., and Obara, B. (2023). Evaluation of 2D and
3D deep learning approaches for predicting visual acuity following surgery for idiopathic
full-thickness macular holes in spectral domain optical coherence tomography images. In
2023 International Symposium on Image and Signal Processing and Analysis, pages 1-6.

[88] Kucukgoz, B., Yapici, M. M., Murphy, D. C., Spowart, E., Steel, D. H., and Obara, B.
(2024). Deep learning using preoperative optical coherence tomography images to predict
visual acuity following surgery for idiopathic full-thickness macular holes. IEEE Access.

[90] Kucukgoz, B., Zou, K., Murphy, D. C., Steel, D. H.,Obara, B. and Fu, H.(2024). A
Clinician’s guide to predict postoperative visual acuity in patients with macular holes.
Computerized Medical Imaging and Graphics, Elsevier.
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16 Macular Hole Data Collection

In this chapter, we will detail the datasets used in the thesis and the data collection process.
The chapter will cover description of datasets, inclusion and exclusion criteria, and imaging
protocols and data characteristics. It will provide a comprehensive overview of the datasets and

data collection, forming the foundation for the subsequent analysis and evaluation in the thesis.

2.1 Data Collection

The proposed image informatics frameworks and DL models were designed, implemented and
evaluated on two sets of SD-OCT imaging datasets, all captured using the Heidelberg Spectralis
(Heidelberg, Germany) (Fig. 2.1a) using the same imaging protocol at Sunderland Eye Infirmary,
UK and Rigshospitalet, Copenhagen, Denmark (see full SD-OCT image with fundus region
Fig. 1.4 and without fundus region Fig. 1.4). Three different Spectralis cameras were used in the

UK centre and one in Denmark.

<< 4m >>

(a) Heidelberg Spectralis OCT imaging system cap-  (b) Visual acuity assessment using ETDRS chart at
turing retinal scans. 4 meters.

Fig. 2.1 Clinical assessment components: (a) OCT image acquisition procedure and (b) visual
acuity measurement protocol used in the study. Both examinations were performed by trained
clinicians following standardized operating procedures.

All machines were of the same model and manufacturer, but minor differences in calibration,
operator technique, and local image acquisition conditions may exist, as is typical in real-
world clinical environments. Operator involvement in SD-OCT acquisition—such as patient
positioning, scan alignment, focus adjustments, and quality control—can introduce subtle
variations in image quality and appearance. These factors may affect the distribution of features
within the dataset, such as contrast, sharpness, or anatomical centering. Importantly, each
imaging centre had a single designated operator responsible for scan acquisition: one in the UK
and one in Denmark. Both operators were experienced clinicians with comparable training in
retinal imaging. This consistency in operator expertise helped reduce systematic biases between
the datasets.

Additionally, standardized imaging protocols and the Heidelberg "Automatic Real-Time"
(ART) mode helped further mitigate variability, producing scans with consistent signal-to-noise
characteristics across both sites. As a result, the noise characteristics were consistent in type

across datasets; however, the degree of noise may still vary slightly due to differences in
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image acquisition conditions. Visual inspection of representative samples confirmed generally
comparable noise profiles between the UK and Danish cohorts.

The UK data were collected as part of routine clinical care between January 2017 and
January 2021 and were fully anonymized prior to analysis. According to UK Health Research
Authority (HRA) guidelines, using such anonymized retrospective data for service evaluation
does not require ethical approval. The images from Denmark were obtained from a previously
published randomized controlled trial, which received ethical approval from the Scientific Ethics
Committee of the Capital Region of Denmark (Protocol Number: H-4-2013-091), and written
informed consent was obtained from all participants.

This thesis included patients with a confirmed idiopathic full-thickness MH (on OCT) who
had undergone vitrectomy and internal limiting membrane (ILM) peeling with gas tamponade
surgery, successfully achieved primary hole closure (hole closure following a single surgery)
evidenced by standardised OCT imaging two weeks after surgery, and had a best-corrected
VA recording at three months (4 two weeks) postoperatively. All patients were pseudophakic
postoperatively, which prevents the confounding influence of cataracts on the VA measurement.
Patients who were phakic before surgery underwent combined phacovitrectomy if they were
from the UK cohort, and phacoemulsification and intra-ocular lens insertion surgery one week
before vitrectomy surgery if from the Denmark group.

This thesis excluded all secondary holes, non-full thickness holes, eyes with previous vitrec-
tomy surgery and/or non-primary closure, and eyes with other co-existing causes for reduced
vision, for example, AMD or amblyopia. This is because different medical treatments or
operations might be needed. However, the techniques could be applied to other types of MH.

Image dataset and clinical data on 210 eyes from 210 patients meeting the inclusion and
exclusion criteria were analysed: 67 from Denmark and 143 from the UK. The mean age was
70 years old (range 48-84), 172 (82%) were female, and 105 (50%) were right eyes. The mean
minimum linear diameter of the holes was 383 um, and the median duration of symptoms was
six months. All scans used 16 automatic real-time settings, enabling multi-sampling and noise
reduction over 16 images. While capturing the OCT images (see Fig. 2.1), the patients were
asked to focus on a constant fixation object to minimise eye motion as a general procedure.

VA was measured in all patients using ETDRS vision charts (Fig. 2.1b), with testing at four
metres [83]. These charts have a group of five letters per row, with multiple rows with a reducing
letter size of 0.1 logMAR per line. The VA measurement is calculated by how many letters can
be correctly read on the chart. A score of 70 letters equates to 0.3 logMAR (or 20/40 Snellen VA),
whilst 35 letters equate to 1.0 logMAR (or a Snellen acuity of 20/200). The VAs were recorded
by two experienced optometrists in a clinic unassociated with the study and were best-corrected

VAs after refraction using a standardised protocol.

2.2 Data Analysis

For both image sets, the same standardised imaging protocol was used, namely a high-density
central horizontal scanning protocol with 29-30 um (microns) line spacing in the central 15 by
5 degrees. With 27-34 um spacing between scans (Z-axis), there were typically 49 scans per
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dataset. The captured OCT images, however, had variable pixel widths, heights, and depths (X
is from 178 to 497 px (pixels), Y is from 321 to 776 px, and Z is from 49 to 96 px) relating to
different captured image resolutions (see Fig. 2.3). The pixel resolutions of the OCT images were,
therefore, between 5.04 and 12.66 m per pixel in-width, but the same resolution of 3.87 um per
pixel in-height (see Fig. 2.2a and 2.2b). As illustrated in Fig. 2.2a, the in-width resolutions across
UK and Danish datasets show considerable variation. This indicates inconsistencies in horizontal
pixel sampling, likely due to differences in device settings or acquisition protocols across sites.
In contrast, Fig. 2.2b demonstrates that Z-axis sampling (depth) is much more consistent between
cohorts, supporting comparable volumetric data structures. Since Y-axis resolution is fixed
at 3.87 um for all images, vertical measurements are standardised. These figures collectively
show that while vertical and depth resolutions are consistent, horizontal measurements vary and
may need harmonisation in downstream analyses. The specific parameters of this standardized

acquisition protocol are detailed in Table 2.1.

Table 2.1 Protocol Specifications for Optical Coherence Tomography Image Acquisition

Parameter Specification (Both Cohorts)
Mean age 70 ( Range from 48 to 84 )
Sex Female: 82 % and Male: 18 %
Eyes Right: 50 % and Left: 50 %
Scan Type High-density horizontal

Line Spacing 29-30 ym

Scan Area Central 15x5° retina

X-axis Resolution 5.04-12.66 um/px

Y-axis Resolution Fixed 3.87 um/px

Z-axis Spacing 27-34 ym

Scans per Volume 49-96

ART Frame Averaging 16 frames

MH Size Mean 383 um

VA Testing ETDRS at 3 months

Also, the collected OCT images show differences in image quality related to patient move-
ments, operator techniques, and the specific OCT camera used. Similarly, due to ocular anatomy
and acquisition distortions, the OCT images could be scaled differently, shifted from the center,
or randomly oriented. This can cause considerable variability (see Fig. 2.3). The VA is ranged
from 5 to 83, outlined in Fig. 2.2¢ and 2.2d. Our image pixel resolutions and VA measurements
have imbalanced distributions.

2.3 Existing Datasets

Table 3.1 summarizes a range of studies that utilize OCT imaging data to assess visual acuity
or related clinical outcomes using both classical statistical methods and modern deep learning
models. Across these studies, a key limitation is the lack of publicly available datasets tailored

specifically for postoperative visual acuity prediction, particularly in MH cases.
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Fig. 2.2 The distribution of OCT image sizes in X (a), Z (b), distribution of preoperative (c) and
postoperative (d) visual acuity measurements. Image size in Y is 3.87 um for all images.

Steel et al.[148], Murphy et al.[117], and Obata et al. [122] conducted their work using
private 3D OCT datasets focused on MH patients, with sample sizes ranging from 67 to 1527
scans. These datasets are not publicly accessible, which limits reproducibility and comparative
evaluation.

Srinivasan et al.[146] employed a publicly available 3D OCT dataset, but their work focused
on classifying retinal diseases such as AMD and DME rather than MH or visual acuity prediction.
Romo-Bucheli et al.[132] also performed regression and classification tasks, though the dataset
used in their study was private. Kawczynski et al.[79] and Xu et al.[173] explored visual acuity
prediction (e.g., BCVA) using private datasets with 1071 and 56 3D OCT volumes, respectively.

Alqudah et al.[8] worked with a large publicly available 2D OCT dataset (over 137,000
images); however, this dataset is primarily intended for disease classification tasks (e.g., AMD,
CNYV, Drusen) and lacks MH-specific information or postoperative visual acuity. While other
public OCT datasets exist (e.g., Duke, RETOUCH, UCSD), they are not designed for or applied
to visual acuity prediction or postoperative outcomes in MH cases.

Lachance et al. [94] presents a closely related publicly available dataset, which includes 121
cases comprising HD-OCT B-scans (2D) and corresponding clinical data for patients undergoing
MH surgery. While this dataset enables binary classification of postoperative visual improvement
(> 15 ETDRS letters at 6 months), it is limited to 2D single-slice B-scans rather than full
volumetric (3D) OCT data, which offers richer spatial information.

To address the above gaps, we introduce a new publicly available dataset of 210 preoperative
3D OCT volumes from MH patients, paired with corresponding postoperative visual acuity
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(a) 632 x 490 px —5.43 x 30 um

(c) 750 x 192 px —7.05 x 38 um (d) 365 x 178 px —10.75 x 29

(e)321 x376 px —11.12 x (f) 768 x 496 px —6.47 x 35 um
30 um

Fig. 2.3 2D mid-slices of six randomly selected 3D images, with their calculated centres of mass
(red crosses), and with their corresponding image sizes in px and um.
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scores. To our knowledge, it is among the few datasets designed explicitly for fine-grained
postoperative visual acuity prediction in MH cases, providing a more detailed and regression-
focused alternative to existing classification-based approaches.

2.4 Summary

Within the chapter, we introduced the dataset. Chapter 3 and 4 utilize the entire dataset,
incorporating all the collected imaging data for comprehensive analysis and discussion. These
chapters also use clinical data, including preoperative and postoperative VA measurements as
a label to conduct the analysis. Chapter 5 focuses on a subset of the datasets. The selection
criteria for this subset are detailed within the section, ensuring the relevance and specificity of the

analysis. Additionally, Chapter 5 makes use of annotations provided by doctors for this subset of
datasets.
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This chapter introduces a comprehensive image informatics framework for predicting VA
outcomes in patients undergoing surgery for idiopathic full-thickness MHs, using SD-OCT
images. The framework addresses real-world challenges in OCT image analysis by incorporating
advanced image preprocessing, quality assurance, and anomaly detection methods.

We explore both 2D and 3D CNNs based deep learning models to predict preoperative and
postoperative VA measurements. In this chapter, we specifically:

* Introduce a novel 3D SD-OCT imaging benchmark dataset comprising 10,339 2D slices
from 210 patients, providing a valuable resource for future OCT-based deep learning
research.

* Propose an automated image informatics framework that enables the development of a
robust deep learning-based predictive model for VA outcomes, addressing the challenges
posed by non-standardized OCT datasets.

* Conduct a comprehensive quantitative comparison of nine state-of-the-art 2D deep learning
models, optimizing them with a custom loss function and evaluating their predictive

performance using multiple metrics.

* Perform a direct comparison between 2D and 3D CNN models, assessing their effectiveness
in predicting postoperative VA and analyzing the trade-offs in terms of predictive accuracy,

computational complexity, and spatial information capture.

By systematically analyzing both 2D and 3D CNN-based predictive models, this chapter
provides critical insights into the strengths and limitations of each approach. The findings
contribute to advancing automated VA prediction using OCT imaging and highlight the trade-offs
between 2D and 3D deep learning approaches for OCT image analysis.

3.1 2D Convolutional Neural Network based Deep Learning
Models

This section presents a fully automated image informatics framework. The framework is
combined with a DL approach to automatically predict VA outcomes for people undergoing
surgery for idiopathic full-thickness MHs using 3D SD-OCT images. To overcome the impact
of high variation in real-world image quality on the robustness of DL models, comprehensive
imaging data preprocessing, quality assurance, and anomaly detection procedures were utilised.
We then implemented, trained, and tested nine state-of-the-art DL predictive models through
our designed loss function with multiple 2D input channels on the imaging dataset. Finally, we
quantitatively compared the models using four evaluation metrics. Overall, the predictive model
achieved a MAE of 6.47 ETDRS letters score, demonstrating high predictability. This confirms
that our fully automated approach with input from seven central SD-OCT images from each

patient can robustly predict visual acuity measurements.
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3.1.1 Introduction

Idiopathic full-thickness MHs form secondary to age-related abnormalities of the vitreoretinal
interface with a prevalence of up to 3 in 1000 people over the age of 55 [50]. They appear as
a small dehiscence in the neurosensory retina at the centre of the fovea, a highly specialised
part of the human retina responsible for fine acuity and colour vision [49]. Today’s technology
allows ophthalmologists to diagnose, classify and measure MHs using SD-OCT scans. OCT is a
non-invasive, high-resolution imaging technique that uses infrared light to provide 3D imaging
of the retina [62] (see Fig. 1.4).

Macular holes can be effectively treated by closing the hole using vitrectomy surgery. Pre-
dicting the visual outcome after surgery is important to guide the decision to operate and manage
patients’ expectations. Several studies [84, 93, 148] have shown that postoperative VA is highly
correlated with preoperative VA, as well as a variety of measures of macular hole size that can
be measured on SD-OCT. Various studies have attempted to precisely predict postoperative VA
using manual 2D measurements of MHs and preoperative VA, although their predictive ability
has been limited [163]. 3D automated image reconstruction has improved this ability [74, 119],
but there are no current standards for shape, size, and resolution of OCT imaging data captured
by different OCT devices for this task [174]. There are also many qualitative features and subtle
alterations in retinal anatomy, for example, associated with chronicity, which may be predictive
of acuity outcomes and that are difficult to measure [89, 143]. Additionally, image artefacts
related to a patient’s eye movement and media opacity pose a further challenge in developing
image informatics methods [15]. Recently, some researchers have highlighted the low signal
strength of OCT devices which results in issues such as image noises, blurriness and contrast
reduction [77, 91]. Similarly, another study expanded the analysis to include scan centring and
retinal region checks [160]. These challenges constitute our primary motivation.

To overcome those challenges, most machine learning (ML) and DL approaches have focused
on the automated classification of macular diseases, such as age-related macular degeneration
(AMD), diabetic macular oedema (DME), and MHs from OCT images data [8, 10, 115, 117, 162,
177]. More recently, some DL approaches have improved the prediction of VA outcomes [79]
using OCT data [66, 122, 131]. In particular, convolutional neural network (CNN) models
have achieved high performance in OCT image analysis studies; however, there have only been
a limited number of studies investigating VA measurements [79, 94, 122]. Considering the
success of prominent CNN-based networks in medicine [70, 71, 126], they used a ResNet [61]
in the [79], VGG [141] in the [175], and CBR-Tiny models [129] in the [94] as a backbone.
These studies also presented that CNN-based networks excel in extracting spatial features from
OCT images. Consequently, the implementation of CNN-based models for predicting VA
measurements has gained significant importance for the next motivation. Subsequently, vision
transformers (ViTs) [44] have recently demonstrated great potential in assisting clinicians with
clinical diagnosis [69], particularly in OCT image analysis [169]. However, to the best of our
knowledge, ViTs have not yet been thoroughly applied for predicting VA measurements. Since

ViTs consider global context and dynamic attention, it revealed the need for comparing standard
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CNN-based state-of-art models (VGG, ResNet, Inception v3 and DenseNet, EfficientNetV2) and
ViTs in this study, acting as another motivation.

This research presents a comprehensive image informatics framework for predicting both
the preoperative and postoperative VA measurements for patients with idiopathic full-thickness
macular holes using an SD-OCT image dataset based on image preprocessing, image quality
assessment, image anomaly detection, and deep learning models-based prediction.

The remainder of the section is organised as follows: Section 3.1.2 describes related works
and our contributions, including regression models, classification models and predictive models
of VA measurements based on image analysis approaches. Section 3.1.3 summarises image
preprocessing, quality measurement, anomaly detection, and the DL models-based visual acuity
prediction methodology and experimental design. Section 3.1.4 details the study results, and

Section 3.1.6 concludes the study findings and provides recommendations for future research.

3.1.2 Related Works

Numerous image informatics approaches to assess macular diseases using OCT imaging data
have been proposed in the published literature (see the summary in Table 3.1). As shown
in Table 3.1, there has been only limited research investigating how to predict VA outcomes
for specific retina diseases using OCT imaging data. In particular, the published literature
aiming to predict postoperative vision for patients with idiopathic full-thickness macular holes
is particularly sparse [122, 131]. Although the datasets used in different studies vary in size,
imaging modality, and disease type, Table 3.1 remains valuable as it provides a comprehensive
overview of existing methods, their applications, and performance metrics. This comparison
highlights the gaps in current research and underscores the need for more robust predictive
models, particularly for postoperative VA prediction in specific retinal conditions. By analyzing

these diverse studies, we discuss the approaches that have been used to date.

Image Based Classification Approaches for Different Retinal Diseases

Zhang et al. [177] proposed a binary classification of OCT image data based on kernel principal
component analysis (PCA) model ensembles to predict patients with AMD-affected eyes from
normal eyes. Also, a Bayesian network classifier was introduced by [5] and then tested on the
same image dataset. Another study implemented the bag-of-words (BoW) model by keeping
the most salient points corresponding to the top vertical gradient values calculated in the OCT
images [165]. However, this approach was limited by relying on key points and predicting
only two classes: DME and normal eyes. Anantrasirichai et al. [10] proposed a support vector
machine (SVM)-based approach to differentiate between normal eyes and eyes with glaucoma.
Similarly, [146] used SVM to predict the presence of AMD and DME from normal eyes using
a small image data set with fewer outliers. However, the obtained accuracy was extensively
impacted by retinal layer discontinuities caused by the disease pathology and motion artefacts.
In addition, Lemaitre et al. [99] developed a local binary pattern (LBP) classifier to identify
AMD and DME from normal eyes. Liu et al. [106] proposed an approach using image gradient
information, LBP, and SVM with a radial basis function (RBF) kernel as a classifier. The
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approach first classified eyes as either normal or abnormal, and then was further sub-classified
into either DME, AMD, MH or normal eyes.

Motozawa et al. [115] proposed two typical CNN-based models for classifying OCT data
into AMD and normal, and they were also able to differentiate between wet and dry AMD.
Likewise, Alqudah et al. [8] showed that by using image denoising and resizing and tuning a
CNN model with an ADAM optimiser, higher accuracy and lower time cost could be achieved
when classifying OCT images into five classes: choroidal neovascularisation (CNV, a feature of
wet AMD), DME, dry AMD, drusen only (a feature of early AMD), and normal.

Another OCT image classification approach using a deep multi-scale CNN model was
proposed by Rasti et al. [130]. The proposed model employed a prior decomposition and new
cost function to discriminate and fast-learn representative image features. The authors used the
modified versions of VGG, ResNet, and Inception models to detect normal, AMD, and DME
features. Li et al. [102] suggested a novel DL model for predicting CNV, DME, drusen, and
normal eyes, called OCTD_Net and based on modified DenseNet and ReLayNet models. Tsuji
et al. [162] proposed a method using a capsule neural network (CapsNet) model to classify the

same eye disorders by learning spatial information from the OCT images.
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These image informatics approaches have several limitations, including (1) a limited ability
to identify different pathologies affecting the macula, such as MHs, (2) they are typically
time-consuming due to high computation costs, which means they are inappropriate for use in
clinical practice where issues may need to be resolved in real-time, and (3) by only relying on a
limited number of key points, other essential ocular characteristics may not be noticed during the

classification tasks.

Image Based Prediction Approaches for Visual Acuity After Macular Hole Surgery

Classical Methods: Several authors have used regression to predict postoperative VA using
routinely collected clinical data. For example, Steel et al. [148], using logistic regression and the
univariate level using %7 tests, achieved a model area under the receiver operator curve of 71.72%
for predicting a visual acuity of 0.3 logMAR or better after surgery. Generalised linear modelling
has been used to predict actual acuity using an automated multi-scale 3D image analyser of
OCT scans for MHs [117]. The study shows preoperative VA and MH height were important
predictors of postoperative VA, achieving an R-squared value of 0.45. When preoperative vision
was not included in the model and only OCT parameters were included, the most predictive
model was 0.39. Interestingly, using only manual clinician-measured values, R-squared was only
0.20.

Other research teams have also investigated the 3D parameters of MH using different method-
ologies, such as automatically calculating three dimensions based on the sum of 2D images [173].
The 3D macular hole size parameters, such as MH volume, base area, base diameter, and MH

height, were significantly correlated to postoperative VA (P value from 0.0003-0.011). [173].

Deep Learning Based Methods: Some recent studies were not only able to classify eye disorders
on OCT image datasets, but were also able to predict associated VA measurements and recom-
mend potential treatment requirements. In particular, the study by [132] presented an end-to-end
DenseNet-based model for recommending treatment options in patients with wet AMD, where
the model’s output range was low, intermediate and high treatment requirement scores. In
a further study, Kawczynski et al. [79] proposed a ResNet-50 v2 model-based approach that
predicted the best-corrected VA (BCVA) measurement for patients with wet AMD eyes following
treatment. BCVA measurement was obtained from the regression model, and considering the
regression model results, they classified higher than 69 letters and lower than 69 letters into two
classes.

The research presented in [131] assessed the ability to predict VA in two groups of 35 people
with surgically treated MH using unsupervised DL models, including Inception v3, VGG16,
VGG19 and SqueezeNet. Similarly, Lachance et al. [94] proposed a hybrid model classifying
VA as higher than 15 letters and lower than 15 letters. Another study proposed a model for
predicting postoperative VA using a typical CNN-based model [122] and four classes: class A is
higher than 85 letters, class B is between 75 and 80 letters, class C is between 60 and 75 letters,
and class D is lower than 50 letters. The prediction of postoperative VA using DL was compared
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Fig. 3.1 Workflow of the proposed image informatics framework. The first stage corresponds to
the input OCT 1mage dataset and VA measurements obtained by ophthalmologists, the second
stage incorporates OCT data preparation (i.e. scaling, the centre of mass detection, and cropping),
OCT image quality analysis (i.e. noise score, blurriness score, contrast score, motion score, and
brightness-darkness score) and anomaly detection. With the obtained high-quality image dataset
and labels, multiple state-of-the-art DL. models are trained and optimised by our designed loss
function to predict VA measurements in the final stages.

to 3 typical regression models using preoperative clinical data. The DL model had a superior
precision value of 46% compared to approximately 40% for the regression models.

These DL-based image informatics approaches have limitations related to (1) image and
label data preparation, (2) data volume, (3) data quality, and (4) low-level model robustness
and generalisation when using a wide range of OCT machines at different hospitals. To address
some of these limitations, we recently presented a more comprehensive image informatics
framework utilising robust data preparation and anomaly detection approaches combined with
state-of-art DL models on a closely allied OCT analysis problem of external limiting membrane
detection [143].

3.1.3 Methods

In this section, we present contributions and a comprehensive description of the imaging data
preprocessing steps, data quality assessment and anomaly detection methods to create a high-
quality standardised 3D OCT image dataset for DL-based prediction of VA. This comprehensive
approach significantly improved our proposed model’s results.

Contributions: This section adds to the literature by:

* Introducing a new 3D SD-OCT imaging benchmark dataset for 210 patients with idiopathic
full-thickness macular holes (10,339 2D slices).

* Proposing a comprehensive image informatics framework to create a high-quality OCT
image dataset used for a robust deep learning-based predictive model of visual acuity in
patients following surgery with idiopathic full-thickness macular holes and presenting
an automated solution for non-standardised OCT datasets (see Fig. 3.1). The method
concludes the impact of the following surgery by predicting visual acuity.

* Quantitatively comparing nine 2D state-of-the-art DL-based predictive models of both
preoperative and postoperative visual acuity using four evaluation metrics by optimising

the models with our designed loss function. To account for the 3D nature of the eye
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captured in 3D OCT imaging data, we used multiple image slices during the training
phase.

Image Preprocessing

In 3D OCT images, due to ocular anatomy and acquisition distortions, the MHs may be scaled,
shifted, and oriented randomly. Consequently, this causes high variability in the MH location
and resolution, as shown in Fig. 2.3. To deal with those image acquisition issues, we used the

following image preprocessing steps (see Fig. 3.2):

(Acquire 3D OCT Volume]

Scaling (uniform resolution)

Find Intensity Weighted CoM |

| Crop slices (Unify Size)

()

Fig. 3.2 Image preprocessing workflow

* Scaling (uniform resolution): All acquired OCT images (Fig. 2.3) were re-scaled across X,
Y, and Z dimensions using the following sizes (7.41 x 3.87 x 30.1 um), and the resulting

images are shown in Fig. 3.3. It ensured consistency in scale values for all OCT images.

* Intensity Weighted Centre of Mass: The MHs were located in a range of different positions
in the 3D OCT image slices, as presented in Fig. 2.3. To centre the images around the
positions of the MHs, we used pixel intensity weighted centres of mass calculated for
each dimension as a focal point of the image, as shown in Fig. 3.3. It was used to ensure
consistency in image acquisition position for all OCT images. The determining centres of
mass were also considered when selecting the parameter for the data augmentation stage

during the training of the DL model.

* Cropping: The scaled OCT images were then centred around intensity-weighted centres
of mass (red cross) and cropped across the X, Y, and Z dimensions to the 3D size 452 x

204 x 49 px, as shown in Fig. 3.3. It ensured consistency in sizes for all OCT images.

Image Quality Assessment

The OCT images collected as part of routine clinical care inevitably differed in image quality
related to patient movements, operator controls, and the OCT camera used. These resulted in
several image imperfections, including speckle noise, contrast changes, and motion artefacts,

which we measured using a variety of image quality measurement methods. Since these quality
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Fig. 3.3 Results of image preprocessing steps applied to images from Fig. 2.3. Final image size:
(452 %204 x 49 px —7.41 x 3.87 x 30.1 um).
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metrics generally have no inherent upper limit, we performed min-max normalization by scaling

each feature separately to a fixed range between 0 and 1. Specifically, for each metric, the

minimum observed value across the dataset was mapped to 0, and the maximum observed value

was mapped to 1, ensuring a consistent scale across different quality measures. High scores

mainly denote a heightened presence of the measured imperfection. To enable a high-quality

dataset to be selected and to optimise the DL model, these methods served as a guide to detect and

remove abnormal images. We measured image quality using the following evaluation metrics.

* Noise score: Noise can be a significant problem in OCT images. Many researchers have
proposed wavelet transformations to assess the lower, average, and upper bound of noise
in these images [43, 60]. We performed a wavelet-based estimator of the Gaussian noise
standard deviation, which revealed significant noise variances. Specifically, we computed
the noise score using the median absolute deviation (MAD) method in the wavelet domain.

The noise standard deviation ¢ was estimated as follows:

~ median(|Yy])

0.6745 1)

where Y, represents the wavelet coefficients at the finest scale (high-frequency subbands).
The constant 0.6745 is derived from the assumption that noise follows a zero-mean
Gaussian distribution and scales the MAD estimator to match the standard deviation. The
resulting noise score was then normalized to a range of O to 1 using min-max normalization,

where the minimum and maximum values were obtained from the dataset, see Fig. 3.4.

(a) Low (b) High

Fig. 3.4 Spectral-domain optical coherence tomography images demonstrating a small and large
noise score.

¢ Blurriness score:

Another important issue was the blur and sharpness of the OCT images. Recent studies
have suggested the use of a Laplacian operator with Gaussian filters in measuring the
blurriness and sharpness of images [20, 51, 85]. The Gaussian filter is defined as in
Equation 3.2.

G TR G s
= —_— 20 .
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where x and y are coordinates of an image I(x,y). ¢ is the Gaussian distribution standard
deviation. The Gaussian scale-space representation L of an image /(x,y) is defined as in
the Equation 3.4.

L(x,y) = I(x,y) * G(x,y) (3.3)

where * is the convolution operator. The Laplacian operator is then applied to this
smoothed imag L(x,y), rather than directly to /(x,y), to enhance edge structures and

measure sharpness:

2L 9°L
VL= =+

FRR (3.4)

where V2L represents the Laplacian of the smoothed image. This operation emphasizes
rapid intensity changes, helping distinguish blurry (low variance) and sharp (high variance)
images (see Fig. 3.5).

(a) Low (b) High

Fig. 3.5 Spectral-domain optical coherence tomography images demonstrating blurriness and
sharpness.

* Contrast score: The differences in the chromaticity and brightness of any pixel and

any other pixels within the same scene represent image contrast [140]. We therefore
measured the gradients of each image pixel, including their standard deviation, with

marked differences in black and white luminance.

Motion score: Due to the movement of the eye during OCT scanning, consideration
has to be given to motion artefacts. Many researchers have proposed the Horn-Schunck
optical flow motion estimation method [57, 64, 112]. This method implements first-order
derivatives, allowing the velocity in the flow between sequential images to be measured
with high accuracy and resolution. We measured the observed motion and perceived
distortions in the smooth flow of information on the Z-axis of every 3D OCT image,
as seen in Fig. 3.6. An RGB colour map was used for motion visualisation, with grey
representing low motion and red or blue representing high motion between any two
neighbouring 2D slices in a 3D image.

Brightness-Darkness score: The brightness and darkness of images are associated with

perceived luminance. Therefore, we calculated a luminance measurement [22]. Darkness
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(a) Low (b) High

Fig. 3.6 An example of optical flow velocity vector magnitudes between two neighbouring 2D
slices in a spectral-domain optical coherence tomography image with ((a) - grey colour) small
and ((b) - red/blue colour) large motion.

is perceived if the luminance level is low, whereas brightness is perceived if the luminance
is high.

Anomaly Detection

To define a high-quality image dataset for training the DL-based VA predictive models, an
anomaly detection method was used to eliminate low-quality images. This led to an improvement
in our proposed model’s results.

Algorithm 1: 2D Image Anomaly Candidates and Anomaly Scores Calculation.
Require: {7} //Set of 3D images
Ensure: {a},{d} //Sets of anomaly candidates and anomaly scores for all 2D image slices of
3D images
p < |{I}| //Number of 3D images
fori< 1top do
Sxyz < |I'| //lmage size for x,y,z
forz«+ 1tos; do
{f} « quality(I) //2D image quality scores
end for
end for
{fi} < normalise({f:})
{d.},{d.} < anomaly({f}})

According to [56, 143], although several anomaly detection methods have been developed,
unsupervised anomaly detection methods are preferred. This is because they have the most flexi-
ble setup and do not require any labels or prior knowledge about the dataset [48]. Methods used
for unsupervised anomaly detection include nearest-neighbour, clustering, statistical, subspace,
and classifier-based methods [56].

This section used the nearest-neighbour method based on the local outlier factor (LOF)
method. The LOF method computes the local density deviation of the entire dataset, showing
how much a data point’s local density differs from its neighbours. If the data has a significantly
lower density compared to its neighbours, it has a high-density deviation, suggesting it may
be abnormal. Here, we applied the elbow method to iteratively determine the optimal number
of neighbours in the dataset, which was found to be 10. As discussed, we employed quality
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Fig. 3.7 A graph depicting the 3D OCT image anomaly detection results: black and red points
represent normal and abnormal images, respectively. Iy, I, I3, and I demonstrate randomly
selected 3D images to be presented in Fig. 3.8.
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assessment measurements for each 2D image slice in every 3D image. Then, the quality scores
were used as input to detect abnormal and normal images by the LOF method.

Algorithm 1 shows how the LOF-based approach determines normal and abnormal image
candidates using anomaly prediction scores d and stored in a. Where f; corresponds to the image
quality assessment measurement for each 2D image slice I, in a 3D image {I'}. {a} corresponds
to 2D image-based anomaly candidates and {d} corresponds to 3D image-based anomaly scores
calculated across the 3D image dataset {/}.

L Iy

Fig. 3.8 The best to worst 2D slices from 3D spectral domain optical coherence tomography
images indicated as I, I, I3, and I in Fig. 3.7.

The distribution of normalised anomaly scores among 3D images was visualised in Fig. 3.7,
where the red points represent the abnormal OCT image, and the black points represent normal
OCT images. These scores were calculated following the procedure described in Algorithml,
using the LOF method applied to the quality scores of 2D image slices. Images with significantly
lower local density relative to their neighbours receive higher anomaly scores. To confirm the
accuracy of the proposed anomaly detection procedure, 2D slices of the selected 3D image
samples in Fig. 3.7, from the best to the worst (11, I, I3, and 1), are displayed in Fig. 3.8 - where,
red/blue colours represent a high anomaly score, and a grey colour represents a low anomaly

Scorc€.

Deep Learning Models

Deep learning models, as an established but still continuously advancing technology, have
significantly improved disease screening through medical imaging [16, 71, 94]. Numerous
deep neural networks have been developed to classify, segment and predict various diseases
since they have achieved comparable performance to human experts [69, 70]. To provide a
comprehensive overview, nine well-known and state-of-the-art 2D DL-based predictive models
were implemented, trained and tested in this study. The input to typical 2D convolutions is C
* H * W, where C is the number of input channels, H is the height, and W is the width. The
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kernels move in two dimensions. In this study, we changed the first convolutional layers to feed
the following DL-based predictive models with the input channels of single (1) and multiple
OCT image slices (3,5,7,9, 11, 13, 17, 19, and 21) since it led to better results. To adapt the
classification networks for regression tasks, the output layer was changed to have a single neuron
with a linear activation function, replacing the softmax or sigmoid used for classification. The
loss function was also modified, switching from categorical cross-entropy to mean squared error
(MSE) or mean absolute error (MAE) or Huber loss (HL). Additionally, evaluation metrics were
adjusted to focus on continuous predictions, using R-squared (R?), mean squared error (MSE),
or root mean squared error (RMSE) instead of classification-specific metrics. These changes

allowed the models to predict continuous values instead of discrete class labels.

Visual Geometry Group (VGG): The VGG model [141], consisting of 5 groups of convolution
layers and 1 group of a fully connected layer, provided the feature extraction process in the OCT
images. During training, the input OCT image is propagated through convolution layers using
3 x 3 kernel-sized filters and a stride of 2. Although excessive depth can be computationally
expensive and time-consuming, the most relevant salient features are extracted, including edges,
corners, and interest points. In this study, this model was selected for its relatively small filter

size compared with other models. VGG-based models with 11 and 19 layers were used.

Residual Neural Network (ResNet) The ResNet is composed mainly of 5 groups of residual
blocks and one fully connected layer [61]. These residual blocks were used to combine the
information from the OCT images across multiple time points of the initiation phase. These
residual blocks also link each other with skip connections. With this cross-layer connectivity,
the convergence of deep networks is sped up. Thus, it prevents the problem of a diminishing
gradient and provides a robust model against over-fitting in this study. The model used a 7 x 7
kernel-sized filter and a stride of 2 in the first convolution layer. ResNet-based models with 18,

34, and 50 layers were considered.

Inception v3 To suppress the high computational complexity problems encountered in VGG,
ResNet and other mentioned models, the Inception v3 model with different kernel sizes, a
max-pooling layer, and a stride, called Inception blocks, has been proposed by [153]. Due to this,
it is remarkably useful for processing data in multiple resolutions and multilevel features, which
makes this model suitable for OCT images. The model also overcomes high computation times

by factorising the convolution (3 x 3) into asymmetric convolutions (3 x 1 and 1 x 3) [153].

Densely Connected Convolutional Networks (DenseNet) DenseNet consists of sets of convolu-
tional layers and direct connections from any convolutional layer to all subsequent layers [68].
Each layer receives a piece of collective information from all preceding layers with kernel sizes
1 x 1 and 3 x 3 in a dense and uses its feature maps as input. Then, 1 x 1 convolutional layer
followed by 2 x 2 average pooling as the transition layers between sequential dense blocks. Thus,
our OCT image dataset has not been exposed to a vanishing-gradient problem by showing a
strengthened feature propagation during training.
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EfficientNetV2 EfficientNetV2 has recently been further introduced with training faster and
relatively smaller parameters, a new version of the well-known EfficientNet [156, 157]. Different
from EfficientNet, EfficientNetV2 uses FusedMBConv in the earlier stages of the network, which
replaces the depthwise convolutions (3 x 3) and expansion convolutions (1 x 1) in MBConv with
single regular convolutions (3 x 3) [156, 157]. EfficientNetV?2 also comes in different sizes. The
large-sized (EfficientNetV2-L) model was selected as our OCT images’ size is relatively large.

Vision Transformers (ViTs) Vision Transformers (ViTs) have revolutionized computer vision
using a transformer architecture [44]. They first split images into fixed-size patches. Each
patch is linearly embedded into high-dimensional vectors. Then, to retain spatial information,
positional embeddings are added to the patch embeddings. The embedded patch vectors, along
with positional embeddings, are processed through a stack of Transformer encoder layers. Each
layer includes self-attention mechanisms, allowing the model to capture relationships between
different patches. The output of the Transformer encoder is typically a sequence of vectors. A
classification head, often a linear layer, is added to obtain the final output for tasks. These steps
allowed ViTs to discern global contextual information on OCT images. Therefore, we selected

ViT-Base with an image patch size of 16 among several variations (ViT-B/16).

Experimental Setup

This section introduces the DL models’ training and evaluation details, including the k-fold
cross-validation, the DL framework, data augmentation methods, parameter selections, and the

evaluation criteria used.

Table 3.2 OCT imaging data used and splitting.

Number of 3D Images
Initial | After data preparation
Train | 168 152
Test 42 38

Training Following image preprocessing, image quality assessment and anomaly detection pro-
cedures, twenty images were excluded from the initial OCT image dataset (see Table 3.2) (fifteen
images - image quality assessment and anomaly detection, five images - image preprocessing).
The final 3D OCT images used for the training were of the size of 452 x 204 x 49 px. The
dataset was split uniformly into training and test sets using random five-fold cross-validation
with a ratio of 80% and 20%. Specifically, each folded cross-validation consisted of 152 and 38
for training and testing, respectively.

Furthermore, DL models were trained using the same image size, with the use of single and
multiple OCT image slices (1, 3,5,7,9, 11, 13, 17, 19, and 21) at the first convolutional layer,

centred around the mid-slice defined by the 3D intensity weighted centre of mass. To train the
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nine DL models used, we utilised Python 3.8.10, CUDA 11.4, cuDNN 8, PyTorch 1.9.0+cul02
running on a 64-bit Ubuntu operating system using a 3.4 GHz Intel Core-i9 with 32 GB of RAM
and NVIDIA GTX 1080 Ti GPU with a frame buffer of 11 GB GDDR5X.

Data Augmentation To enlarge the variety and amount of data artificially, we employed a range of
image data augmentation techniques, helping us overcome over-fitting issues while maintaining
the data properties that existed initially in the data. The data augmentation techniques used were:

* Rotation: To estimate the eye orientation during the scanning procedure and to define the
data augmentation range for the rotation, we measured the orientation distribution across
the image dataset and presented it in Fig. 3.9. The dominant orientation is around +0
degrees, with the rotation augmentation range between —22 and 15 degrees.

ANGLE [deq]
100 0" -10°
20° -20°
30° -30°

140
120
100
80
60
40
20

0
NUMBER OF 2D OCT IMAGE SLICES

(b) —22.46° (c) 15.33°

Fig. 3.9 Eye orientation distribution in the OCT imaging dataset (a) and two sample images
corresponding to the eye orientations, —22.46° (b) and 15.33° (c), respectively.

* Vertical and Horizontal Translation: Based on the calculated intensity weighed centres
of mass for all OCT images (see Fig. 3.3), we defined a range of vertical and horizontal
translation augmentations, +5px for the vertical translation (up-down) and £8px the

horizontal translation (right-left) respectively.
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* Horizontal Flip: Reversing all rows and columns of an OCT image’s pixels allowed a
mirror image OCT to be obtained, representing a fellow eye (right for left and left for

right) and allowing the model to learn this unpredictable variability.

* Gaussian Blur: The calculated noise scores in Section 3.1.3 were used to guide a Gaussian
blur data augmentation technique. A Gaussian filter with a mean of u = 0 and variance

62 = 1.0 was applied using a 5x5 kernel.

Loss Function The mean absolute error (MAE), the mean squared error (MSE), and the Huber
loss (HL) functions were separately used. These functions are commonly used by the optimiser
to minimise training errors. While MAE presents the average of the absolute differences between
the actual and predicted visual acuity, scored as ETDRS letters, MSE loss is calculated as the
average of the squared differences. We utilised HL as a combination of the MAE and the MSE,
meaning that HL represents a quadratic behaviour for minor errors and a linear behaviour for
significant errors. Moreover, HL. and MAE are more robust to data with outliers. Minor error
values calculated by these loss functions reflect a better model. In addition, to further improve
the performance of DL models, we also modified the HL function, considering image quality
assessment to guide the optimisation. In our formulation, the parameter 0 defines the threshold
at which the loss function transitions from the quadratic to the linear regime (see Eq. 3.5).
Importantly, 6 is adaptive. It is updated during training based on the anomaly scores derived
from the image quality assessments (see Section 3.1.3 and Algorithm 1). A smaller 6 made the
loss function more sensitive to small errors, while a larger 6 made it more robust to anomalies.
This adaptive adjustment enables the optimizer to focus on minimizing prediction errors at the

first epochs and gradually the model focuses on the model’s robustness

L5={ Jo-92  iflo-9I<3s 55)

o((y—y)— %3) otherwise
where 8 = {d} is the adaptively adjusted parameter of the HL function, which could provide
more robustness to anomalies.

Parameter Selection The stated loss functions were optimised via the ADAM algorithm with
a fixed number of epochs (1, poc;, = 1000), resulting in sufficient learning within fewer epochs
in our experiments. The learning rate was set to 1 x 107> with weight decay (w = 1 x 1079)
and momentums (f3; = 0.5, 3, = 0.9), and an automatic learning schedule were added. The
DL models were trained by dividing the dataset into batches (batch size=38). Lastly, we saved
the parameters of each DL. model when the model’s performance started to decrease since this

reduction is a strong indication of over-fitting.

Evaluation Metrics To evaluate the performance of the models to predict both pre and postopera-
tive visual acuity, we used the following metrics: R-squared, root-mean-square error (RMSE),
mean absolute error (MAE), and the Pearson correlation coefficient. The R-squared value ranges

from O to 1, with a higher value indicating a better fit between the predicted and actual values.
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RMSE and MAE values show better performance when they are closer to zero. Pearson correla-
tion coefficients range between -1 and +1. A value of -1.0 shows a perfect negative correlation,
whilst + 1.0 shows a perfect positive correlation. A zero correlation shows no relationship
between the predicted and actual values. We used these four metrics to allow a comprehensive

comparison with previous studies in the literature.

3.1.4 Experimental Design and Results

We present results for both preoperative and postoperative visual acuity. Preoperative visual
acuity is known before surgery, but we were interested in assessing the model’s performances for
both measurements. To ensure the preoperative VA models were trained using the same data set as
the postoperative VA models, we kept the same data augmentation methods and model parameters
for both tasks. However, the cross-validation setup for the preoperative and postoperative VA
predictions was adjusted due to the different distributions of these measurements. We utilized
stratified five-fold cross-validation, where the folds were created by preserving the distribution
of the VA measurements across all folds. This ensured that each fold contained a similar range
and distribution of VA measurements, providing balanced training and testing sets for both
preoperative and postoperative data. Specifically, for each fold, 152 OCT images were used for
training, and 38 OCT images were used for testing, with the stratification ensuring that both
preoperative and postoperative measurements were well-represented in each fold. The modified
HL function performed better than the other mentioned loss functions; therefore, we represented
the results of optimising the modified HL function in this section.

Results based on preoperative VA

Table 3.3 shows the quantitative comparison between our trained DL models using a different
number of OCT image slices, using MAE as the evaluation metric. All evaluation metric values
are the means obtained using five-fold cross-validation. Statistically significant results are
highlighted in bold. The obtained results clearly show that the majority of tested DL predictive
models performed best with seven OCT image slices.

Table 3.4 illustrates the performance of nine DL models using the seven central OCT image
slices, with all four evaluation metrics given as means obtained using five-fold cross-validation.
The experimental results demonstrated that ResNet-18 was the most predictive in all scores,
achieving 0.47 for R-squared, 7.34 for RMSE, 0.65 for the Pearson correlation coefficient, and
5.96 for MAE.

Results based on postoperative VA

Table 3.5 shows the quantitative comparison between our trained DL models using a different
number of OCT image slices, with MAE as the evaluation metric (means obtained using five-fold
cross-validation). Statistically significant results are highlighted in bold. The obtained results
clearly show that the majority of tested DL predictive models performed best with the central

seven OCT image slices.
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Table 3.3 The mean absolute error values, based on preoperative VA measurements, were obtained
for nine state-of-the-art DL predictive models using a different number of OCT image slices
through our designed loss function (the best results are highlighted in bold). All evaluation metric
values are given as the means and standard deviations obtained using five-fold cross-validation.

OCT IMAGE SLICES
MODELS
1 3 5 7 9 11 13 17 19 21
VGG-11 6.72+1.07 6.88+1.11 7.09+0.98 7.21+0.89 7.48+0.82 7.21+0.83 7.67+0.69 7.56+0.87 7.42+0.62 7.46+0.77
VGG-19 6.56+1.12 6.51+0.99 6.74+0.97 6.88+0.82 7.07+0.55 6.94+091 7.20+0.66 7.41+£0.89 7.05+0.78 7.11+0.77
ResNet-18 6.32+1.3 6.384£0.94 6.79+£0.93 5.96+0.72 7.04+0.67 6.90+0.72 6.77+0.87 7.05£0.92 7.29+1.12 7.07£1.19
ResNet-34 6.27+£1.20 6.60+1.23 6.78+1.17 6.01+£0.78 6.96+0.79 7.03+0.68 7.26+0.65 6.72+0.89 6.94+091 6.75+0.97
ResNet-50 6.94+0.97 7.59+0.82 7.20+0.62 6.75+0.89 7.40+0.86 7.53+0.80 7.42+0.49 7.26+0.49 7.08+0.30 7.22+0.26
Inception v3 6.95+1.14 6.66+1.12 7.48+0.94 6.42+0.83 7.41+0.58 8.61+0.30 8.78+0.26 8.47+0.41 8.20+0.48 8.58+0.73

ViT-B/16 7.05+0.70 6.884+0.62 6.93+0.62 6.90+0.63 6.98+0.60 6.82+0.64 6.70+0.58 6.71+0.51 6.87+£0.51 6.95+0.52

Table 3.4 Quantitative comparison of nine state-of-the-art DL predictive models with seven OCT
image slices, using four different evaluation metrics through our designed loss function, as the
means and standard deviations obtained with five-fold cross-validation, based on preoperative
VA measurements (the best results are highlighted in bold).

MODELS R2 RMSE Pearson MAE

VGG-11 0.27  9.70 0.52 7.21£0.89
VGG19 034 9227 058 683082
ResNet1§ 047 734 065  59640.72
ResNet3 040 775 062  601+078
ResNet50 025 904 039 6754089
Inceptionvd 038 827 061 6424083

ViT-B/16 0.39 948 0.52 6.90+0.63
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Table 3.5 The mean absolute error values, based on postoperative VA measurements, were
obtained for nine state-of-the-art DL predictive models using a different number of OCT image
slices through our designed loss function (the best results are highlighted in bold). All evaluation
metric values are the means and standard deviations obtained using the five-fold cross-validation.

OCT IMAGE SLICES
MODELS
1 3 5 7 9 11 13 17 19 21
VGG-11 8.19+1.43 8.74+1.38 8.20+1.21 7.94+1.11 8.10+1.36 8.57+1.20 8.82+1.22 8.25+1.12 8.13£1.09 8.62+1.01
VGG19 TOHELGS TICHLIZ SATELO04 TSTELIL S2SEI21 BO2EIZS SACEIS6 SS5E13 895EI22 8774123
ResNew1§ 7294176 7314125 7675101 GSIL081 7524124 8094147 T45£150 7454095 7574112 7354050
ResNet3d 7064110 758184 7294125 TISELI] TA6HISS 6961 TSSELT3 TASELI6 TA6HI22 T63LSS
ResNetSO 7374161 7704156 TATELSI 684£037 7264054 158090 794123 7644130 TAIELIA TI5EL62
Inception v 7384141 757128 SOI£143 7STELSI 7604112 78101 SOILLSI T66+160 8074135 791123

ViT-B/16 8.12+0.80 8.04+0.72 7.97+0.64 7.89+0.61 7.894+0.66 7.90+0.75 7.93+0.73 7.884+0.74 7.924+0.70 8.0240.69

Table 3.6 illustrates the performance of the nine DL models using seven OCT image slices,
using all four outcome metrics: R-squared, RMSE, Pearson correlation coefficient, and MAE.
The experimental results demonstrated that ResNet-50 was the most effective and superior in
most evaluation scores, achieving 0.46 for R-squared, 9.01 for RMSE, 0.69 for the Pearson
correlation coefficient, and 6.84 for MAE.

In Fig.3.10 and3.11, we show descriptive results for the relationship between ground truth and
predicted VA values and corresponding confidence intervals to demonstrate how closely our best-
trained model predicts VA values on the test dataset. In Fig.3.10, predictions that fall near the red
dotted line, representing perfect correlation, indicate well-performing cases due to high-quality
training data and clear OCT image features. Conversely, significant deviations from this line
suggest underperformance, resulting from cases with high anomaly scores, insufficient training
examples in certain VA ranges, or complex disease characteristics that the model struggles
to capture. Similarly, Fig.3.11 shows differences between the ground truth and predicted
postoperative VA values. The red dotted lines denote the 95% confidence interval obtained
by the ResNet-50 model on the test dataset (as highlighted in Table3.6), while the solid red
line represents the gold standard. This figure not only quantifies the prediction errors but
also emphasizes that the well-performing results generally stem from cases where the input
data is clean and well-represented in the training set. In contrast, larger prediction errors are
associated with more challenging cases—where image anomalies or inherent variability lead to
higher uncertainty in the model’s output. Overall, these results confirm that our proposed fully
automated image informatics framework can robustly predict both preoperative and postoperative
visual acuity measurements for patients with idiopathic full-thickness macular holes using a
high-quality SD-OCT image dataset.
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Table 3.6 Quantitative comparison of nine DL predictive models using seven OCT image slices,
showing four different evaluation metrics through our designed loss function (with means
obtained by five-fold cross-validation), as the means and standard deviations obtained with five-
fold cross-validation, based on postoperative VA measurements (the best results are highlighted
in bold).

MODELS R2 RMSE Pearson MAE

VGG-11 0.27 10.77 0.52 7.94+1.11
VG619 025 1152 045 7874111
ResNet§ 043 931 065 6814081
ResNet3 036 995 060 7154131
ResNetSO 046 901 069 6844037
Iceptionvd 026 1012 051 7574151

ViT-B/16 0.38 10.79 0.60 7.894+0.61
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Fig. 3.10 The scatter plot visualises the relationship between the ground truth and predicted
postoperative VA measurements obtained by the ResNet-50 model on the test dataset (the
highlighted result in Table 3.6). The red dotted line depicts the gold standard.
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Fig. 3.11 The 95% confidence interval between the ground truth and predicted postoperative VA
values is shown with the red dotted lines (-8.02, 6.46) obtained by the ResNet-50 model on the
test dataset (the highlighted result in Table 3.6). The solid red line depicts the gold standard.

3.1.5 Clinician Evaluation

Feedback was obtained from three retinal specialists who reviewed both the methodology and
example outputs to assess the potential clinical utility of the proposed predictive framework.
They expressed strong interest in the method’s ability to provide quantitative predictions of visual
outcomes, which could support clinical decision-making and patient counselling before MH
surgery. Clinicians particularly valued the model’s robustness to variability in OCT image quality
and noted that automated image quality screening reduced their concerns about interpretability.
However, they also noted that the integration of such tools into clinical workflows would require
further validation on larger, more diverse datasets and real-time implementation capabilities.
Overall, they considered the proposed approach promising, especially in its ability to complement

expert judgment with objective, reproducible outputs.

3.1.6 Discussion and Conclusion

We present a full image informatics approach to predict visual acuity outcomes in people
undergoing surgery to treat MHs using preoperative SD-OCT images and deep learning-based
predictive models.

To overcome the impact of high variations in real-world image quality on the robustness of
the deep learning model, an extensive imaging data assessment and quality assurance procedure
was implemented. Data preparation steps, including scaling, centre of mass detection, and

cropping, were used to unify the imaging dataset’s scale, size and centration. Further, data
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quality assessment measurements, including noise, blurriness, contrast, motion, and brightness-
darkness scores, were calculated to identify and exclude abnormalities in the imaging dataset.

The resultant high-quality imaging dataset was then used to train nine state-of-the-art 2D
deep learning-based predictive models for both pre and postoperative VA using multiple channels
(2D+), followed by a quantitative performance comparison with our designed loss function.

All tested models were able to predict preoperative visual acuity with less than an 8.78 MAE
letter score, with the best predictive model achieving a 5.96 MAE score with 0.47 for R-squared,
7.34 for RMSE, 0.65 for the Pearson correlation coefficient. Similarly, all tested models were
able to predict postoperative visual acuity with less than an 8.95 letter MAE score, with the best
predictive model achieving a 6.84 MAE score with 0.46 for R-squared, 9.01 for RMSE, 0.69 for
the Pearson correlation coefficient.

The CNN-based backbone networks mostly demonstrated high predictive performance, as
evidenced by their competitive results in predicting preoperative and postoperative VA mea-
surements. The reason might be that they leverage their inherent ability to analyse hierarchical
features for complex structure analysis on OCT images [39]. Another might be that they likely
recognize patterns regardless of the location of relevant structures in the input OCT image [150].
On the contrary, a certain standard has not been achieved regarding robustness when the number
of input channels is altered.

In addition, the ViTs model did not perform as effectively as the CNN-based state-of-the-art
models. This is likely because the ViT-based models improve training efficiency on large-scale
datasets [44]. However, our dataset is relatively small. Furthermore, the ViTs come with
expensive overhead, causing large parameter sizes [44, 178]. Hence, it is a computationally
expensive and time-consuming process. On the contrary, the ViT models presented more robust
performance. This is also because the ViT-based models may incorporate attention mechanisms
to focus on the most relevant part of images and disregard irrelevant noise [69]. However, the
introduction of redundant information and insufficient sparsity can impede the improvement of
robustness in ViT-based models, leading to performance degradation [19].

As a result, ResNet architectures show slightly better results among nine state-of-the-art
DL models. One of the reasons might be that it has residual blocks, leading to fewer vanishing
problems. Additionally, ResNet-50 obtained the best results, which may be due to a deeper
architecture and having a bottleneck. Overall, the prediction of preoperative visual acuity had
better performance than postoperative VA in most of the metrics. As other studies have shown,
however, preoperative VA is strongly correlated with postoperative VA. While the current study
did not explicitly model the correlation between pre- and postoperative VA, it is clinically
recognised and briefly noted that preoperative VA is a significant, but not always a reliable
indicator of postoperative outcomes. Some patients experience meaningful vision gains after
surgery, while others may not improve significantly, depending on individual retinal condition,
chronicity, or other factors not fully captured in the OCT scan alone [117, 148].

Although other studies have reported similar results for the important and informative
prediction of postoperative VA [79, 117, 122], our study provides more robust results, as we
validated our results using an independent data set. Indeed, our best model achieved the highest
metrics in all evaluation scores, achieving 0.52 for R-squared, 9.23 for RMSE, 0.71 for the
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Pearson correlation coefficient, and 6.47 for MAE, as shown in Table 3.1. These compare very
favourably to previous traditional regression modelling methodologies. Furthermore, while we
trained the predictive model on a limited dataset acquired by only one type of OCT imaging
system, albeit in two hospitals and four different devices, the proposed 2D DL-based predictive
approach contains a comprehensive image informatics framework with our designed loss function
that can be applied across a breadth of many 3D medical image datasets.

To overcome those limitations, our future research work will focus on adapting full 3D deep
learning-based predictive models, the uncertainty of 2D and 3D DL-based predictive models,

and a substantive scale-up of the OCT imaging data size and types.

3.2 3D Convolutional Neural Network based Deep Learning
Models

In this section, we compared the performance of 2D and 3D versions of five state-of-the-art DL
neural networks on predicting VA following surgery for idiopathic full-thickness MHs using
an image dataset of SD-OCT scans. To make this study more comparable, using the same
dataset revealed the differences between 2D and 3D versions of DL neural networks. Based on
our results, 3D networks generally outperformed the 2D networks in R-squared and Pearson
correlation coefficient; however, they fell behind in mean absolute error. 3D networks also come

with the sacrifice of significantly more computational complexity.

3.2.1 Introduction

CNN s have achieved high performance in OCT image analysis studies; however, there have
only been a limited number of studies investigating postoperative VA measurements and mostly
performing 2D networks [79, 122]. With the recent development of CNN structures, graphical
processing power, and the increasing accessibility of high resolution OCT imaging data, 3D
CNN’s applications in OCT image analysis have been growing rapidly [142].

Compared to 2D, the advantage of 3D networks is that they can capture spatial information
in one more axis [52, 105]. Evaluating the performance of a 3D network as compared to a
2D approach to predicting postoperative VA in our dataset would offer a significant test of the
technique’s potential benefits, with high applicability to other domains [172]. Additionally, even
though CNNs have been applied to retinal layers in OCT images with significant effort [159],
the majority of techniques are still 2D [8, 122, 132], and the researchers consider a single 2D
mid-plane image since it may contain the essential information needed for the research or clinical
diagnosis. More specifically, the study [122] suggested a model for predicting postoperative VA,
utilising a standard CNN-based model from preoperative clinical data. However, the predictions
were performed in the 2D mid-planes of OCT images and the study was limited by the absence
of publicly available visual acuity labelled data for the intended analysis.

Similarly, we were unable to access publicly available data with their visual acuity labels
in this study. However, we select several best-performing 2D CNNs based on our OCT dataset
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and apply their 3D counterparts on the same dataset to compare their performance directly. This
comparison of the same dataset reveals the differences between 2D and 3D versions of deep
learning neural networks. We believe this section provides a comprehensive understanding of
how 2D and 3D CNNs evaluate and predict postoperative visual acuity from preoperative OCT
images (see Figure 1.4). For future reference, a summary of the advantages and disadvantages of

using 2D or 3D networks is provided based on the results.

3.2.2 Methods

This section presents a comprehensive image informatics framework to create a high-quality
OCT image dataset, including image preprocessing, image quality assessment, and anomaly
detection as explained in Section 3.1.3. It then summarises training and experimental setup for
2D and 3D SD-OCT images where the kernels are 2D and 3D convolutions, respectively (see
Figure 3.12).

INPUT PRE-PROCESSING MODEL TRAINING AND PREDICTION

2D Dataset
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O N
Detection
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3D Dataset

Processed 3D Dataset 3D Convolution Layers

Fig. 3.12 Flowchart of the proposed methods. The first stage corresponds to the input 2D and 3D
SD-OCT image dataset and VA measurements obtained by ophthalmologists, the second stage
incorporates OCT data preprocessing (i.e. scaling, the centre of mass detection, cropping, and
anomaly detection based on image quality measurements). With the obtained high-quality image
dataset and labels, multiple state-of-the-art DL models are trained to predict postoperative VA
measurements in the final stages.

Data Preparation

The preparation of 3D SD-OCT images involves several critical steps to manage the high
variability in the MH location and resolution due to ocular anatomy and acquisition distortions.
These steps include scaling, intensity weighted centre of mass, cropping, and anomaly detection,
based on image quality measurements. These steps, as elaborated in Section 3.1.3, ensure that
the dataset used for training the models is of high quality, ultimately leading to more reliable
predictions.
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2D CNNs and Their 3D Counterparts

The top-five best-performing networks were chosen to be applied in this work: DenseNet-
121 [68], ResNet-18 [61], ResNet-34 [61], and MobileNet v2 [65]. The 3D versions of these
networks share the same general structure, with all 2D convolutional kernels that move in 2
directions—axial and coronal switched to 3D kernels that move in 3 directions—axial, coronal,

and sagittal.

Training and Experimental Setup

All networks were trained using Python 3.8.10, CUDA 11.4, cuDNN 8, PyTorch 1.9.0+cul02
running on a 64-bit Ubuntu operating system using a 3.4 GHz Intel Core-19 with 32 GB of
RAM and NVIDIA GTX 1080 Ti GPU with a frame buffer of 11 GB GDDRS5X. Following
Section 3.2.2, the remaining data was split uniformly into only training and test sets using
random five-fold cross-validation with a ratio of 80% and 20% since the dataset size is small.
To ensure the 3D networks are trained using the same data set as the 2D networks, we kept the
same five-fold cross-validation set-up, where each fold contains 152 and 38 patients as train
and test data sets. For training the 2D networks, we kept the training set up identical to the 3D
networks by using an input image size of 452 x 204 px is the mid-slice of each 3D volume. For
training the 3D networks, the size of all 3D volumes is 452 x 204 x 49 px. Note that to maintain
a balanced choice of data augmentation methods, we kept the same augmentations: rotation 10
degree, vertical and horizontal translation +3px, horizontal flip, and Gaussian blur.

Loss Function and Parameter Selection

The mean absolute error (MAE) function was used for both networks since MAE is more robust to
data with outliers. We used ADAM [82] optimiser with a fixed number of epochs(7, e, = 1000),
and an initial learning rate was set to 1 x 107>, which was reduced during training following
the "PolynomialLR" as described in [27] with weight decay (w = 1 X 10~%) and momentums
(B1 = 0.5,B, =0.9). Note that to maintain a balanced choice of batches, we divided the dataset
into 38 batches for all tests.

Evaluation Metrics

To evaluate the performance of the models to predict postoperative visual acuity, we used the
following metrics: R-squared, mean absolute error (MAE), and Pearson correlation coefficient.
The R-squared value ranges from O to 1, and a greater value denotes a better fit between the
predicted and actual values. Note that when MAE values are close to zero, the performance of
the model improves. Pearson correlation coefficients range from +1 to -1, with +1 representing a
positive correlation, -1 representing a negative correlation, and 0 representing no relationship
between the predicted and actual values. We selected these three metrics to provide a good

comparison by considering previous studies in the literature.
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3.2.3 Results

We present results for predicting postoperative visual acuity. With the results, we evaluate the
performances and complexities of the five state-of-the-art DL neural networks where the kernels
are 2D convolutions for the input 2D OCT images and 3D convolutions for 3D SD-OCT images.

Prediction Performance Comparison

Figure 3.13 shows the quantitative comparison between our trained 2D networks DL algorithms
considering each fold separately, with MAE as the evaluation metric. The box plot displays
statistically the predictions of the minimum, maximum and mean values of five-fold cross-

validation along with the position of the lower and upper quartiles.
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Fig. 3.13 Box plot for 2D and 3D networks - A five-fold cross-validation MAE results in VA
score with five different deep learning algorithms. The median marks the mid-point of each
model prediction result and is shown by the white line. The mean of the model prediction results
i1s marked as a white triangle.

Similarly, Figure 3.13 displays the quantitative comparison between our trained 3D networks
DL algorithms considering each fold separately, with MAE as the evaluation metric. The
box plot illustrates the predictions of the minimum, maximum and mean values of five-fold
cross-validation along with the position of the lower and upper quartiles statistically.

The obtained results show that while the 3D networks have better performance than 2D net-
works in DenseNet-121, ResNet-34, ResNet-18, and ResNet-50, the 3D networks in MobileNet
v2 lagged behind the 2D networks, shown by the white line in Figure 3.13. The performance
advantages of 3D networks in MAE come from the fact that 3D networks have access to the
whole 3D volume, while 2D networks only have access to individual B-scans (axial slices in 2D).

Considering the minimum MAE values of five-fold cross-validation, DenseNet-121 in 2D
networks shows the best performance among 2D and 3D versions of all DL neural networks.
Considering the maximum MAE values of five-fold cross-validation, MobileNet v2 and ResNet-

50 in 3D performs worse among all DL algorithms (see Figure 3.13).
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Table 3.7 Quantitative comparison of five state-of-the-art DL models on a uniform test dataset
with 2D and 3D networks, using three different evaluation metrics (the best results are highlighted
in bold for each evaluation metric).

2D Networks 3D Networks
R2 Pearson MAE R2 Pearson MAE

MODELS

DenseNet-121  0.35 0.61 6.51 0.15 0.45 6.83
ResNet-18 0.36 0.62 6.10 0.46 0.70 6.11
ResNet-34 0.41 0.65 5.79 043 0.69 6.46
ResNet-50 0.30 0.54 6.32  0.20 0.43 6.54
MobileNet v2  0.21 0.50 6.38 0.10 0.35 6.60

In addition, to make a more straightforward comparison, we also examined R-squared and
Pearson correlation coefficient evaluation metrics and the quantitative prediction performance
of 2D and 3D versions of the five DL algorithms used on the same uniform dataset. As seen
in Table 3.7, the outcomes of the experiments in 2D networks showed that ResNet-34 had
consistently good performance in most evaluation metrics, achieving 0.41 for R-squared, 0.65
for the Pearson correlation coefficient, and 5.79 for MAE. And the outcomes of the experiments
in 3D networks illustrated that ResNet-18 consistently performed well in most evaluation scores,
achieving 0.46 for R-squared, 0.70 for the Pearson correlation coefficient, and 6.11 for MAE.
These results conclude that ResNet-18 is more suited to 3D adaptation than the other three
networks. In the meantime, Resnet-34 is more appropriate for 2D networks. Also, MobileNet v2
in 3D performs worse among all DL algorithms in R-squared and Pearson correlation coefficient
evaluation metrics (see Table 3.7).

Additionally, to demonstrate how closely our best-trained by 2D and 3D Resnet-34 models
could predict VA values on the test dataset, we visualised descriptive results for the relationship
between the ground truth and the predicted VA values and associated confidence intervals in
Figure 3.14.

Computational Complexity

Despite applying the same network structure, the computational complexity varied significantly
between the 2D and 3D versions of the DL neural networks. Table 3.8 presents the computational
complexity of the 2D and 3D versions of the five DL neural networks utilised. Compared to 2D
networks, 3D networks have significantly more parameters and higher computational complexity
(MACs—a number of multiply-and-accumulate operations). This is because 3D convolutional
kernels have more parameters than 2D convolutional kernels, and 3D volume inputs have more

pixels than 2D inputs.

3.2.4 Conclusion

In this work, we directly compared the performance of 2D and 3D versions of five state-of-the-art

DL neural networks to predict postoperative VA measurements in people undergoing surgery to
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Fig. 3.14 The scatter plot for 2D and 3D networks visualises the relationship between the ground
truth and predicted postoperative VA measurements obtained by the ResNet-34 model on the test
dataset (the highlighted result in Table 3.7). The blue dotted line depicts the gold standard.

Table 3.8 The computational comparison (the best results are highlighted in bold for each network
model).

2D Networks 3D Networks
MODELS
Parameters MACs Parameters MACs
DenseNet-121 6.94 2.80 11.24 102.19
ResNet-18 11.17 1.74 33.16 77.70
ResNet-34 21.27 3.60 63.47 135.33
ResNet-50 41.12 4.8 121.98 248.36

MobileNet v2 2.24 0.31 2.35 5.96
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treat idiopathic full-thickness macular holes using real-world preoperative 3D SD-OCT images.
The prediction results from 3D networks have better performance than their 2D counterparts in
most performance metrics, except for MAE. However, 3D networks require significantly more
computational power compared to 2D networks. In conclusion, if there is enough computing
power, choosing 3D networks should be prioritised when predicting postoperative VA in 3D
SD-OCT scans.

3.3 Summary

In this chapter, we presented a robust image informatics framework for predicting visual acuity
outcomes in patients undergoing macular hole surgery, leveraging spectral-domain optical
coherence tomography (SD-OCT) images. The framework integrates advanced techniques in
image preprocessing, quality assurance, and anomaly detection to enhance the reliability of
predictive models.

We conducted a thorough evaluation of both 2D and 3D convolutional neural network
(CNN) based deep learning models. The 2D CNN models demonstrated considerable efficacy
in predicting visual acuity outcomes, achieving a mean absolute error (MAE) of 6.47 ETDRS
letters score. These models showed high predictive accuracy while handling various image
quality issues.

In contrast, the 3D CNN models, which utilize additional spatial dimensions, generally pro-
vided superior performance in terms of R-squared and Pearson correlation coefficient. However,
they also presented increased computational complexity and, in some instances, a higher MAE
compared to their 2D counterparts. This comparison underscores the trade-offs between the
enhanced spatial resolution of 3D models and their computational demands.

Overall, the findings of this chapter offer valuable insights into the strengths and limitations
of both 2D and 3D CNN approaches in the context of OCT image analysis. The choice between
2D and 3D models should be guided by the specific requirements of the application, including the
need for computational efficiency versus the potential benefits of additional spatial information.
Future work will focus on optimising these models and exploring hybrid approaches to further

improve predictive accuracy and practical applicability.
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The surgery of idiopathic full-thickness macular holes (iFTMHs) has received consider-
able interest in retinal diseases, particularly in the era of high-street spectral-domain optical
coherence tomography (SD-OCT). Current outcomes of the following interventions rely heavily
on predicting postoperative visual acuity (VA) through artificial intelligence models to enable
decision-making and optimally advising patients, delivering promising performance. However,
their black-box behaviour is opaque to users and uncertainty associated with their predictions
is not typically stated, leading to a lack of trust among clinicians and patients. In this chapter,
we describe an uncertainty-aware regression model (U-ARM) for predicting VA for people
undergoing macular hole surgery using preoperative SD-OCT images. In addition to predicting
VA following surgery, U-ARM also displays its associated uncertainty. We then qualitatively
evaluated the performance of U-ARM. Lastly, we demonstrate out-of-sample data performance,
generalising well to data outside the training distribution, low-quality images, and unseen in-
stances not encountered during training. The results show the capability of U-ARM compared to

commonly used methods in terms of prediction and reliability.

4.1 Introduction

Macular holes (MH) can be closed by vitreoretinal surgery. Successful closure of iFTMHs
improves VA and, ultimately, the quality of life for patients [155]. However, the degree of VA
improvement following surgery is variable and influenced by factors including the duration of
symptoms, iFTMHs size, preoperative VA and the type of interventions [148]. Also, the surgery
itself is not without risks and side effects [148]. Hence, patients and retinal surgeons have to
make important decisions on whether surgery should proceed. Recent studies have proposed that
postoperative VA outcomes are closely related to preoperative VA and MH size measured by
SD-OCT machines [84, 93, 148]. They have also focused on the prediction of postoperative VA
using manual 2D measurement (base diameter (BD) and minimum linear diameter (MLD)) of
MHs and preoperative VA despite their limited predictive abilities [32, 80, 117, 148, 163].

Previous studies also considered medical records variables, including age, gender, axial
length (AL), symptom duration, randomization group, clinician-measured BD and MLD using a
2D slice of a horizontal OCT image in predicting postoperative VA [32, 117]. Moreover, [118]
used 3D measurements of MHs on OCT images (minima and maxima of BD, and minima and
maxima of MLD). Although using 3D (rather than 2D) measurement has improved the ability to
predict VA [118, 163, 174], further improvements in predictive ability are still needed [89, 117].
There were also other morphologic variables that they did not include, such as external limiting
membrane height and outer retinal integrity. These variables are important for the prediction of
postoperative VA and reliability in practice [32].

Presently, research on DL-based models for the diagnosis [8, 115, 162, 171, 177], classifi-
cation [66, 117, 131], and prediction [79, 94, 122] of VA has attracted considerable interest
after vitrectomy surgery using 2D or 3D preoperative OCT images, with both studies reporting
promising results. [89] achieved better results which not only predicted the postoperative VA
but also evaluated using 2D and 3D images as inputs for DL. models. However, the failure of
these studies to consider uncertainty related to model prediction leads to limitations in areas such
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Fig. 4.1 (a) The structure of the standard Al model. (b) The structure of our proposed uncertainty-
aware regression model (U-ARM). (¢) The overall framework of DL. models.

as transparency, trustworthiness, and reliability, which need to be overcome before DL models
can be applied in practice. A potential solution to this gap is using uncertainty quantification
(UQ) methods that mitigate the inherent black-box behaviour of DL models [1, 180]. UQ
methods play a pivotal role in representing model predictions with uncertainties in a trustworthy
manner and can increase the confidence of model predictions [79]. To the best of our knowledge,
UQ methods have not been thoroughly evaluated for VA prediction, leading to this study’s
main motivation. Whilst DL methods are a key factor in the development of advanced tools
capable of surpassing human experts for this particular task [32, 170], the use of DL models
on out-of-sample (OOS) data (including data outside the training distribution, low-quality im-
ages and atypical instances) can be difficult in clinical applications, even with UQ methods
[31, 42, 100, 164]. These challenges reveal the clinical need for a robust and reliable DL model
that can be generalised on OOS data, providing additional necessity for this study.

In this section, we tackle the problem of (i) predicting postoperative VA and its associated
evidence to learn the model uncertainty, and of (ii) objectively and rigorously validating in-sample
(IS) and OOS data performance. Our contributions can be summarized as follows:

* We introduce an uncertainty-aware regression model (U-ARM) based on deep eviden-

tial regression to estimate postoperative VA and its associated evidence to learn model
uncertainty.

* We adopt abnormalities in the data to prevent over-confidence in predictions and over-
inflation of uncertainty during training.

* We test and compare three typical UQ methods to our proposed U-ARM.
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* We conduct internal and external evaluation tests using publicly available datasets (OCT-
Newecastle [89] and HD-OCT of MH [94]),

* We analyze the performance of U-ARM and a standard Al model on IS and OOS data to
assess their potential generalizability. If the test data is within the range of the training
dataset label and with lower abnormality, U-ARM will predict the label with a low
uncertainty score to indicate a reliable prediction. On the contrary, if the test data is OOS,
such as falling outside the range of the training dataset labels, being a low-quality image,
or one with high abnormality, U-ARM will predict the label with a high uncertainty score
to indicate an unreliable prediction. In such cases, a manual check by an experienced
ophthalmologist becomes necessary. Hence, the estimated uncertainty allows U-ARM to
provide reliable predictions for OCT images and labels involved in training data and to
avoid confusion from OOS data.

4.2 Methods

Here, we describe the imaging data collection, the data analysis and preparation, the framework
of our proposed U-ARM and other baseline models, the experimental setup and the evaluation
metrics used.

4.2.1 Data collection and description

We used two sets of SD-OCT imaging datasets for this study. The first set is the OCT-Newcastle
dataset described in Section 2 as 3D images [88, 89]. We excluded 25 images due to variations
in image size and quality. This dataset was subsequently split into training (148) and test sets
(37) with a ratio of 80% and 20%, respectively.

To further test the performance of U-ARM and the other baselines, we used a second set of
OCT images (HD-OCT of MH [94]) that is a publicly available dataset and published as 2D
images. This dataset consists of 2658 confirmed iFTHMs images from 493 patients, along with
their clinical data. However, in this study, we selected only 320 OCT images from patients who
had undergone successful hole closure surgery and had the best-corrected VA at three months
post-operatively. There were mostly two scans per image (horizontal and vertical OCT scans) of
750 x 500px in size. The VA of the HD-OCT of the MH dataset ranged from 10 to 85, showing
an imbalanced distribution. We excluded 35 images due to variations in quality and VA scores
falling outside the defined range. The VA range was determined using the upper and lower
limits of the OCT-Newcastle dataset’s VA scores, with any VA scores below 29 or exceeding 86
considered outside the range. The HD-OCT of the MH dataset then was split into training (228)
and test sets (57) with a ratio of 80% and 20%, respectively.

We also used the excluded images (in both the OCT-Newcastle and the HD-OCT of MH
dataset) to evaluate the performance of all models in detecting OOS data. The excluded dataset
consists of 25 excluded images from the OCT-Newcastle dataset and 35 excluded images from
the HD-OCT of MH dataset.
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4.2.2 Data analysis and preparation

We first standardised the image size to reduce overfitting and to improve the models. For all
images, the centre position of images was found using the intensity-weighted centre of mass,
calculated for each dimension separately. We first cropped the images in the OCT-Newcastle
dataset with the size of the smallest image (452 x 204 x 49px) as a reference and used the centre
position of each image. We subsequently cropped the images in the HD-OCT of the MH dataset
(554 x 250px), maintaining a consistent ratio along both x and y axis. To augment the variety
and amount of data artificially during the training of the models, the intensity-weighted centre of
mass was also used for vertical (+5px) and horizontal (£8px) translation since differences in
the centre position of images for both datasets remain. We then calculated the eye orientation to
define the data augmentation range for the rotation (—22° and +15°).

Since DL models depend highly on the supplied data, the quality of data must be considered.
As would be intuitively expected, the acquired OCT images vary in quality because of lens
opacities, ocular saccades, blink artefacts, and OCT operator skills. We considered this problem
to be unavoidable, and measured speckle noise [43], contrast [140], blurriness [51], brightness
and darkness [22], and motion [64, 112] of all images. We thus demonstrated the effect of data
quality during the model training. This served as a guide for anomaly detection and proved how
effective the data quality is through UQ methods.

DL models define high-level features from data, and any nonlinear relationships within data
impact the learning. The images show notable non-linearity and a high variance in quality as-
sessment measurements. Therefore, we separately implemented the LOF [23] anomaly detection
method for each dataset and then excluded them. The LOF also produced anomaly scores for 2D

scans per image, assisting in observing the uncertainty in predictions made by the models.

4.2.3 Framework of U-ARM and other baseline models

Uncertainty caused by variability in data, errors in DL model architecture, and unknown data
can be estimated with a few different approaches [1, 180]. These methods largely provide a
probabilistic representation of single-point estimates with uncertainty quantification methods
in model predictions, with sampling during inference or training with out-of-distribution data.
Hence, we considered the standard Al model, dropout sampling, model ensembling and U-ARM.

The standard Al model consisted of a backbone network to conduct the experiment, predicting
only a single value (Fig. 4.1). ResNet-50 is the most popular DL architecture used for medical
image analysis; hence, we employed it as a backbone network. Considering the uncertainty
quantification and to enable reasonable comparisons with the other baseline models, the model
was trained over ten times, and the final prediction was generated using the predictive mean over
ten experiments.

The other common approach (dropout sampling) involves randomly removing a proportion
of nodes inside the model architecture, mostly after the last pooling layer; instead of making
a single deterministic prediction, it runs multiple forward passes with multiple dropout rates
enabled. The outputs of these multiple runs are then averaged to produce a final prediction,

and the variance among these predictions is used as a measure of uncertainty. In this work, we
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employed pre-trained ResNet-50 as a backbone network and incorporated dropout sampling
only during model training. Our experiments were conducted using different dropout rates,
specifically = {0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.75,0.8,0.9}.

The other methodology for understanding UQ is the use of model ensembling. Model ensem-
bling provides multiple predictions for each input by training many DL models independently,
where the ensemble members are trained in parallel with the same input but without any interac-
tion. This results in a distribution of predictions for input data. The variance and mean of the
range of predictions is then used for UQ. In this work, we quantified the uncertainty using ten
state-of-the-art DL models with the same input data and parameters: ResNet-18, ResNet-34,
ResNet-50, VGG-11, VGG-19, DenseNet-121, DenseNet-169, Inception-v3, Res2Net50-14w-8s,
Res2Net50-26w-6s.

Based on these commonly used deterministic-based methods for regression problems, we
proposed U-ARM based on deep evidential regression [9]. Besides the other baseline methods,
U-ARM does not require sampling during inference or training with out-of-distribution data.
Furthermore, it tunes the regularisation coefficient when calibrating uncertainty, which is a
primary limitation of deep evidential regression [9]. It trains a backbone network model to learn
the hyperparameters of evidential distribution (Fig. 4.1). U-ARM is simply composed of three
distinct parts:

(1) Maximising the DL model fit. To accomplish this, [9] proposed the observations, y;, from a
Gaussian distribution with unknown means (1) and variance () place a Gaussian prior on the

unknown means and an Inverse-Gamma prior on the unknown variance:
N (y,02v7! 2! 4.1
o~ A (y,07v), o ~T"(a,p), 4.1

where I'(+) is the gamma function, m = (y, v, o, B),and y € R, v >0, o > 1, > 0 are the
hyperparameters. Together, the distributions of y and ¢ form the Normal Inverse-Gamma
(NIG) evidential prior:

p(p,0y.v.a.B) = A (r,0>v )T (e, B),
—— ——
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- 27:02(02) 2)
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The interpretation of parameters in the conjugate prior distribution involves "virtual-observations,"
where the mean of a NIG distribution is estimated from v virtual-observations with a sample
mean 7, and its variance is estimated from @ virtual-observations with sample mean ¥ and a sum
of squared deviations 2v. Total evidence, denoted as @, is defined as the sum of all inferred
virtual-observations counts: @ = 2v + o [75]. Given a NIG distribution, [9] used the first-order
moments of p(u, 52|y, v, a, B) representing the maximum likelihood prediction, E[u], aleatoric
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uncertainty, E[6], and epistemic uncertainty, Var[u]:

B

B

Elu] =y, E[o?] = Var(u] = : 4.3
S—— N ~~ - ~\~

prediction aleatoric epistemic

To maximise the DL model fit, [9] derived the model evidence of the NIG distribution of the i-th
prediction, y;, over the likelihood parameters 0:

pliim) = [ p(r110)p(6lm)de

(4.4)
= St (y,-;y, —ﬁ(iz v) ,2a) .

St(yis Usts Ggl, vs;) presents the Student-t distribution evaluated at y with location pg;, scale
parameter th, and vg,; degrees of freedom. Using this result, [9] computed the negative
log-likelihood loss, ,ZQN LL for sample i as:

LN = —log p(yi|m),

= —log (Sf (yi;% [3(1_?:\/)7205)) ’

:——log( ) olog(Q (4.5)

where Q =2B(1+v).
(2) Minimizing evidence on errors. [9] also proposed a regularisation term, .,?l-R, using incorrect
evidence penalty to minimise model evidence in instances of high predictive error:

LR(x)=yi—Elu]|- @ =yi— 7] @v+a). (4.6)

(3) Rescaling the total loss based on data anomaly scores. We subsequently normalised the
data anomaly scores obtained through image data quality in the previous section to tune the
regularisation coefficient A. Therefore, the total loss can be written as:

Zi(x) = LN (%) + Aanvomary_score-LE (x), 4.7)

Aanomary score denotes trades off between uncertainty inflation and model fit. Auyomary score
approaching zero leads to an over-confident estimate, which if too high, results in over-inflation [9].
In this work, we thus utilized the total loss -%(x), consisting ZNL and #R, scaled by the regu-
larisation coefficient over data anomaly scores. Following this, we used a pre-trained ResNet-50

as a backbone network to predict the hyperparameters, i, v, o, 8. During training, while the pre-



62 Uncertainity of Deep Learning Models in Predicting Visual Acuity

dictions - E[u] were obtained by 7, the uncertainty was computed by the other hyperparameters
(v, a, B) using Eq. 4.3.
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Fig. 4.2 U-ARM with Resnet50 backbone network and layer settings

In conclusion, while U-ARM builds upon the evidential model proposed by Amini et al. [9],
it introduces key advancements that distinguish it from the original approach. The motivation
for using deep evidential regression in U-ARM is to provide robust uncertainty estimation,
particularly for challenging regression problems where quantifying uncertainty is crucial for
decision-making. Deep evidential regression enables the model to output predictions and an
associated uncertainty measure, which is vital in domains that require confidence in model
predictions. However, while deep evidential regression offers a solid starting point, it faces two
key challenges: handling heterogeneous data quality (such as noisy or outlier-prone inputs) and

ensuring well-calibrated uncertainty estimates.

* Dynamic Regularisation Scaling for Uncertainty Calibration: The evidential model
in [9] uses a fixed regularisation coefficient (1), which can lead to suboptimal uncertainty
estimation across varying data distributions. In contrast, U-ARM dynamically scales A
based on data anomaly scores, ensuring better uncertainty calibration that adapts to input

quality.

* Adaptive Uncertainty Estimation via Data Quality Scores: The evidential model
assumes a single A value is sufficient for all input samples, which may result in over-
inflation or overconfidence in uncertainty estimates. U-ARM addresses this by normalising
anomaly scores and adjusting A accordingly, providing a more flexible and data-driven

uncertainty estimation strategy.

These modifications make U-ARM more robust, adaptable, and reliable for uncertainty
quantification compared to the original evidential model [9].

4.2.4 Experimental setup

We trained the standard Al model, dropout sampling, ensemble models, and U-ARM on the
OCT-Newcastle and the HD-OCT of MH datasets. All models in this chapter were trained from
random initialization, without using pre-trained weights from Chapter 3 and with the following
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hyperparameters: batch size of 37 in the OCT-Newcastle dataset, 57 in the HD-OCT of MH
dataset, Adam optimisation with learning rate (1 x 10™%), weight decay (1 x 10~3), momentums
(B = 0.4,3, = 0.8), a fixed number of epochs (1000) with random initialisation to produce
all presented results. According to the training set’s MAE, the best model is saved and used
for testing. U-ARM used the loss function defined in Eq. 4.7, and the other baseline models
used the Huber loss function. Each model was trained 10 times except for U-ARM. We lastly
preserved the same augmentations in all experiments to maintain a balanced selection of data
augmentations: rotation, vertical and horizontal translation. All experiments were conducted on
an AMD EPYC 7763 CPU and NVIDIA® GeForce Tesla A100. All models were implemented
in Python 3.9 with the PyTorch 1.11.

In addition, the models were also trained and tested using the OCT-Newcastle dataset with
the use of single and multiple OCT image scans (1, 3, 5, 7, 11, and 21), centred around the
mid-scan defined by the intensity-weighted centre of mass - calculated in data analysis and
preparation section. The standard 2D convolutions have an input of C * H * W, where C is
the number of input channels, H is the height, and W is the width. The kernel shifts along two
dimensions on the image. Considering this, the first convolutional layers of the models were
modified. We also trained and tested the models with the input of a whole OCT image. The
standard 3D convolutions have an input of C * D * H * W, where it additionally had the depth,
D, meaning that 3D convolutions capture spatial information in one more axis. Therefore, the
kernel shifted along three dimensions on the image.

4.2.5 Evaluation metrics

We utilised the following metrics to evaluate the model’s uncertainty in the prediction of post-
operative VA: MAE, R-squared, and RMSE. MAE refers to the average of absolute errors,
which is the magnitude of the difference between the prediction and actual value. Similarly, the
RMSE is a quadratic scoring method that quantifies the average magnitude of the difference.
Therefore, lower MAE and RMSE values indicate better performance. R-squared evaluates a
regression model’s goodness of fit, and its values vary from O to 1, with a higher value indicating
a better fit between actual values and predictions. In addition, we used the p-value to assess
the statistical significance of the model’s predictions and uncertainty prediction. The p-value
represents the probability of observing the given results, or more extreme ones, assuming that the
null hypothesis (no effect or no relationship) is true. It helps determine whether the relationship
between the model’s predicted and actual post-operative VA values is statistically significant.
A low p-value (typically less than 0.05) indicates strong evidence against the null hypothesis,
suggesting that the model’s predictions are not due to random chance. Conversely, a higher
p-value suggests that the model’s predictions may not be significantly different from random

variations in the data. In this study, the significance level is set at 0.05.
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Table 4.1 Evaluation of model performance in the internal testing dataset across channel configu-
rations. RMSE, MAE, and R2 for a standard AI model, dropout sampling, model ensembling,
and U-ARM. Top scores for each metric are highlighted in bold (within statistical significance), n
= 10 for sampling baselines. In both cases, the variance of model output was used for uncertainty
estimation. All models were trained and tested on the OCT-Newcastle dataset with their VA
scores.

Standard AT Model Dropout Ensemble U-ARM

Number of Channels
MAE RMSE R2  p-value MAE RMSE R2  p-value MAE RMSE R2  p-value MAE RMSE R2  p-value

1 Channels 2D Convolution) ~ 6.77+0.34 9.50 +£042 043 0281 6.79+£0.40 9.66£0.55 028 0.331 7.32+£0.34 10.00+0.40 0221 0.20 6.34£025 9.58+0.20 045 0.075
3 Channels (2D Convolution)  6.93+0.44 9.90 £043 026 0310 6.88+036 9.58+0.59 032 0.307 7.03£0.34 10.04+044 020 0227 6.56=+0.20 9.97+0.32 038 0.045
5 Channels (2D Convolution) ~ 6.89+0.41 9.84 £043 036 0241 7.06+0.37 10.13+045 0.12 0.401 6.89 £0.31 9.58+048 024 0.198 6.39+0.22 9.74+£023 046 0.017
7 Channels (2D Convolution) ~ 6.81+0.26 10.15+£0.43 027 0.198 6.89 £0.36 10.09 £0.68 0.35 0.299 6.87+£0.32 926+040 030 0207 6.27+0.17 9.25+0.25 046 <0.005
11 Channels (2D Convolution) 7.1440.32 10.24 £0.42 028 0207 7.14+£0.34 10.05+0.38 0.10 0417 722+£038 978034 0.8 0213 657030 9.88+0.25 034 <0.005
21 Channels (2D Convolution) 6.87+0.35 10.01 £0.60 0.36 0271  7.07+£0.33 9.92+041 0.13 0408 726 +£038 9.60+045 021 0245 672+021 9.78+0.19 037 0.011
49 Channels (3D Convolution) 6.90+0.28 10.00 £0.32 0.33 0225 6.99+0.34 959+048 024 0.324 7.04£0.57 9.01+£087 045 0192 657033 970 £0.32 049 <0.005

4.3 Experimental Results

We first qualitatively tested and compared the performance of U-ARM trained separately with
the OCT-Newcastle dataset across channel configurations and with the HD-OCT of MH dataset
against the standard Al model, dropout sampling [53] and model ensembling [96] on internal
testing datasets in the prediction of postoperative VA. We then demonstrated the performance of
U-ARM against results presented for the set of baselines based on mean absolute error (MAE),
root mean squared error (RMSE), R-squared (R2), and p-value. Following this, we evaluated
the performance of U-ARM trained with the OCT-Newcastle dataset against the set of baselines
and tested on the HD-OCT of the MH dataset, showing the performance of the external testing
dataset. Additionally, we presented the performance with OOS test data. Training and additional
details of the method to build the UQ models for this study are available in the Methods section.

4.3.1 Performance in the internal testing dataset

In the internal testing set with 37 images randomly selected from the OCT-Newcastle dataset, we
tested the standard Al model, dropout sampling, model ensembling and U-ARM using different
channel configurations trained with the OCT-Newcastle dataset (Table 4.1, statistically significant
results in bold text) to quantify the performance of the model predictions and its associated
uncertainties. U-ARM consistently outperformed the standard AI model, dropout, and ensemble
across different channel configurations in predicting VA following surgery. U-ARM was the
most effective prediction model and displayed the best evaluation metrics, achieving lower MAE,
RMSE, and p-value indicating better results, and higher R2, suggesting improved model fit. With
regards to uncertainty, U-ARM showed notably lower MAE variance and p-value, suggesting
better uncertainty awareness and more reliable predictions than other models. The standard Al
model and dropout sampling both performed favourably, while model ensembling indicated a
slightly higher MAE in prediction. However, both the standard Al model and dropout sampling
exhibited variability in MAE and RMSE in terms of uncertainty, rarely performing well as model
ensembling.

In addition, we also monitored the performances of model prediction in relation to the number

of channels of the inputs feeding the models (Table 4.1). The input with one and seven channels
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Fig. 4.3 The relationship between the ground truth, predictions and uncertainties obtained by all
models on the internal testing dataset using seven OCT image scans (the highlighted result in
Table 4.1); n = 10 for sampling baselines, and in both cases, the variance of model output was
used for uncertainty estimation. The dashed red lines depict the gold standard. The colour bar
visualises the uncertainty of the predictions, with dark colour representing low uncertainty and
light colour indicating high uncertainty.

notably tended to have lower MAE values, uncertainties, and p-value compared to those of
other configurations. This suggests that a moderate number of channels in the 2D convolution
models may strike a balance between capturing closer predictions and minimising uncertainty in
predictions. While the input with one channel performed competitively in all evaluation metrics,
it was not as good and as reliable as the input with seven channels.

In the relationship between the ground truth, predictions, and uncertainties obtained by all
models fed with seven OCT image scans (Fig. 4.3), U-ARM performed the best for prediction
and uncertainty (6.27+0.17 for MAE, 9.25+0.25 for RMSE, 0.46 for R2 and p-value of <0.005).
Using the standard Al model and U-ARM with one input channel resulted in values of 6.34+0.25
for MAE, 9.58+0.20 for RMSE, 0.45 for R2 and p-value of 0.075 (Table 4.1 and Fig. 4.4).
Examining the effect of data abnormality revealed U-ARM to be more robust to anomalies than
the standard Al model (Fig. 4.4). U-ARM was also found to have greater awareness of the
uncertainty of the predictions, as image samples of a high uncertainty tended to have a high
anomaly score.

As with the experiments with the OCT-Newcastle dataset, we also trained and tested the set
of the models with HD-OCT of the MH dataset for predicting VA following surgery (Table 4.2,
Fig. 4.5). U-ARM again performed better than other models in all evaluation metrics (6.88 for
MAE, 9.58 for RMSE, 0.42 for R2, and p-value of <0.005). For uncertainty, U-ARM again
demonstrated lower variance for both MAE, RMSE, and p-value indicating a better awareness
of uncertainty and greater reliability of its predictions compared to other models. Although
the standard AI model and ensemble showed comparable performance, the dropout sampling
displayed variability in both prediction and uncertainty.

We also examined the ability of both the standard AI model and U-ARM to display the
effect of data abnormality in their outcomes (Fig. 4.6). To further support the superiority of
U-ARM and its underlying principle, we present a set of image samples from the worst to the
best anomaly score (i, ii, iii, iv). From these, it is evident that U-ARM performed more robustly
in response to an anomaly than the standard Al model, with samples having higher anomaly

scores demonstrating higher uncertainty.
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Fig. 4.4 The relationship between predictions, uncertainties, and data abnormality for standard
Al model and U-ARM on the internal testing dataset using one OCT image scan (the highlighted
result in Table 4.1); n = 10 for sampling baselines, and in both cases, the variance of model
output was used for uncertainty estimation. The dashed red lines depict the gold standard. The
grey area displays the regression fit. The black circle shows anomaly scores based on image
quality. The colour bar visualises the uncertainty of the predictions with dark colour representing
low uncertainty and light colour indicating high uncertainty.

Table 4.2 Evaluation of model performances in the testing datasets. RMSE, MAE, and R2 for
a standard Al model, dropout sampling, model ensembling, and U-ARM. Top scores for each
metric are in bold (within statistical significance), n = 10 for sampling baselines, and in both
cases, the variance of model output was used for uncertainty estimation. While the first dataset
was trained and tested on the HD-OCT of the MH dataset with their VA scores, the second
dataset was trained with the OCT-Newcastle dataset and tested on the HD-OCT of the MH
dataset with their VA scores for all models. The excluded and artificial dataset consists of both
the OCT-Newcastle dataset and the HD-OCT of MH dataset.

Standard AT Model Dropout Ensemble U-ARM
Name of Test Dataset
MAE RMSE R2  p-value MAE RMSE R2  p-value MAE RMSE R2  p-value MAE RMSE R2  p-value
HD-OCT of MH-Internal  7.03 £ 044 1034 +043 032 0391 7224042 11.39+032 028 0302 7.07+036 1040+042 035 0298  688+026 9.58+033 041 <0.005
HD-OCT of MH-External 747 £0.45 1034 +043 032 0402  7.43+045 1139049 028 0297 734£039 10.68+044 034 0294 715+029 9.68+039 039 0.039
Excluded Dataset 1025+ 1.13 11.67+120 021 0420 10174099 11.67+101 027 0346 997+093 11.01+095 027 0301  9.40+0.79 1045+088 026 0.113
Artificial Dataset 1048+ 1.17 1201151 0.17 0433  10414+099 11.71+107 027 0360 10404100 11.63+1.03 022 0338 1036+ 1.06 11.46+1.02 0.13 0117
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Fig. 4.5 The relationship between the ground truth, predictions and uncertainties obtained by
all models on the internal testing HD-OCT of MH dataset (the highlighted result in Table 4.2);
n = 10 for sampling baselines, and in both cases, the variance of model output was used for
uncertainty estimation. The dashed red lines depict the gold standard. The colour bar visualises
the uncertainty of the predictions with dark colour representing low uncertainty and light colour
indicating high uncertainty.
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Fig. 4.6 The relationship between predictions, uncertainties, and data abnormality for both
standard Al model and U-ARM on the internal testing HD-OCT of MH dataset (the highlighted
result in Table 4.2); n = 10 for sampling baselines, and in both cases, the variance of model
output was used for uncertainty estimation. The dashed red lines depict the gold standard. The
grey area displays the regression fit. The black circle shows data anomaly scores based on image
quality. The colour bar visualises the uncertainty of the predictions with dark colour representing
low uncertainty and light colour indicating high uncertainty.

4.3.2 Performance in the external dataset

We also trained the models with the OCT-Newcastle dataset and then tested the models on the
HD-OCT of the MH dataset to demonstrate the effectiveness of using the external dataset for
further evaluating the potential generalisability of U-ARM and the other models. U-ARM again
performed exceptionally well across all evaluation metrics, achieving 7.15 for MAE, 9.68 for
RMSE, 0.39 for R2, and p-value of 0.039 (Table 4.2). As for uncertainty, U-ARM also showed
notably lower variance for both MAE and RMSE, delivering more reliable predictions than other
models.

In the relationship between the ground truth, predictions and uncertainties obtained by all
models trained on the OCT-Newcastle dataset and tested on the HD-OCT of the MH dataset
(Fig. 4.7), U-ARM performed slightly better, but the baseline models performed poorly in
generalisation and were not able to learn meaningful patterns, likely due to the lack of data
diversity.

In six sample images of the HD-OCT from the MH dataset with the predictions and uncer-
tainties of the standard Al model and U-ARM trained on the OCT-Newcastle dataset (Fig. 4.8),
the standard Al model yields a single output value as the final prediction for a given image,
whereas U-ARM generates a prediction with an uncertainty score that reflects the reliability of
the prediction. In the first two samples with lower anomaly scores, both the standard Al model
and U-ARM provided similar predictions, even where distribution shifts were uncommon. This
suggests that U-ARM is more conservative in its predictions, as indicated by close predictions
and lower uncertainties. In the next two samples with moderate anomaly scores, the standard Al
model and U-ARM generated good predictions, while U-ARM showed moderate uncertainties.
In the last two image samples, both the standard AI model and U-ARM generated poor predic-
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Fig. 4.7 The relationship between the ground truth, predictions and uncertainties obtained by all
models trained on the OCT-Newcastle dataset and tested on the HD-OCT of MH dataset (the
highlighted result in Table 4.2); n = 10 for sampling baselines, and in both cases, the variance of
model output was used for uncertainty estimation. The dashed red lines depict the gold standard.
The colour bar visualises the uncertainty of the predictions with dark colour representing low
uncertainty and light colour indicating high uncertainty.

tions, with U-ARM presenting high uncertainties to indicate the low confidence the model had
in its predictions. Overall, the results for U-ARM indicate that images with low and moderate
anomaly scores generated lower uncertainties, resulting in good predictions. Conversely, images
with high anomaly scores tended to generate higher uncertainties along with the prediction.
What cannot be refuted is the fact that the standard AI model generates a single value as output

regardless of its uncertainties.

4.3.3 Out-of-sample generalisation performance of the U-ARM and the
other baseline models

We investigated the ability of U-ARM to capture uncertainties in OOS datasets compared with the
standard Al model. When faced with abnormal samples outside the training dataset, the U-ARM
demonstrated robust performance across diverse datasets (Fig. 4.8). The OOS datasets used in
this section originate from the dataset described in Chapter 2 and include both the excluded
samples and artificially generated data. Poor-quality images, identified by high anomaly scores,
were classified as OOS data, while high-quality samples with low anomaly scores remained
in-sample. Additionally, artificial datasets were created by systematically modifying image
properties—including introducing noise and degrading image resolution to simulate challenging
real-world conditions. Considering the excluded and artificial datasets contained out-of-range
images, artificially noised images, and low-quality images (60 samples for both datasets), U-
ARM largely indicated high uncertainties with a prediction that required manual verification
to avoid possibly inaccurate predictions (Table 4.2). In the uncertainty density distribution of
these datasets (Fig. 4.9), U-ARM exhibited high uncertainties for the samples from two groups
of OOS datasets.
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Fig. 4.8 Ten sample images of IS data from the HD-OCT of MH dataset and OOS data that were
not included in the training. a, b Two samples with close predictions to their VA are from both
the standard Al model and U-ARM, also indicating low anomaly and low uncertainty. ¢, d Two
samples with roughly close predictions to their VA are from both the standard AI model and
U-ARM, also indicating moderate anomaly with low uncertainty. e, f with far predictions to their
VA are from both the standard AI model and U-ARM, also indicating high anomaly and high
uncertainty, g An OOS sample is from HD-OCT of MH dataset due to being out of range, h An
OOS sample is from OCT-Newcastle dataset and artificially added noise, i and j OOS samples
are also from OCT-Newcastle dataset but are in low-quality. Samples predicted with the standard
Al model and U-ARM. While the standard Al model only predicts VA scores as the final result,
U-ARM will not only give the prediction but also provide the corresponding uncertainty score to
reflect the reliability of the prediction result.
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Fig. 4.9 Uncertainty density distribution for different datasets. Different coloured solid lines
indicate different test datasets for predicting VA scores, presented in Table 4.2.

4.4 Discussion and Conclusion

In this study, we have developed a novel uncertainty-aware DL model that uses preoperative OCT
images to predict postoperative VA following macular hole surgery at three months. Despite
the limited number of OCT images, U-ARM demonstrated its ability to predict VA with good
discriminative performances when testing the input of single and multiple internal OCT scans on
two different datasets (MAE of 6.34+0.25, R2 of 0.45, and p-value of 0.075 for one channel
on the OCT-Newcastle dataset; MAE of 6.2740.17, R2 of 0.46, and p-value of <0.005 for
seven channels on the OCT-Newcastle dataset; MAE of 6.884+0.26, R2 of 0.41, and p-value
of <0.005 for one channel on the HD-OCT of MH dataset). These results were consistent
when cross-validation was applied. Since the strongest predictor of visual improvement was
MH size, [32] and [117] proposed fully automated 3D image analysis methods. However,
these methods come with limitations that may lead to inaccuracies and variability. For example,
OCT-based MH size and index ratios do not account perfectly for the hole asymmetry and overall
hole shape, and their OCT images were restricted to patients undergoing surgery in one centre.
In addition, the measurement of MH dimensions from OCT is time-consuming and requires
expertise. Also, [94], [122], and [88, 89] proposed standard Al models using preoperative
2D and 3D OCT images, reporting similar results to U-ARM. However, U-ARM is a simple
and promising alternative in predicting VA to the studies based on medical records or 2D and
3D measurements of MHs on preoperative OCT images (BD and MLD) or standard Al models
using preoperative OCT images for prediction of outcomes following surgery.

In addition to predicting VA, another important contribution of this work was determining
the associated uncertainty. Estimations of uncertainty must be employed to ensure the safe and

ethical use of DL models in practice. To the best of our knowledge, this is the first clinical
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trial to prove that a DL model can predict VA and its associated uncertainty using preoperative
OCT images, even when internally testing the OCT scans. Moreover, along with predictions,
U-ARM thoroughly assessed the uncertainty of the DL model and its generalisability on an
external dataset; using U-ARM thus avoids inaccurate predictions. Our results showed that
U-ARM trained on HD-OCT of MH dataset achieved MAE of 6.88+0.26, R2 of 0.41 , and
p-value of <0.005 on the internal dataset and trained on OCT-Newcastle dataset achieved MAE
of 7.15+0.29, R2 of 0.39, and p-value of 0.039 on the external dataset - HD-OCT of MH dataset.
This study, therefore, can lead to new applications in ophthalmology in the future.

Different techniques have been proposed to assess uncertainty in AI models. For further
comparison, we evaluated several commonly used uncertainty techniques. Dropout sampling has
been proposed to approximate Bayesian inference in neural networks by randomly removing
some of the nodes [53]. We calculated the uncertainty of the predictions over multiple runs. The
model ensembling technique is another uncertainty quantification method that involves training
many different DL models with different architectures [96]. Similarly, we used the variance of
the distribution over the predictions obtained through this method as the uncertainty. However,
dropout sampling and model ensembling are computationally expensive and time-consuming
processes since they need to be run several times. Another uncertainty quantification method is
deep evidential regression, which forms the basis of U-ARM [9]. This places evidential priors
over the Gaussian likelihood output and trains the neural networks to infer the hyperparameters
of the evidential distribution. Deep evidential regression is thus a single model that can be
trained in a single run. Although this is a promising approach in terms of efficiency, it does not
strike a balance between prediction and uncertainty. We introduced U-ARM, which considers
image data quality and tunes a regularisation coefficient to balance prediction and uncertainty.
Thus, U-ARM ensures that optimisation initially prioritises prediction over uncertainty and
then gradually increases the weight assigned to uncertainty in later epochs to enhance overall
reliability.

Generally speaking, Al models tend to perform better with IS datasets than with OOS
datasets [41]. Considering this, we initially evaluated the models for IS testing by using the
internal dataset. Next, we tested the models on the external dataset, which showed domain
generalisation. U-ARM achieved the best performance on the IS datasets even if test samples
from the internal and external datasets were uncommon cases. Following this, we compared the
models on the OOS dataset. Similar to the IS testing, U-ARM indicated its ability to generalise
well to data falling OOS. Overall, these tests indicate that U-ARM exhibits well-calibrated
uncertainties in addition to good predictions compared to the other models. Furthermore, U-
ARM is widely applicable for predicting VA due to its efficiency, single-run implementation,
and ease of implementation. Lastly, U-ARM demonstrated remarkable robustness against the
OOS dataset.

We also note additional factors that limit this study. First, even though the internal tests
were successfully implemented using the input of single (2D) and multiple (3D) OCT scans, the
external tests were only performed using single OCT scans. We believe that the performance of
external tests in prediction and uncertainty can be improved if U-ARM is fed with the input of
multiple OCT scans. In addition to this, there remain very limited OCT datasets with a confirmed
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iFTMH, most of which are not publicly available as 3D datasets. This limits our testing of
U-ARM to only two OCT datasets. In future studies, we will collect more preoperative 3D OCT
datasets with their outcome VA and examine the uncertainty. The final limitation relates to OCT
image quality, directly affecting the prediction and its associated uncertainty as stated in Fig. 4.4
and 4.6-(i, 11, 1ii, 1v). Our results are a useful starting point in improving the reliability of DL

models for predicting postoperative VA from preoperative OCT images.

4.5 Summary

In this chapter, we introduced an uncertainty-aware regression model (U-ARM) for predicting
postoperative visual acuity (VA) in patients undergoing macular hole surgery using preoperative
spectral-domain optical coherence tomography (SD-OCT) images. U-ARM addresses the
limitations of existing Al approaches by incorporating uncertainty quantification, enhancing the
transparency and reliability of predictions. The model effectively prevents over-confidence in
predictions and over-inflation of uncertainty by accounting for abnormalities in the data. Through
extensive internal and external evaluations using publicly available datasets (OCT-Newcastle and
HD-OCT of MH), U-ARM demonstrated superior performance in predicting VA and estimating
associated uncertainties compared to traditional methods. The model’s ability to generalize
well to out-of-sample data, including low-quality images and unseen instances, underscores its
potential for practical clinical use. U-ARM is thus a promising approach for clinical settings
and can improve the reliability of artificial intelligence models in predicting VA. Overall, U-
ARM represents a significant advancement in applying Al to predict VA outcomes post-surgery,

offering a more trustworthy and reliable tool for clinicians.
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In this section, we display precise image-wise binary annotations to segment the retinal
external limiting membrane (ELM) in a patient population with idiopathic full-thickness MHs.
Specifically, we consider a subset of the entire dataset described in Section 2, containing 107
OCT images. The OCT images present high variations in image contrast, motion, brightness, and
speckle noise which can affect the robustness of applied algorithms so we performed an extensive
OCT imaging and annotation data quality analysis. Imaging data quality control included noise,
blurriness and contrast scores, motion estimation, darkness and average pixel scores, and anomaly
detection, using the methods in Section 3. Annotation quality was measured using gradient
mapping of ELM line annotation confidence, and idiopathic full-thickness macular hole detection.
Finally, we compared qualitative and quantitative results with seven state-of-the-art DL-based
segmentation methods to identify the ELM line with an automated system.

5.1 Introduction

The ocular fundus, which comprises the retina, macula, optic disc, fovea and blood vessels,
can be visualised in detail using OCT which allows more than ten retinal laminations to be
identified. Figure 1.6 shows the appearance of an MH when imaged using spectral-domain
OCT, and specifically identifies the ELM. Accurate visualization of retinal anatomy allows
ophthalmologists to determine which retinal layers are affected in specific disease processes.
The retina can be anatomically divided into inner and outer zones. The inner retina defines
all structures from the internal limiting membrane (ILM) to the ELM, and the outer retina
includes all structures from the photoreceptors to the choroid. The ELM is formed by junctional
complexes between photoreceptor and Miiller cells, located between the photoreceptor nuclei
and their inner segments. The integrity of the ELM is important in many disease states. In this
section, we specifically investigate the ELM in MHs.

Idiopathic full-thickness MHs form due to age-related changes at the vitreoretinal interface,
with antero-posterior vitreous traction on the inner retinal surface being transmitted by Miiller
cells to the outer retina, which leads to outer retinal traction and dehiscence. Subsequently, a full-
thickness MH forms with the associated movement of the outer retinal layers towards the inner
retinal surface [154]. The integrity of the ELM after surgery is associated with postoperative
vision. The height of the ELM on the sides of the MH also appears to provide prognostic
information, and it is thought that postoperative vision is partly related to the extent of tractional
changes in the outer retina when the MH forms, as well as its chronicity [55, 103]. Detecting the
ELM in MHs is not only clinically useful, but also a particularly challenging image segmentation
task with high applicability to other diseases and biomedical imaging modalities.

There is significant potential for computer-aided diagnosis (CAD) systems to aid OCT
image analysis of MHs and assist ophthalmologists in the detection and characterisation of the
ELM. Identification and quantification of the ELM can be processed manually, but the many
challenges make this a slow and error-prone process. Accurately identifying the ELM is also
difficult because the detection or inhibition of partially coherent optical beams causes speckle
noise in OCT images, causing difficulty in identifying the ELM line and differentiating it from
neighboring retinal layers.
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There are two main types of automated image analysis approaches that have been utilized
for CAD system development, which includes classical image analysis techniques and machine
learning-based image informatics techniques [35, 46, 104, 127, 135, 158]. Classical image
informatics methodologies have several limitations such as threshold methods which struggle
with discontinuities and intensity variations across different retinal layers, and they also cannot
combine previously obtained information such as retinal layer thicknesses from previous OCT
scans. These limitations fail to provide a fully automated solution [34, 72, 86].

The majority of image analysis approaches in the past have used privately owned datasets, and
there is currently no large publicly available benchmark dataset to use for ELM line segmentation
from OCT images. Therefore, the most appropriate image analysis methodology for automated
ELM line segmentation is unclear.

To address the challenges, we present an automated detection of the retinal ELM using a 3D
SD-OCT publicly available image dataset of idiopathic full-thickness MHs. This study provides
the baseline characteristics of current deep learning-based image segmentation methods and
serves as the first building block to foster rapid and objective progress in tackling the research

problem at hand as a research community. The main contributions of this work include:

1. We introduce a general framework for constructing a dataset for retinal ELM line segmen-
tation as shown in Fig. 5.1. We used 3D SD-OCT (5243 2D planes) images from 107
patients.

2. To provide a high-quality benchmark dataset, robust and rigorous quality checks performed
on OCT images, including noise score, blurriness score, contrast score, motion score,
brightness-darkness score, and average pixel width scores. Moreover, annotation quality
analysis includes gradient-based ELM line detection and MH detection.

3. We perform extensive experiments including a broad range of ablation studies using seven
state-of-the-art biomedical and semantic image segmentation methods. Quantitative and

qualitative outcomes are compared with six evaluation metrics.

5.2 Related Works

A number of retinal layer segmentation approaches have been described in published literature.
Below, we present and discuss the most common segmentation methods, ranging from classical

to machine learning-based image informatics approaches.

5.2.1 Classical Image Informatics Approaches

Automatic segmentation of retinal layers based on classical approaches can be categorised
as follows: (1) threshold-based methods, (2) level set-based techniques, and (3) dynamic
programming/graph cut-based methods. Mostly, these techniques have extracted hand-crafted
features that utilize the pixel values, texture, colour, and shape for the segmentation process. To

accurately determine the border of the retinal layers, Ishikawa et al. [72] utilized an adaptive
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Fig. 5.1 Illustration of the proposed workflow. Stage 1 is data acquisition; stage 2 involves OCT
imaging data quality check using several methods (i.e. noise score, blurriness score, contrast
score, motion score, brightness and darkness score, and average pixel width); stage 3 incorporates
ELM line annotation; stage 4 is the assessment of the quality of the annotated data (i.e. gradient-
based ELM line detection, and idiopathic full-thickness macular hole (MH) detection); and stage
5 describes ELLM line segmentation using multiple state-of-the-art segmentation methods. OCT
refers to optical coherence tomography; ELM relates to an external limiting membrane; 2D
applies to two-dimensional (2D) imaging; and MH refers to idiopathic full-thickness macular
holes.

thresholding technique. Previous work has also applied intensity-based Markov boundary
models [86] and a texture and shape analysis [76] approach to segment different retinal layers
from OCT data. Furthermore, Novosel et al. [121] adapted a level-set technique based on
Bayesian inference and anatomical information of the retina to delineate surfaces between
layers. In the study [26], the author employed the deformable model method to segment eight
retinal layers across the complete macular cube. This suggested mechanism maintains object
relationships and topology whilst limiting overlaps.

A fully automated graph theory and dynamic programming-based method was applied to
segment three retinal layers from SD-OCT images of an eye with drusen and geographic atrophy
(GA) [35]. Another group [46] used a small dataset of OCT images for statistical shape modelling.
Specifically, the Mumford-Shah functional method was employed which allows the development
of a parametric illustration of open contours. Later, they formed small bands around the open
contours which enables segmentation by incorporating local information. Furthermore, the kernel
regression (KR)-based classification approach [34] was adopted to accurately measure abnormal
fluid within and under the retina, and the position of the retinal layers. This classification strategy
identifies a pattern to delineate retinal layers based on graph theory and dynamic programming
techniques. However, this method also has limitations due to its parameter inference on images
with noise. To overcome this challenge, Tian et al. [158] recommended the shortest path-based
graph search method which identifies retinal layers by seeking the shortest path among two end
nodes using Dijkstra’s algorithm. Moreover, Bai et al. [18] proposed an adaptive-curve detection
technique that explores the retinal area with boundary growth. The recommended approach

used the simple linear iterative clustering (SLIC) superpixels, and the adjusted active contour, to
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sequentially delineate the remaining boundaries. The method was tested using 3D OCT images
captured from two different OCT systems.

Classical image informatics methods have several limitations, for example (1) the threshold-
ing methods can cause discontinuities and variances of intensity within the same retinal layer,
(2) they lack the ability to consider prior information about the retinal layer thicknesses ob-
tained from previous imaging, and (3) their typically slow performance (especially graph-based
techniques) means they are inappropriate for real-time clinical practices.

5.2.2 Machine Learning-Based Image Informatics Approaches

Convolutional neural networks (CNNs) are a deep learning-based technique used in many image-
based segmentation applications [87]. Most CNNs are applied in areas with large quantities
of imaging data with annotations available to be trained on. In the case of medical imaging,
there are numerous unqiue challenges, such as the availability of data, dimensionality (3D
or 4D) of images, annotation complexity, and quality. In addition, personal patient data and
information must be anonymized, which is a complex and regulated process [47]. As deep
learning methods improve, there are new available models for medical image segmentation tasks
such as FCN [108], SegNet [14], and U-Net [134].

To overcome the aforementioned challenges, an end-to-end multi-scale nested U-Net [104]
based method has been employed to segment seven retinal layers and three types of retinal
fluid respectively. The important feature of this model is the utilization of multi-scale input,
multi-scale side output, re-designed skip connections from U-Net++ [179], and dual attention
technique. Specifically, U-Net++ allows for encoding and decoding layers connected by a series
of nested dense skip connections. This allows the semantic gap between encoding and decoding
layers to be decreased. Similarly, the study [92] applied the recurrent neural network trained as a
patch-based retinal boundary classifier with a graph search (RNN-GS) to segment seven retinal
layers in OCT images from healthy children and three retinal layer edges in OCT images from
patients with age-related macular degeneration (AMD). However, another study [127], suggested
a novel method for automated segmentation of OCT which utilized deep learning, and combined
fully convolutional networks with Gaussian processes (GP). The result confers the combined
efforts of DenseNet [68] and regression-based post-processing where DenseNet allows each
layer of the network to directly process outputs from all previous layers.

An automated retinal layer segmentation network called ReLayNet [135] successfully seg-
mented a retinal OCT B-scan into 7 retinal layers and areas of fluid accumulation. This proposed
approach utilizes convolutional encoding blocks to learn a hierarchy of contextual features that
follow an expansive path of decoders for semantic segmentation. To enable automated investiga-
tion of abnormal maculae, Sun et al. [152] implemented an FCN to recognize retinal areas in
OCT images. Gopinath et al. [58] used a combination of a CNN which extract image layers and
edges of interest, and long short term memory (LSTM) [63] to trace the layer boundaries enabling
segmentation of the retinal layers from OCT scans. In the study [151], the authors adopted a

two-stage FCN method which trained sequentially to achieve better segmentation performance.
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In the first stage, the OCT image was segmented using a trained FCN and the second stage was

refined by another trained model with a decision mask to enhance the segmentation result.
However, the aforementioned machine learning-based image informatics methods have

limitations relating to data annotation, model robustness when using OCT machines from

different manufacturers, and the parameters of deep models required for clinical practice.

5.3 Data Preparation

Table 5.1 shows the detailed description of the ELM line dataset. In this section, we use only a
subset of the entire dataset described in Section 2, captured in Sunderland Eye Infirmary, United
Kingdom (UK), using the Heidelberg Spectralis (Heidelberg, Germany) as part of routine care,
using the same imaging protocol. The individual OCT line scans were 768 x 496 pixels with
the scaling varying slightly between datasets but typically equating to 5.47 microns per pixel in
the X (horizontal) axis and 3.87 microns per pixel in the Y (vertical) axis. With 29-30 microns
spacing between scans (Z-axis), there were 49 scans per dataset. Image dataset and clinical
data on 107 eyes from 107 patients were analysed. The mean age was 70 years old (SD 6.6,
range 48—84), 88 (82%) were female and 54 (50%) were right eyes. The mean minimum linear
diameter of the holes was 384.7 microns and the median duration of symptoms was 6 months.
All scans used a 16 automatic real-time setting enabling multi-sampling and noise reduction over

16 images.

Table 5.1 Ilustration of ELM line dataset.

No. of 3D Volumes || No. of 2D Images
107 5243

5.3.1 Data Preprocessing and Anomaly Detection

In order to ensure the reliability and accuracy of our analysis, we employed image preprocessing,
image quality assessment, and anomaly detection, as described in Sections 3.1.3, 3.1.3, and 3.1.3.
By applying these methods, we ensured that the dataset used for analysis was of high quality and
free from significant artifacts or outliers. The anomaly candidates shown in Fig. 5.3 and Fig. 5.2,

based on the a subset of the entire dataset.

5.3.2 OCT Imaging Annotation Data

Annotation of the ELM line in MHs was performed by a data science researcher and two
experienced ophthalmologists. Specifically, one academic ophthalmology trainee doctor with 2
years of experience, and one consultant ophthalmologist with over 20 years of clinical experience
in their field. First, each slice of the OCT image was manually annotated by a researcher. To
achieve robust annotation accuracy, all annotations were checked by the junior ophthalmologist.

In challenging cases, the senior ophthalmologist was consulted and annotations were adjusted
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Fig. 5.3 A graph depicting the spectral domain optical coherence tomography 3D image anomaly
detection results: black and red points represent normal and anomalous images respectively. I,
I, I3, and I indicate randomly selected 3D images to be presented in Fig. 5.2.
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accordingly. The slice-wise volumetric resultant annotations were exported as Tagged Image
File Format (TIFF) files that contained a binary mask corresponding to [0, 255] for black and

white pixels respectively.

Fig. 5.4 Spectral domain optical coherence tomography (OCT) slices from a single idiopathic
full-thickness macular hole (MH) from our dataset, with the external limiting membrane (ELM)
shown in red colour.

Annotation criteria

Annotating the ELM is challenging due to the presence of the neighbouring retinal layers and
speckle noise. For each patient, a complete set of 49 2D tagged OCT image slices were annotated.
However, the ELM line was not annotated if speckle-noise prevented the retinal layers from

being accurately identified.
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Annotations Uncertainty

Annotation data quality plays an important role in building accurate segmentation methods and
facilitating the diagnosis and monitoring of disease. Therefore, we measured relevant annotation
quality indices including gradient-based ELM line detection and MH detection in the annotated
OCT image slices. Figure 5.5 shows an example of a gradient-based method that measures the
intensity variation of the ELM line from a 3D OCT image. Yellow or red corresponds to the
intensity variation of pixel change, whereas blue represents no change in pixel intensity. We
used a Gaussian filter which calculates a multi-dimensional maximum filter on the edge of the
ELM line. To measure the changes in the neighbouring pixels, connected components with five
pixels compute the gradient local maxima and measure the variance. The main purpose of this
method is to estimate the intensity variation that presents any uncertainty that could affect the
annotation of the ELM line.

Idiopathic full-thickness macular holes were detected using the following three key steps: 1)
we used a 3D annotated mask by estimating the maximum of an array or maximum along an
axis towards the direction of depth; 2) we set the background label to zero to explicitly focus
on the foreground ELM line; and 3) we separated the connected components of defined labels
by taking the maximum from them. This helped to identify the continuous line (surface in 3D)
representing the ELM line, and the one discontinuity corresponding to the presence of a macular
hole. Each patient had only one macular hole present in their annotated images. Figure 5.4,
shows multiple OCT slices of a single patient from our benchmark dataset, with its ELM line
marked with red color.

Pixel intensity

(a) (b)

Fig. 5.5 lllustration of gradient-based intensity variation in the external limiting membrane (ELM)
line. Here, a depicts the central slice of a full-thickness idiopathic macular hole using spectral
domain optical coherence tomography (OCT), and b displays the corresponding corresponding
gradient map. The colour bar displays pixel intensities, with red representing the maximum
change in pixel intensity and blue referring to no variation in intensities of the 3D OCT image.
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5.4 Methods

In this section, we present the architectural details of seven segmentation methods including
fully convolutional networks (FCN) [108], U-Net [134], SegNet [14], Attention U-Net [124],
recurrent residual convolutional neural networks (R2U-Net) [7], Efficient U-Net [17], and
DeepLabv3+ [29] employed to segment the ELM line from OCT image.

5.4.1 Fully Convolutional Networks (FCN)

To perform semantic segmentation, [108] introduced the first deep learning-based fully convolu-
tional network (FCN) method. We adopted FCN to provide an accurate ELM line segmentation.
It involves four convolutional layers where the ResNet-18 (residual networks) [61] pre-trained
network on ImageNet [40] is used to extract relevant features (i.e. edge, texture, and intensity,
etc.) from OCT images. We upsampled the encoded features by applying bilinear interpolation
to predict the segmentation mask. In addition, employing the skip connection to combine low
and high layer features in the final output layer for fine-grained ELM line segmentation.

5.4.2 U-Net

We used U-Net [134] which includes five encoder and decoder layers. The encoder layer repeated
two 3 x 3 convolutions and strides 1 x 1 followed by batch normalization and the non-linear
ReLU activation function. These convolutional filters directly learn intrinsic retinal features
(gray-level, texture, gradients, edges, etc.) from the OCT images. To down sample the feature
maps, we applied a 2 x 2 max-pool operation with stride 2 x 2 after each encoder layer.
Each decoder layer consists of an upsampling of the feature maps followed by a 2 X 2 up-
convolution that divides the number of feature channels, a skip connection (concatenation) with
the correspondingly cropped feature map from the encoder layers, and two 3 X 3 convolutions,
each followed by a ReLLU. This skip connection between encoding and decoding layers were
added to preserve relevant information from the input features. At the final layer, a 1 x 1
convolution was adopted to map each 64 element feature vector into the binary segmentation
task of the ELM line.

5.4.3 SegNet

We employed the SegNet [14] method to segment the ELM line. This network is followed by
encoder and decoder blocks. Specifically, the encoder utilized a 13 convolution layer of the
VGGI16 [141] network. During the training process, convolution filters with size 3 x 3 extracted
the set of feature maps from OCT images. Moreover, due to variance in the feature maps,
batch normalization was applied to avoid overfitting. Non-linear ReLLU activation functions
were applied. To evade overfitting and reduce the input representation (feature dimensionality),
max-pooling with size 2 x 2 and non-overlapping stride were 2 x 2 employed to the resultant
feature maps. Likewise, the decoder has 13 deconvolutional layers that were used to up-sample
the extracted feature maps of the ELM line. The high dimensional feature description at the
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output of the final decoder was served to a sigmoid classifier to generate class probabilities for
each pixel individually.

5.4.4 Attention Gates in U-Net (Attention U-Net)

Attention U-Net [124] was employed to provide ELM line segmentation from the OCT image
dataset. It is the modified version of the very popular biomedical image segmentation model
U-Net to advance model sensitivity to foreground pixels without needing complex design. This
network architecture represents a similar structure of standard U-Net with five encoding and
decoding layers. After each encoding layer, the attention module was applied. This module is
employed by introducing a grid-based gating mechanism. Each encoder layer of attention-based
features was passed to the corresponding decoder layer through the skip connection which
evades disambiguating inappropriate and noisy features. This model helps to highlight more
relevant ELM line features by ignoring other background regions and generate a precise output

segmentation map.

5.4.5 Recurrent Residual Convolutional Neural Network based on U-Net
(R2U-Net)

The R2U-Net [7] is a medical image segmentation model that provides an advancement from the
classical U-Net method. It consists of five encoding and decoding layers. We used the recurrent
residual convolution block in each encoding and decoding layer. Especially, this recurrent
convolution was applied before the features downsampling and upsampling process in encoding
and decoding layers respectively. Finally, this recurrent convolutional neural network (RCNN)
block was also added before the final segmentation result. Similar to U-Net, R2U-Net utilized a
skip connection between the encoding and decoding layers. The sigmoid activation function was
used to calculate the final pixel probability of ELM line output.

5.4.6 Efficient U-Net

The EfficientNet [156] network was utilized as an encoder for feature extraction from OCT
images and the decoder was used to provide the segmentation map of the ELM line. This
EfficientNet has eight variations that include EfficientNetBO to EfficientNetB7. Due to com-
putational restriction, we applied EfficientNetB3 [156] to perform feature extraction inside the
encoder layers of U-Net. It consists of mobile inverted bottleneck convolution (MBConv) [137]
that combines the squeeze and excitation mechanism to highlight the more relevant features of
the ELM line. Similarly, the decoder has kept a similar architecture to standard U-Net. Skip
connection with element-wise feature concatenation was employed to preserve the high-level

features and spatial information by filling the semantic gaps during the reconstruction process.
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5.4.7 DeepLabv3+

To provide a precise semantic segmentation, we employed DeepLabv3+ [29], which is an
extension of the previous method called DeepLabv3 [28]. During the training process, a pre-
trained ResNet-18 model as a network backbone was used to extract rich feature information
from the OCT dataset. Without adding any computational complexity, the extracted feature
maps are inputted into the atrous convolution block that is used to control the resolution of
obtained features from CNNs. Furthermore, it allows low and high-level features to be combined
(ELM line, and its background). The atrous convolutional block also enables increments to
capture multi-scale contextual information from OCT images. We used an output stride of 16
which enables a 1 x 1 convolution and three 3 x 3 dilated convolutions of varying dilation
rates of 1, 6, 12, and 18 respectively. The last convolutional layer has a kernel size of 1 x 1
served by a global average pooling operation. To obtain high-level feature maps, an upsampling
operation was applied after each atrous convolution layer, and then all extracted feature maps
were concatenated. In the decoder, to recover the high-level and low-level feature maps bi-linear
interpolation was used to upsample the features twice. To obtain rich information, we combined
both high and low-level features. Ultimately, the bi-linear interpolation technique was employed
for the final segmentation of ELM line output by upsampling the feature map by 2.

5.4.8 Cost Function

In this work, we used the sum of binary cross-entropy (BCE) and the Dice loss as a utilized cost

function. Here, Dice loss P is the Dice coefficient Dice that can be expressed as follows:
_ 2[G]-|P|
G]?+|P[?

where G is the ground truth image mask comprising an ELM line and P is the predicted mask

£Piee(G P) = 1 — Dice(G,P) = 1 (5.1)

from the image segmentation output.

The overall loss function is formulated as follows:

XOL(G,P) — a(_(Glog(P) + (1 — G)lOg(l _P)))

. 5.2
+(1— ).2P (G, P). 62

Where, o is an empirical weighting factor.

5.5 Experimental design and results

5.5.1 Parameter Selection and Training

We implemented our network using Python 3.6, CUDA 10.2, cuDNN 7.0, PyTorch 1.8.1 running
on a 64-bit Ubuntu operating system using a 3.4 GHz Intel Core-i9 with 32 GB of RAM and
NVIDIA RTX 2080 Super GPU with a memory of 8 GB. We have trained our model by using the
input resolution size of 256 x 256. During training, we used ADAM optimiser with f; = 0.5,
B> = 0.999 and learning rate = 0.0002 with a batch size of two. We set the loss weighting factor
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a to 0.5. Finally, we trained the model with 100 epochs and evaluated it on the best checkpoint
saved by the highest Dice coefficient score. In order to generate the final segmentation result, we
set the threshold value to 0.5.

The dataset was divided into training, validation, and testing sets by using five-fold cross-
validation with a ratio of 70%, 10% and, 20% respectively. We evaluate the model performance
on the independent test set. Note, we confirm that there are no patients shared within the splits
and the folds of the cross-validation study. To provide variability and artificially increase the
size of the ELM line dataset, various data augmentation techniques were applied. We scaled
the images by changing the scaling variable from 0.5 to 1.5 with a step size of 0.25. Next, we
applied gamma correction on the images by varying the gamma scaling constant from 0.5 to 1.5
with a step size of 0.5. Finally, we horizontally and vertically flipped the images, and rotated
them with different angles of 15 degrees.

5.5.2 Quantitative Evaluation

In this study, we employ six evaluation metrics to evaluate the performance of each segmentation
method, including Dice coefficient score (DSC), intersection over union (IoU), root mean square
error (RMSE), Hausdorff distance (HD), sensitivity (SEN), and false-positive error (FPR). The
segmentation results analysis relied on a confusion matrix that encompasses four different
variables: true positive (TP), false positive (FP), true negative (TN), and false-negative (FN).
Here, we present the mathematical formulations of the six metrics: DSC, IoU, SEN, FPR, RMSE,
and HD.

Dice Coefficient: The Dice coefficient was used to measure the similarity between ground

truth and the predicted mask.

2IPNG| 2.TP

DSC = =
\P|+|G| 2-TP+FP+FN

(5.3)

where G is the ground-truth mask and P is the predicted mask.
Intersection Over Union: The intersection over union calculates the percentage overlap
between the ELM line ground truth and predicted mask.

TP
IoU = (5.4)
TP+FP+FN

Sensitivity: Sensitivity calculates the portion of positive pixels in the ground truth that is

also identified as positive by the algorithm being evaluated. Sensitivity can be obtained by the
Equation (5.5):
TP
SEN = —— 5.5
TP+FN (5-5)
False Positive Rate: This is the ratio of false positives to the sum of false positives and true

negatives.

FP

FPR= ———
FP+TN

(5.6)
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Root Mean Square Error: RMSE measures the difference between the ground truth and
the predicted mask of the ELM line (units in pixels). Here, a smaller value represents better

segmentation output.

RMSE = |1 Y (P(i) = G(i)), (5.7)
nier
where G(i) is the ground-truth of pixel i, P(i) corresponding predicted mask, 7 is the set of valid
pixels (i.e., both the ground-truth and predicted mask pixels that do not have mask values equal
to zero or non-black regions), n is the number of elements in 7.
Hausdorff Distance: This is a symmetric measure of distance between two masks (smaller
is better) and is defined as [30]. This distance can be calculated in pixels. Here, The point sets
S and Sp belong to the pixels of the ground truth mask and the prediction, respectively.

HD = max maXSGes(G)d(SG,S(P)),maXSpes(p)d(SP,S(G)) . (5.8

Where, d refers to the distance between the two points.

Table 5.2 Quantitative comparison of the seven segmentation methods with and without the
effect of data augmentation on the ELM line test set by using six evaluation metrices i.e., DSC,
IoU,RMSE, HD, SEN, and FPR. Statistically notable results are highlighted in bold font.

Models With data augmentation Without data augmentation
DSC1 | IoUT |RMSE| | HD| | SENT | FPR| [ DSC?T [IoUT |RMSE| | HD| | SEN1 | FPR |

FCN [108] 77.307 | 63.562 | 0.070 | 7.990 | 71.008 | 0.149 | 75.851 | 61.782 | 0.072 | 8.719 | 68.506 | 0.013
U-Net [134] 78.026 | 64.358 | 0.069 | 6.099 | 70.989 | 0.142 | 77.430 | 63.636 | 0.071 8.190 | 70.170 | 0.141
SegNet [14] 76.501 | 62.435 | 0.071 8.266 | 69.140 | 0.141 | 75.289 | 60.917 | 0.073 | 8.917 | 67.550 | 0.144
Attention U-Net [124] | 78.270 | 64.711 | 0.069 | 6.238 | 71.547 | 0.142 | 77.264 | 63.532 | 0.071 | 7.565 | 70.204 | 0.148
R2U-Net [7] 78.299 | 64.179 | 0.069 | 5.188 | 70.970 | 0.131 | 78.036 | 63.036 | 0.069 | 5.991 | 71.062 | 0.141
Efficient U-Net [17] 77.583 | 63.832 | 0.070 | 9.804 | 71.152 | 0.151 | 77.081 | 63.130 | 0.072 | 12.74 | 71.145 | 0.170
DeepLabv3+ [29] 76.328 | 62.277 | 0.072 | 6.230 | 70.843 | 0.177 | 75.742 | 61.256 | 0.075 | 7.982 | 69.531 | 0.194

5.5.3 State-Of-The-Art Method Comparisons

In Table 5.2, we present the quantitative results of seven segmentation methods on the ELM
line dataset. These methods include the (FCN) [108], U-Net [134], SegNet [14], Attention
U-Net [124], recurrent residual convolutional neural networks (R2U-Net) [7], Efficient U-
Net [17], and DeepLabv3+ [29]. Initially, the experiments were performed without using any
data augmentation techniques but later performed data augmentation on the segmentation results
(see subsection 5.5.5). Experimental results demonstrated that R2U-Net shows effectiveness
and superiority in DSC, RMSE, HD, and FPR scores of 78.03%, 0.069, 5.99, and 0.141%,

respectively compared with other methodolgies. The recurrent convolutional neural network
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(RCNN) leads to precise segmentation due to its temporal dependencies from OCT images.
It extracts rich low-level features (i.e., edge, texture, and intensities, etc.) and high-level
features. In turn, U-Net and Attention U-Net performed similarly and yielded 63.63% and
63.53% IoU scores, respectively. The attention mechanism allows capturing the most relevant
foreground ELM line features and discards the irrelevant ones. SegNet scored comparatively
lower segmentation results compared to the rest methods. Overall, we observed that the U-Net
family models (i.e., U-Net, Attention U-Net, R2U-Net, and Efficient U-Net) generate similar
ELM line segmentation results.
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(a) Dice coefficient score. (b) IoU score.

Fig. 5.6 Boxplots of Dice and IoU scores for all test samples of ELM line OCT dataset. Different
colour boxes indicate the score range of several methods; the red line inside each box represents
the median value, box limits include interquartile ranges Q2 and Q3 (from 25% to 75% of
samples), upper and lower whiskers are computed as 1.5 times the distance of upper and lower
limits of the box, and all values outside the whiskers are considered outliers, which are marked
with the (+) symbol.

In Figure, 5.6a, 5.6b we have provided descriptive statistics of box-plot analysis for the
most relevant DSC, and IoU scores. These measurements constitute each of the employed
segmentation methods. We used different color boxes to indicate the score range of several
methods; the red line inside each box represents the median value, box limits include interquartile
ranges Q2 and Q3 (from 25% to 75% of samples), upper and lower whiskers are computed as
1.5 x the distance of upper and lower limits of the box, and all values outside the whiskers are
considered outliers, which marked with the (+) symbol. As clearly shown, R2U-Net outperforms
the other six methods with a lower standard deviation. Descriptive statistics also demonstrated
that all the ELM line segmentation methods produced few outliers. These outliers may affect

segmentation results for certain cases.

5.5.4 Qualitative Evaluation

Figure 5.7 presents the three qualitative comparisons of seven segmentation methods (i.e., FCN,
SegNet, U-Net, Attention U-Net, R2U-Net, Efficient U-Net and DeepLabv3+) used to segment

the ELM line. The white box provides a zoom-in visualization of the specific region, where
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Fig. 5.7 Qualitative comparison of seven state-of-the-art segmentation methods evaluated on the
ELM line test set. In a row, we present three examples used to compare all the segmentation
methods. Here, we map the results into three colors: orange color refers to true positive, red
color a false negative, and green color presents false positives. Further, gradient-based color
maps depict the dark blue color that highlights no variation in the pixel intensities. In addition, a
yellow or red color indicates increasing changes in intensity. The white box provides a zoom-in
visualization of the specific region, where the compared segmentation methods failed to provide
precise ELM line detection.
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the compared segmentation methods failed to provide precise ELM line detection. We used
colour-coding to visually inspect the segmentation results, i.e., orange colour represents true
positives, red colour denotes the false negatives and green corresponds to false positives. It
is evident that most of the compared ELM line segmentation methods performed similarly by
generating only very few false positives due to the fuzzy boundaries and high variation in pixel
intensity across the ELM line, as highlighted in the zoom-in box. To demonstrate this effect,
we plotted the pixel intensity gradient map, where the blue colour corresponds to no variations
in intensity, whilst certain areas, shown as a yellow or red colour, depict increasing changes in

intensity.

5.5.5 Ablation Study

In recent years, ablation studies are involved in various relevant scientific publications to assess
deep learning performance [113]. We provide a broad range of ablation studies that involve the
effect of data augmentation, the effect of the loss function, and the computational complexity of
each segmentation method.

Effect of Data Augmentation: Table 5.2 shows the effect of data augmentation with each of
the employed methods. As can be seen, adding the additional diversity in feature representation
leads to a significant improvement in segmentation outcomes. These varying imaging features
(e.g., transformation, rotation, contrast changes, and flipping operations) helps to fill the semantic
gap and make network training more generalized. This strategy served to improve the model
performance by around 1.5% — 2.5%. Moreover, extensive testing confirms rotation of the OCT
images by more than 15 degrees did not result in any significant deterioration in its performance.

Effect of Loss Function: Figure 5.8 presents the effects of various loss functions (i.e., BCE,
Dice loss, IoU loss, BCE+IoU, and BCE+Dice loss) on ELM line test set. We evaluated all the
seven segmentation methods underlying different loss functions. Experimental results confirm
that the R2U-Net has outperformed other methods with a combination of BCE and Dice loss
functions. This combination of loss functions allows faster loss convergence during training and
achieves more precise ELM line segmentation. Further, it helps in reducing the number of false
positives from the segmented mask remarkably. This ablation study verifies the utilized loss
function (BCE + Dice loss) yields a better increment at pixel-level in the ELM line segmentation
results.

Computational Complexity: In Table 5.3, we present the computational complexity of
each method in terms of its parameters (M) and MACs (G). FCN follows a large number of
convolution layers that contained 135.53M parameters with 50.13 MACs. However, DeepLabv3+
showed the second-highest complexity with 59.34M parameters compared to the rest methods.
Further, U-Net and Attention U-Net have very comparable trainable parameters and achieved
similar segmentation results. But, R2U-Net has 39.09M parameters with the highest 152.94
MAC:s that increased by the recurrent neural network operation. Besides, Efficient U-Net only
contained 21.44M parameters with the lowest 9.69 MACs. This allows the network to train

faster and achieved comparable results with other state-of-the-art segmentation methods.
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Fig. 5.8 Illustration of various loss functions performance (i.e., BCE, Dice, loU, BCE+IoU, and
BCE+Dice) comparison by the best results achieved by R2U-Net method. The dice coefficient
and IoU scores were adapted to measure the quantitative changes.

Table 5.3 Comparison of various model trainable parameters and multiply—accumulate operation

(MAC:s).
Models Params (M) | MACs (G)
FCN 135.53 50.13
SegNet 29.44 40.10
U-Net 34.53 65.53
Attention U-Net | 34.88 66.64
R2U-Net 39.09 152.94
Efficient U-Net | 21.44 9.69
DeepLabv3+ 59.34 22.21
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5.5.6 Limitations

Accuractly identifying the ELM line using OCT images is a challenging assignment due to
artifacts and variation in pixel intensities leads to more false-positive results. We accept that our
study has limitations. First, we performed an analysis on a dataset compiled from one hospital
with a single manufacturers’ OCT device on a predominantly white population. Therefore, the
experimental results may not be generalizable to other populations or OCT appliances. Second,
the benchmark dataset only includes images from patients with idiopathic full-thickness macular
holes, a particularly challenging scenario for ELM line detection. Lastly, in this study, we have
not calculated any clinically applicable measurements from the images and compared them to

human-derived ones, which is our next aim.

5.6 Conclusion

In this section, we have presented an ELM line segmentation using OCT image dataset. Specifi-
cally, the dataset contains images from one eye of 107 patients with idiopathic full-thickness
macular holes, with precise ELM line annotations. The OCT images have variation in image
contrast, motion, brightness, and speckle noise, typical of routinely collected clinical data. We
performed a detailed analysis of image and annotation quality, using a range of standard scores,
and gradient mapping of the ELM line. We also performed an extensive ablation study that
included the effect of the loss function, the effect of data augmentation, and computational com-
plexity and compared the results of seven state-of-the-art image segmentation methods. All the
segmentation methods achieved greater than 75% Dice coefficient score, however, there remains
potential to improve the methodology with further study. The ability to detect and measure the
ELM is an important part of retinal assessment in a number of blinding diseases. In particular in
eyes with macular holes, where the ELM can be challenging to evaluate, it can be used to select
the optimal surgical techniques and assess prognosis. In future work, we will assess the use of
automated ELM detection to derive clinically relevant measures to predict outcomes in patients
undergoing surgery. Furthermore, while this study focused on 2D segmentation, future work will
explore 3D architectures to leverage volumetric context and incorporate uncertainty prediction
to improve clinical interpretability. These advancements will require expanded datasets with
3D annotations and agreement from multiple experts to create reliable training labels. The key
takeaway from Chapter 5 is that accurate and automated ELLM segmentation is achievable on
real-world clinical OCT data despite image quality variability. This directly supports the overall
aim of this thesis by providing a reliable structural biomarker that can contribute to predictive

models of surgical outcomes in macular hole patients.

5.7 Summary

This chapter focused on the segmentation of the retinal ELM in patients with idiopathic full-
thickness macular holes using a subset of an OCT image dataset. The chapter emphasized the

importance of accurate ELM detection for clinical assessments and the challenges posed by



5.7 Summary 93

OCT image quality variations. It highlighted the potential of computer-aided diagnosis (CAD)
systems to assist ophthalmologists by providing an automated and reliable means of segmenting
the ELM. The limitations of classical image analysis techniques are discussed, leading to the
exploration of machine learning-based methods for better performance.

The study introduced an automated ELM detection framework using the OCT dataset.
Extensive experiments were conducted, comparing the performance of seven state-of-the-art
image segmentation methods using six evaluation metrics. The results showed that all methods
achieved a Dice coefficient score greater than 75%, indicating promising improvement. The
chapter concluded by acknowledging the significance of accurate ELM detection for retinal
assessment, especially in macular holes. Although this chapter focused on segmentation, it
contributes to the overall aim of this thesis by enabling precise extraction of structural features
relevant to macular hole prognosis. Clinically, successful restoration of the ELM is strongly
associated with macular hole closure and improved visual acuity. As such, the methods developed

here can inform future predictive models of surgical outcomes and visual function.
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6.1 Introduction

his chapter aims to consolidate the key contributions of this thesis by synthesising the findings
from Chapters 3, 4, and 5. It will clarify how the developed framework for VA prediction, the
uncertainty quantification method, and the approach to ELM layer segmentation collectively and
significantly enhance the comprehensive assessment of MHs. Furthermore, it will underscore
the significance of the novel 3D SD-OCT imaging benchmark dataset in facilitating these

advancements, subsequently contributing to improved clinical decision-making and patient care.

6.2 Integrated Framework for Macular Hole Assessment

6.2.1 Visual Acuity Prediction as a Foundation

Chapter 3 presented a deep learning framework for predicting postoperative VA in MH patients.
The accurate prediction of VA is crucial for surgical planning and patient expectations. By
employing 2D and 3D CNN models, this framework provides valuable insights into potential
visual recovery following surgery. While the core algorithms are established, the framework’s
contribution lies in its robust implementation, comparative analysis, and optimisation for the
specific task of MH VA prediction. Integrating accurate VA prediction with detailed anatomical
information, such as ELM layer segmentation, can provide a more comprehensive understanding

of the patient’s condition and inform more tailored surgical strategies.

6.2.2 Uncertainty Quantification for Enhanced Reliability

Chapter 4 addressed the inherent uncertainty in OCT images and DL model predictions. The
introduction of the U-ARM model allows for more reliable predictions by quantifying the
uncertainty associated with VA predictions. This is particularly important in clinical settings,
where a prediction’s confidence level is critical for decision-making. Although uncertainty
quantification methods exist, their application and adaptation within the context of MH and
OCT image analysis is a significant contribution, as presented in this thesis. The evaluation
of U-ARM demonstrates the importance of incorporating reliability measures into DL-based
predictive models. Furthermore, quantifying uncertainty in VA prediction adds a crucial layer of
reliability, enabling clinicians to make more informed decisions, especially in cases where the

model expresses higher uncertainty.

6.2.3 ELM Layer Segmentation for Anatomical Insights

Chapter 5 focused on the segmentation of the retinal ELM layer. Accurate segmentation of
the ELM layer provides crucial anatomical information that can aid in surgical planning and
prognosis. Specifically, the detailed knowledge of the ELM layer morphology, facilitated by
accurate segmentation, can inform the selection of appropriate surgical techniques for macular
hole closure. This is because the ELM’s integrity and its relationship to the surrounding retinal

structures are key factors influencing the surgical approach and, ultimately, postoperative visual
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acuity scores. While the segmentation models used are established, the chapter contributes a
detailed analysis of their performance in the context of MH, addressing the challenges posed
by OCT image quality. The automated ELM detection framework enhances the objectivity and
efficiency of this crucial clinical task, providing surgeons with valuable data to optimize surgical

strategies and improve patient outcomes.

6.3 The Role of the Novel 3D SD-OCT Imaging Benchmark
Dataset

The novel 3D SD-OCT imaging benchmark dataset introduced in this thesis is a key enabler
of the advancements described in Chapters 3, 4, and 5. Existing datasets often suffer from
limitations such as small sample size, lack of standardization, and insufficient image quality,
hindering the development of robust DL models. The new dataset addresses these limitations by
providing:

* A large and well-curated collection of 3D SD-OCT images specifically focused on MH.

 Standardised imaging protocols and quality control measures.

* Detailed annotations, including ELM layer segmentations and corresponding visual acuity

measurements.

This dataset has facilitated the development, training, and validation of the proposed frame-
work, enabling more accurate and reliable MH assessment. It also provides a valuable resource
for future research in this field, promoting the development of even more sophisticated and

clinically relevant tools.

6.4 Conclusion

This chapter has demonstrated how the individual components of this thesis (the VA prediction
framework, UQ, and ELM layer segmentation) synergistically contribute to a more compre-
hensive and reliable assessment of macular holes. By integrating functional predictions with
anatomical insights and reliability measures, the framework offers a powerful tool to support
clinical decision-making. While Chapters 3 and 5 utilise existing algorithms, their value is en-
hanced by their application within this integrated framework and their evaluation using the novel
dataset. The proposed UQ method in Chapter 4 enhances the clinical utility of the framework.
The novel 3D SD-OCT imaging benchmark dataset is a crucial contribution that underpins the
validity and impact of the entire work, paving the way for improved diagnosis, surgical planning,

and, ultimately, better outcomes for patients with macular holes.






Chapter 7

Conclusions and Future Work

Contents
8 B 0 0 ) o 1 100
7.2 Reyisit the RQs and Research Conclusions . . .. ............. 100
102

7.3

Future Work




100 Conclusions and Future Work

7.1 Overview

This chapter concludes the thesis by comprehensively summarising the research and its key
findings. It revisits the research questions that guided this study and outlines how each question
was addressed. Furthermore, this chapter discusses the broader implications of the research
outcomes for predicting VA following MH surgery and the automated segmentation of the
retinal ELM layer. Finally, it identifies potential directions for future work to build upon the

advancements made in this thesis and expand the applicability of the developed methodologies.

7.2 Revisit the RQs and Research Conclusions

In conclusion, this thesis presents a robust and comprehensive framework for enhancing the
prediction of VA outcomes and the segmentation of the retinal ELM layer in patients undergoing
MH surgery. This section revisits the core RQs and research conclusions that guided this study,

summarising key findings, methodological insights, and implications.

Addressing the Foundation: Existing Data and the Novel Dataset

1. RQI: How have idiopathic full-thickness macular holes (MHs) been quantitatively assessed
in the published literature, and what are the limitations of existing datasets?
RQ2: How does the newly introduced 3D SD-OCT imaging benchmark dataset contribute
to advancing DL models for MH analysis?

Chapter 1 and 2 of this thesis directly address these foundational questions. A compre-
hensive review of the existing literature (RQ 1) identified the various methods used to to
assess MHs quantitatively and critically evaluated the limitations of currently available
datasets for training and validating DL. models. These limitations include limited sample
size, lack of standardised imaging protocols, variability in image quality, and the absence
of detailed 3D volumetric data. To overcome these challenges and advance the retinal
imaging analysis, this thesis introduces a novel 3D SD-OCT imaging benchmark dataset
curated for MH analysis (RQ 2). This dataset aims to provide a more comprehensive and
standardised resource, facilitating the development and evaluation of more robust and

accurate DL models for tasks such as VA prediction and retinal structure segmentation.

DL Models for VA Prediction

2. RQ3:How do different state-of-the-art DL models perform in predicting postoperative VA
from preoperative OCT images?
RQ4: What relationships exist between preoperative OCT images, preoperative VA, and
postoperative VA, and how can DL-based predictive models leverage these relationships?
RQ5: How can an automated OCT image analysis framework for ophthalmologists be
developed using DL algorithms trained on preoperative OCT images and postoperative
VA outcomes?
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Chapter 3 explores 2D and 3D CNN models addressing RQ 3, 4, 5. The 2D CNN mod-
els demonstrated impressive predictive accuracy with an MAE of 6.47 ETDRS letters,
effectively handling various image quality issues. These models offer a computationally
efficient approach to VA prediction. The 3D CNN models generally provided superior
R-squared and Pearson correlation coefficient performance, indicating they capture more
nuanced spatial information. However, this comes at the cost of increased computational
complexity. This comparative analysis presents the importance of balancing computa-
tional efficiency and spatial resolution based on the specific requirements of the clinical
application (RQ 3). This study also contributes to understanding the relationships between
preoperative OCT images, preoperative VA, and postoperative VA (RQ 4) by establishing
a DL-based approach to predict postoperative VA. The development of these models
contributes to Rg 5, which showcases the potential for automated VA prediction tools for

ophthalmologists.

Uncertainty Quantification with U-ARM

3. RQ6: What preprocessing, image quality assessment, and anomaly detection techniques
enhance the robustness of DL-based OCT analysis?
RQ7: What are the common sources of uncertainty in OCT images, and how can they be
effectively represented and quantified in DL-based predictive models?
RQ8: How does the proposed UQ method compare with commonly used UQ approaches
in improving the reliability of 2D and 3D DL-based predictive models?

Building on this foundation, Chapter 4 introduced the uncertainty-aware regression model
(U-ARM) to address RQ 6, 7, 8. U-ARM enhances the transparency and reliability of
predictions by explicitly quantifying uncertainty, effectively preventing over-confidence
and the over-inflation of uncertainty. Through extensive evaluations of UQ methods,
U-ARM demonstrated superior performance in predicting postoperative VA and estimating
associated uncertainties compared to other UQ methods (RQ 7 and 8). The ability of
U-ARM to generalise well to out-of-sample data, including low-quality images and unseen
instances, showcases its robustness and adaptability, improving its potential for clinical
application. This advancement emphasises the potential of U-ARM as a more trustworthy
and reliable tool for clinicians. The incorporation of uncertainty measures is critical
for enhancing the reliability and clinical utility of predictive models. Furthermore, the
preprocessing, image quality assessment and anomaly detection techniques used in this
chapter contribute to addressing Rg 6, which improves the robustness of DL-based OCT

analysis.

ELM Layer Segmentation

4. RQ 9: How do different state-of-the-art DL-based segmentation models perform in detect-
ing the ELM layer in OCT images?
RQ 10: How can automated ELM layer segmentation be integrated into clinical workflows,

and what are the latest advancements in DL-based ELM layer detection?
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Chapter 5 focused on the segmentation of the retinal ELM layer in patients with idiopathic
full-thickness MHs. The comparison of seven state-of-the-art image segmentation methods
highlighted the challenges posed by variations in OCT image quality and the limitations
of classical image analysis techniques RQ 9. The introduction of an automated ELM
detection framework, which achieved a Dice coefficient score greater than 75% across all
methods, demonstrates the potential of the CAD systems to provide accurate and reliable
segmentation. This capability is crucial for integrating automated ELM layer segmentation
into clinical workflows, as explored in RQ 10. The automated framework can assist
clinicians in accurately identifying and assessing the ELM layer, potentially leading to

improved surgical planning and outcome prediction.

Overall, this thesis offers valuable insights into the application of advanced DL techniques
for OCT image analysis in the context of MH surgery. The findings highlight the importance of
selecting appropriate models based on clinical needs, the benefits of incorporating uncertainty

quantification, and the potential of automated segmentation frameworks.

7.3 Future Work

While this thesis established a robust framework for improving visual acuity prediction and
retinal structure segmentation in MH surgery using advanced DL techniques, several promising

works for future research remain.

Further Optimization and Exploration of Models:

Future work should further optimise the developed 2D and 3D CNN models. This could explore
more advanced CNN architectures, such as Transformers or hybrid CNN-Transformer models, to
capture long-range dependencies and improve predictive accuracy and segmentation performance.
Research on different loss functions, optimisation algorithms, and regularisation techniques could
also enhance DL model generalisation and robustness of DL models. Furthermore, exploring the
benefits of incorporating attention mechanisms within the models could improve their ability to

focus on clinically relevant features within the OCT images.

Hybrid Approaches and Multi-Modal Integration:

Hybrid approaches that combine the strengths of 2D and 3D models could be beneficial in
predicting VA following MH surgery. For instance, a multi-stream architecture that processes
2D slices and 3D volumes and fuses their features could potentially leverage complementary
information. Additionally, future research could investigate the integration of other relevant
clinical data, such as patient demographics, preoperative visual acuity, and MH characteristics
(e.g., minimum linear diameter, basal diameter, height), with the OCT image data to develop

more comprehensive predictive models.
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Expanding Applicability to Other Retinal Conditions:

The methodologies developed in this thesis have shown promise for MH analysis. Future work
should explore the applicability and adaptability of these models and frameworks to other retinal
conditions characterised by structural changes observable in OCT images, such as epiretinal
membranes, vitreomacular traction, and age-related macular degeneration. This would involve
fine-tuning the existing models or developing new ones tailored to the specific characteristics of

these conditions.

Longitudinal Studies and Temporal Analysis:

This thesis primarily focused on predicting outcomes based on preoperative data. Future research
could investigate using longitudinal OCT data to predict the trajectory of visual recovery or
the risk of complications over time after MH surgery. Developing models that can analyze the
temporal sequences of OCT images could provide valuable insights into the dynamic changes in

the retina post-surgery.

Clinical Translation and Explainability:

A critical direction for future work is the translation of these advanced DL tools into clinically
usable systems. This would involve rigorous external validation on multi-centre datasets, devel-
opment of user-friendly interfaces, and assessment of their impact on clinical decision-making
workflows. Furthermore, the explainability and interpretability of the DL models is crucial for
building trust among clinicians and patients. Attention map techniques could provide insights

into the model predictions and segmentation results.

Addressing Data Imbalance and Rare Cases:

Macular hole surgery outcomes and the prevalence of specific morphological features can be
imbalanced in clinical datasets. Future work should explore techniques to address data imbalance,
such as advanced sampling strategies or synthetic data generation, to improve the performance

of the models, particularly for less frequent but clinically significant cases.

Application of the Segment Anything Model (SAM) for ELM Segmentation:

An up-and-coming area of future research is the application of the recently developed Segment
Anything Model (SAM) for ELM layer segmentation. SAM’s ability to perform zero-shot
segmentation with minimal prompting could overcome the limitations of current supervised
learning approaches that require large amounts of labelled data. Investigating how SAM can be
effectively adapted and fine-tuned for accurate and robust ELM segmentation in OCT images,
including those with varying image quality and pathologies, is a crucial direction for future work.
This could lead to more efficient and generalizable ELM segmentation tools, reducing the need

for extensive manual annotation.
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By pursuing these future research directions, the field can further advance the application
of DL in ophthalmology, ultimately leading to improved patient outcomes and more effective

clinical management of macular hole and other retinal conditions.
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