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Abstract 
 

 

Background 

There is a growing need for accurate and cost-effective biomarkers for neurological disorders. 

Brain imaging is not suited to mass screening, owing to its cost and complexity of operation. 

The retina offers a promising and accessible alternative as it is directly connected to the brain 

via the optic nerve and shares its blood supply, embryological origins, and structural features. 

Changes in the brain are often reflected in the retina. One such change observed in multiple 

neurological disorders is thinning of the retinal nerve fibre layer (RNFL), which is measured 

using Optical Coherence Tomography (OCT), reflecting loss of nerve tissue in the brain. 

However, OCT is not universally accessible and may be challenging to use with certain 

populations, such as frail individuals or those with movement disorders. An alternative 

approach still utilising the retina involves assessing the paleness of the optic disc in colour 

fundus photographs, based on the premise that a pale disc indicates RNFL degeneration or loss. 

Fundus photographs are the most widely available retinal imaging modality and routinely 

captured during high-street eye examinations and other standard clinical settings. 

Objective 

In this thesis I aim to develop a method for quantifying optic disc pallor in fundus images, and 

to investigate optic disc pallor and in conditions affecting the health of the brain.  
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Methods 

I developed software to measure optic disc pallor using a combination of image processing 

techniques and deep learning segmentation networks. Validation was performed by comparing 

pallor measurements to peripapillary RNFL thickness from the same eyes and by assessing 

how pallor values aligned with clinically diagnosed pallor in an external dataset. I applied the 

software to three clinical datasets using linear, logistic, and linear mixed-effects models to 

investigate associations between pallor measurements and clinical features, including MRI-

detected lesions, cerebral small vessel disease (cSVD) ratings, stroke type, and Parkinson’s 

disease (PD) status and duration. I also manually reviewed 1,485 images from an aggregated 

dataset and used these labels to create two methods for automated quality control. 

Results 

The resulting software can process an image in under one second. In clinical research, I found 

that disc pallor was associated with MRI-visible enlarged perivascular spaces (indicative of 

underlying cSVD), lacunar stroke, cSVD ratings, and PD status and disease duration. 

Conclusion  

Optic disc pallor, measured in colour fundus photographs, reveals insights into neurological 

dysfunction. Future investigation is warranted to see if pallor could be an imaged-derived 

biomarker of disease or whether it holds predictive value in addition to conventional risk 

factors used clinically. 
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Lay summary 
 

 

Neurological disorders, such as stroke and Parkinson’s disease, require reliable and accessible 

biomarkers to aid in diagnosis and monitoring. While brain imaging techniques provide 

valuable insights, they are expensive and not a practice for large-scale screening. The retina 

offers a promising alternative, as it is directly connected to the brain and reflects neurological 

changes. One established retinal biomarker is the thinning of the retinal nerve fibre layer 

(RNFL), typically measured using Optical Coherence Tomography (OCT). However, OCT is 

not always accessible and may be difficult to use in certain populations, such as individuals 

with movement disorders. 

This research explores an alternative method – quantifying optic disc pallor from 

standard colour fundus photographs. A pale optic disc can indicate RNFL degeneration, 

potentially serving as a marker of neurological health. Fundus photography is widely used in 

routine eye exams, making it a practical tool for large-scale studies. 

To assess this approach, I developed software that automatically measures optic disc 

pallor using image processing and deep learning techniques. The method was validated against 

RNFL thickness measurements and clinical assessments of pallor. I then applied the software 

to three clinical datasets to investigate the relationship between optic disc pallor and various 

neurological conditions, including cerebral small vessel disease (cSVD), stroke, and 

Parkinson’s disease. My findings showed that disc pallor was associated with MRI-detected 

brain changes linked to cSVD, lacunar stroke, and Parkinson’s disease status and progression. 
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These results suggest that optic disc pallor could provide valuable insights into brain 

health. Further research is needed to determine whether it could serve as a useful biomarker for 

neurological disease detection or risk prediction in clinical practice. 
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Chapter 1 

 

 

Introduction 

 

1.1 Introduction 

My PhD was funded by EASTBIO, a consortium of Scottish universities, whose vision is to 

“…inspire and empower a diverse cohort of scientists to spearhead bioscience research, 

equipping them with the tools to address pivotal issues in our society and strengthen the 

broader UK economy.” One such pivotal issue facing the UK, and indeed the world, is the 

increasing prevalence age related neurological and cerebrovascular disorders.1 Cerebral small 

vessel disease (cSVD) and Parkinson’s disease (PD) are two such disorders, both of which have 

long preclinical and prodromal periods, which offer a critical window for intervention as 

therapies to slow or stop disease progression are being developed.2–4 Accordingly, there is a 

growing clinical need for reliable, sensitive, and cost-effective tools to identify such diseases 

at their earliest stages, when therapies would be most effective.4,5 Helping to address this 

clinical need was a major motivation for my research. 

While MRI may be the most obvious tool for investigating neurological disorders, 

scanning the brain is expensive, and impractical as a mass screening tool. Increasingly, 

researchers are turning to the retina as a promising window into brain health.6–9 In comparison 

with MRI, retinal imaging is faster, less-expensive, and more widely available – colour fundus 

photographs are taken routinely in high-street eye examinations. Fundus imaging, therefore, 
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has huge potential as a readily available and cost-effective biomarker. Recognising this, the 

overall aim of my PhD was “to learn about brain health through images of the retina”. 

Through my exploration of the literature in this field I noted frequent references to optic 

disc pallor – a clinical sign of irreversible damage to the anterior visual pathway, often linked 

to thinning of the retinal nerve fibre layer (RNFL).10–12 Despite the importance of RNFL 

thinning in several ocular and neurological disorders,6–9 I was surprised to find that methods 

for quantifying optic disc pallor were scarce. Existing approaches were either unavailable, 

reliant on red-free fundus photography (unavailable in most available datasets), or proprietary. 

Recognising this gap, I focused on developing a method to quantify optic disc pallor in 

conventional fundus images and explore disc pallor in neurological diseases. Accordingly, I 

developed three specific objectives: 

Objective 1: To develop a method of quantifying optic disc pallor in fundus images. 

Objective 2: To investigate optic disc pallor in a cerebrovascular disease. 

Objective 3: To investigate optic disc pallor in a neurodegenerative disease. 

 

1.2 What’s in this thesis 

This thesis is centred around four publications related to the three core objectives: one 

publication on methodology and three publications applying the method to two different 

diseases across three datasets. In each "publication chapter", I provide a brief introduction to 

the work, acknowledge co-author contributions, detail my own contributions, and provide a 

conclusion. This structure complies with the University of Edinburgh's regulations for 

incorporating publications in postgraduate research theses, as approved by the Senate 

Academic Policy Regulations Committee on 23rd April 2015, with the next review scheduled 
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for 2026/27. All four publications are under Open Access agreements, so no additional 

permissions from the journals are required for reproduction here. Separately, all co-authors 

have granted permission for their inclusion in this thesis. 

In Chapter 2, I provide the essential background information needed to contextualise 

the subsequent chapters. This begins with an overview of the basic anatomy of the retina and 

its connection to the brain, highlighting the retina’s role as a window into brain health. I then 

explore why the eye is a uniquely suitable organ for investigating brain health, offering insights 

into its accessibility and shared pathophysiology with the brain. I also discuss two methods of 

imaging the retina, providing a foundation for understanding the techniques used in this 

research. Following this, I examine the impact of cSVD and PD on the eye, emphasising their 

relevance to optic disc changes. Finally, I focus on optic disc pallor, including its potential as 

a biomarker for brain health, and explain why a pale optic disc may signal underlying 

neurological or cerebrovascular compromise. 

In Chapter 3, I present novel software for automatically quantifying optic disc pallor in 

fundus images. This work has been published in Translational Vision Science & Technology 

as: 

Gibbon, S., Muniz-Terrera, G., Yii, F.S., Hamid, C., Cox, S., Maccormick, I.J., Tatham, 

A.J., Ritchie, C., Trucco, E., Dhillon, B. and MacGillivray, T.J., 2024. PallorMetrics: 

Software for Automatically Quantifying Optic Disc Pallor in Fundus Photographs, and 

Associations With Peripapillary RNFL Thickness. Translational Vision Science & 

Technology, 13(5), pp.20-20. 

 

In Chapter 4, I discuss my work developing two automatic methods of performing 

quality control for the PallorMetrics software that analyses optic disc pallor. This step is crucial 

if the software is to be applied to large datasets, where manual quality control could be 

impractical. A shortened version of this chapter has been published in the journal 

Ophthalmology Science as a technical appendix for a paper titled “Sectoral changes in 
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neuroretinal rim pallor across refractive error”, with Fabian Yii as the lead author.13 In this 

work, PallorMetrics was applied to fundus images in the UK Biobank to investigate refractive 

error, and quality control was conducted with the method described here. 

In Chapter 5, I apply PallorMetrics to a dataset called PREVENT Dementia to 

investigate cSVD. Specifically, I tested for associations between four MRI features of cSVD 

and both peripapillary RNFL (pRNFL) thickness and optic disc pallor measurements. This 

work has been published in Alzheimer’s & Dementia: Diagnosis, Assessment and Disease 

Monitoring as: 

Gibbon, S., Low, A., Hamid, C., Reid‐Schachter, M., Muniz‐Terrera, G., Ritchie, C.W., 

Trucco, E., Dhillon, B., O'Brien, J.T. and MacGillivray, T.J., 2024. Association of optic 

disc pallor and RNFL thickness with cerebral small vessel disease in the PREVENT‐

Dementia study. Alzheimer's & Dementia: Diagnosis, Assessment & Disease 

Monitoring, 16(3), p.e12633. 

 

In Chapter 6, I apply PallorMetrics to a dataset called the Mild Stroke Study to 

investigate cSVD. Specifically, I tested for differences in optic disc pallor between two groups 

of hospital patients who had suffered a mild ischemic stroke (cortical or lacunar) and examined 

whether pallor correlated with a composite score of cSVD burden. This work has been 

published in BMJ Neurology Open as: 

Gibbon, S., Doubal, F., Chappell, F., Wardlaw, J.M., Dhillon, B. and MacGillivray, T., 

2024. Association between optic disc pallor and lacunar stroke. BMJ Neurology 

Open, 6(2), p.e000789. 

 

In Chapter 7, I apply PallorMetrics to the UK Biobank to investigate PD. Specifically, 

I tested for differences in optic disc pallor between individuals with prevalent PD and an age- 

and sex-matched control group, as well as between individuals who would later develop PD 

(incident PD) and the same control group. Additionally, I examined whether pallor increased 

with disease duration. This work has been published in Movement Disorders as: 
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Gibbon, S., Breen, D.P., MacGillivray, T.J. and UK Biobank Eye & Vision Consortium, 

2025. Optic Disc Pallor in Parkinson's Disease: A UK Biobank Study. Movement 

Disorders. 

 

In Chapter 8, I summarise the main findings with respect to each objective and suggest 

areas for future research. Finally, I reflect on the broader significance of this research, 

highlighting its potential contributions to the fields of ophthalmology, neurology, and public 

health.  

 

1.3 Summary 

In this chapter, I have described the overall aim of my thesis – to learn about brain health 

through images of the retina – and specified three objectives: 1) to develop a tool to quantify 

optic disc pallor, 2) to explore disc pallor in a cerebrovascular disease, 3) to explore disc pallor 

in a neurological disease. In the next chapter, I will present the relevant background 

information. 
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Chapter 2 

 

 

Background 

 

 

2.1 Introduction 

In this chapter, I will outline the background information necessary to understand the chapters 

that follow. This encompasses a discussion on the eye-brain connection, two methods of 

imaging the retina (fundus imaging, optical coherence tomography), two brain disorders 

(cSVD, PD), including how each disorder affects the eye, and optic disc pallor.  

2.1.1 The eye-brain connection 

From around 23 days of gestation, the retina and optic nerve emerge as direct extensions of the 

diencephalon, a part of the developing forebrain.14 This embryological origin establishes a 

fundamental link between the eye and the brain and sets the stage for their intricate functional 

and structural relationships.  
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Figure 1. A diagram of the eye, retina, and retinal layers.15 

The retina is composed of several layers of cells (Figure 1). When light enters the eye 

via the pupil, it is first refracted by the cornea and focused by the lens onto the retinal surface. 

When this focused light strikes the surface of the retina, it travels down through the various 

cell layers to activate the rods and cones, which send their signal up to the retinal ganglion cells 

(RGCs). RGCs have very long axons, which run unmyelinated (to maintain transparency) 

across the surface of the retina, and exit through the lamina cribrosa, a mesh-like structure in 

the centre of the optic disc (also called the optic cup), after which they become myelinated and 

bundle together to form the optic nerve. The optic nerves from both eyes meet at the optic 

chiasm, where approximately 50% of the fibres cross over (decussate) to the opposite side.16 

This partial decussation allows for binocular vision and depth perception. The optic tracts, 

formed after this crossing, continue to the lateral geniculate nucleus of the thalamus. The lateral 

geniculate nucleus serves as a relay station, processing and sorting visual information before 

sending it to the primary visual cortex in the occipital lobe. This pathway (Figure 2) completes 

the direct connection between the eye and the brain, forming the basis of our visual 

perception.17 
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Figure 2. Diagram of the visual pathway.18 

2.1.2 The eye as a window on brain health 

The eye and brain share similarities in neuronal composition, vascular structure, and immune 

response. Like central nervous system (CNS) neurons, RGCs have cell bodies, dendrites, and 

axons. Both organs primarily use glutamate for communication.19 The retinal microvasculature 

closely resembles the cerebral microvasculature, sharing both anatomical and physiological 

features including small vessel structure (small diameter arterioles, venules, and capillaries), 

autoregulation, and low-flow, high-oxygen extraction.17,20 Both the retina and the brain have 

blood barrier systems, which help protect them from harmful substances in the general 

circulation and help maintain their respective internal environments – both barriers are 

similarly composed of non-fenestrated endothelial cells.21,22 While the brain (and spinal cord) 

is surrounded by cerebrospinal fluid (CSF), the anterior chamber of the eye is filled with 

aqueous humor – CSF and aqueous humor are fluids similarly rich in anti-inflammatory and 
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immunoregulatory mediators.23 Finally, like other CNS tracts, the optic nerve is vulnerable to 

retrograde and anterograde degeneration, scar formation, and myelin loss after injury, and 

because it is mostly myelinated by reactive astrocytes and oligodendrocytes, which express 

several inhibitory factors, the optic nerve has a similarly limited capacity for axonal 

regeneration.6,24 

This close connection between the eye and brain suggests that neurodegenerative and 

cerebrovascular processes may present similarly in both organs.6,20,25,26 This relationship 

positions the eye as a valuable model for brain research, with findings potentially applicable to 

both systems.  

In this PhD, I explore what the retina can tell us about two conditions affecting the 

brain: cSVD and PD. First it is necessary to review different methods of imaging the retina. 

 

2.2 Methods of imaging the retina 

There are various ways to capture images of the retina. These include, but are not limited to, 

colour fundus photography, optical coherence tomography (OCT), optical coherence 

tomography angiography, and ultra-widefield scanning laser ophthalmoscopy. I will focus on 

the first two, as these are the ones featured and analysed in this thesis.  

2.2.1 Colour fundus photography 

Colour fundus photography, hereafter referred to as “fundus imaging”, captures a two-

dimensional image of the retina through the pupil. It is the most common and widely used form 

of retinal imaging.27 Traditionally recorded on film from as early as 1886,27 it is now performed 

using a fundus camera system, which combines a low-power microscope, a digital camera, and 

a flash of white light for illumination.28 The result is a three-channel (red, green, blue – RGB),  
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digital colour photograph of the retina which provides detailed visualisation of key structures 

including the optic disc, macula, and retinal blood vessels (Figure 3). The most common field-

of-view is 45° (as in Figure 3), but this can range from 30 to 50°. Fundus imaging is widely 

used in both community (e.g., high street optometry practices) and clinical settings (e.g., 

diabetic retinopathy screening programmes and hospital eye services). 

 

Figure 3. Fundus photograph of the human retina from the PREVENT Dementia dataset,29 with key landmarks annotated. 

2.2.2 Optical Coherence Tomography 

Optical Coherence Tomography (OCT) is a non-invasive imaging technique that provides high-

resolution cross-sectional images of the retina by using low-coherence light beams to capture 

depth information. Initially described in 1991, OCT has become a fundamental tool in 

ophthalmology and optometry for diagnosing and monitoring various retinal and optic nerve 

conditions such as age-related macular degeneration, diabetic retinopathy, glaucoma, retinal 

vein occlusion, diabetic macular oedema, and optic neuropathies.25 In this imaging modality, 

multiple 2D cross-sectional scans are combined to generate a 3D reconstruction of the retina 

and choroid, offering detailed insight into its structure. 
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Typically, OCT scans are focused on key areas such as the macula, where fine visual 

acuity is processed, or the optic disc, which represents the point where the optic nerve exits the 

eye. The choice of the scan location depends on the clinical need, with macular scans often 

used to assess diseases like macular degeneration, and optic disc scans aiding in the evaluation 

of optic neuropathies such as glaucoma. 

A major technical challenge in OCT image processing is the accurate segmentation of 

the retinal layers, a critical step for quantitative analysis.28 For example, the retinal nerve fibre 

layer (RNFL), which is essential for assessing conditions like glaucoma, is the layer between 

the internal limiting membrane and the ganglion cell layer (see Figure 4 – B). Accurate 

delineation of this and other layers is crucial for identifying pathological changes related to eye 

disease and to neurodegenerative conditions that manifest in the eye. 

Modern OCT devices now come equipped with advanced software that supports semi- 

or fully automated segmentation of these layers. This automation has improved the consistency 

and reliability of layer measurements. For instance, in the Heidelberg Engineering 

SPECTRALIS OCT devices, semi-automated segmentation performed by experienced raters 

has shown high reliability, particularly when applied to key retinal layers such as the RNFL.30 

Despite these advancements, manual adjustments by skilled operators is still necessary in cases 

where image quality is poor or the retinal anatomy is abnormal. 
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Figure 4. Screenshot of a SPECTRALIS (Heidelberg Engineering, Germany) peripapillary scan from a healthy eye. A) En 

face scanning laser ophthalmoscopy image indicating scan line around the optic disc, aligned with the macula, B) 2D 

visualisation of layers, C) Zone map with mean RNFL thickness values, D) Comparison of the imaged eye (red area) with 

normative values (red area). Image courtesy of Charlene Hamid.  

 

2.3 Cerebral small vessel disease  

cSVD is an age-related condition affecting the small blood vessels of the central nervous 

system, contributing to stroke, dementia, and cognitive decline.31–33 It is characterised by a 

range of structural abnormalities in the small end arterioles, venules, and capillaries of the 

brain. These changes lead to impaired blood flow and disruption of the blood-brain barrier, 

contributing to various neurological symptoms.31–33 cSVD is responsible for most 

haemorrhagic strokes, approximately a quarter of all ischaemic strokes, and frequently co-

occurs with Alzheimer’s disease – all in all, contributing to around 50% of all dementias.32,34,35 

Nearly 100% of people over the age of 90 will have radiological features consistent with 

cSVD.5 
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Over 90% of diagnosed cSVD cases are sporadic (not genetic). There are two main 

subtypes of sporadic cSVD: cerebral amyloid angiopathy (CAA), which is amyloidal, and 

hypertension related angiopathy, also called hypertensive arteriopathy, which is non-

amyloidal.31 In CAA, β-amyloid gradually accumulates in the walls of small arteries located in 

the cortex and leptomeninges, resulting in vessel dysfunction and damage to the brain's 

parenchyma.32,36 Hypertensive arteriopathy, by contrast, largely results from chronic 

hypertension, which leads to structural changes to small blood vessels, and subsequent 

ischaemic damage.36 The most common genetic form is cerebral autosomal dominant 

arteriopathy with subcortical infarcts and leukoencephalopathy (CADASIL), which effects a 

gene that expresses vascular smooth cells and pericytes,37 leading to vessel pathology similar 

to that seen in CAA.  

2.3.1 Lacunar stroke 

An important consequence of cSVD is lacunar stroke, which occurs when a deep perforating 

arteriole is occluded in a non-cortical area, causing hypoxia and resulting tissue death.38,39 Over 

time, these lesions can become filled with cerebrospinal fluid – hence the term “lacunar”, which 

is from the French word for “lake”, owing to their propensity to form lacunes (see section 

2.3.5). Importantly, not all lacunes are caused by lacunar strokes. Lacunar strokes account for 

between 20 – 30% of all ischaemic strokes.39,40 Distinguishing lacunar stroke from other types 

of stroke is important because prognosis, therapy, and prevention strategies differ.40–43 

2.3.2 Risk factors 

Beyond age, the most significant risk factor for cSVD is arterial hypertension, defined as a 

sustained blood pressure above 140/90 mm Hg.44 Hypertension contributes to vessel wall 

thickening, endothelial dysfunction, and increased arterial stiffness, all of which are implicated 
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in the pathogenesis of cSVD.32 Other important risk factors include diabetes mellitus, which 

exacerbates vascular damage through hyperglycaemia and inflammation;45 chronic kidney 

disease, where impaired renal function is associated with microvascular damage;46 smoking, 

which promotes oxidative stress and endothelial injury;45 and obstructive sleep apnea, which 

leads to intermittent hypoxia and vascular dysregulation.47 Some of these risk factors, such as 

hypertension, smoking, and diabetes, are modifiable, and targeted interventions can reduce 

overall disease burden. 

Among these interventions, antihypertensive therapies have been shown to significantly 

reduce the risk of cSVD progression.48 Repurposed therapies, such as those being tested in 

clinical trials like LACI-2 (Lacunar Intervention Trial-2) also offer promise.49 While the LACI-

2 trial targeted individuals with a prior lacunar syndrome due to a small subcortical infarct (i.e., 

individuals within whom the disease had already started to take hold), it would be preferable 

to target drugs toward those in the long preclinical and prodromal stages of the disease, before 

significant damage has occurred. Accordingly, as with most other diseases, early biomarkers 

would be of tremendous value. 

2.3.3 Why do we need retinal biomarkers of cSVD? 

Although retinal imaging is unlikely to become the sole diagnostic tool for cSVD,25 if retinal 

biomarkers were discovered, they would offer several advantages as a supplemental test. First, 

they could enable individuals to adopt early lifestyle modifications to mitigate future risk of 

deteriorating brain health, with a focus on known risk factors, many of which have available 

therapies and interventions.50 Second, if appropriate biomarkers were identified, retinal 

imaging could be a valuable screening tool. Its low cost and wide availability make it an ideal 

first step for selecting candidates for clinical trials or determining who should undergo more 

resource-intensive procedures like brain imaging. Third, retinal imaging findings may reveal 
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new insights into the underlying disease pathophysiology potentially contributing to 

identifying new targets for new therapies.51 Finally, retinal imaging biomarkers could 

potentially be used as primary or secondary endpoints in clinical trials to quantify the efficacy 

of therapeutic intervenstions.25  

In the following section, I will review the current state of biomarker research in cSVD 

and discuss how cSVD affects the retina, providing potential avenues for early detection. 

2.3.4 Definition of “biomarker” 

Before discussing cSVD biomarkers, which include neuroimaging markers, it will be useful to 

first define the term “biomarker”. A thoughtful 2010 paper defines a biomarker as “a broad 

subcategory of medical signs – that is, objective indications of medical state observed from 

outside the patient – which can be measured accurately and reproducibly”.52 This distinction 

highlights the objective nature of biomarkers, contrasting them with symptoms, which are 

subjective experiences reported by patients. Within this definition, we can include markers 

derived from neuroimaging and retinal imaging, as both can provide objective, external 

measurements of biological processes and can be consistently and accurately measured. 

2.3.5 Current biomarkers of cSVD 

cSVD is typically diagnosed through a combination of clinical evaluation and neuroimaging, 

with risk factors in mind.33 Sometimes ancillary techniques such as blood tests and carotid or 

cardiac ultrasonography are also used. Blood tests largely focus on markers of endothelial 

dysfunction and blood brain barrier permeability, both of which are known pathological 

features of cSVD.5,32,36 For the purpose of this thesis, I will focus on neuroimaging features, 

which are central to diagnosis and monitoring disease progression.36 There are four main MRI 

indicators of cSVD: white matter hyperintensities (WMH), lacunes, microbleeds, and enlarged 

perivascular spaces (ePVS). These are typically detected with 1.5 – 3-Tesla scanners, however 
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each type of lesion is best visualised with a specific MRI sequence, which can highlight certain 

abnormalities more effectively than others (Figure 5).32  

White matter hyperintensities are visible as bright areas on T2-weighted and FLAIR 

(fluid-attenuated inversion recovery) MRI, and mostly represent axonal loss and 

demyelination.53  

Lacunes are small (between 3-15 mm in diameter) oval or round shaped cavities 

typically located in the basal ganglia and white matter.2 They appear as hypointense 

(dark) areas on FLAIR, often with a hyperintense (bright) rim.2 They represent a 

localised area of cell death caused by a lacunar infarction (a small ischemic stroke) or 

haemorrhage, that has since been filled with cerebrospinal fluid.  

Cerebral microbleeds are small haemorrhages (between 2-10 mm in diameter) that 

result from structural damage to the small vessels. They are best visualised with 

susceptibility-weighted imaging or T2-weighted gradient echo MRI, where they appear 

as small round hypointense regions.2  

Enlarged perivascular spaces, also known as Virchow-Robin spaces, are small 

(typically less than 3 mm in diameter) fluid-filled spaces that surround blood vessels as 

they penetrate the brain. They are usually located in the basal ganglia, white matter, and 

along the course of perforating arteries. On FLAIR, perivascular spaces appear as 

hypointense areas without a surrounding hyperintense rim, helping to distinguish them 

from lacunes.2 Perivascular spaces represent the cerebral glymphatic system, helping 

clear waste fluids and compounds. 
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Figure 5. The four key MRI indicators of cerebral small vessel disease.2 Abbreviations: FLAIR (fluid-attenuated inversion 

recovery); SWI (susceptibility-weighted imaging). 

2.3.6 Resolution of MRI scans 

The resolution of a typical 3T MRI scan is around 1mm.54 This means that even small MRI-

visible lesions represent fairly large-scale damage. In contrast, a colour fundus photograph 

offers a much finer resolution of around 7 μm,28 making it potentially more sensitive to 

detecting smaller, subtle changes that occur during the preclinical or prodromal stages of 

disease. 

2.3.7 How does cSVD affect the eye?  

To date, there have been no histopathological studies of the retina in cSVD, in either the 

amyloidal or non-amyloidal forms. Therefore, our current understanding of how cSVD affects 

the retinal tissue is limited to what we can learn from in vivo imaging. 
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In general, retinal features can be broadly categorised as either vascular or neuronal. 

Vascular features relate to measurements of blood vessels, encompassing both larger vessels 

(arteries and veins) and smaller vessels (arterioles, venules, and capillaries). Retinopathies, 

such as cotton wool spots, hard exudates, microaneurysms, and retinal haemorrhages, signify 

end-stage damage to the capillaries and are therefore classified as vascular in nature. 

2.3.7.1 Vascular Changes 

There have been numerous studies investigating retinal vascular changes in cSVD. In 

population studies, the presence of retinopathy identified through colour fundus photographs 

has been linked to the presence and progression of white matter hyperintensities and cerebral 

infarcts.55–57 Quantitative vessel-based metrics derived from colour fundus photographs, such 

as fractal dimension (quantifying the complexity of the vascular branching pattern)  and 

arteriolar thickness, have also shown consistent associations with white matter hyperintensities 

and lacunar infarcts.58,59 Converging evidence from multiple studies suggests that vascular 

changes correlate with cSVD, both in terms of diagnosed cSVD and neuroimaging indicators.25 

2.3.7.2 Neuronal changes 

cSVD also affects the retinal layers, which are neuronal. In contrast to vascular measures, 

neuronal measures have received far less attention. In a recent review of retinal imaging and 

cSVD, Biffi et al.51 identified 50 studies that examined retinal vascular features, and six studies 

that examined retinal layers. In particular, the authors note that RNFL thinning was associated 

with multiple cSVD disorders – with five associations reported among 4,509 participants. 

In addition to examining retinal change in diagnosed cSVD disorders, retinal features 

can be directly correlated with MRI-based markers of cSVD. Reduced ganglion cell layer 

(GCL) thickness has been linked to the extent of brain lesions and differs from controls.60 

Thinning of the pRNFL has been associated with white matter hyperintensities,61 as has 
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thinning of the ganglion cell-inner plexiform layer (GCIPL).61 Both RNFL and GCIP thinning 

have also been found to correlate with WMH.62 Furthermore, GCIPL thinning has been 

associated with increased cortical cerebral microinfarcts.63 Collectively, these studies provide 

strong evidence that changes in the retinal layers correlate with neuroimaging markers of 

cSVD. 

 

2.4 Parkinson’s disease 

PD is an age-related neurodegenerative disorder that primarily affects movement but also leads 

to cognitive decline and dementia in later stages.3 It is characterised by the progressive loss of 

dopaminergic neurons in the substantia nigra, resulting in motor symptoms such as tremors, 

rigidity, and bradykinesia (slowness of movement).3 In addition to motor symptoms, PD 

patients commonly suffer from mood and sleep disturbances, depression, and pain.3,64 In 2016, 

around 6.1 million people were affected worldwide.1 Females have a lower incidence than 

males, although certain aspects of the disease, such as the propensity to develop dyskinesia, 

can be higher than in males.65 PD is mostly monogenic, although between 3-5% of cases can 

be explained by genetic causes.3 Unlike other neurodegenerative disorders, PD progresses 

slowly, often spanning decades – there is an average delay of 10 years between the first 

noticeable symptoms and diagnosis.66 PD has an enormous impact on the individual and their 

caregivers, and constitutes a growing socioeconomic burden.1 Medications such as levodopa 

can lessen symptoms, but there is currently no cure. 

2.4.1 Risk factors 

A recent case-control study involving 694 cases and 640 controls from six sites identified six 

risk factors for PD, and three protective factors.67 The six risk factors were family history of 

PD, dyspepsia (indigestion), exposure to pesticides, oils, and metals, and general anaesthesia, 
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whereas the three protective factors were coffee, smoking, and physical activity. Head injury 

is another well-established risk factor, with evidence gained from professional sports players.68 

In addition, both chronic and acute stress have been shown to exacerbate symptoms.69 

Considering physical activity, the protective effect appears to come from moderate to vigorous 

exercise, in comparison with light exercise.70 Alongside coffee and smoking, the “protective 

effects” of physical activity could potentially be causal, supported by their well-documented 

effects on the central nervous and dopamine systems.70–73 However, they may also reflect 

underlying factors, such as higher dopamine levels in smokers or generally healthier lifestyles 

in more active individuals.3 Therefore, further research is needed to rule out reverse causation, 

and clarify their role in PD prevention. PD patients should not start smoking.74 

2.4.2 Why do we need biomarkers of Parkinson’s disease? 

In PD, patients typically become symptomatic after losing between 70-80% of dopaminergic 

neurons.75 Given the limited regenerative abilities of such CNS neurons, identifying 

individuals who have begun to lose dopaminergic neurons but have not yet begun to experience 

clinical parkinsonism would be of tremendous importance. Like in cSVD and many other 

conditions, biomarkers for PD could enhance early diagnosis accuracy (enabling better 

management of the symptoms which maintains quality of life for longer), aid in more precise 

participant selection for clinical trials, provide indicators of therapeutic success, monitor 

disease progression, and help differentiate between disease subtypes.76,77  

A recent perspective suggests that PD may be a multisystem disease, with pathological 

changes observed in multiple organs, including the colon, salivary glands, and skin.78 These 

tissues may offer more accessible biomarker sources than brain scans or cerebrospinal fluid. 
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2.4.3 Current biomarkers of Parkinson’s disease 

There are four main types of PD biomarkers: clinical, imaging, biochemical, and genetic.76 

Clinical biomarkers, such as motor and non-motor symptoms, provide observable indicators of 

PD progression, but they often appear only after significant neuronal loss.3 Imaging 

biomarkers, including PET and MRI, offer visual insights into dopamine loss and brain 

changes, but they can be expensive and may not always detect early-stage PD.64,76 Genetic 

biomarkers, involving mutations in genes such as LRRK2 or SNCA, help identify at-risk 

individuals but only account for a limited number of cases, as most PD cases are sporadic rather 

than hereditary.3 Biochemical markers offer the most promise for early detection and precision 

medicine in PD. A recent breakthrough has been the refinement of the α-synuclein seed 

amplification assay (SAA),79 which was developed through the multicentre Parkinson’s 

Progression Markers Initiative. This assay detects misfolded α-synuclein, a key protein 

involved in PD pathology, with high sensitivity and specificity. Findings suggest that α-

synuclein SAA could play a crucial role in therapeutic development by identifying 

pathologically defined subgroups and establishing biomarker-defined at-risk cohorts for earlier 

interventions.79 

However, there remains significant potential for retinal biomarkers in PD research. The 

α-synuclein SAA currently requires the extraction of cerebrospinal fluid, which is an invasive 

procedure that can cause discomfort, carries a risk of complications, and is not practical for 

routine or large-scale screening.80 By contrast, retinal imaging is non-invasive, providing a 

more patient-friendly approach while still offering valuable insights into the neurodegenerative 

changes seen in PD. Retinal biomarkers, if found, could complement existing biomarkers, 

creating an additional avenue for early diagnosis and disease monitoring, especially in cases 

where invasive procedures like cerebrospinal fluid collection are less practical. 
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2.4.4 How does Parkinson’s disease affect the eye? 

In the retina, the dopaminergic cells that are characteristically lost in PD are located in the inner 

nuclear layer and inner plexiform layer.81 Several histopathological studies have demonstrated 

a reduction in dopaminergic cells in the retinal layers alongside the presence of phosphorylated 

α-synuclein.82,83 These findings have stimulated the search for in vivo biomarkers, particularly 

using OCT, which can visualise the retinal layers. A 2019 meta-analysis of 1916 patients and 

2006 controls across 36 studies found PD patients had significantly thinner retinas compared 

to age and sex-matched controls.84 Thinning was observed in the macular region and around 

the optic disc. In particular, pRNFL thinning was mostly observed superiorly, inferiorly, and 

temporally, but not nasally. There are no published studies investigating the retinal vasculature 

as seen on colour fundus photographs and PD. Some studies have examined retinal vasculature 

using ultra-widefield images, which capture a larger area than conventional fundus images 

(around 200° compared with around 45°). They suggest that in PD, vessel tortuosity increases 

and vascular complexity decreases,85,86 but the evidence is limited due to small sample sizes 

(38 and 22 PD patients respectively). 

 

2.5 Optic disc pallor 

So far, I have established that the retina serves as a valuable model for investigating brain 

health, with evidence suggesting that changes in one organ often reflect changes in the other. 

Two retinal imaging modalities have also been reviewed along with how the retina is affected 

in both a cerebrovascular disease (cSVD) and a neurodegenerative disease (PD). In these 

diseases, retinal neuronal assessments predominantly rely on measures obtained from OCT. 

However, a less-explored area is the use of neuronal measures derived from fundus images, 

which are more widely accessible and could provide complementary information to OCT. 
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Fundus imaging, while not offering the same depth information of OCT, is more 

commonly available and can still provide valuable insights into retinal structure and health. 

Given its widespread use, exploring how fundus images can be utilised for neuronal 

assessments represents a promising avenue for future research. In the following section, I will 

discuss optic disc pallor as a potential biomarker, which could serve as a non-invasive marker 

of brain health. 

A healthy human retina contains around 1.2 million RGCs, whose axons converge over 

the neuro-retinal rim (NRR) before exiting the eye through the laminar cribrosa. The NRR is 

anatomically shaped like a slightly elliptical donut, surrounding the central cup of the optic 

disc. Its width and thickness vary across the optic disc, being typically broader in the inferior 

and superior regions compared to the nasal and temporal regions – a configuration known as 

the "ISNT rule" (Inferior > Superior > Nasal > Temporal).87 When light strikes the surface of 

the fundus, it undergoes total internal reflection within the axonal fibres, and a portion of the 

light is reflected from the capillaries.12 In a healthy eye (Figure 6B), this gives rise to a yellow-

pinkish colour. However, as axonal fibres are lost, total internal reflection is reduced, and the 

light is less contained, increasing the visibility of the underlying sclera, which appears white 

(Figure 6A). Additionally, axonal death leads to increased gliosis and reduced vascularity.11,88,89 

These factors combine to make the NRR appear pale.10 In short, axonal loss causes the NRR 

to appear pale. In the literature, the term “NRR pallor” is not frequently used. Instead, the terms 

“optic disc pallor” or “optic nerve head pallor” are more widely used. Hereafter, I will refer to 

“NRR pallor” as “optic disc pallor”. 
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Figure 6. A) A pale optic disc from a patient diagnosed with optic atrophy,11 B) a healthy optic disc. 

Optic disc pallor is not a disease in itself, but rather a clinical sign indicating optic 

atrophy. Optic atrophy occurs in several conditions, including optic neuropathies (e.g., Leber’s 

hereditary optic neuropathy), extrinsic compression (e.g., pituitary adenoma, aneurism), 

intrinsic optic nerve tumours (e.g., optic nerve glioma, lymphoma), vascular disease (e.g., 

NAION, central retinal artery occlusion), inflammatory diseases (e.g., multiple sclerosis, 

meningitis), infections (e.g., Lyme disease, tuberculosis), toxic or nutritional optic neuropathies 

(e.g., drug addiction, juvenile diabetes), trauma, papilledema, and retinal disease (e.g., retinitis 

pigmentosa, macula dystrophies).12 In histopathology, when an RGC axon is severed, the part 

that leads to the brain disintegrates within a week (anterograde degeneration), however the part 

connected to the RGC remains visible for up to 4 weeks (retrograde degeneration), after which 

disintegration is rapid, and complete by 6-8 weeks.90 Therefore, optic disc pallor typically 

begins to show around 4-6 weeks after axonal damage,12,90 indicating the end-stage of one of 

several disease processes. In clinical practice, a pale optic disc is typically assumed to be caused 

by a compressive lesion until proven otherwise through further testing (MRI of the visual 
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pathway and orbits).12,91 Accurately identifying optic disc pallor can lead to life-saving 

treatment. 

 

2.6 Conclusion 

In this chapter, I have outlined the background information necessary to give context to the 

subsequent chapters of this thesis. This included a discussion of the eye-brain connection and 

how cSVD and PD might affect the eye and ended with a section on optic disc pallor as a 

potential and promising non-invasive marker of neurological and cerebrovascular dysfunction. 

In chapter 3, I will describe the software I developed for quantifying optic disc pallor in fundus 

images. In subsequent chapters, I will present the application of that software to cSVD and PD. 
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Chapter 3 

 

 

Developing software to measure optic disc pallor 

 

3.1 Introduction 

In this chapter, I address the first objective – developing a method of quantifying optic disc 

pallor in fundus images. 

Optic disc pallor is a key clinical sign indicating irreversible damage to the optic nerve 

or its pathways.12,88 It largely results from the loss of RGC axons, which is reflected by reduced 

pRNFL thickness.12 Given that thinning of the pRNFL is commonly observed in both cSVD 

and PD,51,84 optic disc pallor could be a potentially valuable biomarker in studying these 

diseases, as well as other cerebrovascular and neurodegenerative conditions. However, despite 

its clinical relevance, there are currently limited methods to quantitatively assess optic disc 

pallor, and none of these are publicly accessible.92,93 Here, I aim to fill this critical gap. 

Before going further, it is worth noting that most research-stage retinal image analysis 

toolkits are notoriously challenging to use, often requiring users to perform a series of technical 

steps. Users typically need to navigate a complex computational process involving cloning a 

repository, setting up a virtual environment, and processing images via the command line – 

while dealing with unexpected bugs and technical challenges along the way. While these steps 

might seem straightforward to researchers with a background in computer science, they can be 
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completely unfamiliar - and daunting - for many potential users, particularly clinicians, who 

are often the intended end-users of such software. 

With this in mind, I aimed to design my software to be as user-friendly as possible. 

Aside from installing MATLAB and the necessary packages – both of which can be done with 

a few clicks – the process is straightforward. Users simply need to set the input folder ("pathIn") 

containing the images they want to analyse, set the output folder ("pathOut") to save the results, 

then click "Start." The software then processes the images sequentially. Afterward, the output 

folder contains a marked-up version of each processed image, alongside a single spreadsheet 

compiling all the results. I believe this approach reduces the technical barriers to accessing 

research-stage software, making my tool accessible to a broad range of users. 

 

3.2. Acknowledgement of contribution 

Charlene Hamid (Lead Ophthalmic Imager and Analyst, Edinburgh Clinical Research Facility, 

University of Edinburgh) oversaw image acquisition for the PREVENT Dementia study and 

carried out quality control of the OCT scans and fundus images. Fabian Yii (doctoral student, 

Centre for Clinical Brain Sciences, University of Edinburgh) annotated the optic disc in a 

subset of 100 fundus images.  

 

3.3. My contribution to this work 

I led: 

• Generating the idea to quantify optic disc pallor. 

• Conducting a review of existing techniques. 

• Annotating the fundus images. 
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• Developing the deep learning-based images segmentation models. 

• Developing the image analysis pipeline. 

• Deciding which statistical tests to conduct. 

• Deciding which covariates to use. 

• Performing statistical analysis. 

• Creating the tables and figures. 

• Drafting the manuscript. 

• Incorporating co-authors’ comments and finalising the manuscript. 

• Writing this chapter. 

 

3.4 Published article 
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3.5 Conclusion 

In this chapter, I have presented software, PallorMetrics, that automatically measures optic 

disc pallor in fundus images globally and in several zones akin to those used by contemporary 

OCT scanners. The software processes each image in under one second, with processing time 

increasing to approximately three seconds when generating marked-up images. The software 

was validated by demonstrating associations between measurements of pallor and pRNFL 

thickness in a dataset that contained both fundus images and OCT scans of the pRNFL in the 

same eyes. We also confirmed that pallor was higher in individuals with clinically diagnosed 

pallor compared to healthy controls in an external dataset. Additionally, we demonstrated that 

the software was robust across a variety of retinal images, capable of handling different camera 

systems, resolutions, and formats (e.g., JPEG, PNG). I believe that this versatility is essential 

if PallorMetrics is to be applied across diverse clinical settings and imaging setups. 

In the published article, we described a preliminary method of automatically rejecting 

images. In the next chapter, I describe the development of a more thorough method of 

automatically performing quality control, which is essential for the efficient processing of large 

datasets. 
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Chapter 4 

 

 

Developing automatic quality control methods for 

PallorMetrics  

 

4.1 Introduction 

In the previous chapter, I described a method of automatically quantifying optic disc pallor in 

fundus images, PallorMetrics.94 However, as with other automated image processing pipelines 

for fundus images,95 some form of automatic quality control is necessary to ensure accurate 

and reliable analysis when processing datasets. In this chapter, I describe two methods to 

address this need, aimed at both enhancing efficiency in handling large datasets and mitigating 

selection bias that might result from manual quality control in smaller datasets. Therefore, this 

chapter continues to address the first objective – developing a method of quantifying optic disc 

pallor. 

Other automated pipelines that process fundus images, such as AutoMorph,95 tend to 

rely on external methods to filter out poor quality images prior to processing. The most widely 

used filtering method is MCFNet,96 a deep learning-based network trained on the EyeQ dataset 

that labels images as either Good, Useable, or Reject. More recent iterations, such as 

QuickQual,97 provide a continuous measure of quality – from 0 (good) to 1 (bad). These metrics 

evaluate image quality by considering all pixels across the entire image. However, in many 
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fundus images, artefacts are only present in the periphery, and the optic disc is often preserved. 

In PallorMetrics, as long as the optic disc and the surrounding area are clearly visible, the 

image can still be successfully processed, making poor quality in other regions less relevant. 

This means that some images marked as reject by MCFNet would still be useable for optic disc 

measurements (see Figure 4.1 for an example). Quality control, therefore, largely depends on 

the intended use case. For example, when assessing vessel-based metrics like fractal dimension, 

it is important to ensure clear visibility of the vasculature across the entire retina. In contrast, 

for optic disc-based measurements, peripheral quality is inconsequential. With this in mind, I 

set PallorMetrics up to process all available images and perform quality control on the 

processed results, rather than rejecting images before processing. 

 

Figure 4.1. Visual output of PallorMetrics for a single image from the LBC 1936 dataset.98 While this image would be 

classified as "Reject" by MCFNet due to photographic artefact, the optic disc is unaffected, therefore PallorMetrics is still able 

to process the image successfully. 

 

4.2 Methods 

I collated 1,485 fundus images from 12 different datasets (Table 4.1), all except three 

(PREVENT Dementia, LBC 1936, UK Biobank) are publicly available. My goal was to create 
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a heterogeneous dataset by selecting images with varying quality, a broad range of pathologies, 

and different resolutions. To get an idea of the distribution of quality in the dataset, I initially 

measured quality using QuickQual.97 According to QuickQual, the images show a wide range 

of quality scores (Mean = 0.45, SD = 0.30; see Figure 4.2 for histogram). Pathologies present 

in the datasets include but are not limited to glaucoma, diabetic retinopathy, age-related 

macular degeneration, drusen, pathological myopia, cataract, and retinal disease. I selected the 

first ~100 images from each dataset according to their alphabetically sorted filenames. The full 

range of image resolutions was from 320 × 316 to 5184 × 3456 pixels, however only 2 images 

had a resolution of 320 × 316, the rest were at least 1444 × 1444. 

Table 4.1. Dataset characteristics. 

Dataset Description Number of  

images 

Image  

format 

Resolution  

(in pixels) 

ORIGA
99

 Primarily used for glaucoma detection and analysis. 99 JPG 2495 × 2048 

MESSIDOR
100

 Primarily used for diabetic retinopathy research. 100 PNG 2240 × 1488 

UK Biobank
101

 Large UK based cohort. 104 PNG 2048 × 1536 

PREVENT 

Dementia
102

 

Mid-life adults at increased risk of dementia. 100 PNG 3072 × 2048 

Kaggle cataract 

dataset
103

 

Used for detecting cataract.    

      Normal  100 PNG mixed 

      Glaucoma  100 PNG mixed 

      Cataract  100 PNG mixed 

      Retinal disease  100 PNG mixed 

IDRiD
104

 Primarily used for diabetic retinopathy research. 81 PNG 4288 × 2848 

LBC 1936
98

 Elderly (all aged ~ 72) UK based “healthy” cohort. 100 PNG 2689 × 2186 

PAPILA
105

 Primarily used for optic disc and cup segmentation. 100 JPG 2576 × 1934 

G1020
106

 Primarily used for glaucoma detection. 100 JPG mixed 

FIVES
107

 Primarily used for vessel segmentation. 100 PNG 2048 × 2048 

Kaggle ODIR-5K
108

 Contains multiple retinal disease labels. 101 JPG 2592 × 1728 

RFMiD
109

 Contains multiple retinal disease labels. 100 PNG 2144 × 1424 
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Figure 4.2. Histogram of quality scores from QuickQual. A higher score equates to worse quality. 

4.2.1 Procedure for rejecting processed images 

I passed all 1,485 images in the collated dataset to the PallorMetrics software. The software 

failed to process 4 images (0.3%; Figure 4.3). I visually inspected the remaining 1,481 

processed images for quality. In this procedure, I marked each processed image as either keep 

or reject (0, 1). The rejection criteria were: 

• Was the optic disc located and segmented successfully?  

• Was the fovea located successfully?  

• Was the image properly rotated along the disc-fovea axis?  

• Were the vessels segmented successfully? 

• Was there even exposure over the optic disc? 

• Did peripapillary atrophy extend excessively into the control region?  

 

According to this protocol, 326 images were marked as reject (22.0%).  
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Figure 4.3. Four images out of 1,485 failed processing. Images that fail processing are returned to the results folder in their 

original form with the filename appended with “_proc_error”. In the tabular data, the field “proc_error” is marked “1”, and all 

other variables ar filled with “NA”. 

In Figure 4.4, I present two examples of processed images, one marked as keep, and the 

other marked as reject. 

 

 

Figure 4.4. Examples of processed images labelled as keep (top) and reject (bottom). 
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4.2.2 Rejection rates and quality by dataset 

To evaluate whether certain datasets had a higher likelihood of being labelled as reject, I 

constructed a bar plot displaying the frequency of rejection labels across datasets (Figure 4.5). 

Additionally, I included a reference bar plot illustrating the distribution of quality scores from 

QuickQual. Compared to the QuickQual score, I observed a high rejection rate for the PAPILA 

images (67.0%). The discrepancy is likely due to the smaller field of view (30°) of these images 

compared to the others in the dataset, which typically had a broader field of view (~45°). This 

means that PallorMetrics is not reliable with images with a small field of view and represents 

an opportunity for improvement. A high reject rate was observed for images with cataracts, 

which cause the image to appear blurry/hazy. However, this was to be expected and agrees with 

the corresponding QuickQual score. When considering the PREVENT Dementia images, a 

particularly high-quality set of images that are largely free of pathology, a very low rejection 

rate was observed, even though the QuickQual score was relatively high. This discrepancy is 

likely because PallorMetrics is mainly concerned with measurements in and around the optic 

disc, the quality of which is usually preserved in colour fundus photographs, even when 

artifacts are present elsewhere in the image. By contrast, QuickQual was designed to assess the 

image as a whole. These observations further highlight the need for more nuanced methods of 

assessing fundus image quality that consider anatomical features separately and can be tailored 

to the specific requirements of the user. 
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Figure 4.5. Bar plots comparing mean quality scores, and the percentage of processed images labelled as “reject”, by dataset. 

4.2.3 Features used for rejecting processed images 

Alongside the measurements of pallor described in the Chapter 3, PallorMetrics computes 

several additional features such as optic disc diameter, and the distance between the optic disc 

and the fovea. I also computed a set of experimental features such as optic disc crowdedness 

and hypoplasia. While these additional features are not yet validated, they can still be used to 

help assess quality, as described below. The full set of features generated by PallorMetrics is 

presented in Table 4.2. 

Table 4.2. Full set of features generated by PallorMetrics. 

Name Type Description 

proc_error  [0,1] Processing error. Image failed at point of processing. If "visualise == 1", original image 

will be returned to the output directory appended with "proc_error". 

Eye [left, right] Algorithmically defined, based on x-axis location of optic disc relative to fovea. 

pal_T* Float Temporal pallor 

pal_TI* Float Temporal-inferior pallor 

pal_NI* Float Nasal-inferior pallor 

pal_N* Float Nasal pallor 

pal_NS* Float Nasal-superior pallor 

pal_TS* Float Temporal-superior pallor 

pal_PMB Float Pallor in the papillomacular bundle 

pal_G* Float Global pallor (from the entire measurement region) 

pal_NT_ratio* Float Nasal Pallor divided by Temporal pallor 

pal_disc Float Pallor in the whole disc, including the cup 

disc_area Float Disc area 

distance* Float Length in pixels between the disc centre and the fovea 
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eccentricity* [0-1] Zero is a perfect circle, 1 is a line. The higher the value, the more eccentric. 

vessel_mass*  Float Total number of pixels classified as "vessel" inside the cropped square around the disc 

crowdedness* [0-1] The ratio of vessels to disc area. The higher the value, the more crowded. 

DD  Float Disc diameter 

DM  Float Distance from temporal edge of disc to macular/fovea 

hypoplasia Float DD/DM 

wobbliness* Float The Intersection over Union (IoU) between the predicted disc and an estimated ellipse. 

torsion Degrees Degrees between the major axis of the optic disc and the vertical meridian. 

ovality  [0-1] Ovality of the optic disc. Minor axis length of the disc / major axis length of the disc. 

tilt  [0,1] 1 if torsion > 15 & ovality < 0.8, else zero. 

cont_int* Float Control region intensity. Median of green pixels in the control region / median of red 

pixels in the control region. 

Note: Features used for automated quality control are marked with an asterisk. 

One feature, wobbliness, was particularly good at classifying segmentation error. As 

described in Table 2, wobbliness is the intersection over union (IoU) between the predicted disc 

and an estimated ellipse. In a fundus image where the disc border is unclear, the disc 

segmentation network will struggle to delineate the border, as would a human. This results in 

a splat-like shape, demonstrated by the jagged white shape in Figure 4.6G. By contrast, the 

shape in Figure 4.6D-F represents the smoothed version of the jagged shape, and the ellipse in 

Figure 4.6G is the fitted ellipse. A low value for wobbliness is therefore a strong indicator that 

the disc segmentation failed, and the image should be rejected (thresholds are specified in Table 

3). 

 

Figure 4.6. A processed image from the LBC 1936 dataset. A) Predicted location of optic disc and macula. B) Cropped optic 

disc. C) Predicted and smoothed optic disc border. D) Predicted measurement region. E) Predicted measurement and control 
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region with vessels excluded. F) Wobbliness measure. G) The jagged shape is the raw prediction from the deep-learning 

network. The smooth shape is a fitted ellipse around the prediction. The white and pink colours are the difference between the 

two, and are used to calculate the wobbliness measure (Intersection over Union). H) Profile of measured pallor values in 

different zones. 

From the full set of features, I selected 14 to develop the automated quality control. I 

limited the selection to 14 because some features were too highly correlated. For instance, 

distance, DM, and hypoplasia are all derived from the distance between the optic disc and 

fovea, so only one metric was needed. Similarly, tilt is calculated from both ovality and torsion, 

and ovality is another way of measuring eccentricity. Furthermore, tilt was binary and showed 

little variation. Using these 14 continuous metrics generated by the software, I developed two 

quality control methods. In the first, I manually set thresholds based on overlapping histograms 

(section 4.2.4). In the second, I trained a range of machine learning classifiers to predict the 

binary outcome: keep or reject (section 4.2.5). 

4.2.4 Quality control method 1: Manually selected thresholds 

I manually selected thresholds for rejecting images based on the distributions of the 14 

continuous measures generated by the software. For each measure, I overlaid the distributions 

of keep and reject, and selected thresholds that aimed to capture the non-overlapping reject 

datapoints in the tails of the distribution (Figure 4.7).  



 
 

  64 

 

Figure 4.7. Overlaid distributions of global pallor in processed images that I manually marked as keep or reject. Vertical red 

lines represent the manually selected upper and lower thresholds. Similar plots for all other features are presented in 

Supplementary Figure x. Abbreviations: pal_G (Global Pallor); GT (Ground Truth). 

Manual selection may have biases; however, it allowed for nuanced consideration of 

each metric's unique distribution. The thresholds are specified in Table 4.3. Based on these 

thresholds, a classification model does reasonably well, with an AUC (area under the curve) of 

0.81, correctly classifying 208 images as reject (14.0%). The confusion matrix and full range 

of statistics are presented alongside results for the second method in Figure 4.7 and Table 4.4. 

Table 4.3. Manually selected thresholds for keeping or rejecting a processed image. 

Metric Thresholds Number of images outside threshold (N, %) 

Pallor   

      Global 0.75 – 1.95  6 (0.4%) 

      Temporal 0.75 – 2.1 9 (0.6%) 

      Temporal-inferior 0.7 – 1.85 7 (0.5%) 

      Nasal-inferior 0.7 – 1.6 12 (0.8%) 

      Nasal 0.7 – 1.7 9 (0.6%) 
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      Nasal-superior 0.65 – 1.65 6 (0.4%) 

      Temporal-superior 0.75 – 1.8 7 (0.5%) 

      NT Ratio 0.6 – 1.15 22 (1.5%) 

Crowdedness < 0.25 73 (4.9%) 

Wobbliness < 0.92 178 (12.0%) 

Disc-fovea distance < 330 pixels 19 (1.0%) 

Eccentricity (of disc) > 0.75 4 (0.3%) 

Vessel mass < 52,000 pixels 58 (4.0%) 

Control region intensity 0.2 – 1.0 4 (0.3%) 

Abbreviations: NT (nasal-temporal); IoU (intersection over union). 

4.2.5 QC Method 2: Machine learning classifier 

I trained a wide range of traditional machine learning classifiers (e.g., decision trees, support 

vector machines, neural networks) using MATLAB’s “Classification Learner” (The 

MathWorks, Inc., Natick, Massachusetts, United States). The outcome was the binary ground 

truth label keep or reject (0, 1). The predictors were the same 14 metrics listed in Table 4.3. I 

trained with 5-fold cross validation. I chose validation accuracy as the main performance metric 

because it has been shown to provide a robust assessment of classifier performance across 

different machine learning models, and effectively measures the ability of each model to 

generalise to new, unseen data.110 The best model was a “coarse decision tree”, which achieved 

a validation accuracy of 92.8% and an AUC of 0.88, correctly classifying 261 images as reject 

(17.6%). Confusion matrices comparing the two methods are presented in Figure 4.7. 

Performance metrics for the two classification methods are presented in Table 4.4.  

  



 
 

  66 

Figure 4.7. Confusion matrices comparing the two methods of automated quality control. 

Table 4.4. Classification statistics for the two methods of automated quality control.  

Measure Derivations Thresholds Decision tree 

Sensitivity TPR = TP / (TP + FN) 0.9801 0.9448 

Specificity SPC = TN / (FP + TN) 0.638 0.8614 

Precision PPV = TP / (TP + FP) 0.9056 0.9636 

Negative Predictive Value NPV = TN / (TN + FN) 0.9004 0.8006 

False Positive Rate FPR = FP / (FP + TN) 0.362 0.1386 

False Discovery Rate FDR = FP / (FP + TP) 0.0944 0.0364 

False Negative Rate FNR = FN / (FN + TP) 0.0199 0.0552 

Accuracy  ACC = (TP + TN) / (P + N) 0.9048 0.9278 

F1 Score F1 = 2TP / (2TP + FP + FN) 0.9414 0.9541 

Matthews Correlation 

Coefficient 

TP*TN - FP*FN / 

sqrt((TP+FP)*(TP+FN)*(TN+FP)*(TN+FN)) 0.7059 0.7849 

Abbreviations: TP (True Positive); FN (False Negative); FP (False Positive); TN (True Negative). Notes: Best score in bold 

type. 

 

4.3 Discussion 

I have presented two methods of automatically performing quality control for the PallorMetrics 

software. Based on a collated set of 1,485 images from 12 different datasets that represent a 

range of heterogeneity in terms of image resolution, field of view, quality, and pathology, the 

manual threshold method achieved an AUC of 0.81, and the decision tree achieved an AUC of 

0.88. Overall, the decision tree method achieved a more balanced split compared to the manual 

threshold method. However, the manual threshold method demonstrated greater sensitivity, a 

higher negative predictive value (NPV), and a lower false negative rate. Despite these 

advantages, the decision tree outperforms the manual method on most other performance 

metrics. Due to its higher NPV, which indicates its ability to correctly reject more images, the 

threshold method can be considered more conservative. 

An important consideration when choosing between these rejection methods is how 

well the data is suited for statistical analysis. Many statistical tests, particularly those involving 

linear regression, are sensitive to the presence of outliers, which can skew results and lead to 

unreliable estimates.111 In linear regression, for example, even a single outlier can 

https://onlineconfusionmatrix.com/#measures
https://onlineconfusionmatrix.com/#measures
https://onlineconfusionmatrix.com/#measures
https://onlineconfusionmatrix.com/#measures
https://onlineconfusionmatrix.com/#measures
https://onlineconfusionmatrix.com/#measures
https://onlineconfusionmatrix.com/#measures
https://onlineconfusionmatrix.com/#measures
https://onlineconfusionmatrix.com/#measures
https://onlineconfusionmatrix.com/#measures
https://onlineconfusionmatrix.com/#measures
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disproportionately influence the estimate.111 Therefore, handling outliers, either by removing 

or transforming them, is often necessary before conducting statistical analyses. With the 

manual threshold method, all outliers are systematically removed, offering a potential 

advantage for downstream data analysis, as the resulting dataset is less likely to be influenced 

by extreme values.  

Ultimately, the choice between these rejection methods will depend on the user’s 

specific goals and priorities – whether they value a more conservative approach with fewer 

false negatives or prefer a broader, more balanced classification from the decision tree. In most 

cases, I would recommend the manual threshold method, which removes outliers. 

 

4.4 Conclusion 

In this chapter, I have described two methods for automatically marking images processed by 

PallorMetrics as pass or reject. One method works by using manually derived cut-off points, 

and the other uses a machine learning classifier. These methods have been integrated into the 

PallorMetrics software, and the results are stored alongside other outputted variables. 

Automated quality control is essential for applying PallorMetrics to large datasets, where 

manual inspection of the processed images, or manually demarcating the optic disc, might be 

impractical.   
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Chapter 5 

 

 

Optic disc pallor and cerebral small vessel disease 

 
 

 

5.1 Introduction  

Having successfully developed a novel method of quantifying optic disc pallor in fundus 

images, and establishing a robust method of automatic quality control, I now move to address 

the second objective of this thesis – exploring optic disc pallor in a cerebrovascular condition. 

As discussed in Chapter 2, one highly prevalent cerebrovascular condition is cSVD – 

an age-related disease affecting the small blood vessels of the central nervous system, leading 

to stroke, dementia, and cognitive decline.31–33 cSVD is commonly detected via MRI, which 

reveals key indicators including lacunes, microbleeds, white matter hyperintensities, and 

enlarged perivascular spaces.32 However, owing to cost and availability, MRI is not suitable for 

mass screening. The retina, sharing similarities with the brain, may offer a more accessible 

alternative for detecting signs of cSVD.20,25,51 Retinal layer thinning has been linked to cSVD 

prevalence and progression,112–115 however, no work has yet explored optic disc pallor in 

cSVD. Here, I present a publication that tests for associations between optic disc pallor and 

both pRNFL thickness and four MRI markers of cSVD.  

Data from the PREVENT Dementia study – a multi-centre prospective cohort 

conducted across five UK sites (Cambridge, Edinburgh, Oxford, London, and Dublin), 

collecting brain and retinal imaging alongside health, demographic, and cognitive variables at 
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approximately 2-year intervals29,102 – was used. The PREVENT cohort consists of healthy, mid-

life participants (aged 40-59 years). A key design feature is the intentional oversampling of 

individuals with a family history of dementia, with about half of the participants having an 

increased genetic risk. It is important to note that the PREVENT participants do not have a 

cSVD diagnosis. Instead, they represent a population with subtle markers associated with 

cSVD while being otherwise healthy. This cohort therefore provides a unique opportunity to 

investigate ocular and brain changes in individuals who may be in the very early prodromal 

stage of dementia. At the start of my PhD, the second wave of data collection had recently 

commenced. 

 

5.2. Acknowledgement of contribution 

Within the PREVENT study, Prof. John O’Brien led the neuroimaging arm, Dr Tom 

MacGillivray led retinal imaging arm, and Prof. Craig Ritchie was the Chief Investigator. For 

the publication included in this chapter, Dr Audrey Low generated the MRI measurements and 

identified participants with incidental findings. Ms Charlene Hamid acquired and processed 

the OCT scans and extracted the pRNFL measurements, including identifying abnormalities 

and performing quality control. I would like to express my gratitude to all researchers, 

participants, and support staff who made this work possible. All authors reviewed and 

commented on the manuscript. 

5.3. My contribution to this work 

I led: 

• Generating the research question, and study design featured in the paper. 

• Conducting a literature review. 

• Processing of retinal images including quality control. 
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• Combining datasets from different arms of the PREVENT Dementia study (MRI, 

retinal, clinical). 

• Deciding which statistical tests to conduct. 

• Deciding which covariates to use. 

• Performing the data and statistical analysis. 

• Creating the tables and figures. 

• Drafting the manuscript. 

• Incorporating co-authors’ comments and finalising the manuscript. 

• Writing this chapter. 

 

5.4. Published article 
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5.5. Conclusion 

In this study, we explored the relationship between optic disc pallor, pRNFL thickness, and 

four MRI markers of cSVD. Our findings revealed a significant association between optic disc 

pallor and enlarged perivascular spaces, independent of covariates. This is a novel finding. 

While no other associations were identified and effect sizes were modest, this result suggests 

that optic disc pallor may be a marker for cerebrovascular damage. 

This study makes several important contributions to the field. It is the first to explore 

the relationship between fundus image-derived optic disc pallor measurements and MRI 

markers of cSVD. Notably, the novel association between optic disc pallor and perivascular 

spaces provides new insights into both screening and potential mechanisms. For instance, with 

further refinement and validation, optic disc pallor could be developed as a screening tool to 

identify individuals who might benefit from MRI scans. Moreover, our findings suggest for the 

first time that optic disc pallor could serve as a marker of glymphatic dysfunction, shedding 

light on a possible underlying mechanism. 
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Chapter 6 

 

 

Optic disc pallor and lacunar stroke 

 

 

6.1. Introduction 

 

In the previous chapter, we uncovered an association between optic disc pallor and MRI-visible 

enlarged perivascular spaces, a core feature of cSVD. In this chapter, I extend the analysis to a 

cohort of patients (Mild Stroke Study (MSS))116–118 who experienced a mild ischaemic stroke, 

subcategorised as either cortical or lacunar.  

While cortical strokes are usually caused by cardio embolism or large artery disease, 

the underlying cause of lacunar strokes is typically cSVD.2,5,39 Therefore, this chapter continues 

to address the second objective – exploring optic disc pallor in a cerebrovascular disease. 

Previous retinal imaging work in the same cohort observed differences in vessel-based metrics 

in lacunar compared to cortical stroke,117,118 however the role of optic disc pallor remains 

unexplored. I hypothesised that lacunar stroke patients would have paler optic discs than 

cortical stroke patients, and that pallor would positively correlate with MRI-based cSVD 

ratings. 

 

6.2. Acknowledgement of contribution 
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MSS was led by Dr Fergus Doubal and Prof. Joanna Wardlaw. Dr. Doubal coordinated the 

study and oversaw retinal photography, while Prof. Wardlaw coded the MRI brain scans and 

provided oversight. I extend my gratitude to all those involved in creating and maintaining the 

MSS, including the patients. 

Regarding the current study, Dr Doubal provided clinical guidance – helping decide 

which covariates to include and how to interpret the results. Dr Francesca Chappell provided 

guidance on which statistical tests to apply. All authors commented on the manuscript. 

 

6.3. My contribution to this work 

I led: 

▪ Generating the research question, and study design. 

▪ Reviewing the literature. 

▪ Preparing the images for processing. 

▪ Processing of retinal images including quality control. 

▪ Combining datasets (MRI, PallorMetrics, clinical data). 

▪ Performing the analysis. 

▪ Creating the tables and figures. 

▪ Drafting the manuscript. 

▪ Incorporating co-authors’ comments and finalising the manuscript. 

▪ Writing this chapter. 

 

6.4. Published article 
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6.5. Conclusion  

In this study, we investigated the relationship between optic disc pallor and two key clinical 

variables: ischemic stroke subtype (cortical and lacunar) and MRI-based cSVD ratings. We 

found that optic disc pallor was significantly associated with lacunar stroke subtype and cSVD 

severity in the right eye, independent of covariates. We observed a trend in the left eye, but this 

did not reach statistical significance. These findings suggest that cSVD and resulting lacunar 

stroke may cause damage to the optic nerve and its pathways. In the next chapter, I will present 

our work investigating optic disc pallor in a neurological disease. 
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Chapter 7 

 

 

Optic disc pallor and Parkinson’s disease 

 

 

7.1. Introduction 

In Chapters 5 and 6, I examined optic disc pallor in cSVD, a cerebrovascular disease. However, 

as discussed in Chapter 2, optic disc pallor is arguably more neuronal than vascular in nature, 

as it primarily reflects the loss of RGC axons. In this chapter, I shift focus to investigate optic 

disc pallor in PD, thereby addressing the third objective: to explore optic disc pallor in a 

neurodegenerative disease. 

As discussed in Chapter 2, the characteristic depletion of dopaminergic neurons in PD 

may extend to the cells in the retina, causing retinal layer thinning.81 Indeed, many studies have 

observed a thinner RNFL and the GCIPL in both the macula and around the optic disc in PD 

patients compared to controls.119–121 Based on these observations, I formed three hypotheses:  

1. Optic discs would appear paler in individuals with PD compared to controls.  

2. Pallor would be detectable even before a PD diagnosis. 

3. Pallor would become more pronounced as the disease progressed. 
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To test these hypotheses, I used data from the UK Biobank, which contained 103 

individuals with diagnosed PD at the time of ophthalmic assessment (prevalent PD), and 412 

individuals who were diagnosed with PD at a later date (incident PD), as well as a sample of 

individuals within whom an age- and sex-matched control group could be formed. 

 

7.2. Acknowledgement of contribution 

Dr Thomas MacGillivray and Dr David Breen contributed to the published article by reviewing 

and editing it. 

 

7.3. My contribution to this work 

I led: 

• Generating the research question, and study design featured in the paper. 

• Applying for access to the UK Biobank. 

• Conducting a literature review. 

• Manual annotation of retinal images including quality control. 

• Deciding which statistical tests to conduct. 

• Deciding which covariates to use. 

• Performing the data and statistical analysis. 

• Creating the tables and figures. 

• Drafting the manuscript. 

• Incorporating co-authors’ comments and finalising the manuscript. 

• Writing this chapter. 

 

7.4. Published article 
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7.5. Conclusion 

In this study, we showed that optic disc pallor is significantly higher in individuals with PD 

compared to age- and sex-matched controls. We also showed that pallor increases with PD 

duration. Put another way, the longer an individual had been living with PD, the paler their 

discs. However, this association was sensitive to outliers – removing 5 individuals with a PD 

duration of greater than 15 years nullified the effect. There were no associations between disc 

pallor and incident PD. These results are novel, suggesting that fundus images contain 

information that may help with PD diagnosis and monitoring progression. However, 

longitudinal imaging data are needed to explore how the disc changes in the prodromal stage 

of the disease. 
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Chapter 8 

 

 

Discussion and conclusion 

 

 

8.1 Aim and objectives 

The overall aim of my PhD was to learn about brain health through images of the retina. After 

engaging with the literature, I identified optic disc pallor as a potential marker of neurological 

dysfunction. Based on this, I established three core objectives: 

Objective 1: To develop a method of quantifying optic disc pallor in fundus images. 

Objective 2: To investigate optic disc pallor in a cerebrovascular disease. 

Objective 3: To investigate optic disc pallor in a neurodegenerative disease. 

Based on these objectives, I carried out several investigations which resulted in four 

publications. In this chapter, I will summarise the main findings from these investigations, 

discuss how they contribute to my overall aim, and outline future areas of research.  

 

8.2 Main findings and areas for future research 

8.2.1 Objective 1: To develop a method of quantifying optic disc pallor in fundus images. 

8.2.1.1 Summary of findings 
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For the first objective – developing a tool to quantify optic disc pallor – I made significant 

progress. PallorMetrics fills a critical gap in optic disc assessment by offering a quantitative 

and user-friendly alternative to subjective clinical descriptions. The software automatically 

measures optic disc pallor globally and within specific zones, drawing on segmentation 

principles akin to those used in modern OCT scans of the pRNFL. The measurements were 

validated by demonstrating associations with pRNFL thickness and effectively distinguishing 

clinically defined pallor in an external dataset. Its performance across various imaging 

systems, formats, and resolutions further highlights its robustness and versatility. 

To enhance its usability for large datasets, I developed two methods for automated 

quality control: a manual threshold method and a machine learning classifier. The manual 

method showed good sensitivity, a higher negative predictive value, and a lower false 

negative rate, making it conservative and suitable for ensuring data reliability in statistical 

analyses. In contrast, the decision tree classifier achieved a higher AUC (0.88 compared to 

0.81 for the manual method), but left some outliers remaining. These automated quality 

control methods are now integrated into PallorMetrics, enabling its application to large 

datasets without the need for labour-intensive manual inspection. 

Externally, PallorMetrics has been run on a set of approximately 3,500 fundus images 

from the Northern Ireland Cohort for the Longitudinal Study of Ageing (NICOLA).122 

Feedback from the  NICOLA team has been positive, with the software and quality control 

running as expected.  

8.2.1.2 Areas for future research 

A key next step for PallorMetrics is to evaluate its repeatability using a dataset with multiple 

images of the same eye. Incorporating repeat imaging would allow us to determine how 

factors such as image quality, brightness, and minor variations in imaging conditions affect 
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the results. This evaluation would strengthen confidence in PallorMetrics’ performance and 

support its further application in research and clinical settings.  

The selection of the control region is another potential area for improvement in 

PallorMetrics. In the current implementation, the control region is defined as a square around 

the optic disc. While this approach is robust in most cases, it may be less suitable when 

peripapillary atrophy extends into the control region – a scenario more common in older 

individuals. Future iterations of the software could adopt an adaptive approach, dynamically 

adjusting the shape, size, and position of the control region based on image-specific 

characteristics. For example, multiple smaller control regions could be defined across the 

retina, with algorithms selecting the most appropriate regions or calculating a weighted 

average of measurements. Incorporating automated quality assessments to exclude regions 

affected by artifacts, shadows, or anomalies, such as peripapillary atrophy, could further 

enhance accuracy. These refinements might improve measurement consistency and 

adaptability across diverse imaging scenarios. 

Further refinement of the quality control methods could be another area of focus. 

While the manual threshold and decision tree methods perform well, exploring hybrid or 

more advanced machine learning approaches could improve the balance between sensitivity 

and specificity. Incorporating these enhancements might strengthen PallorMetrics’ reliability 

and adaptability. 

PallorMetrics currently does not support fundus images with a 30° field of view, as 

these images are rare in clinical practice and were not included in the training set. Future 

versions may be adapted to accommodate image with this resolution. 

I have an ongoing collaboration with the team at Moorfields Eye Hospital, who are 

planning to implement the PallorMetrics software on the AlzEye dataset.123 This dataset 
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includes approximately 1.8 million fundus images, making it one of the world’s largest 

resources for retinal imaging studies. The primary aim of this collaboration is to investigate 

the utility of optic disc pallor as a potential biomarker in the emerging field of oculomics, 

which explores how ocular features can reveal insights into systemic and neurological 

health.124,125 

8.2.2 Objective 2: To investigate optic disc pallor in a cerebrovascular disease. 

8.2.2.1 Summary of findings 

For the second objective – investigating optic disc pallor in a cerebrovascular disease – 

significant progress was made, with two published studies (chapters 5 & 6) providing 

complementary insights. 

In the PREVENT Dementia cohort, we identified a novel association between optic 

disc pallor and enlarged perivascular spaces, a key MRI marker of cSVD. This finding is 

promising, as it suggests that optic disc pallor may act as a non-invasive alternative to MRI. 

Further, this work benefited from PallorMetrics’ fully automated approach to fundus image 

analysis, which enhances scalability and positions the software as a viable tool for application 

to larger datasets. 

In the Mild Stroke Study, we extended the analysis to examine the relationship 

between optic disc pallor and both ischemic stroke subtype and cSVD severity. Optic disc 

pallor was significantly associated with the lacunar stroke subtype, a clinical hallmark of 

cSVD, and correlated with overall cSVD burden, reinforcing its relevance in assessing 

disease characteristics. These results provide further evidence that cSVD may affect the optic 

nerve and its pathways. 
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8.2.2.2 Areas for future research 

Future research should incorporate longitudinal data to investigate whether changes in optic 

disc pallor correspond to the progression of cSVD. Both analyses relied on cross-sectional 

data. Now that wave two of data collection for the PREVENT Dementia study is complete, 

there is an opportunity to explore correlations between changes in optic disc pallor, brain 

imaging findings, clinical features, and possibly even functional outcomes. Such studies 

would offer valuable insights into the temporal dynamics and potential clinical utility of optic 

disc pallor in tracking disease progression. 

In the PREVENT study, optic disc pallor may serve as a marker of glymphatic 

dysfunction affecting both the brain and the visual pathway. Further research could 

investigate the relationship between glymphatic function and optic disc appearance. This 

could include longitudinal studies to examine whether changes in optic disc pallor correlate 

with glymphatic impairment over time, as well as experimental models to explore the 

mechanisms linking glymphatic dysfunction to RNFL loss. One promising measure of 

glymphatic function is diffusion tensor imaging along the perivascular space (DTI-ALPS).126 

DTI-ALPS is used to quantify the directional diffusion of water molecules along perivascular 

spaces, providing insights into the efficiency of waste clearance in the brain. This technique 

has shown potential in identifying impairments in glymphatic function, which may be linked 

to neurodegenerative diseases and other conditions affecting brain health.127,128 Using DTI-

ALPS alongside retinal imaging could offer a powerful approach to studying the relationship 

between glymphatic dysfunction and optic disc changes, furthering our understanding of how 

the brain and visual pathways are interconnected. Such research could provide valuable 

insights into how impaired glymphatic function may affect both brain health and retinal 

changes. 
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 Another area for future research could focus on leveraging the unique characteristics 

of the PREVENT Dementia cohort, which includes individuals with subtle markers of cSVD 

while being otherwise healthy. This cohort presents an opportunity to study early signs of 

cerebrovascular deterioration and how these early markers relate to subsequent cognitive 

decline or other vascular brain pathologies.  

8.2.3 Objective 3: To investigate optic disc pallor in a neurodegenerative disease. 

8.2.3.1 Summary of findings 

For the third objective – investigating optic disc pallor in a neurodegenerative disease – 

significant progress was made, culminating in a publication using data from the UK Biobank. 

This work provided several key insights into the potential role of optic disc pallor in 

Parkinson’s disease. 

First, it was demonstrated that optic disc pallor is significantly increased in 

individuals with prevalent PD compared to age- and sex-matched controls. This finding 

supports the hypothesis that pallor reflects RGC axon loss, a characteristic feature of PD-

related neurodegeneration. Furthermore, pallor was significantly associated with disease 

duration, with longer-standing PD linked to greater pallor, underscoring its potential as a 

marker of disease progression. 

Regarding incident PD, however, there was limited support for the hypothesis that 

optic disc pallor is associated with PD – a trend was observed that did not reach statistical 

significance. This suggests that while pallor may reflect existing neurodegenerative changes, 

further studies are needed to investigate whether it may be a preclinical marker of PD. 
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8.2.3.2 Areas for future research 

Further work should move beyond statistical associations and look toward predictive 

modelling. For example, it would be of great value to assess whether adding optic disc pallor 

to a predictive model that already includes readily available information like age, sex, BMI, 

and smoking status leads to a significant improvement in the model's performance. Such a 

model may have clinical utility. 

 In the current study, I investigated the association between optic disc pallor at a single 

time point and future PD, compared to an age- and sex-matched control group. However, a 

more effective approach would be to use repeat imaging data from the same individuals, 

allowing for the measurement of the rate of change within each person over time. Longitudinal 

studies of this nature would provide valuable insights. An ideal resource for such research is 

the Scottish Collaborative Optometry-Ophthalmology Network e-research project (SCONe), 

which is collecting fundus images linked to healthcare data from optician practices across 

Scotland. As of December 2024, the SCONe dataset contained 429 individuals with a probable 

PD diagnosis (ICD-10 code G20), contributing a total of 1,635 images, of which 1,300 were 

captured before diagnosis. This presents a unique opportunity to examine retinal imaging data 

from several years prior to a PD diagnosis. Exploring optic disc pallor and other retinal 

biomarkers in this cohort is a research priority. 

An important point not touched upon in the published article regards the ethical and 

practical questions about the potential use of optic disc pallor to identify individuals at risk 

for PD. Unlike cSVD, where early detection could inform vascular risk management, PD 

currently lacks curative treatments, complicating the clinical utility of early biomarkers. 

Future efforts must carefully consider how such findings would be communicated to patients, 

the psychological implications of risk prediction, and the pathways for follow-up care and 
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support. Notwithstanding, identifying PD in its earliest stages allows for better management 

of symptoms to improve quality of life for patients for longer. 

 

8.3 Additional remarks 

8.3.1 The link between cerebral small vessel disease and Parkinson’s disease 

There is growing evidence that cSVD plays a significant role in several neurological 

disorders, including PD and Alzheimer’s disease (both neurodegenerative diseases), and 

multiple sclerosis (a neuroinflammatory disease).129 Regarding PD, neuroimaging of patients 

often reveals radiological features of cSVD, such as lacunar infarcts and white matter lesions, 

which may be identified during the initial evaluation of newly diagnosed PD patients but are 

more commonly observed in the later stages of the disease.129,130 Both cSVD progression and 

severity have been linked to incident parkinsonism, which suggests a causal role of cSVD in 

PD.131 cSVD also correlates with the Hoehn and Yahr score of functional disability in PD.132 

When cSVD coexists with PD, it exacerbates clinical symptoms, including impairments in 

gait, cognition, and mood.133 This overlap may also contribute to a faster progression of 

PD.129 Such evidence suggests that PD progression may be slowed by treating vascular risk 

factors – this hypothesis remains to be tested.134  

 In this thesis, I observed increased optic disc pallor in PD and cSVD in three 

independent datasets (two for cSVD and one for PD). For cSVD, associations were observed 

in the basal ganglia (Chapter 5). This raises the possibility that damage to the optic nerve 

might represent the end result of a shared pathogenic pathway between cerebrovascular 

dysfunction and neurodegeneration. For example, it is possible that cSVD lesions in the basal 

ganglia could disrupt the dopaminergic pathway.135 Given the basal ganglia's critical role in 

motor control and its reliance on dopaminergic signalling,135 damage to this region could 
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impair the transmission of dopamine, thereby exacerbating motor symptoms in PD. However, 

this is speculative and remains to be tested. 

8.3.2 A cautionary note on communicating results to the public 

Retinal measures are not intended to replace clinical diagnosis or serve as standalone 

diagnostic tools for neurological disorders. Instead, they are supplemental, providing 

additional information that may in the future aid and refine diagnoses. While this distinction 

may seem obvious to researchers and clinicians, it is less so for early-stage researchers and 

may be entirely misunderstood by the public. Headlines of the type "The eye can diagnose 

dementia" are common. 

A striking example is the media coverage of the recent Wagner et al. (2023) study on 

OCT in Parkinson’s disease, published Neurology, a high-profile journal.121 The Independent, 

a UK newspaper, ran the headline, “AI eye scans can detect Parkinson’s up to seven years 

before symptoms appear, scientists say.”136 While this may be technically true, the actual 

study reported a group mean difference of less than 2 microns in retinal layer thickness – an 

amount within the measurement error of most OCT devices and associated software. This 

means that while a statistical difference exists at the group level, an individual scan would 

offer no meaningful prognostic value.  

Such reporting can mislead the public into believing they can simply have their eyes 

tested for signs of Parkinson’s disease, which is most certainly not the case. Clear 

communication is essential to ensure that the potential of retinal imaging as a research tool is 

understood without overstating its current clinical applicability. In my own work, I have tried 

to express this sentiment through careful use of language. 
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8.4 Conclusion 

The aim of this thesis was to learn about brain health through images of the retina. I identified 

optic disc pallor as a potential biomarker of brain health, given its underlying association 

with RNFL thinning, which is present in many neurological disorders. I developed a method 

of quantifying optic disc pallor based in fundus images and applied the method to three 

datasets investigating cSVD and PD. Regarding cSVD, I found that optic disc pallor was 

associated with an MRI based marker of cSVD – enlarged perivascular spaces. Regarding 

PD, I found that optic disc pallor was higher in PD compared to age- and sex-matched 

controls, and that pallor increased with disease duration. Together, these results suggest that 

optic disc pallor might reflect a shared pathological mechanism between cSVD and PD. 

Areas for future research include assessing the repeatability of PallorMetrics, carrying out 

longitudinal assessment of both cSVD and PD, and incorporating the pallor measures into a 

predictive model of PD. 
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