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Abstract

Retinal images, images of the retina at the back of our eyes, are an important part of

modern ophthalmology and further capture the retinal vasculature and nerves, which

could allow insight into cardio- and neurovascular disease. This is especially promising

as retinal images are non-invasive, fast-to-acquire and low-cost compared to other

types of medical imaging such as brain magnetic resonance imaging. A variety of

retinal imaging modalities exist, most importantly traditional colour fundus photography

(CFP) and optical coherence tomography (OCT). CFP is the most widespread type of

retinal imaging and captures a true colour en-face image of the retina, typically with

a field of view of around 45 degrees. OCT imaging captures the retina in depth and

thus allows assessment of individual layers of the retina and – with modern methods

such as Enhanced Depth Imaging – even captures the choroid, a dense vascular

tissue beneath the retina. More recent modalities include OCT angiography which uses

repeated OCT images to estimate blood flow and ultra-widefield fundus imaging which

captures most of the retina with a field of view of around 200 degrees. Retinal imaging

is already widespread and continuously proliferating: lower-cost handheld devices or

smartphone addons make CFP available in lower resource settings, while once cutting-

edge OCT can now be found at high-street opticians in the UK.

Retinal images provide a wealth of information but are complex to analyse, in part

due to variations in image quality, anatomy, and retinal pathology that make traditional

development of handcrafted analysis pipelines challenging. The recent decade saw

great advances in machine learning methods, particularly deep learning for computer

vision. Instead of manually designing a pipeline, a machine learning model is a para-

meterised pipeline that can be fit to training data to approximate the mapping from

inputs to outputs. This approach is highly effective for many vision tasks, including

classification, regression and segmentation.

In this thesis, I present three themes of work using machine learning for retinal image

analysis. First, using machine learning for retinal disease detection. Second, using

machine learning for developing efficient and robust automated analysis pipelines for

retinal imaging. And third, validating and applying these tools.
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For the first theme, I developed a deep learning model that can detect seven key

retinal diseases in ultra-widefield pseudo-colour retinal images with very promising

performance and investigate which regions of the ultra-widefield images are important

for automated disease detection in a data driven way.

For the second theme, I developed three tools. First, deep approximation of retinal

traits, or DART for short, that computes retinal fractal dimension (FD), a metric relat-

ing to the complexity of the blood vessels in CFPs, orders of magnitudes faster and

more robustly than traditional methods. Second, jointly with a colleague, I developed

a tool initially for segmenting the choroid region in OCT, called DeepGPET. Next, we

developed Choroidalyzer, which segments the choroid and the choroidal vasculature

while also identifying the location of the fovea. This allows for fully-automated compu-

tation of choroidal thickness, area, vascular index in a fovea-centred region of interest.

Third, I developed QuickQual an efficient and easy-to-use method for CFP quality

assessment that obtains state-of-the-art performance on a commonly used quality

assessment dataset.

Finally, for the third theme, I applied DART to real-world, primary care data and found

a significant association between lower FD and prevalent systemic health conditions.

Furthermore, I compared the repeatability and robustness of DART to AutoMorph, a

method that follows the traditional paradigm for computing FD, finding that DART was

not only more robust to image quality issues but also more repeatable even for high

quality images.

In my opinion, this thesis exemplifies the potential of machine learning for retinal image

analysis. I hope that my work will – eventually and incrementally – advance the field of

retinal image analysis and one day make a positive difference for clinical practice.
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Lay Summary

I used computers to process pictures of the eye. Those images show the “retina”. The

retina sits at the back of our eyes. It allows us to see. The retina processes light, like

a camera sensor. Thus, the retina is very important. If someone’s retina is unhealthy,

they might have poor vision or even become blind.

Computers that find unhealthy retinas would be very useful. Optometrists can take

these pictures. Optometrists check eyes, but are not doctors. Even some opticians

can take them. Opticians make glasses. Imagine if they had a computer to look for

problems. If they find a problem, the person can then see an eye doctor. That doctor

can then treat them so they do not become blind.

To create such computers, I used “machine learning”. This is an approach that allows

the computer to learn from data. For example, images of retinas and whether they are

healthy or not. With that, the computer can learn to find unhealthy eyes. This is what I

did in my thesis.

You might have heard of “AI”. That is the same thing as machine learning. I used

machine learning because it works very well. I can develop a very accurate computer.

In the eye pictures, we can see the “blood vessels”. Blood vessels are like very small

pipes through which the blood flows. Healthy blood vessels are important for your eyes.

But they are also important your whole body. For example, your heart or your brain.

We can easily take images of your eye to see the blood vessels. Taking images of your

heart or brain is very difficult. They need very expensive machines. Eye images are

very quick and painless. Brain and heart images are slow and not very pleasant.

So, I taught computers to look at blood vessels in eye pictures. I taught the computer

to be very accurate. Now, we can find very small changes. I hope that this could one

day be used to check people. Are they about to have a heart attack or stroke? Then,

they can get help from a doctor before the problem occurs.

I really hope that my work will one day help people like you and me and our families.

It could keep our eyes healthy. And maybe our hearts and brains, too. Other scientists

might also use my work to do exciting research.
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Chapter 1

Introduction

1.1 Motivation & core themes
The overarching motivation for my work is to apply machine learning to retinal image

analysis where it is useful and might one day make a positive impact to people’s lives.

From that, I derive three core themes for this work. First, using machine learning for

retinal disease detection in retinal imaging. Second, using machine learning to develop

retinal image analysis tools that are useful to researchers and might eventually even

find clinical use cases. Third, validating and applying these tools. In my opinion, each

of these themes has the potential to contribute towards my overarching motivation.

Retinal disease detection is already an important part of ophthalmic care and auto-

mated methods could be useful here. For example, for disease screening in settings

where no human expert is available, or to provide clinical decision support by highlight-

ing areas of potential pathology and providing a virtual second opinion. In addition to

being useful, retinal disease detection from retinal images is also a task that is known

to be feasible: while additional information is considered in ophthalmic examinations

(e.g. symptoms, family history, risk factors, other types of tests and examinations such

as visual fields), in many cases the presence of retinal disease can be judged from

a retinal image alone. This is in contrast with using retinal imaging for risk prediction

for systemic health conditions, where it is not yet obvious that there are meaningful

increases in predictive power over simple known risk factors to be had. From a technical

perspective, methods for training image classifiers are very mature and easy to apply

nowadays. However, developing machine learning models for ophthalmology is a highly

interdisciplinary endeavour and while modern yet simple machine learning models are

highly effective, appropriately framing the problem and then arriving at an effective

solution that could be clinically useful is not necessarily trivial. This theme will be

exemplified by Chapter 2 of this thesis which presents a model for detecting several

different retinal diseases in ultra-widefield fundus images.
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1.1. Motivation & core themes 2

Retinal imaging contains a wealth of information and there are many potential applic-

ations for quantitative retinal traits, which capture specific aspects of the images, e.g.

relating to vasculature, nerves, layers of the retina, or pathology. These retinal traits

could be used for biomedical research, for instance to examine relationship between

the eye and other organs, such as vascular changes in the eye, brain, and heart.

They are also useful to ophthalmic research specifically, for example by providing

an objective measure of disease severity to study the effectiveness of clinical inter-

ventions. Finally, these retinal traits might one day find application in risk prediction

models for systemic disease. Retinal image analysis is a field with a rich, decades-

long tradition and has produced many effective tools that were primarily developed

with traditional computer vision methods. Modern machine learning techniques could

augment existing approaches to yield more efficient and robust tools. This theme will

be exemplified by Chapters 3, 6, and 7 of this thesis. Chapter 3 presents a model for

computing retinal fractal dimension, a trait relating to vessel complexity, from colour

fundus images in a way that is more robust and orders of magnitudes more efficient

than traditional approaches. Chapter 6 presents two models for analysing the choroid

in optical coherence tomography imaging. Chapter 7 presents an easy-to-use and

efficient model for assessing the quality of colour fundus images.

Once developed, these tools can only be useful if they are indeed used. This neces-

sitates both further validation beyond the results presented in the work introducing the

tool as well as applications that demonstrate its value and increase its visibility in the

field. Furthermore, developing good tools requires being familiar with the challenges

and pain points of the eventual user. This is best accomplished by using the tools

oneself, which helps identifying both strengths and shortcomings, a practice the tech

industry colourfully calls “dogfooding”. Finally, work that is more focused on discovery

than engineering might satisfy the researcher’s curiosity and increase the motivation

for developing and refining new tools. This theme is exemplified by Chapter 4 which

applies the tool from Chapter 3 to investigate potential associations between retinal

fractal dimension and systemic health in real-world clinical data, as well as Chapter 5

which compares the repeatability and robustness of this tool with an approach following

a more traditional paradigm. As is the case with all three themes, but especially this

one, there is a good number of relevant ongoing work that did not make its way into

this thesis but hopefully will constitute additional examples in the near future.
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Secondary motivations for the work presented in this thesis are to develop and demon-

strate good command of modern machine learning methods applied to medical ima-

ging, to develop a reasonable understanding of retinal imaging, retinal disease, and

ophthalmic care, and to build collaborations and relationships for a potential future

academic career.

1.2 What’s in this thesis

Each proper chapter of this thesis contains at least one peer-reviewed paper, preceded

by a short introduction and followed by a short conclusion. In those conclusions, I

briefly reflect on the work, highlight some weaknesses and limitations, and then give

an outlook regarding future work, some of which is already in progress. My goal is

not to restate every single limitation already mentioned in the respective paper itself,

so I kindly ask the reader to consider the limitation sections of each paper itself, too.

Likewise, in the introduction, I do not intend to rewrite the first section of each paper,

but to provide some context and explain my motivation for the given piece of work.

While I prefer the authoritative and objective sounding “we” when writing papers, I

want to offer some of my own reflections and views in the sections written specifically

for this thesis, which I will try to signpost with the first person. Good science is careful,

nuanced, and expresses views supported by evidence, yet I think most researchers

have additional thoughts about their work. Such thoughts might not fit in a paper but

would be offered when discussing their work with colleagues, for example during poster

presentations. I hope that expressing them in this thesis might be of interest to the

reader and in my opinion they provide more context to the work presented here than

merely repeating the introduction and conclusion sections of the paper itself would.

Chapter 2 presents a machine learning model for retinal disease detection in ultra-

widefield fundus images and further looks at what regions of these images were import-

ant for model performance. This work (Engelmann et al., 2022a) has been published

in Nature Machine Intelligence as:

Engelmann, J., McTrusty, A. D., MacCormick, I. J., Pead, E., Storkey, A.,
& Bernabeu, M. O. (2022). Detecting multiple retinal diseases in ultra-
widefield fundus imaging and data-driven identification of informative re-
gions with deep learning. Nature Machine Intelligence, 4(12), 1143-1154.
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Please note that this work originated as my thesis for the MSc by Research stage of my

PhD programme. For the paper, two major changes were made that I worked on during

the PhD stage of my programme. First, the work changed substantially in style and

length, transforming it from a comprehensive MSc thesis into a more concise research

paper. Second, the analysis underwent substantial refinement through the feedback

from clinical collaborators whom we involved as co-authors prior to submission of the

manuscript and through the feedback of two anonymous peer reviewers. Furthermore,

said MSc by Research was a mandatory part of the very same PhD programme the

present thesis is submitted for. I am thus of the opinion that this work is relevant to the

present thesis.

Chapter 3 presents a machine learning model for computing retinal fractal dimension,

a measure of vessel complexity, from colour fundus images in an efficient and robust

manner. I call this method deep approximation of retinal traits, or DART for short.

This work (Engelmann et al., 2022b) has been published in the proceedings of the

workshop on Ophthalmic Medical Image Analysis at the 2022 International Conference

on Medical Image Computing and Computer Assisted Intervention (MICCAI) as:

Engelmann, J., Villaplana-Velasco, A., Storkey, A., & Bernabeu, M. O.
(2022). Robust and Efficient Computation of Retinal Fractal Dimension
Through Deep Approximation. In: Antony, B., Fu, H., Lee, C.S., MacGilliv-
ray, T., Xu, Y., Zheng, Y. (eds) Ophthalmic Medical Image Analysis. OMIA
2022. Lecture Notes in Computer Science, vol 13576.

Chapter 4 applies DART to a real-world, primary care dataset from Glasgow to see if

retinal fractal dimension is associated with systemic health in data that was not spe-

cifically collected for research. It (Engelmann et al., 2024b) has been published in the

Association for Research in Vision and Ophthalmology (ARVO) journal Translational

Vision Science & Technology (TVST):

Engelmann, J., Kearney, S., McTrusty, A., McKinlay, G., Bernabeu, M. O.,
& Strang, N. (2024). Retinal Fractal Dimension Is a Potential Biomarker for
Systemic Health—Evidence From a Mixed-Age, Primary-Care Population.
Translational Vision Science & Technology, 13(4), 19.

Chapter 5 examines the repeatability and robustness to image quality issues of DART

and a pipeline for computing fractal dimension that follows a more traditional paradigm.

It (Engelmann et al., 2024c) has been published in the ARVO journal Investigative

Ophthalmology & Visual Science (IOVS):
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Engelmann, J., Moukaddem, D., Gago, L., Strang, N., & Bernabeu, M.
O. (2024). Applicability of Oculomics for Individual Risk Prediction: Re-
peatability and Robustness of Retinal Fractal Dimension Using DART and
AutoMorph. Investigative Ophthalmology & Visual Science, 65(6), 10.

Chapter 6 presents machine learning models for analysis of the choroid in optical

coherence tomography images. This work was undertaken with my dear colleague

Jamie Burke and two papers have been published that we are “joint first authors” on,

in alternating order. One (Burke et al., 2023a) in ARVO TVST:

Burke, J.*, Engelmann, J.*, Hamid, C., Reid-Schachter, M., ..., Storkey,
A., ... Bernabeu, M. O., & MacCormick, I. J. (2023). An Open-Source
Deep Learning Algorithm for Efficient and Fully Automatic Analysis of the
Choroid in Optical Coherence Tomography. Translational Vision Science &
Technology, 12(11), 27.

And another (Engelmann et al., 2024a) in ARVO IOVS:

Engelmann, J.*, Burke, J.*, Hamid, C., Reid-Schachter, M., ..., Storkey, A.,
... Bernabeu, M. O., & MacCormick, I. J. (2024). Choroidalyzer: An Open-
Source, End-to-End Pipeline for Choroidal Analysis in Optical Coherence
Tomography. Investigative Ophthalmology & Visual Science, 65(6), 6.

Chapter 7 presents a machine learning model for assessing the quality of colour fundus

images called QuickQual. This work (Engelmann et al., 2023a) has been published in

the proceedings of the MICCAI workshop on Ophthalmic Medical Image Analysis 2023

as:

Engelmann, J., Storkey, A., & Bernabeu, M.O. (2023). QuickQual: Light-
weight, Convenient Retinal Image Quality Scoring with Off-the-Shelf Pre-
trained Models. In: Antony, B., Chen, H., Fang, H., Fu, H., Lee, C.S.,
Zheng, Y. (eds) Ophthalmic Medical Image Analysis. OMIA 2023. Lecture
Notes in Computer Science, vol 14096.

Each of these papers has been reproduced as permitted by either the license it was

published under or the publisher’s policy for author re-use.
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1.3 What’s not in this thesis

This thesis makes heavy use of previously published material, as permitted by uni-

versity regulations. Thus it differs in format and style from traditional theses that do

not include such material, yet I believe that it demonstrates each of the qualities to be

examined equally well.

Each paper contains an introduction that surveys the relevant literature and identifies

a gap to be addressed, as well as a conclusion that critically reflects on the work.

In compliance with university regulations, this thesis further bookends each paper by

additional introductions and conclusions. Thus, I believe that my adequate knowledge

of the field of study and relevant literature as well as my ability to exercise critical

judgement of the work of myself and of others is sufficiently demonstrated and a

dedicated literature review chapter would be superfluous.

Likewise, my capability of pursuing original research that makes a contribution to the

field is embodied by the work presented here. Each paper contains a methodology

section that explains the relevant methods, with Chapter 1 and Chapter 2 in partic-

ular showcasing my ability to express myself using technical language. My ability to

apply machine learning methods is evidenced by their successful application. Thus, a

traditional methods chapter would be similarly superfluous, in my opinion.

Finally, I think that my ability to present results in a critical and scholarly way is demon-

strated by the papers themselves. Them having been accepted in reputable, peer-

review venues is of course no guarantor of quality but offers some support to my

belief. As explained in the previous section, the remaining text of this thesis is held

in a somewhat more direct and open style, which is a personal preference of mine and

more reflective scientific discourse outside of papers. My hope is that this allows the

reader to assess my scientific abilities in more depth than if this entire thesis was held

in the same style as the papers.

Not everything I worked on during my time as a PhD student made its way into this

document. First, and most importantly, I have held two posts as a research assistant

and none of the work undertaken for those is included in my thesis. Second, I did

not include work that I co-authored but did not lead (Tabuchi et al., 2024; Villaplana-

Velasco et al., 2023). Third, work that is already written up but not yet published in a
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peer-reviewed venue has not been included either (Burke et al., 2024; Engelmann and

Bernabeu, 2024). Finally, as is the case with most researchers, I have a long list of

projects in various stages of completion, some of which will never see the light of day,

some of which will hopefully appear as papers in the future.



Chapter 2

Machine learning for retinal disease

detection in ultra-widefield fundus

images

2.1 Introduction

Loss of vision due to retinal disease severely reduces people’s quality of life (Brown,

1999). In a recent cross-sectional survey of UK adults, sight was the most valued sense

(Enoch et al., 2019) to the point that people on average would prefer 4.6 years of perfect

health over 10 years of life being completely blind. Sight loss also has major adverse

economic impact (Pezzullo et al., 2018) costing the UK billions of pounds annually in

healthcare cost and lost productivity, in addition to the value of healthy life lost which

itself is many billions annually.

This work originated as my MSc by Research thesis project of my PhD programme.

When I started working on this project, the same dataset had already been used by

a number of studies (Masumoto et al., 2018a,1,1; Matsuba et al., 2019; Nagasato

et al., 2018,1; Nagasawa et al., 2019,1; Ohsugi et al., 2017; Tabuchi et al., 2018) that

used deep learning for disease detection. Thus, I was initially uncertain whether there

would be anything for me to do that would be both meaningful and novel, especially

as this was my first project in retinal image analysis. However, I noticed that those

previous works had some limitations that could be addressed, primarily relating to

how the problem was framed and the dataset filtered. Each of these studies had

focused on binary classification of a single retinal disease and then only selected

images of retinas showing this specific disease or no disease at all, while excluding

all images that showed other diseases. That is not a particularly realistic setup: even

in an age-related macular degeneration clinic, for example, patients might occasionally

8



2.1. Introduction 9

present with other retinal diseases. A model that has not be trained on data relating

to any other conditions might then classify unknown disease as age-related macular

degeneration (after all, it is not healthy) or as healthy (after all, it is not age-related

macular degeneration) neither of which is desirable. A secondary limitation of previous

work was that poor quality images, difficult to judge cases, and images with multiple

diseases were removed. However, each of these challenges are clinical realities that

a model ideally should be robust to. In the case of image quality, some images are

indeed too poor to be properly assessed, but including them in the dataset, especially

for evaluation, will give a more pessimistic estimate of performance. Whereas excluding

poor quality images from analysis runs the risk of giving an overly optimistic estimate

instead if the bar for quality is set too high.

We address these limitations by developing a disease detection model that could detect

multiple key retinal diseases (glaucoma, diabetic retinopathy, retinal vein occlusion,

retinal detachment, age-related macular degeneration, macula hole, and retinitis pig-

mentosa) while also providing a prediction for whether the eye shows any disease at all.

This additional prediction helps in cases where the model is confident that the image

shows disease but is not very confident in which specific disease it is. It might also

allow the model to flag up diseases not present in the training data. These diseases

were selected in part because those were the labels provided by the dataset. However,

they in turn were provided because they are key retinal diseases. For example, diabetic

retinopathy, age-related macular degeneration, and glaucoma are very common sight-

threatening conditions. Retinal detachments and macular holes are somewhat less

common but can require very urgent interventions. The dataset also had a very small

number of images labelled as artery occlusion. However, this number was so small

that we could not have properly distributed them between our training, validation and

internal testing sets. Instead, we held out these images entirely for our internal testing

set to see how the model responds to the presence of a new disease that it did not

encounter during training, which we analyse in one of the appendices.

In machine learning, for classification tasks with multiple labels, a common approach

is to frame it as multi-class classification, where each input is assumed to belong to

exactly one class. There, the output of the model is put through a softmax activation

function which normalises all the outputs to sum to 1. However, in our case, an image

could show more than one disease, thus this constraint is undesirable. Instead we
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frame the problem as multi-label classification and apply an element-wise sigmoid

activation function (equivalent to a logistic linkage function) such that each output

individually is constrained to (0,1). This is straight-forward conceptually and in im-

plementation, but less well-known than binary or multi-class classification.

When evaluating the model, we keep all of the data including difficult cases and low

quality images, as we prefer to have a potentially pessimistic performance estimate

over a potentially optimistic one. In addition to quantitative evaluation, we manually

examine cases of confident errors to understand where the model might perform poorly.

We also sketch out two archetypical use cases and look at performance at two cor-

responding potential operating points on the receiver operating characteristic curve.

Furthermore, we investigate which regions of the images are important for model

performance, both to validate that the model appears to work in a sensible way and

to understand whether the increased field of view is beneficial for machine learning-

based disease detection. The latter question is particularly interesting as ultra-widefield

fundus cameras are substantially more expensive than standard field ones.

2.2 Paper

Please note, as mentioned in section 1.2 of this thesis, this work originated as my thesis

for the MSc by Research stage of my PhD programme, but underwent substantial

changes in style and writing, as well as refinement of the analysis prior to submission

and publication in Nature Machine Intelligence. I worked on these changes during the

PhD stage of my programme. Thus, I am of the opinion that this work is relevant to this

PhD thesis.

Reproduced with permission from Springer Nature.
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Ultra-widefield (UWF) imaging is a promising modality that captures a 
larger retinal field of view compared with traditional fundus photography. 
Previous studies have shown that deep learning models are effective for 
detecting retinal disease in UWF images, but primarily considered individual 
diseases under less-than-realistic conditions (excluding images with other 
diseases, artefacts, comorbidities or borderline cases; and balancing healthy 
and diseased images) and did not systematically investigate which regions of 
the UWF images are relevant for disease detection. Here we first improve on 
the state of the field by proposing a deep learning model that can recognize 
multiple retinal diseases under more realistic conditions than what has 
previously been considered. We then use global explainability methods to 
identify which regions of the UWF images the model generally attends to. 
Our model performs very well, separating between healthy and diseased 
retinas with an area under the receiver operating characteristic curve (AUC) 
of 0.9196 (±0.0001) on an internal test set, and an AUC of 0.9848 (±0.0004) 
on a challenging, external test set. When diagnosing specific diseases, the 
model attends to regions where we would expect those diseases to occur. We 
further identify the posterior pole as the most important region in a purely 
data-driven fashion. Surprisingly, 10% of the image around the posterior 
pole is sufficient for achieving comparable performance across all labels to 
having the full images available.

Retinal diseases are a key public health burden. The associated loss of 
vision reduces the quality of life of affected patients1 and has major eco-
nomic impact2. Age, lifestyle factors and some diseases (for example, 
diabetes) are key risk factors for retinal diseases such as age-related 

macular degeneration and diabetic retinopathy. This burden is thus set 
to increase in ageing societies and in those that are rapidly urbanizing 
and experience rising incidence of non-communicable diseases. Retinal 
diseases are detected and diagnosed through eye examinations, which 
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We find that the proposed DL model performs very well on an 
internal test set even when this is not artificially balanced and includes 
images with artefacts, borderline cases and comorbidities. Our model 
also outperforms an ensemble of binary classifiers trained on balanced 
data for individual diseases, which is the prevailing approach in the 
literature. Evaluation on a challenging external test set that includes 
images with different preprocessing and images taken with a variety 
of UWF imaging device models also evidences very high real-world 
performance. For individual diseases, the model attends to regions 
that are qualitatively consistent with domain knowledge, indicating 
that the model works as intended. Interestingly, we find that all seven 
diseases are detectable in the posterior pole and arrive at this conclu-
sion in a purely data-driven way.

Results
Study data characteristics and data split
The Tsukazaki Optos Public (TOP) dataset consists of 13,047 UWF ret-
ina images of 8,588 eyes belonging to 5,389 patients that were taken 
between 11 October 2011 and 6 September 2018 at Tsukazaki Hospital in 
Himeji, Japan. All images were taken with an Optos 200Tx (Dunfermline, 
Scotland) UWF scanning laser ophthalmoscopy imaging device. The 
data were released by Dr Hiroki Masumoto for research use and this 
was approved by the Ethics Committee of Tsukazaki Hospital. Each 
image has binary labels for eight retinal diseases: artery occlusion (AO), 
age-related macular degeneration (AMD), diabetic retinopathy (DR), 
glaucoma (Gla), macular hole (MH), retinal detachment (RD), retinitis 
pigmentosa (RP) and retinal vein occlusion (RVO). For each image, the 
dataset also contains a unique patient ID, age in years, sex, whether the 
image is of a left or a right eye, and the binary diabetes status of the 
patient. 50% of the patients are female, and 50% of the images are of 
left eyes. The average patient age is 65.83 yr with a standard deviation 
of 12.99 yr. Table 1 shows the numbers of patients per disease.

Apart from the 21 images showing AO, we did not exclude any 
images from the study. These images were excluded from the main 
analysis as 21 is too few to both train and meaningfully evaluate a model 
on that label. Instead, those images were used as an additional, held-out 
test set to assess whether our model generalizes to unseen diseases 
(Supplementary Section 4). Common reasons for excluding images in 
the literature are quality issues (for example, reflection or eyelash arte-
facts, poor contrast), difficult-to-recognize pathology (for example, 
borderline cases), multiple diseases or discarding of healthy controls 

often include fundus imaging. Traditional colour fundus photography 
(CFP) typically images 30–60° of the retina, but new imaging devices 
allow for ultra-widefield (UWF) retinal images with a field of view of 
100–200° (refs. 3,4). Thus, UWF could capture retinal pathology that 
would be missed with CFP. This could enable more accurate screen-
ing and earlier detection. Sophisticated retinal imaging hardware is 
increasingly available in community optometry practice. Diagnosis 
and support systems are urgently needed to help practitioners make 
clinical decisions using these new imaging modalities, particularly for 
UWF retinal images that fewer clinicians are experienced with.

Fortunately, recent advances in deep learning (DL) make it fea-
sible to automatically process images with similar performance to 
human experts on many tasks. Previous work has shown that DL mod-
els are effective at detecting disease in UWF images but the evaluation 
approaches employed in literature so far have been criticized as unre-
alistic by clinical practitioners5. For example, models were typically 
trained to detect only a single specific disease and then evaluated on a 
dataset that contained equal numbers of images showing that disease 
and healthy controls, but no other diseases6–15. Recent work proposed a 
model for three diseases, but also excluded other diseases and artificially 
balanced the data16. Images with artefacts or multiple diseases were 
also excluded6–16. We improve on this approach by proposing a model 
that can detect seven different retinal diseases and under more realistic 
conditions than what has previously been considered. In particular, we 
consider several retinal diseases without excluding images with multiple 
diseases in the same image, artefacts or borderline cases. We further do 
not artificially balance the data by discarding healthy cases.

Thus far, there has been no systematic investigation of which 
UWF image regions are relevant for DL model-based detection of 
retinal disease. Previous work compared the performance of DL 
models for detecting a single disease (glaucoma) using either full or 
optic-disc-cropped UWF images9—but in this case, the optic disc was 
selected based on domain knowledge. Similar work has been under-
taken for CFP, but again the regions of interest were defined using 
domain knowledge17. We instead investigate which regions the DL 
model attends to for seven different diseases through a data-driven 
analysis. This serves both to understand how DL models use UWF 
images and to validate that the DL model works as intended rather than 
relying on undesirable shortcut artefacts. We further investigate how 
model performance degrades when removing either the least or the 
most important regions.

Table 1 | Overview of the TOP dataset and the three subsets

TOP dataset Train set Validation set Test set

Patient classification

  Healthy 2,322 (43.2%) 1,625 (43.2%) 348 (43.2%) 349 (43.2%)

  Gla 943 (17.5%) 660 (17.5%) 141 (17.5%) 142 (17.6%)

  DR 682 (12.7%) 477 (12.7%) 102 (12.7%) 103 (12.8%)

  RVO 438 (8.1%) 307 (8.2%) 65 (8.1%) 66 (8.2%)

  RD 417 (7.8%) 292 (7.8%) 63 (7.8%) 62 (7.7%)

  AMD 285 (5.3%) 200 (5.3%) 43 (5.3%) 42 (5.2%)

  MH 179 (3.3%) 125 (3.3%) 27 (3.3%) 27 (3.3%)

  RP 110 (2.0%) 77 (2.0%) 17 (2.1%) 16 (2.0%)

Total patients 5,376 3,763 806 807

Total eyes 8,570 6,002 1,279 1,289

Total images 13,026 9,121 1,911 1,994

Patient age (mean ± s.d.) 65.83 ± 12.99 65.72 ± 13.04 65.89 ± 12.84 66.29 ± 12.87

Female patients 2,669 (50%) 1,843 (49%) 392 (49%) 434 (54%)

We report the number and share of patients by stratification value (‘Details of data split with patient-level stratification’ in Methods), the number of patients and images, as well as mean age and 
sex ratio for each set.
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to balance the labels6–16. We decided against excluding images for any of 
those reasons as poor-quality images, borderline cases, comorbidities 
and label imbalance are clinical realities and—as recently highlighted 
by clinical practitioners5—DL models should be robust to those chal-
lenges. Furthermore, setting the bar for image quality high runs the risk 
of an overly optimistic estimate of DL model performance, whereas our 
approach is more likely to provide an estimate that is too pessimistic. 
We consider this preferable when developing methods intended for 
clinical applications.

We split the data into three sets—training, validation and test—
containing 70%, 15% and 15% of the patients, respectively. Including 
a validation set is an important methodological detail that has been 
omitted by some previous work on the TOP dataset6–15. Developing DL 
models is typically an iterative process and the validation set guides 
the process while keeping the test set unseen. Not using a validation 
set in machine learning is comparable to not controlling for multiple 
comparisons in statistics. We chose our final model on the validation 
set before making any test set evaluations. Note that in the machine 
learning community, the final held-out set used to estimate model 
performance is called the ‘test set’, whereas the set used to provide 
feedback for the modelling process is called the ‘validation set’. This 
clashes with terminology used in the medical community, where the 
evaluation on the test set is typically referred to as ‘internal validation’. 
Note that the validation set (in the machine learning sense) is not used 
for internal validation (in the medical sense). Furthermore, we split the 
data on the patient level rather than image level to prevent images of 
the same eye appearing in different sets.

To ensure that the distributions of diseases are similar across all 
three sets, we split stratified by patient disease status (see ‘Details of 
data split with patient-level stratification’ in Methods).

Our model achieves state-of-the-art results
The DL model outputs a probability for each of the seven retinal diseases 
as well as a probability for the input retina being diseased generally. To 
allow our model to deal with images that show multiple diseases, we 
frame the problem as multi-label rather than multi-class classification. 
This allows the model to predict more than one disease with high confi-
dence, if appropriate. Our approach is described in detail in ‘Model and 
problem framing’ in Methods. We evaluated our model on the unseen 
internal test set. Table 2a shows the area under the receiver operating 
characteristic curve (AUC) for each label. We weigh images such that 

each eye contributes equally to the metrics, regardless of how many 
times it was imaged. Our model can discriminate between healthy and 
diseased retinas with an AUC of 0.9206 and achieves excellent discrimi-
nation for six diseases (AUCs 0.9125–0.9753) and good discrimination 
(AUC = 0.7987) for the seventh (MH). MH is the disease with the fewest 
images available and thus our model had the least examples to learn 
from. Furthermore, diagnosis of MH would commonly be confirmed 
using different types of imaging such as optical coherence tomography 
and can be difficult to recognize from images alone18.

We also consider two baselines (‘Benchmark models’ in Methods). 
First, a model using only the available patient information (that is, age 
and sex) as variables but no image information. We include this as a 
simple baseline to ensure that the DL model does not only infer age 
and sex from the image to make its predictions. We considered random 
forest, k-nearest neighbours and logistic regression as classification 
algorithms and found that logistic regression performed best on the 
validation set. Second, an ‘ensemble of experts’ of binary models that 
are the same as our proposed model except that they each have a single 
output and were trained on balanced data containing only controls and 
a specific disease. This is emulates approaches that have been used in 
previous work6–15. We find that the DL models clearly outperform the 
Age + Sex baseline on all labels, except on AMD where the ensemble of 
experts performs the worst. The ensemble of experts achieves a slightly 
higher (+0.0052) but similar AUC on RP, but our proposed model sub-
stantially outperforms it on all other labels. We also assessed calibra-
tion through the Brier score (Table 2b) and find that the ensemble of 
experts is poorly calibrated compared with our proposed model, with 
Brier scores on average being 5.6-times higher. This is a result of being 
trained on artificially balanced data.

In addition to technical measures of model performance, we also 
evaluated our model for two archetypical use cases to assess whether 
the model would be useful in practical applications5.

First, a use case where false positives are costly and we thus want 
a conservative decision threshold ̂pt for flagging an image up as dis-
eased, for example, an early screening application at a high-street 
optician where a false positive would lead to an unnecessary referral. 
Second, a use case where false positives are less costly and we want a 
less conservative decision threshold, for example, a clinical decision 
support system at a specialist clinic where false positives can be quickly 
dismissed and the focus is on reducing the chance that something is 
overlooked. In a concrete application, any point on the Receiver 

Table 2 | Test set performance of baselines and final model for each label

(a) Test set performance 
using AUC as metric

Diseased DR Gla RD RVO AMD RP MH

Logistic regression with 
Age + Sex

0.6017 ± 0.0003 0.6008 ± 0.0003 0.5191 ± 0.0004 0.7555 ± 0.0005 0.4946 ± 0.0007 0.7989 ± 0.0006 0.6625 ± 0.0010 0.5630 ± 0.0010

Ensemble of 
experts (binary DL 
models + balanced data)

0.8346a ± 0.0002 0.8405 ± 0.0003 0.9140 ± 0.0002 0.9281 ± 0.0005 0.8922 ± 0.0005 0.7068 ± 0.0008 0.9490 ± 0.0003 0.6300 ± 0.0010

Ours (single multi-label DL 
model + realistic data)

0.9196 ± 0.0001 0.9153 ± 0.0002 0.9452 ± 0.0002 0.9788 ± 0.0002 0.9407 ± 0.0003 0.9503 ± 0.0003 0.9408 ± 0.0005 0.7939 ± 0.0009

(b) Test set performance 
using Brier score as metric

Diseased DR Gla RD RVO AMD RP MH

Logistic regression with 
Age + Sex

0.2451 ± 0.0001 0.1488 ± 0.0001 0.1634 ± 0.0001 0.0491 ± 0.0001 0.0555 ± 0.0001 0.0388 ± 0.0001 0.0244 ± 0.0001 0.0210 ± 0.0001

Ensemble of experts 
(multiple binary DL 
models + balanced data)

0.1850a ± 0.0001 0.1474 ± 0.0001 0.1213 ± 0.0001 0.0820 ± 0.0001 0.1275 ± 0.0001 0.2090 ± 0.0001 0.1038 ± 0.0001 0.2421 ± 0.0001

Ours (single multi-label DL 
model + realistic data)

0.1146 ± 0.0001 0.0741 ± 0.0001 0.0651 ± 0.0001 0.0146 ± 0.0000 0.0280 ± 0.0001 0.0248 ± 0.0001 0.0079 ± 0.0000 0.0223 ± 0.0001

Reported values are mean ± s.e., obtained by bootstrapping the data 1,000 times. Images are weighted such that each eye has a total weight of 1, even if a specific eye was imaged multiple 
times. AUC assesses how well a model can separate positive and negative samples for a given label. Higher is better; best values are in bold. Brier score is sensitive to how well a model’s 
predicted probabilities are calibrated. Lower is better; best values are in bold. aUsing maximum of individual predictions (‘Benchmark models’ in Methods).
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Operator Characteristic (ROC) curve can be chosen, and we could 
implement a complex, multi-level decision process. For example, we 
could use a traffic-light-like system where a yellow alarm is raised for 
samples where ̂p exceeds a less conservative threshold and a red alarm 
if it exceeds a conservative threshold. In an early screening context, 
the yellow alarm might then translate into simply scheduling the next 
routine scan sooner and the red alarm means that the patient will be 
referred to an ophthalmologist. In any case, the clinician ultimately 
makes the diagnosis and decides on the next steps taking into account 
the available information. This includes their own assessment of the 
patient and the patient’s health history and symptoms. A DL-based 
clinical decision support system would be an additional input to the 
clinician’s decision-making. Developing such a tool from the DL model 
requires additional considerations such as the available hardware to 
run the model on, what information to display to the clinician and how 
to train them in interpreting the tool’s output19. Considering these 
aspects in detail is beyond the scope of the present work, but we aim 
to investigate whether the performance at particular decision thresh-
olds would be potentially practically useful.

For the present work, however, our goal is to use the two archetypi-
cal use cases—a conservative and a less conservative case—to evaluate 
whether our model’s performance at concrete decision thresholds 
would be potentially clinically useful. For the conservative and less 
conservative cases, we take a maximal false positive rate (FPR) of 3% 
and 40% (equivalent to minimum specificities of 97% and 60%), respec-
tively, as our constraints. We then choose the optimal threshold  
that maximizes the true positive rate (TPR) given these constraints. 
Figure 1a shows the ROC curve obtained by our model, and reports the 
resulting TPRs, FPRs and decision thresholds ̂pt. In the conservative 
case, the model could detect about two-thirds of patients with diseased 
retinas while only incorrectly classifying 3% of healthy retinas as dis-
eased. In the less conservative case, where we prioritize a high TPR over 
a low FPR, the model could detect 94% of diseased retinas while incor-
rectly flagging up 40% of healthy retinas as diseased. We thus conclude 
that our model would potentially be useful in clinical applications and 
performs very well overall, especially considering the more challenging 
test set compared with what has previously been considered.

Our model performs very well on a difficult external dataset
Following the example of recent work16, we assembled an external data-
set of 75 UWF images. For a detailed description, see Supplementary 

Section 3. Although small, this external dataset is quite challenging in 
a number of ways. First, most images are taken with different models 
of UWF imaging devices (for example, Optos Daytona or California) 
that produce qualitatively different images. Second, many of the 
images are cropped (and thus also have a different scale), projected, 
have a different aspect ratio or even contain watermarks. We did not 
correct for these factors through preprocessing. Third, these images 
are likely to not be of Japanese patients and thus present a different 
patient population.

Figure 1b shows the predicted probability of being diseased strati-
fied by ground-truth label. Despite these challenging conditions, our 
model achieved near perfect discrimination between healthy and 
diseased retinas (AUC = 0.9848 ± 0.0004). Using the more conserva-
tive early screening threshold, our model would have had one false 
positive, two false negatives and correctly classified all remaining 72 
images. However, we also find that calibration of our model suffered 
under these conditions, and using the less conservative threshold, we 
would have recommended all images for further investigation. This 
might be due to all images looking potentially anomalous to our model 
as they are quite different from the images it was trained on. The model 
also identified the correct disease(s) in most cases, achieving very 
high label-wise AUCs for all included diseases (DR, 0.9636 ± 0.0007; 
RP, 1.0000 ± 0.0000; RVO, 0.9770 ± 0.0007; RD, 1.0000 ± 0.0000; 
Gla, 0.9599 ± 0.0008) apart from AMD where it achieved an AUC of 
0.8033 ± 0.0021, which is good but noticeably worse than for the other 
labels. This might indicate that differences in imaging devices and data 
preprocessing have a larger impact on recognizing AMD as such but it 
could also be due to differences in diagnostic thresholds. Overall, this 
is very encouraging performance on an external dataset that differs 
substantially from our training data.

Model attends to regions consistent with domain knowledge
We used explainable artificial intelligence (AI) techniques to understand 
how the model makes its predictions. First, we use gradient-weighted 
class activation mapping (GradCAM)20 to generate attention maps 
for a given input image and target disease. These highlight which 
regions of the image the model considers evidence for the respective 
disease. We find that the model generally pays attention to regions 
of pathology even in the presence of distractions such as reflection 
artefacts (Fig. 2a) but sometimes fails in the presence of these (Fig. 2b). 
Overall, these maps could aid clinicians in practice to understand the 
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Fig. 1 | Evaluation of our model on the test set and the external validation set. 
a, ROC curve of our model predicting healthy versus diseased on the test set, 
weighted such that each eye contributes equally. Markers indicate where on the 
ROC curve we end up given the constraint of the respective use case. The dashed 
line is the identity line equivalent to random guessing. b, External validation 

results showing the predicted probability of being diseased ̂p(diseased) 
stratified by ground-truth label. The red and blue horizontal line plot indicates 
the conservative threshold ̂ptconservative = 0.79 and and less conservative 
threshold ̂ptlessconservative = 0.28, respectively.
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model’s predictions, to draw their attention to regions of interest on 
an individual patient basis or to identify whether an artefact might be 
adversely affecting the model’s prediction.

While individual image-wise attention maps are useful for under-
standing the model, only a small number of images can be examined in 
detail and reproduced at once, which constitutes a barrier to auditing 
DL models thoroughly and objectively. To examine the model more 
systematically and to understand which regions of the UWF images 
are useful to detect specific diseases, we generate label-wise global 
attention maps through predicted probability-weighted aggregation 
of image-wise attention maps21. These maps summarize the image-wise 
attention maps across the entire test set. Figure 3a shows the result-
ing maps for the seven diseases and the general diseased label. These 
maps are consistent with domain knowledge. For example, the model 
focuses on the posterior pole for both Gla and AMD but for Gla this is 
concentrated on the optic disc side whereas for AMD this is concen-
trated on the macula. For RD, there is attention across the entire retina 
but concentrated on the temporal side where rhegmatogenous RD 
tends to occur most often22. For DR, there also is attention across the 
retina but clearly concentrated around the optic disc, presumably due 
to cases of proliferate DR with neovascularization of the optic disc. 
Finally, although the map for MH is concentrated on the macula, it is 
also the noisiest map. This is due MH being the most difficult label for 
our model and due to the low number of images we average over as MH 
was the rarest disease in terms of images. To summarize, these maps 
generally match domain knowledge. This indicates that the model 
detects pathology for specific diseases in regions where we would 
expect pathology to occur.

Peripheral regions are not needed for high performance
We combined all label-wise global attention maps into a single global 
attention map (Fig. 3b)21. This map ranks each position of the input 
images in terms of their overall importance to the model and identi-
fies the posterior pole as the most important region. This agrees well 
with domain knowledge, but we note that this was identified in a purely 
data-driven way. The global attention map also correctly identifies the 
corners that never show the retina as least important.

We use progressive erasure plus progressive restoration (PEPPR)21 
to validate that the global attention map is faithful to how the model 
makes its predictions and to investigate how the model’s performance 
degrades when removing either the most or the least important 
regions. Figure 4 shows the AUC for each label for the test set with 
different parts of the image removed. When progressively erasing 
the least important image regions according to the global attention 
map, there is no significant drop in AUC even when 90% of the image 
is removed. This indicates that this map does correctly reflect which 

regions are most important to the model. However, it is surprising that 
having only the most important 10% of the UWF images is sufficient to 
obtain performance comparable to having the full images available. 
This suggests that all seven diseases have presentation in the posterior 
pole, which might be in part a reflection of the disease stages common 
in the TOP dataset. When progressively restoring the least important 
regions, starting with a blank image, we observe a near monotonic 
increase in AUCs with performance only peaking for all labels once 
the full image has been resorted. For diseases that primarily affect the 
optic disc and fovea (Gla, MH, RVO and AMD), restoring the final most 
important 10% containing the posterior pole leads to a large increase 
in AUC (approximately >0.1), whereas for diseases that cause more 
peripheral pathology (RD, RP and DR) there is a less substantial increase 
(approximately <0.03). In summary, we find that the global attention 
map faithfully reflects how the model works. Surprisingly, the 10% of 
the image containing the posterior pole is sufficient to achieve high 
performance.

Discussion
We find that DL is very effective for detecting disease in UWF images 
even when evaluating the model under more realistic conditions than 
what has previously been considered. This strong performance was also 
confirmed on a challenging external test set, including images taken 
with different cameras, different aspect ratios or even watermarks. 
In practice, we would not recommend applying a model to images 
that are from different imaging devices or preprocessed in ways the 
model has not encountered during training. It is not unexpected that 
calibration would suffer due to this, but the excellent discrimination 
in terms of AUC is very promising. We also note that we decided on the 
decision thresholds before the external dataset was collected, so it is 
remarkable that our model would have made only 3 mistakes out of 75 
images using the conservative threshold. Thus, our DL model shows 
promise for applications such as early screening and clinical decision 
support. Using more realistic conditions (no artificial balancing of data, 
multiple diseases, comorbidities, no exclusion of difficult cases) for 
evaluation also resulted in lower AUCs than other published models6–15. 
To ensure that this is due to the test set being more challenging rather 
than our approach being inefficient, we compared our model against 
an ensemble of identical models that were trained as binary classifiers 
on individual diseases using artificially balanced data as is commonly 
done in the literature. We find that our approach clearly outperforms 
this approach both in terms of separation (AUC) and especially calibra-
tion (Brier score). For one previous study on the TOP dataset focused 
on RP15, the exact subset of the TOP dataset used after excluding images 
is available. On this subset, a simplified version of our model achieved 
perfect separation (AUC = 1) with very high confidence in the correct 

a b

Age: 68 | Sex: M | Dataset labels: Healthy
MH: 0.075(0)| RP: 0.050(0)| AMD: 0.060(0)| RVO: 0.080(0)| RD: 0.059(0)| Gla: 0.231(0)| DR: 0.616(0)| any: 0.865(0)

Age: 57 | Sex: M | Dataset labels: Gla
MH: 0.055(0)| RP: 0.048(0)| AMD: 0.039(0)| RVO: 0.103(0)| RD: 0.053(0)| Gla: 0.968(1)| DR: 0.079(0)| any: 0.978(1)

p(any) = 0.9784 p(any) = 0.8651
∨∨

Fig. 2 | Examples of the model-attention heat maps generated by GradCAM 
using the general ‘diseased’ label as target concept. Left: Original image. 
Middle: Heat map. Right: Heat map imposed on the image. The first line of text 
below the image indicates the patient’s age, sex and disease status according to 
the dataset labels. The second line of text indicates the model predictions for 
each label and the dataset labels in brackets. a, An example of the model 
successfully ignoring a reflection artefact (highlighted by a red arrow) and 
instead attending to the optic disc to correctly detect that the retina is diseased 

and that the disease in particular is Gla ( ̂p(Gla) = 0.968). b, An example of the 
model focusing on artefacts, particularly eyelash artefacts, in the periphery and 
falsely predicting a high probability of being diseased. The predicted probability 
of DR is highest ( ̂p(DR) = 0.616), which might be due to the eyelash artefacts 
being visually similar to haemorrhages or microaneurysms. There is also a small 
bright spot southwest of the optic disc, which receives attention and might be 
interpreted as an exudate.
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labels (Supplementary Section 5), which has also been noted in the 
literature16. Under more realistic and challenging conditions, how-
ever, our more complex model achieved an AUC of 0.9438 on the RP 
label, which is still high, but not perfect, performance. Thus, we recom-
mend using training and validation data that are as realistic as possible 
given the constraint of the available data, which has also been raised by  
clinicians5. While this might yield lower performance numbers, those 
numbers are also more realistic and models trained on realistic data 
will fare better under realistic conditions.

We find that the model focuses on regions to diagnose specific 
diseases that are consistent with where we would expect pathology to 
occur. This concordance between domain knowledge and data-driven 
investigation implies that our model works in a desirable fashion and 
is unlikely to rely on ‘shortcut’ artefacts, which can be a problem in 
medical imaging23. It also validates current domain knowledge, for 
instance, we identify the posterior pole as the most important region 
purely from the data. Thus, this kind of approach might also be useful 
for knowledge discovery in the future.

Surprisingly, the posterior pole region itself is sufficient to obtain 
high performance. This raises questions around whether and how all 
seven diseases we considered have presentation there. It also raises the 
question of how much benefit UWF imaging has over traditional CFP. 
It is possible that cases in the TOP dataset might skew towards being 
severe or progressed, which can be detected in the posterior pole, 
whereas early signs might exclusively occur in the periphery. However, 
it has been noted that the TOP dataset contains both obvious and subtle 
cases of pathology at least for RD, RP and RVO16. It is also possible that 
the DL model can spot subtle signs of early pathology in the posterior 
pole that have not been previously noted. DL has previously been 
shown to be able to extract information from fundus images that was 
not known to be present in those images, such as sex and cardiovascular 
disease risk24,25. We also want to stress that AI-based diagnosis is far from 
the only use case of fundus imaging, and the additional retinal coverage 
of UWF images might help clinicians in making their own diagnosis, 
judging disease severity and choosing appropriate interventions.

Our work has several limitations, primarily due to constraints 
stemming from the available data. The TOP dataset is a very valuable 
resource, but unfortunately, few details about how it was curated 
(inclusion and exclusion criteria), whether each image was graded by 
multiple graders, or diagnostic thresholds for assigning the binary 
disease labels (for example, for AMD and DR) are available. These 
are key limitations of this dataset. In SupplementarySection 1, we 
present additional exploratory data analysis where we describe signs 

of possible selection bias: half of the patients are female despite most 
patients being of advanced age where we would expect more females, 
older patients tend to be healthier, and patients with diabetes appear 
at lower risk for non-DR retinal disease. To the best of our knowledge, 
our analysis constitutes the most comprehensive critical evaluation 
of the TOP dataset so far. Despite these limitations, it is still a very 
valuable resource to the research community and the only publicly 
available large-scale UWF dataset26. Previous work on the TOP dataset 
by ophthalmologists noted that the dataset contains both obvious 
and subtle cases, at least for the diseases that were considered there 
(RD, RP and RVO)16. However, due to being a specialist clinic, patients 
at Tsukazaki Hospital might skew towards severe cases. Presumably, 
most or all patients are Japanese and thus the population is relatively 
homogeneous in terms of genetics, culture-induced lifestyle factors 
and access to healthcare.

Future work could investigate in more detail how and where dis-
eases present themselves in the posterior pole and whether the detec-
tion of less severe cases benefits more from having the periphery 
available. The latter could be achieved using the TOP dataset through 
manual curation of additional labels for disease severity by domain 
experts. Access to additional large labelled UWF datasets would allow 
for a more comprehensive external validation of our model. We did 
contact authors of previous studies using private UWF datasets. Unfor-
tunately, we have been unable to access any such datasets thus far. We 
encourage the community to make datasets available whenever pos-
sible. To evaluate the benefit of UWF over CFP in more detail, it would 
be particularly interesting to collect a dataset of CFPs and UWF images 
showing the same retinas at the same point in time to compare the two 
modalities directly. DL models designed for community screening 
should ideally be evaluated on datasets that closely resemble that 
use case, that is, with a large proportion of healthy images and where 
the diseased images are primarily early or mild cases. However, such 
UWF datasets are not currently available to the best of our knowledge.

It might be possible to improve on the performance of our pro-
posed model, for instance, by using extensive computing resources to 
manually improve the training procedure, do automatic hyperparam-
eter tuning or train multiple models for an ensemble. However, we think 
that the performance we obtained might be close to the saturation 
point for the TOP dataset. We examined the 20 most confident false 
positives of our model and found that at least 14 of them are prob-
ably pathological. For details, see Supplementary Section 6. This also 
implies that our reported performance numbers underestimate the 
true model skill. Beyond outright label mistakes, with binary labels 

a b
Diseased DR Gla RD

RVO AMD RP MH

Fig. 3 | Global attention maps of our model. a, Label-wise global attention maps. 
Calculated on all images from the test set. Right eyes are flipped horizontally 
such that the temporal side is on the right for all images. Blue indicates regions 
of low attention and red indicates regions of high attention. The black crosshairs 
are added to allow for easier comparison of relative positions between subplots 
and are centred on the image centre, which approximately corresponds to the 
macula. b, Left: average of all test set images. Right eyes are flipped horizontally 

such that the temporal side is on the right for all images. Middle: global attention 
map. Blue indicates regions of low attention and red indicates regions of high 
attention. Contour lines indicate the most important regions in quantile steps 
of 10%. Right: the average of all test set images with the same contour lines. The 
black crosshairs are added to allow for easier comparison of relative positions 
between subplots and are centred on the image centre, which approximately 
corresponds to the macula.
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there is also conceptual ambiguity whether a borderline case is clas-
sified as pathological. Finally, improved technical performance on 
internal validation might not be particularly meaningful for clinical 
practice as the population a model encounters in practice will always 
be at least slightly different from the population the training data is 
from. This distribution shift is likely to wipe out marginal gains from 
extensive tuning.

The data-driven methods we used to identify globally informative 
regions could also be applied to CFP images, where to our knowledge 
previous work only defined global regions of interest using domain 
knowledge in advance as opposed to taking a data-driven approach17. 
Data-driven approaches have been applied to identify informative 
regions at the image level27,28 but to our knowledge not globally. Fur-
thermore, identifying informative regions in medical imaging could be 
combined with data augmentation methods such as mixup29 to allow 
for more data-efficient model training. Finally, the PEPPR analysis here 
focused on explaining the proposed model and investigated which 
regions are important to the model at hand. Future work could repeat 
this with retraining the model at every step to investigate which regions 
of the images contain information that can be leveraged by a DL model.

We proposed a DL model and evaluated it under more challenging 
and realistic conditions than what has previously been considered. 
We find that the model is very effective at detecting diseased retinas 
and at identifying the correct disease(s). Thus, such models could be 
used in clinical practice. We further investigated which regions of the 
UWF image attends to and find that this matches domain knowledge. 
For instance, the posterior pole was identified as the most important 
region in a purely data-driven way. This indicates that the model works 
as intended. Surprisingly, using just the posterior pole region is suf-
ficient to obtain high performance, which should be investigated 
further in future research.

Methods
Details of data split with patient-level stratification
We split the data at the patient level rather than the image level. This 
is to avoid leaking information between the sets by having images  
of the same eyes or same patients across different sets. An example  
of multiple images of the same eye in the TOP dataset is shown 
in Extended Data Fig. 1. If we split at the image level, images of this 
patient might end up in both the training set and the test set. A model  
that overfits (‘memorizes’) a patient’s unique vasculature or the  
specific morphology of their pathology might then outperform 
another model that does not do this and would generalize better to 
unseen patients. With our approach, each patient occurs in exactly 
one of the three sets.

As some of the included diseases are relatively rare, we conduct a 
stratified split to ensure that the distribution of the diseases is as similar 
as possible across sets. However, as we have multiple, non-exclusive 
labels per image and multiple images per patient, stratification is 
more complex than if we had a single label per patient. Thus, we assign 
a stratification label to each patient according to the following three 
rules. First, if the patient has any disease across all their images, we take 
the disease that occurs most frequently as their stratification label. 
Second, if there is a tie (that is, two or more diseases occur equally often 
in a given patient), we take the rarest of the diseases as their stratifica-
tion label. Third, if and only if a patient has no disease in any of their 
images, we assign ‘healthy’ as their stratification label. This gives us a 
single label with eight possible values, the seven diseases and ‘healthy’, 
per patient and we can then stratify on that.

Model and problem framing
To develop a clinically useful model that can deal with comorbidities, 
we frame the problem as multi-label classification as opposed to 
binary6–15 or multi-class16 classification that have been used in previous 
work. The DL model outputs a probability for each label in both 
multi-class and multi-label classification. However, in the multi-class 
case, a softmax output activation is used, which means that the model 
always outputs a total probability mass of 1 across all outputs, and thus 
an output for ‘healthy control’ must be included. In the multi-label case, 
however, an element-wise sigmoid activation is applied to each output, 
which allows the model to allocate a probability mass between 0 and 1 
per label, and a total probability mass between 0 and nlabels across all 
labels. The sigmoid function σ(x) = 1

1+e−x
 maps the raw model outputs 

x ∈ ℝ, called logits, to a predicted probability ̂p ∈ (0, 1).
Concretely, this allows the model to detect more than one disease 

in a given image. Suppose an image shows DR and AMD, then with an 
element-wise sigmoid activation the model can output high predicted 
probabilities ̂p for both labels, whereas with a softmax activation it can 
only output moderate values of ̂p for both classes or a high ̂p for one 
class and a low ̂p for the other. Likewise, suppose the model has only 
medium confidence that both of these diseases are present in  
the image. With an element-wise sigmoid, it can then output moderate 
values of ̂p for both to express this. We use one label for each  
of the seven retinal diseases and also include a label for being ‘ 
diseased’ generally. This label allows the model to indicate that  
it is confident that a given image is affected by disease, whether it is 
confident in any disease in particular or not. Furthermore, this label is 
also the most clinically relevant label if we want to decide whether a 
patient needs to be referred to an ophthalmologist for further 
examination.
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Fig. 4 | Validating the global attention maps through progressive erasure 
and progressive restoration. Left: progressive erasure. Right: progressive 
restoration. Coloured lines indicate the test set AUCs when erasing using the 
mask obtained with the respective threshold. The horizontal dashed black line 

indicates AUC = 0.5, which is equivalent to random guessing. The solid black line 
indicates the mass of the global average heat map at the respective threshold, 
using the secondary y axis on the right. An example image with the mask at the 
given threshold applied is shown below the x axes.
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As our model, we use a convolutional neural network backbone 
that extracts a feature vector from an image and a prediction head 
that maps this feature vector to the eight-dimensional output to which 
we then apply element-wise sigmoid activations to obtain predicted 
probabilities for each label. We use ResNet3430 as the convolutional 
backbone, which consists of 33 convolutional layers with residual 
connections followed by an average pooling layer and a linear output 
layer that we replace with our own prediction head. After the last con-
volutional layer, ResNet34 outputs a three-dimensional feature map, 
2 spatial image dimensions and 512 channels, which the average pool 
converts to a flat 512-dimensional feature vector by averaging across 
the spatial dimensions. We use ResNet34 in its original configuration 
with batch normalization31 and rectified linear units (ReLUs) as the 
activation function, where ReLU(x) = max(0, x). We chose ResNet as it 
is a high-performance, efficient and well-established architecture that 
has recently been shown to be very competitive when using modern 
training techniques32,33, and ResNet34 in particular as it was the larg-
est ResNet variant that fitted into a graphics processing unit (GPU) 
memory at a reasonable batch size. We initially experimented with 
ResNet18 and found that moving to ResNet34 offered a very minor 
performance gain on the validation set. Thus, we expect that using 
larger models would not yield a significant performance improvement 
given that the dataset is small by DL standards.

Our prediction head is a feed-forward neural network with one 
hidden layer containing 128 hidden units and 8 outputs, one for each 
label. As the activation function for the hidden units in the prediction 
head, we use parametric rectified linear units (PReLU)34, where PReL
U(x) = max(0, x) + αmin(0, x), which extends ReLU by not zeroing out 
negative inputs completely, which improves convergence and where 
the negative slope parameter α is itself a learnable parameter. We learn a 
separate α for each unit of the hidden layer. Using a prediction head with 
a hidden layer rather than linear head allows our model to more easily 
learn appropriate correlations between labels. Our entire model thus 
is a 35-layer deep neural network with 21,348,360 trainable parameters.

Model training
We initialize the ResNet34 layers with weights trained on ImageNet35. 
To adapt the weights of the input layer from three-channel natural to 
two-channel UWF images, we take only the weights for the first two 
channels and weigh them by 3/2 to preserve the input layer’s activation 
mass. This is the default behaviour of the PyTorch Image Models library 
(timm) and described in more detail at https://fastai.github.io/timm-
docs/models. The linear layers of the prediction head are initialized 
using uniform Kaiming initialization34 with a = √5 and PReLU αs are 
initialized to 0.25, both of which are the default initializations used by 
PyTorch.

Our neural network model is a function f parameterized by model 
parameters θ (weights, biases, batchnorm affine parameters and PReLU 
αs) that maps the image space ℝH×W×C  with height H, width W and 
pseudocolour-channels C = 2 to the eight-dimensional label space 
fθ ∶ ℝH×W×C → ℝ8. For an individual image Xi, we can then interpret the 

l-th element of the model output fθ(Xi)l = ̂pi,l ∈ (0, 1) as a confidence 
score that Xi shows the disease indicated by the l-th label. We fit the 
parameters θ to minimize the total label-wise logistic loss (also referred 
to as binary cross-entropy) across for all training images i ∈ ntrainimages. 
Thus, our objective is

min
θ

ntrainimages

∑
i=1

nlabels

∑
l=1

−(yi,l log(fθ(Xi)l) + (1 − yi,l) log(1 − fθ(Xi)l))

where yi,l ∈ {0, 1} is the true value for the lth binary label of the ith image.
We optimize this objective using mini-batch stochastic gradient 

descent with momentum γ = 0.9. The learning rate η is set dynamically 
using a cosine annealing schedule with warm restarts36, which starts 
with a high learning rate that is then decayed over time and reset once 

the minimum of the cosine function has been reached. The learning 

rate of a given epoch ηt is given by ηt =
1

2
(1 + cos ( Tcurr

Ti
𝜋𝜋))ηmax where Ti 

is the number of epochs between warm restarts and Tcurr is the number 
of epochs since the last restart. Once Tcurr = Ti, Tcurr is reset to 0, which 
implies ηt = ηmax. We use maximum learning rate ηmax = 0.1 and Ti = 10. 
The learning rate is updated after each mini-batch; thus, Tcurr can take 
on fractional values. We train for 30 epochs with mini-batches of  
size 32, which was the largest size that fit our available GPU memory, 
shuffling the data before each epoch. Initially, we trained for 100 epochs 
using a constant learning rate, but after switching to a cosine schedule 
our model consistently converged within 30 epochs.

To make our model converge more smoothly and to better perfor-
mance, we use a technique called model exponential moving average 
(EMA). Averaging over the trajectory in stochastic optimization has its 
roots in Polyak–Ruppert averaging. Other forms of averaging have 
been explicitly proposed in the context of modern DL37. However, EMA 
specifically appears to be a trick that is used in the literature and sup-
ported by major libraries (for example, tensorflow (https://www.ten-
sorflow.org/api_docs/python/tf/train/ExponentialMovingAverage) 
and timm (https://fastai.github.io/timmdocs/training_modelEMA)), 
yet has not been introduced formally by a canonical work. At the start 
of training, we create a copy of the model parameters θ called θEMA. 
After the t-th mini-batch and update to θ, we update the current EMA 
model parameters θt

EMA to a weighted average of the previous EMA 
model parameters and current model parameters θt

EMA = αθt−1
EMA + (1 − α)θ 

where α is a decay hyperparameter, which we set to 0.999. At the end 
of training, we use θEMA as the final model parameters. When not using 
EMA, the label-wise validation AUCs have high variance across epochs 
as AUC is a ranking metric, but with EMA they converge smoothly and 
to higher values.

For a dataset of this size, extensive regularization is necessary to 
prevent overfitting. We find that even a smaller model with ResNet18 
as the backbone can fit the training data perfectly (label-wise AUCs 
equal or almost equal to 1) after a few epochs when not applying any 
regularization.

A key regularization technique for computer vision is data aug-
mentation, where images are randomly perturbed during training 
to yield images that retain most of their characteristic, generalizable 
patterns but where non-generalizable, hyper-specific patterns are  
more difficult to recognize. In our application, data augmentation is 
especially important given that our dataset contains a few thousand 
images. This is large by biomedical standards yet small by modern 
DL standards where datasets can contain hundreds of millions of 
images, for example, JFT-300M (https://paperswithcode.com/dataset/
jft-300m).

The augmentations that we use can be split into three types: flip, 
domain and general augmentations. As many patterns of pathology, 
such as drusen, are rotation invariant, we randomly flip the images, 
which are all read as left eyes, horizontally with probability phflip = 0.3 
and vertically with pvflip = 0.1 which increases diversity while still leaving 
most images in the orientation we will use when predicting on unseen 
images. Our domain augmentations emulate some common variations 
in UWF image quality. We randomly scale all values in either channel 
with a separate float drawn uniformly from the interval [0.75, 1.25] to 
vary both brightness and contrast. We further apply a Gaussian blur 
kernel with kernel size 7 × 7 and σ drawn uniformly from [0.1, 1] to 
emulate out-of-focus images. Finally, we add Gaussian noise individu-
ally drawn from 𝒩𝒩(0,0.1) to each pixel of either channel to emulate noise 
introduced by media opacity. All domain augmentations are applied 
jointly with p = 0.9. We also use some general augmentations that are 
commonly used in machine learning. We use RandomErasing38 that 
with p = 0.5 replaces a rectangle with a fraction of the overall image 
area drawn uniformly from [0.05, 0.3] and aspect ratio drawn from 
[0.3, 3.3] with noise drawn from a standard normal distribution. We 
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further apply a random affine transformation, which rotates the image 
by an angle drawn uniformly from [−15, 15] degrees, scales it with a 
factor drawn uniformly from [0.8, 1.2] and shears it by an angle drawn 
uniformly from [−10, 10] degrees. These general augmentations are 
also applied jointly with p = 0.9 where RandomErasing is then applied 
with p = 0.5.

Further, we use mixup29 during training. Mixup takes two  
images Xi and their respective target binary label vectors yi and blends 
them together with linear interpolation as a new datapoint {Xmixup = λX1 +  
(1 − λ)X2, ymixup = λy1 + (1 − λ)y2}. We draw the blending parameter λ from 
a beta distribution λ ∼ β(0.6, 0.6), which means that most values of λ 
are close to 0 or 1. The result is an image where one of the images can 
be seen clearly with the other one being faint, and the label vector being 
weighted accordingly. For instance, suppose we combine a healthy 
control and an image showing AMD with λ = 0.9, then the resulting 
image will primarily look like the healthy control with the AMD image 
faintly showing through, including the corresponding pathology like 
drusen. The target labels will be 0.9 × 0 + 0.1 × 1 = 0.1 for AMD and ‘any 
retinal disease’. Mixup reduces memorization and improves model 
performance in the presence of mislabelled examples and its resistance 
against adversarial examples29. During training, we pair up each input 
of a mini-batch with another and generate two blends, one with either 
input being in the first position.

Finally, we use three more regularization techniques to improve 
model performance. First, we apply Dropout39 in our prediction head. 
Dropout regularizes the model by randomly zeroing out hidden units 
during training and reweighing the remaining activations to preserve 
mass. This prevents undesirable co-adaptation between hidden units 
and improves generalization. When using Dropout, we can interpret 
the final model during inference as an ensemble of many submodels. 
We use Dropout after the pooling layer with a low probability of p = 0.1 
to encourage the model to not rely on only a few of the 512 extracted 
features without forcing the convolutional model to output redundant 
features, and after the hidden layer with p = 0.5, which yields the great-
est diversity of submodels. Second, we use a small weight penalty of 
β = 0.5 × 10−6, which penalizes the L2-norm of the model parameters θ 
thus changing the objective to min

θ
Loriginal + β ∥ θ∥2 where Loriginal is the 

original logistic loss to encourage lower magnitudes of each parameter, 
which reduces overfitting. Third, we use label smoothing (LS)40. LS 
replaces binary target labels with soft targets. This prevents the model 
from outputting overly confident predictions and instead encourages 
it to map all samples where it is highly confident to the same value, 
which improves model calibration41. We use asymmetric LS, replacing 
1s with 0.99 and 0s with 0.05. This allows the model to be confident in 
a diagnosis while discouraging it from entirely discounting the possibil-
ity of rare disease occurring. LS can also be interpreted as encoding a 
belief about the possibility of images being mislabelled; we consider 
it more likely that a diseased image is falsely labelled as healthy control, 
with all labels being 0, than vice versa.

Image preprocessing
The images are shared in JPEG format at a resolution of 768 × 1,024 pixels.  
This is a lower resolution than the scanner acquires but still provides a 
detailed picture of the retina. The scanner only acquires two channels 
but the JPEGs also contain a third channel with low, predominantly 
zero values, which we assessed to have no important information. JPEG 
compression adds a third channel and introduces such cross-channel 
artefacts, and so this channel was discarded from consideration. In 
practice, it would be ideal to input the scans into the DL model in a 
lossless format, in which case no third channel would be present. We 
thus remove this channel for the present work and input a two-channel 
image into the model.

We downscale images to 384 × 512, reducing the number of pixels 
by a factor of 4. As the input resolution affects the size of the convo-
lutional feature maps, this drastically lowers the GPU memory usage. 

We flip all right eyes horizontally, so that all images are approximately 
aligned. During model development, we initially experimented using 
a lower resolution of 256 × 341 and observed only a modest increase in 
performance on the validation set (overall increase in AUC < 0.005 aver-
aged across all labels) when switching to a higher resolution of 384 × 512 
(2.25 times the pixels). Previous work on a dataset of CFP images found 
higher image resolutions of up to 779 × 779 to be beneficial, although 
this benefit levelled off beyond 450 × 450 and with 1.6 million training 
images the dataset used was substantially larger than the TOP dataset42. 
After we selected our proposed model using the validation set and 
evaluated it on the test set, we retrospectively analysed whether our 
model would have performed better at a higher resolution. We found 
that using the full resolution of 768 × 1,024 increased test set AUCs 
by 0.0125 averaged across all labels. However, our proposed model 
requires less than 6 GB of GPU memory, whereas the full resolution 
model required more than 21.5 GB.

Benchmark models
For the non-image baseline using age and sex (the only available  
patient covariates), we considered three different classification algo-
rithms: logistic regression, random forest classifier43 and k-nearest 
neighbours. Logistic regression and k-nearest neighbours are standard 
methods and described in textbooks such as ref. 44. As we tuned the 
hyperparameters of our main model, we also tune the hyperparameters 
of this baseline for a fair comparison. See Supplementary Section 7 
for details.

For the ensemble of experts, we used the same architecture and 
training schedule as for our main model. However, as subsampling 
for rarer diseases leads to small datasets, we evaluated both the EMA 
and non-EMA model parameters on the validation set and picked the 
better-performing parameters for the test set evaluation. To obtain pre-
dictions for the general ‘diseased’ label from the expert binary models 
for each disease, we take a summary statistic of the disease-wise predic-
tions of all expert models. We tried the minimum, mean, median and 
maximum and found that the maximum performed best on the valida-
tion set. For reference, using the maximum of the disease-wise predic-
tions instead of the prediction for the ‘diseased’ label for our proposed 
DL model leads to a minor drop in performance from AUC = 0.9206 to 
AUC = 0.9103.

Evaluation
We evaluate our models by bootstrapping the test set 1,000 times and 
then reporting the mean and standard errors for each metric across 
the 1,000 bootstrap samples. For the internal test set where for some 
patients we have multiple images of the same eye, we calculate the met-
rics at the eye level. We think that this is the most relevant for a clinical 
diagnosis as some of the conditions (for example, retinal detachment) 
might occur in one eye but not the other and even conditions where 
occurrence in one eye is highly correlated with occurrence in the other 
eye (for example, diabetic retinopathy) can often be diagnosed by 
examining an individual eye. To obtain metrics at the eye level, we 
weigh each image during the metric calculation such that the total 
contribution of each eye sums to 1. For example, if a given eye was 
imaged three times, we assign a sample weight of 1/3 to each of them. 
When bootstrapping the data, we take care to calculate the correct eye 
weights for each bootstrap sample.

GradCAM
To generate image-level attention heat maps, we use GradCAM20. Grad-
CAM creates an attention map for a given model, input image and target 
concept such as a class or in our case a label. We first compute the final 
convolutional feature map (for example, the activations of the final 
layer before the pooling layer) and take the gradients of the output 
neuron for the target concept with respect to this feature map. These 
gradients are then averaged across the spatial dimensions to obtain 
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a weight for each channel dimension of the final feature map. This is 
then used to take a weighted average of each spatial position of the 
final feature map to obtain a heat map with a single channel. Finally, 
negative values in this heat map are zeroed out as GradCAM aims to 
highlight only those parts of the image that positively contribute to 
predicting the target concept. The resulting GradCAM has the same 
resolution as the final feature map, which in the case of ResNet34 is 1/32 
times the input resolution. When showing image-wise GradCAMs, we 
intentionally do not interpolate the heat maps to allow the reader to 
assess which areas are highlighted more easily. When presenting the 
averaged global attention maps however, the focus is not on examining 
the model for a specific image and there we follow established practice 
in the literature of using bicubic interpolation.

Progressive erasure plus progressive restoration
For PEPPR21, we replaced erased pixels with noise drawn from a stand-
ard normal distribution so that this mirrors the RandomErasing  
data augmentation. Thus, our model encountered similarly erased 
regions during training. Furthermore, we note that we did not retrain 
our DL model at each step. The reported results are obtained with 
the weights of our final proposed DL model. This is because we want 
to audit what this specific model has learned and to validate that it 
did not make use of any shortcut artefacts23. Even though the model  
was trained on full images, it is still able to achieve very strong perfor-
mance with only the central 10% of the image showing the posterior 
pole. To avoid data leakage, we use the global attention map obtained 
on the validation set, so that no test set information is used to select  
the regions for erasure which could, in principle, make the global 
attention map appear more accurate than it is. However, in practice, 
the global attention map for the validation and test sets look virtually 
identical.

Implementation
The code for this project was implemented in Python 3.8.8 and is 
available at https://github.com/justinengelmann/UWF_multiple_ 
disease_detection. We used PyTorch45 version 1.8.1 and the PyTorch 
Image Models (timm)46 library version 0.4.9 for our DL models. In par-
ticular, timm was used for pretrained model weights and for model EMA 
and mixup. For mixup, we make a minor modification to support the 
multi-label case rather than the multi-class case, which we include in the 
code files. For general scientific computing we used NumPy47 version 
1.20.1 and for non-DL classification algorithms (for example, random 
forest classifier), metrics and other utility code we used scikit-learn48 
version 0.24.2. Plots were generated with the Matplotlib49 version 3.4.2 
and seaborn50 version 0.11.1 libraries.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
The data are available from Hitoshi Tabuchi and the other authors of 
the Tsukazaki Optos Public Project subject to current export restric-
tions, which are imposed by Japanese legislation at the time of writ-
ing. Previously, it was publicly accessible via a project website where 
we obtained the copy used in this study. A subset containing images 
images of healthy eyes and eyes with RP used in a previous study15 is 
publicly accessible directly online at https://figshare.com/authors/
Masahiro_Kameoka/6020591. The external validation set we assembled 
from the American Society of Retina Specialists Retina Image Bank 
(https://imagebank.asrs.org), RetinaRocks Image Library (https://www.
retinarocks.org/) and Optos Recognising Pathology resource (https://
recognizingpathology.optos.com/) is described in Supplementary 
Section 3 in sufficient detail to reproduce the dataset. We also note that 
the dataset is well known within the community (for example, refs. 16,26).

Code availability
The code for this project, a requirements.txt file listing all libraries used 
and their versions, and the trained model are available online at https://
github.com/justinengelmann/UWF_multiple_disease_detection.
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Extended Data Fig. 1 | Six of nine images showing the same eye of the same patient. Six of nine images showing the same eye of the same patient. All images show 
DR according to the labels. While there are some differences between the images in terms of artefacts and pathology, the general pattern of the pathology is consistent 
between images and could be memorized by a model.



S Supplementary Materials762

S.1 Exploratory data analysis of the TOP dataset763

The TOP dataset contains a label for diabetes mellitus (DM) as determined by a blood test with no764

further details given. We find that this label and DR co-occur often (Dice coefficient of 0.09). However,765

in general not all patients with DM will have DR, so the high co-occurrence in the TOP dataset might766

indicate that a majority of DM patients were examined because of suspected DR or that DM blood767

tests were done primarily for patients showing signs of DR. Curiously, 39 images showed DR but the768

patient did not have DM according to the labels, which supports the idea that the DM label refers only769

to blood tests done at Tsukazaki hospital and thus there might be patients with DM who are recorded770

as DM negative in the dataset.771

The equal sex balance which is surprising given that patients in the TOP dataset tend to be of772

advanced age and that females tend to live longer. One possible explanation could be a conscious773

decision by the researchers at Tsukazaki hospital to include an equal proportion of males and females.774

Thus, it could be a sign of possible selection bias.775

(a) Image-level (n=9121) (b) Patient-level (n=3763)

Figure S1: Distribution of patient age stratified by disease status for the train set. Bin width is set to 1, the
granularity of age in the dataset. To define the disease status at the patient-level, we classify a patient as diseased
if any of their images showed a retinal disease or if they have DM.

More detailed analysis was done on the train set only after the data was split. This is to ensure that776

we do not leak information from the test set into our modelling process. Fig. S1 shows the distribution777

of age stratified by disease status. There is some coverage of almost all age groups, from young children778

to centenaries. Most patients are between 50 and 80 which is likely reflective of the fact that most retinal779

diseases occur in older patients and of Japan’s demographic makeup. Surprisingly, we find that healthy780

patients are generally older than diseased patients. This difference is more apparent at the image-level781

but persists at the patient-level, even when using the sweeping definition of classifying a patient as782

diseased if they had any disease associated with any of their images. We think that this is another783

sign of possible selection bias. Patients get examined at a specialist clinic for a reason. With younger784

patients, this would be concrete reasons to suspect retinal diseases like self-reported deteriorating vision,785

whereas older patients might get examined routinely due to their age, even if they have no symptoms.786

Another possible sign of selection bias is that the labels for DM and DR have low co-occurrence with787

the other retinal diseases in the TOP dataset. We would generally expect that patients with diabetes788

have an increased risk of many other conditions, including retinal diseases other than DR. However,789

looking at the TOP dataset, patients with DR/DM appear to have a much lower risk of having other790

retinal diseases than patients without DR/DM. This could again be due to patients being referred to791

Tsukazaki hospital for a reason, which could be suspected DR or some other reason. Patients that do792

not have DR/DM are more likely to have been referred for some other reason and thus have other retinal793

diseases more often.794
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S.2 Overview of work by researchers from Tsukazaki hospital795

Table S1: An overview of prior work on the TOP dataset conducted by researchers from Tsukazaki hospital.
“Custom 1” is an architecture consisting of 3 convolutional layers, followed by a maxpool and a linear prediction
head. “Custom 2” consists of 3 convolutional layers each followed by a maxpool, followed by a prediction head
containing one hidden layer. “Ensemble” refers to an ensemble of multiple convolutional neural networks. Where
multiple tasks where considered (e.g. distinguishing a subtype from healthy controls), we selected the most
relevant performance metric. One work did not report AUC, so sensitivity and specificity are reported instead.

Reference Disease Diseased Controls Reported Performance Model Validation GradCAM?

[6] AMD 137 227 AUC=0.9976 Custom 1 70-30 split Yes
[7] RVO 237 229 AUC=0.976 VGG16 k-fold CV Yes
[8] RVO 125 238 AUC=0.989 VGG16 k-fold CV Yes
[9] Gla 950 1677 AUC=0.987 VGG16 k-fold CV No
[10] Gla 982 417 AUC=0.872 Custom 1 80-20 split Yes
[11] MH 195 715 AUC=0.9993 Custom 1 80-20 split Yes
[12] DR 132 246 AUC=0.969 VGG16 k-fold CV Yes
[13] RD 411 420 AUC=0.988 Custom 2 75-25 split No

[14] RD 600 818 Sensitivity=0.973,
Specificity=0.915 Ensemble k-fold CV No

[15] RP 150 223 AUC=0.998 VGG16 k-fold CV Yes

S.3 Details of the external test set796

Table S2 lists the sources, filenames, labels and predicted probabilities for all images of the external test797

set. Using these data sources to assemble an external test set was inspired by recent work by [16]. “ORP”798

refers to Optos’© Recognizing Pathology which contains UWF images with clinical labels designed as799

“a searchable reference resource to support clinical decision making”. “ASRS” refers to the American800

Society of Retina Specialists’ Retina Image Bank® and “RetinaRocks” for the RetinaRocks Image801

Library.802

For images where no clear label is provided at the source we take the labels from [16] who are trained803

ophthalmologists. We thank everyone who made these images available for research use, for which we804

are most grateful. We do not reproduce any images here, but we note that the American Society of805

Retina Specialists requests the following acknowledgement for each image: “This image was originally806

published in the Retina Image Bank® website. © the American Society of Retina Specialists.” The807

exact submitter for each image from that database can be found at the respective URL. We do not print808

the full links here due to space constraints, but they are available as hyperlinks in the “Source/URL”809

column. RetinaRocks images are provided in a Google Drive and thus cannot be linked directly. The810

filename allows to identify the exact image in this case.811

We were unable to find external UWF images that were described as showing a Macular Hole. For812

Glaucoma, we were only able to find one additional image. In the future, we hope to be able to test our813

model on larger external datasets.814

For stereo images from ORP, we follow [16] in taking the left of the two panels to avoid cherry-815

picking. Some images from RetinaRocks had both eyes side by side in a single image. For those,816

we simply manually split them into two separate files. We applied our standard data pipeline to all817

external images: We resized them to the same resolution we used for the TOP dataset, removed the818

third channel present in JPG images, and flipped right eyes horizontally. No further processing was819

done, e.g. to correct for the different scale of cropped images, different aspect ratios, or watermarks.820

Together with the fact that many of these images were taken with different UWF scanners than what821
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was used at Tsukazaki hospital, this makes the external dataset a very challenging stress test for our822

model. Furthermore, we want to note that any particularities in the data collection that might be823

present in the TOP dataset will also be absent from these images taken from a wide variety of sources.824

Thus, good performance on this dataset would indicate good generalisation of a model.825
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Table S2: Details of the external test set.

Image Label Source/URL Filename p̂(diseased)

1 AMD ORP Color-Atrophic-AMD-with-Geographic-Atrophy-OD-California.jpg 0.982783
2 AMD ORP Color-Dry-AMD-OD-California-1.jpg 0.937082
3 AMD ORP Color-Dry-AMD-OS-California-1.jpg 0.941377
4 AMD ORP California-AMD.jpg 0.873758
5 AMD ORP California-AMD-Dry.jpg 0.923850
6 AMD ORP California-AMD-3.jpg 0.951265
7 AMD ORP California-AMD-2.jpg 0.982928
8 AMD ORP Daytona-Projected-AMD-2-of-2-1.jpg 0.881232
9 AMD ORP Daytona-Projected-AMD-1-of-2.jpg 0.952176

10 AMD ORP Daytona-Projected-Wet-AMD-1.jpg 0.844429
11 AMD ORP Color-Wet-AMD-OD-California.jpg 0.936324
12 AMD ORP Color-Wet-AMD-OS-California.jpg 0.758085
13 AMD ORP P200Tx-Projected-AMD-Geographic-Atrophy.jpg 0.830430
14 AMD ORP AMD-Wet-California-Courtesy-Tim-Steffens-CRA-OCT-C-FOPS.jpg 0.987892
15 AMD ORP Color-Atrophic-AMD-with-Geographic-Atrophy-OS-California.jpg 0.936971
16 DR ORP P200Tx-Projected-Severe-NPDR-with-DME-HariprasadDiabeticRetinopathy22.jpg 0.869121
17 DR ORP Color-NPDR-with-Macular-Edema-OD-California.jpg 0.907351
18 DR ORP P200Tx-Projected-Diabetic-RetinopathyDiabeticRetinopathy16.jpg 0.886153
19 DR ORP Color-NPDR-with-Macular-Edema-OS-California.jpg 0.970982
20 DR ORP Daytona-Projected-PDR-with-PDP-1DiabeticRetinopathy11.jpg 0.847240
21 DR ORP P200Tx-Projected-DR-with-PRP-1DiabeticRetinopathy17.jpg 0.940622
22 DR ORP California-DR-and-PRP-StangaDiabeticRetinopathy4.jpg 0.928405
23 DR ASRS ASRS-RIB-Image-27747.jpg 0.955919
24 DR ORP Color-Severe-NPDR2-California.jpg 0.649301
25 DR ORP California-Proliferative-Diabetic-RetinopathyDiabeticRetinopathy8.jpg 0.963178
26 DR ORP Color-PDR2-OS-California.jpg 0.942234
27 DR ORP Color-Severe-NPDR-California.jpg 0.970263
28 DR ORP Color-PDR2-OD-California.jpg 0.933320
29 DR ORP California-DR-Stanga-1DiabeticRetinopathy5.jpg 0.948500
30 DR ORP California-DR-and-PRP-Sadda-1DiabeticRetinopathy1.jpg 0.967951
31 DR ORP P200Tx-Projected-Severe-NPDR-with-DME-Hariprasad-2DiabeticRetinopathy21.jpg 0.954090
32 DR ORP P200Tx-Projected-Diabetic-Retinopathy-with-Mac-Grid-1DiabeticRetinopathy14.jpg 0.949963
33 DR,AMD ORP Color-Wet-AMD-and-NPDR-California-Courtesy-Mandar-Joshi-MD_result-1.jpg 0.968636
34 DR,AMD ORP Color-Wet-AMD-and-NPDR-OS-California-Courtesy-Mandar-Joshi-MD_result-1.jpg 0.945011
35 DR,Drusen(AMD?) ORP Daytona-Projected-DR-Peripheral-DrusenDiabeticRetinopathy10.jpg 0.961227
36 Gla ORP Glaucoma-Suspect-California-William-Lesko-MD-North-Jersey-Eye-Associat..._result.jpg 0.823686
37 Healthy ORP Color-Healthy-California-Courtesy-Michael-Singer-MD_result.jpg 0.844392
38 Healthy ORP Color-Stereo-Healthy-OS-California_leftpanel.jpg 0.727054
39 Healthy ORP California-optomap-am-Healthy.jpg 0.747208
40 Healthy Web Technology-1.jpg 0.610550
41 Healthy Web Color-Fundus1.jpg 0.445265
42 Healthy ORP Color-Stereo-Healthy-OD-California_leftpanel.jpg 0.769579
43 Healthy RetinaRocks Normal HOZ-20190131 (1).jpg 0.578932
44 Healthy ORP Daytona-Projected-Healthy-Retina-Adult.jpg 0.667379
45 Healthy ORP Color-Healthy-P200Tx.jpg 0.494873
46 Healthy ORP Color-Healthy-Child-P200Tx.jpg 0.716572
47 Healthy ORP Color-Healthy-California.jpg 0.581765
48 Healthy ASRS ASRS-RIB-Image-78895.jpg 0.684483
49 RD ASRS ASRS-RIB-Image-30011.jpg 0.920010
50 RD RetinaRocks RRD NVG-20191210.jpg 0.939834
51 RD RetinaRocks RRD GSV-20190213 (1).jpg 0.922635
52 RD RetinaRocks RRD WVI-20191105 (1) Recurrent with PVR and new small temporal hole.jpg 0.945073
53 RD ASRS ASRS-RIB-Image-26484.jpg 0.935745
54 RD ASRS ASRS-RIB-Image-25718.jpg 0.940452
55 RD RetinaRocks RRD SLO-20131219 Giant tear.jpg 0.901568
56 RP RetinaRocks RP LYV2-20181121 (5) _ LEFTEYE.jpg 0.974408
57 RP RetinaRocks RP LYV2-20181121 (5) _ RIGHTEYE.jpg 0.958171
58 RP RetinaRocks RP DVY-20190416 (2).jpg 0.970836
59 RP ASRS ASRS-RIB-Image-18045.jpg 0.964437
60 RP Reddit hij0f9pkqn441.jpg 0.952194
61 RP ASRS ASRS-RIB-Image-28324.jpg 0.928548
62 RP RetinaRocks RP GSL1-20190731 (1) 20-30 OU With OCT and Optos with FAF _ RIGHTEYE.jpg 0.973185
63 RP RetinaRocks RP DVY-20190416 (1) From SCO.jpg 0.958874
64 RP ASRS ASRS-RIB-Image-27209.jpg 0.912519
65 RP RetinaRocks RP GSL1-20190731 (1) 20-30 OU With OCT and Optos with FAF _ LEFTEYE.jpg 0.970093
66 RVO ORP P200Tx-Projected-Retinal-Vein-Occlusion-with-Ozurdex-injectionOcclusion31.jpg 0.816859
67 RVO RetinaRocks BRVO Major URI-20200106 Extramacular.jpg 0.932180
68 RVO RetinaRocks Unknown DSV-20190618 (1) 74YOF Possible multifocal BRVO’s.jpg 0.930758
69 RVO RetinaRocks CRVO Ischemic PVM-20190709 (1) HM OD 20-50 OS Fresh CRVO OD Old resolved CRVO OS.jpg 0.925773
70 RVO ORP P200Tx-Projected-Retinal-Vein-OcclusionOcclusion33.jpg 0.947042
71 RVO ASRS ASRS-RIB-Image-66298.jpg 0.946579
72 RVO ORP Color-BRVO-California.jpg 0.960900
73 RVO ORP Color-Hemi-Retinal-Vein-Occlusion-California.jpg 0.944914
74 RVO RetinaRocks BRVO Major SZB-20191203.jpg 0.929029
75 RVO ASRS ASRS-RIB-Image-25606.jpg 0.889695

4



S.4 Model generalises to unseen disease (held-out images showing Artery Occlu-826

sion)827

We evaluated our model on the 21 images showing Atery Occlusion (AO). We had excluded them as828

including a label for a disease with only 21 available images would have been unlikely to be useful,829

particular when using a three-way data split on the patient-level. However, this allows us now to830

evaluate the model on an “unseen” disease. 11 of those 21 images show only AO, 10 also show another831

disease. As our model might just recognise the other diseases, we stratify our analysis accordingly.832

Figure S2: Results of evaluating our model on the 21 held-out AO images showing the predicted probability
of being diseased p̂(diseased) stratified by whether the images had another condition apart from AO. The red
and blue horizontal lines plot indicate the conservative threshold p̂t

conservative = 0.79 and and less conserviative
threshold p̂t

less conservative = 0.28, respectively.

We find that of 11 images that only show Artery Occlusion, our model correctly identifies 9 as833

diseased at the less conservative threshold but only 2 at the conservative threshold. The remaining834

10 images show Artery Occlusion and a further disease, and our model identifies all 10 as diseased835

at the less conservative threshold, and 8 at the conservative incidence threshold. This is encouraging836

performance and highlights the value of the label for “diseased” as for some images, our model was not837

confident in any of the seven diseases that it was trained on, but nontheless very confident that there838

is some disease present. The generalisability to unseen diseases would be a very valuable property for839

practical applications, provided that the model does not frequently falsely flag up healthy patients.840

S.5 Performance on subset of data used in a previous study on RP841

We briefly experimented with a subset of 223 healthy controls and 150 images showing RP that were842

used in prior work on the TOP dataset [15]. We split the into train, validation and test sets containing843

70, 15 and 15% of the images. We find that even when using a ResNet18 with a linear prediction844

head, and only simple flip augmentations as regularisation, we can easily achieve perfect separation845

between the two classes on both the validation and test set with very high confidence in the correct846

labels (implying very low Brier scores). This matches what has been reported in the literature [16].847

This perfect separation (AUC=1), achieved easily, with little tuning or effort in designing the model,848

contrasts with the very high yet not perfect separation our model obtained in our work (AUC=0.9438).849
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(a) Model performance on the test set. (b) Model performance on the validation set.

Figure S3: Results of evaluating a simpler, binary model on a clean subset of RP images that was used in prior
work [15].

We see this as an indication that our methodological improvements lead to a more realistic estimate of850

model performance.851

S.6 Assessment of Top 20 False Positives852

Table S3: Results of the assessment of the top 20 false positives. The scores indicates the grader’s assessment
whether the image seems to show pathology according to the following scale: -2: Definitely shows no pathology
-1: Probably shows no pathology 0: Unclear 1: Probably shows pathology 2: Definitely shows pathology

False positive Filename Score AM Score IM Score EP Median score

1 003627_01.jpg 2 2 2 2
2 003626_05.jpg 2 2 2 2
3 002946_02.jpg 2 2 2 2
4 002947_00.jpg 1 2 2 2
5 000053_01.jpg 2 2 2 2
6 000440_00.jpg 0 1 2 1
7 003627_00.jpg 2 2 2 2
8 005008_02.jpg 2 2 1 2
9 000054_01.jpg 1 0 1 1
10 003626_04.jpg 2 2 2 2
11 001984_00.jpg -1 -1 0 -1
12 000686_01.jpg 0 -1 0 0
13 001389_01.jpg 0 -1 1 0
14 002313_00.jpg 2 2 2 2
15 001778_00.jpg -2 -1 1 -1
16 001436_00.jpg 2 2 2 2
17 001389_00.jpg -1 -1 -1 -1
18 003376_01.jpg 1 1 1 1
19 004733_00.jpg 1 2 1 1
20 001566_00.jpg 2 -1 0 0

Median 1.5 2 1.5 1.5
Mean 1 0.9 1.25 1.05
Count (score>0) 14 13 16 14

We assessed the top 20 most confident false positives our model generated on the test set, i.e. we853
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selected the 20 images with the highest p̂(diseased) where the image had no disease according to the854

labels. This allows us to get a sense of the label noise in the TOP dataset.855

The three co-authors with relevant experience each assessed these images independently. A.M. and856

I.M. are experienced clinicians and researchers in ophthalmology. E.P. is a researcher in retinal image857

analysis and completed her PhD on automated analysis of UWF images.858

The instructions for the assessment were as follows: "Please briefly evaluate whether each of the859

images seems to show pathology and assign a score from -2 to 2 according to the following scale. -2:860

Definitely shows no pathology -1: Probably shows no pathology 0: Unclear 1: Probably shows pathology861

2: Definitely shows pathology"862

In section S.6, we report the results of this assessment. For 14 of the images, the median score was863

greater than 0, indicating that a majority of the graders thought that the image might show pathology.864

This suggests that these images are likely to show pathology. For 17 of the images, at least one of the865

graders thought that the image might show pathology. This assessment is limited as we only examined866

a small number of images. Furthermore, they were assessed by co-authors of this work. Despite our867

efforts to remain impartial, this could have introduced bias into the assessment.868

S.7 Age+Sex benchmark model algorithm and hyperparameter selection869

For Logistic Regression, we min-max scale input features to [0, 1] and choose the penalty type from870

{L1, L2, ElasticNet} and inverse penalty strength C from {10, 1, 0.1}. ElasticNet is a combination871

of L1 (LASSO) and L2 (Ridge) penalties, which we weigh equally. For RFC, we grow 100 trees and872

choose number of features per tree from {pnfeatures, 0.1nfeatures, nfeatures} and maximum tree depth from873

{6, 10, Unlimited}. For KNN, we choose the number of neighbours to consider k from {5, 15, 30, 60} and874

the distance measure used from {Manhattan, Euclidean}. We considered all classifiers and hyperpa-875

rameter settings and selected the combination that performed best in terms of AUC on distinguishing876

unhealthy from healthy images on the validation set, the same criterion used for selecting the final DL877

model.878

S.8 Patients, eyes, and images per disease879

Table S4: Detailed overview over the number of patients/eyes/images per disease in the whole dataset and our
three subsets. Note that here we report how many patients/eyes/images are labelled as showing a particular
disease. As even the same image can show multiple diseases, this means that this table intentionally double
counts. Table 1, on the other hand, counts every patient exactly once according to the procedure we describe.

TOP Dataset Train Set Validation Set Test Set
Patients Eyes Images Patients Eyes Images Patients Eyes Images Patients Eyes Images

Disease

MH 185 188 222 129 131 156 27 27 30 29 30 36
RP 111 202 258 78 139 172 17 31 39 16 32 47
AMD 292 377 413 205 260 285 44 57 61 43 60 67
RVO 528 576 771 370 406 542 80 87 121 78 83 108
RD 452 459 974 321 326 713 66 67 129 65 66 132
Gla 999 1679 2619 703 1177 1831 146 249 386 150 253 402
DR 749 1288 3320 521 902 2338 113 194 494 115 192 488

S.9 Non-bootstrapped performance numbers880
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Table S5: Test set performance (AUC) of baselines and final model for each label. AUC assesses how well a
model can separate positive and negative samples for a given label. Images are weighted such that each eye has
a total weight of 1, even if a specific eye was imaged multiple times. Higher is better, best values in bold.

Diseased DR Gla RD RVO AMD RP MH

Logistic Regression with Age + Sex 0.5964 0.5988 0.5155 0.7676 0.4892 0.8021 0.6776 0.5625
Ensemble of Experts (binary DL models + balanced data) 0.8318 * 0.8432 0.9141 0.9217 0.8996 0.7113 0.9490 0.6454
Ours (Single multi-label DL model + realistic data) 0.9206 0.9125 0.9422 0.9753 0.9468 0.9510 0.9438 0.7987
* Using maximum of individual predictions (Section 4.5).

Table S6: Test set performance (Brier score) of baselines and final model for each label. Brier score is sensitive
to how well a model’s predicted probabilities are calibrated. Images are weighted such that each eye has a total
weight of 1, even if a specific eye was imaged multiple times. Lower is better, best values in bold.

Diseased DR Gla RD RVO AMD RP MH

Logistic Regression with Age + Sex 0.2522 0.1354 0.1580 0.0466 0.0567 0.0426 0.0242 0.0227
Ensemble of Experts (binary DL models + balanced data) 0.1919 * 0.1421 0.1182 0.0780 0.1211 0.2086 0.0993 0.2373
Ours (Single multi-label DL model + realistic data) 0.1144 0.0690 0.0645 0.0150 0.0283 0.0269 0.0081 0.0238
* Using maximum of individual predictions (Section 4.5).
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The explainability method used to generate the global attention heatmaps in the pa-

per has been described in a separate report that is available as a pre-print on the

arXiv repository (Engelmann et al., 2021). It has been presented at the Interpretable

Machine Learning in Healthcare workshop at the 2022 International Conference on

Machine Learning, where it was peer-reviewed prior to acceptance at the workshop.

However, this workshop is considered “non-archival” meaning that the work could later

be submitted to a proper journal or conference with proceedings and might not yet be

final. Thus, I do not consider this report to be a full paper and did not include it in this

thesis.

2.3 Conclusion

In this paper, we presented a deep learning model that achieved very promising per-

formance - in internal and external validation - while framing the problem in a much

more challenging and realistic way compared to previous work on the same dataset -

namely dealing with multiple key diseases without excluding difficult cases. We further

use methods for explainability and find that the model highlights regions of pathology

relevant to its predictions, and that “globally”, i.e. at a dataset level, the regions for each

disease broadly aligned with where we would expect the corresponding pathology to

occur. Generally, the posterior pole, the central region of the ultra-widefield images,

were the most important. This is what we would expect and finding this in a purely

data-driven way serves as a useful sanity check.

One finding that is more surprising is that performance does not drop substantially

when removing 90% of the image that were least important for our model, according to

our global attention maps. In other words, the model retained comparable performance

to when it received the full images, even when we erased everything but the posterior

pole. It is important to note that these evaluations were conducted with a single trained

model, rather than a different model that was trained on images with everything but

the posterior pole erased. This raises some questions regarding the clinical utility of

ultra-widefield imaging, at least as far as automated disease detection is concerned.

However, this work has a number of weaknesses. The external validation data is

relatively small and from a variety of sources, particularly images shared online by clini-

cians. There might be considerable selection bias here: images of especially severe

cases might be shared more often, and more severe cases are easier to classify. On
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the other hand, the external validation images contains data from newer Optos devices

as well as a few Zeiss Clarus ultra-widefield images, both of which are characteristically

different in appearance from the images used for training the model. They are also from

different countries, populations, and settings. Thus, there are factors that could make

the external validation dataset particularly easy or particularly challenging. Still, we can

only draw very limited conclusions regarding the generalisability of our model from it.

Another limitation is that the labels for this dataset were only binary, with no information

relating to severity (e.g. diabetic retinopathy grade) or subtype (e.g. wet or dry age-

related macular degeneration). This limits the clinical utility of our model and also

has two important implications regarding the finding that the posterior pole itself gave

comparable performance to the full ultra-widefield images: First, maybe the periphery is

not important for disease detection but would be important to judge severity or subtype.

Second, maybe most cases in the dataset were of severe disease where pathology

is present everywhere, including in the posterior pole - yet for less severe disease,

e.g. non-proliferative diabetic retinopathy, the periphery would be important even for

detection. To investigate the utility of ultra-widefield imaging compared to standard

field colour fundus images, we would ideally have a dataset of both modalities being

acquired of the same eyes during the same visit. Finally, the data is from a single

hospital with some selection biases, e.g. older patients had less disease as discussed

in the paper, and of an older Optos device that has since been discontinued.

In the future, these limitations should be addressed by developing a new model on

a more comprehensive dataset using a recent, commercially available device which

is then externally validated in larger, cohesive datasets. This is work I am currently

undertaking with colleagues from Japan and England. There are also interesting ques-

tions the paper raises that I have not yet touched on. For example, the performance

for detecting macular holes and glaucoma is quite high, which surprises some of my

clinical collaborators who think those are difficult to assess from ultra-widefield images

alone. Yet, in the currently on-going work using a newer device where we have a

larger dataset and labels that were carefully adjudicated, we still get a similar level

of performance for these conditions (preliminary results, data not shown here). Thus, it

would be worth investigating what features the deep learning model uses and whether

this might yield some new insight into the respective pathologies or their appearance on

ultra-widefield images. Since the publication of the paper, I have been trying to identify

a dataset of paired standard field colour fundus and ultra-widefield fundus images of
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the same eyes during the same visit, but to date I have been unable to access such

a dataset. Finally, I am in the early stages of other projects relating to analysing ultra-

widefield images with machine learning for specific conditions to support research by

clinical collaborators of mine.



Chapter 3

Machine learning for robust and

efficient computation of retinal fractal

dimension from colour fundus

images: deep approximation of retinal

traits (DART)

3.1 Introduction

Retinal traits that quantify aspects of interest from retinal images are investigated

in relation to systemic health, a field of study sometimes referred to as “oculomics”

(Wagner et al., 2020). The hope is that retinal images, which are widespread, non-

invasive, fast-to-acquire, and comparatively low cost, could provide information about

systemic health and might one day allow for better risk prediction of systemic condi-

tions. A particularly promising retinal trait is retinal fractal dimension computed from

colour fundus images which captures the complexity of the retinal vasculature and

has been investigated in the context of cardiovascular (Cheung et al., 2012; Ify Mordi

and Emanuele Trucco, 2022; Villaplana-Velasco et al., 2023; Zekavat et al., 2022) and

neurovascular (Lemmens et al., 2020; Luben et al., 2022) disease.

Retinal fractal dimension is computed using retinal image analysis pipelines that tradi-

tionally first segment the blood vessels, then refine the segmentation e.g. by skeleton-

ising it or removing the vessels in the optic disc, and then compute fractal dimension

using methods such as box counting (Huang et al., 2016; Stosic and Stosic, 2006).

Examples of such pipelines are VAMPIRE (Trucco et al., 2013) and AutoMorph (Zhou

et al., 2022). Fractal dimension in general is a measure of complexity of an object, so

35



3.1. Introduction 36

in the context of retinal vasculature it captures how complex the vessel structure is.

Lower complexity in the vessel structure might be a sign of poorer vessel health, and

poorer vessel health in the retina might be a proxy for poorer vessel health elsewhere

in the body such as the heart or brain. However, pipelines for computing fractal dimen-

sion require good image quality and in research datasets like UK Biobank between a

quarter (Zekavat et al., 2022) and close to half of the images (MacGillivray et al., 2015;

Villaplana-Velasco et al., 2023) might be excluded from analysis. This is problematic

as it not only reduces the sample size but also introduces selection bias as poor image

quality in UK Biobank is associated with being older, male, non-White, or having higher

BMI or blood pressure (Engelmann et al., 2023b). Furthermore, such pipelines can

be computationally intensive. Originally, VAMPIRE was semi-automatic and required

about four minutes of human time per image (MacGillivray et al., 2015). For fractal

dimension, there is now an automated version but this tends to take a similar amount

of computer time per image. AutoMorph in my experience is slightly faster than that

but still might require a few dozen seconds per image even on a workstation with a

graphics processing unit.

My first exposure to this field was through the work of my colleague Ana Villaplana-

Velasco who at the time was also a PhD student and was investigating the relationship

between cardiovascular disease and fractal dimension. I provided some input on the

machine learning methods used for risk prediction. Ana used VAMPIRE to compute

retinal fractal dimension in UK Biobank to do her analysis and VAMPIRE proved to be

a valuable tool which enabled her analysis (Villaplana-Velasco et al., 2023). However,

applying VAMPIRE to close to 100,000 colour fundus images - those that had been

found to be of good quality - required a substantial amount of time measured in months.

This as well as the high-level of image quality exclusions raised the question whether

a more robust and efficient method could be developed.

Traditional pipelines first segment the vessels and then have many additional steps

before producing their final output. However, this final output is a single number that de-

terministically depends on only the image itself. It might be possible to train a machine

learning model to directly output the same number, approximately, without intermediary

computations. Particularly a deep learning model could be trained to regress the VAM-

PIRE fractal dimension outputs. While a common narrative is that deep learning models

are computationally expensive, in practice this depends on many variables including

how large the model is. Furthermore, VAMPIRE already uses a deep learning model

for vessel segmentation, and a model that outputs a segmentation generally requires
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far more compute than a model that outputs only a single number. Thus, this approach

directly approximating the fractal dimension value with a deep learning model not only

avoids the subsequent computations but might even be more efficient than the vessel

segmentation step itself. This is the motivation for the work presented in this chapter.

3.2 Paper

Reproduced with permission from Springer Nature.
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1 Introduction

Retinal fundus images are non-invasive and low-cost. They are important for
ophthalmology and also capture a detailed picture of the retinal vasculature.
Thus, they can be used for studying and potentially predicting diseases such as
diabetes, stroke, hypertension and neurovascular disease [10]. To analyse the rela-
tionships between aspects of the retina and other quantities of interest, retinal
traits (also called features, parameters or phenotypes) are used as a quantitative
description of a specific aspect of the retinal image. Reducing a complex image to
a single, meaningful number is necessary to use standard statistical methods yet
a challenging task. It is challenging to identify a potentially salient aspect of the
retina in the first place and to then design a method that can reliably quantify
this aspect. This is further complicated by the large variability in retinal images
stemming from idiosyncrasies of the imaged retinas (e.g. due to retinal diseases
or rare phenotypes) and image quality (e.g. due to operator inexperience or time
pressures in large scale cohort studies). Thus, pipelines for extracting such reti-
nal traits tend to be complex and comprise of multiple steps, and can only be
applied to images of sufficient quality.

Poor image quality is a key problem in retinal image analysis. Particularly for
large scale studies such as UK Biobank, many images are of poor quality being
blurred, obscured, or hazy [9]. Imaging artefacts such as noise, non-uniform
illumination or blur can also lead to poor vessel segmentations [12]. Previous
work analysing 2,690 UK Biobank participants found that only 60% had an
image that could be adequately analysed by VAMPIRE [9]. Two recent large-
scale studies using retinal Fractal Dimension (FD) for predicting cardiovascular
disease risk discarded 26% [21] and 43% [16] of the images in UK Biobank.
Although necessary, this is unfortunate as it leads to lower sample sizes and
makes it hard to study rare diseases in particular.

We hypothesise that it is possible to approximate pipelines for calculating
retinal traits with a single, simpler step and propose Deep Approximation of
Retinal Traits (DART). Figure 1 gives a high-level overview of our approach.
DART trains a deep neural network (DNN) to predict the output of an original
method (OM) for calculating a retinal trait. We can then train the model to
be robust to image quality issues by synthetically degrading the input images
during training and asking the DNN model to predict the output of the OM
on the original high quality image. The intuition behind this approach is that
obtaining a high quality segmentation of the entire retina is a much harder task
than describing an aspect of the vasculature like vascular complexity directly.
DART offers a segmentation-free way of computing retinal traits related to the
vasculature, but can also be applied to any other retinal image analysis method
like feature extraction for disease grading or pathology segmentation.

In the present work, we focus on retinal FD, a key retinal trait that has
been used to predict cardiovascular disease risk [16,21] and is associated with
neurodegeneration and stroke [6]. FD is a mathematical measure of the complex-
ity of a self-similar object. Applied to the retinal vasculature, FD captures how
complex and branching it is which in turn might be a proxy for how healthy the
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Fig. 1. Overview of our proposed framework. a) A typical pipeline for computing
FD: an encoder-decoder neural network for segmentation, potentially some refinement
steps like optic disc segmentation and removal, and a method to calculate FD of the
segmentation (e.g. box counting or multifractal). b) DART, our proposed approach
outputs a deep approximation of FD in a single step using an encoder-only neural
network, with drastically reduced complexity. c) We can train our model to be robust
to image quality issues by synthetically degrading input images and training our model
to minimise the loss between its output and the FD obtained with the original high
quality image.

vasculature is. We use FD as calculated by VAMPIRE [15] with the multifractal
[14] method as the OM we apply DART to. At minimum, FDDART should have
very high agreement with FDVAMPIRE on high quality images so that it can be
interpreted in the same way. To be a useful method, it should further be robust
to image quality issues and efficient. Robustness would enable researchers to
discard fewer images than currently necessary while efficiency allows to conduct
analyses at large scale without requiring large compute resources.

2 Deep Approximation of Retinal Traits (DART)

2.1 Motivation and Theory

We hypothesise that it is possible to approximate the entire pipeline of an orig-
inal method (OM) for calculating a retinal trait in a single, simpler step. We
denote the distribution of high quality retinal fundus images as XHQ, where
each image xi has dimensions height H, width W, and channels C. The OM
can be interpreted as a function f that maps from the image space to one-
dimensional retinal trait space (in our case, FD) f : RHxWxC → R

1, i.e. given
an image xi ∈ XHQ the FD computed by the OM is FDOM = f(xi). Our goal
is to find an alternative function g : RHxWxC → R

1 that is both simpler than f
and has high agreement with f for all images of sufficient quality that the OM
can be used, i.e. for all xi ∈ XHQ f(xi) ≈ g(xi).

Designing such a simpler function by hand would be very challenging. Thus,
we use a deep neural network (DNN). DNNs are universal function approxima-
tors in theory and very effective for image analysis in practice. We can then find
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a good approximation of f by simply updating the model parameters θ (weights,
biases, normalisation layer parameters) to minimise some differentiable measure
of divergence between f(xi) and g(xi), e.g. mean squared error.

Accuracy. The output of the OM is fully determined by the given image, so we
would expect that very high accuracy can be achieved. This contrasts with other
problems, e.g. clincians take into account additional information like symptoms
and family history, and might disagree with each other or even themselves if
shown the same image multiple times.

Simplicity and Efficiency. Some readers might not perceive DNNs as simple
or efficient. However, modern pipelines for retinal image analysis tend to use
DNNs for vessel segmentation, so not requiring additional steps implies strictly
lower complexity both computationally and in terms of required code. Further-
more, segmentation models tend to have an encoder-decoder structure (e.g.
UNet) whereas models for classification/regression only need an encoder and
small prediction head, making them more parameter-, memory-, and compute-
efficient. Finally, given the widespread adoption of deep learning, the frameworks
are very mature and can be very efficiently GPU-accelerated.

Robustness. We hypothesise that there images of lower quality that are such
that a) current pipelines would not produce a useful FD number, but b) there
is still sufficient information to give an accurate estimate of the FD number we
would have obtained on a counterfactual high quality image. For example, in
an image with an obstruction, only part of the retina might be visible. Thus,
the resulting vessel segmentation map would be poor and the FD of this map
would be very different from that of the counterfactual high quality image, yet
the visible parts of the retina might contain sufficient information about the
vascular complexity of the retina as a whole to recover an accurate estimate of
the FD.

As we do not observe counterfactual high quality images or objective ground
truth FD values, we artificially degrade high quality images with a degradation
function degrade(xi) = xdegarded

i and train our model to minimise the difference
between the predicted FD for the degraded image and the OM’s FD for the high
quality image gθ(x

degarded
i ) ≈ f(xi). If there indeed is sufficient information in

the degraded images, then our model should be able to predict the OM’s FD from
the high quality image reasonably well. However, this is a much harder task than
matching the OM on high quality images, as the degradations lose information
and for a given degraded image there are multiple possible counterfactual high
quality images.

2.2 Implementation

Model and Training. Our model consists of a pretrained ResNet18 [4] back-
bone that extracts a feature map from the images, followed by spatial average
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Table 1. Severity levels for the degradations. Brightness, contrast and gamma
changes are independently sampled from the given interval. Dimensions in pixels.

Severity 1 2 3 4 5

Brightness/Contrast/

Gamma

±5% ±10% ±15% ±20% ±25%

Mini Artifacts

(holes, height, width)

2–20/1–3/5–8 2–24/1–5/5–12 2–28/1–5/5–16 2–32/1–3/5–20 2–40/1–3/5–24

Square Artifacts

(side length)

25 50 75 100 125

Chop Artifacts

(% of image removed)

10–15 10–25 10–35 10–45 10–50

Advanced Blur

(kernel size, sigma)

3–5/0.2–0.5 3–7/0.2–0.7 3–9/0.2–0.8 3–11/0.2–0.9 3–13/0.2–1.0

Gaussian Noise

(variance)

1–10 5–10 5–20 5–25 5–30

pool and a small multi-layer perceptron with a two hidden layers with 128 and
32 units, and a single output. Each hidden layer is followed by a layernorm [1]
and GELU [5] activation. No activation is applied to the final output. ResNet is a
well-established architecture that has been shown to perform competitively with
more recent architectures when using modern training techniques [2,19]. We use
Resnet18 as it is the most light-weight member of the Resnet family. We initialise
the backbones with pre-trained weights on natural images from Instagram [20].
Those images are very different from retinal images, thus this is merely a minor
refinement on random initialisation. We resize images to 224× 224 pixels for
computational efficiency and lower memory requirements. Apart from standard
normalisation using channel-wise ImageNet mean and standard deviations, no
further preprocessing is done and all 3 colour channels are kept.

We train our model using a batchsize of 256 to minimise the mean squared
error between prediction and target after normalizing the target to zero mean
and unit variance, using mean and standard deviation from the training data
to avoid data leakage. The model output can then be mapped back to FD
range by applying the inverse transformation. We use the AdamW optimiser
[8] (β1 = 0.9, β2 = 0.999, weight decay of 10−6) and a cosine learning rate
schedule [7]. We train for 35 epochs with a linear learning rate warmup from
ηmin = 10−5 to ηmax = 10−3 for 5 epochs, followed by 3 cycles of 10 epochs
each. During each cycle, the current epoch learning rate is set according to a
cosine schedule, and after each cycle ηmax is decayed by taking the square root.
We apply generic data augmentations (horizontal (p = 0.5) and vertical flip
(p = 0.1), mild affine transformations (p = 0.15, rotation by up to ±10◦, shear
of up to ±5◦, and scaling by ±5%)) as well as the image degradations described
in the next section with p = 0.75 (sampling all 5 levels uniformly) to the images
during training. We used Python 3.9 with PyTorch and timm [18]. Our code for
running DART, including the trained model, is available here: https://github.
com/justinengelmann/DART retinal fractal dimension.
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Synthetic Degradations. We focus on three types of quality issues in reti-
nal images [9,12]: Lighting issues, artifacts/obstructions, and imaging issues. To
simulate general lighting issues, we independently change brightness, contrast
and gamma of the image. To simulate artifacts/obstructions and severely incon-
sistent lighting, we introduce one of three artifacts: 1) many smaller rectangular
holes placed across the retina, b) a single large square hole, or c) we “chop” off
the bottom or top part of the image. The latter is inspired by the observation
that in UK Biobank some images only have the top or bottom part properly illu-
minated. To simulate general imaging issues, we add pixel-wise Gaussian noise
and blur the image. Standard isotropic Gaussian blur kernels do not mimic real-
istic image blur, so we use an advanced anisotropic blurring technique developed
for image super-resolution [17] where the standard deviations for both dimen-
sions of the kernel are sampled independently, and the kernel is then rotated
and has some noise added before being applied to the image. These synthetic
degradations are inspired by common retinal imaging quality issues but do not
perfectly mirror them. Our goal here is to test the feasibility of using DART to
recover good FD estimates from severely degraded images. Thus, our degrada-
tions heavily feature artifcats and blur, both of which remove information from
the images. If DART can recover good FD estimates under these challenging
conditions, then this would be reason to think that it will also work under more
realistic, yet less challenging conditions.

We specify degradation parameters for five levels of severity, shown in Table 1.
For a given level, we sample parameters for each image independently from the
given ranges. Degradations are applied after images have already been downsized
to 224× 224. We apply an artifact with p = 0.2 ∗ s where s is the severity. If an
image was chosen to have an artifact applied to it, we then choose Mini Artifacts
with p = 0.85, Square Artifact with p = 0.10, and Chop Artifact with p = 0.05.
Degradations are implemented using the albumentations package [3].

Fig. 2. Random examples of synthetically degraded versions of the same fundus image.
Best viewed zoomed in, especially for the advanced blur. UK Biobank asks to only
reproduce imaging data where necessary, so we demonstrate the degradations on an
image taken from DRIVE [13] which is similar in appearance to those in UK Biobank.
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Table 2. Agreement between FDVAMPIRE obtained on high quality images, and
FDDART for different levels of degradation measured on 14,907 held-out test set images.

Degradations R2 Pearson r (p-value) Spearman r (p-value) OLS Regression fit

None 0.9160 0.9572 (0.0000) 0.9561 (0.0000) y=0.01 + 1.00x

Severity 1 0.8957 0.9467 (0.0000) 0.9446 (0.0000) y=0.01 + 0.99x

Severity 2 0.8859 0.9414 (0.0000) 0.9396 (0.0000) y=0.01 + 0.99x

Severity 3 0.8623 0.9287 (0.0000) 0.9282 (0.0000) y=0.00 + 1.00x

Severity 4 0.8309 0.9116 (0.0000) 0.9103 (0.0000) y=0.01 + 0.99x

Severity 5 0.7773 0.8817 (0.0000) 0.8840 (0.0000) y=0.02 + 0.99x

3 Experiments

3.1 Data

We apply our DART framework multi-fractal FD [14] calculated with VAM-
PIRE [15]. We use only images from UK Biobank that had been identified as
high quality (top 60% of in terms of quality) in a previous study that used FD for
cardiovascular disease risk prediction [16]. Thus, for those images FDVAMPIRE

should be reliable and can be considered as a reasonable “ground-truth”. We
randomly split the data into train, validation, and test sets containing 70, 10,
and 20% of the participants in UK Biobank, resulting in 52,242/7,478/14,907
images belonging to 32,300/4,614/9,229 participants in each set. We split at the
participant level such that no images of the same participant occur in differ-
ent sets. Images are cropped to square to remove black non-retinal regions and
processed at 224 × 224 as described above.

3.2 Results

Agreement and Robustness. We find very high agreement between
FDVAMPIRE and FDDART on the original images with Pearson r = 0.9572 and
r2 = 0.9160. Table 2 shows results for different levels of degradations. When
degrading the images and asking our model to predict the FDVAMPIRE obtained
from the high quality image, agreements goes down as the images become more
degraded, which is what we would expect as these degradations remove sub-
stantial information about the retinal vasculature. However, despite this, we
still observe good agreement with the FDVAMPIRE obtained on the original
image even at severity level 5 where extreme degradations are applied (Pear-
son r = 0.8817 and R2 = 0.7773). This suggests that DART can recover good
estimates of the retinal trait that would have been obtained from a counterfac-
tual high quality image even if the available image has very poor quality. Thus,
this might allow for discarding much fewer images than currently necessary.

For comparison, a previous study comparing FD for arteries and veins sep-
arately between VAMPIRE and SIVA [11] found very poor agreement between
the measures of the two tools (R2 = 0.139 and R2 = 0.168 for arteries and
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(a) Scatterplots of FDDART against FDVAMPIRE obtained
from original images for different levels of degradation.

(b) Boxplots of the
residuals.

Fig. 3. Agreement results for 14,907 held-out test set images. Best viewed zoomed in.
a) Red line: best linear fit; dashed black line: y = x. b) Faint red line: x = 0; vertical
black lines: ± one interquartile range (IQR) of FDVAMPIRE for reference. (Color figure
online)

veins, respectively). Another study comparing vessel caliber-related retinal traits
obtained with VAMPIRE, SIVA, and IVAN found that they agreed with Pear-
son rs of 0.29 to 0.86. Thus, the observed agreement between FDVAMPIRE and
FDDART with a Pearson r = 0.9572 and R2 = 0.9160 is very high, and even when
DART is applied the most degraded images the agreement (Pearson r = 0.8817
and R2 = 0.7773) is higher than what could be expected when using two different
tools on the same high quality images.

Finally, our method shows very low bias even as degradation severity is
increased (Fig. 3). The best OLS fit is very close to the identity line for all levels
of severity, or equivalently, the optimal linear translation function from FDDART

to FDVAMPIRE is almost simply the identity function. This also implies that no
post-hoc adjustment for image quality is needed and FDDART values obtained
for images of varying quality are on the same scale out-of-the-box. As degra-
dation severity increases, the variance of the residuals also increases but most
residuals are still less than one interquartile range (IQR), a robust equivalent of
the standard deviation, even when applying the strongest degradation.

Speed. Images were loaded into RAM so that hard disk speed is not a factor. We
then measured the time it took to process all 52,242 training images, including
normalisation, moving them from RAM to GPU VRAM, as well as the time to
move the results back to RAM. We used a modern workstation (Intel i9-9920X
24 core CPU, single Nvidia RTX A6000 24GB GPU, 126GB of RAM) and a



92 J. Engelmann et al.

batchsize of 440. With ResNet18 as backbone, our model processed all 52,242
images in 48.5s ± 93.6 ms (mean ± std over 5 runs), yielding a rate of 1,077
img/s.

4 Conclusion

We have shown that we can use DART to approximate the multi-step pipeline
for obtaining FDVAMPIRE with very high agreement. Our resulting model can
compute FDDART for over 1,000 img/s using a GPU. Furthermore, our model
can compute FDDART values from severely degraded images that still match the
FDVAMPIRE values obtained on the high quality images well. This could allow
researchers interested in studying retinal traits to discard fewer images than
currently necessary and thus have higher sample sizes. We consider these to be
very encouraging initial results.

There are a number of directions for future work. First, the proposed frame-
work can be easily applied to other retinal traits like vessel tortuosity or width,
or FD as calculated by other pipelines. We would expect that this would be
similarly successful. Second, the robustness of the resulting DART model should
be evaluated in more depth and the cases with extreme residuals should be man-
ually examined. We expect that robustness can be further improved, especially
if we identify common failure cases and use those as data augmentations. Third,
many straight-forward, incremental technical improvements should be possible
such as improved training procedures to further increase performance, trying
different architectures and resolutions, and speeding up inference speed further
through common tricks like fusing batch norm layers into the convolutional lay-
ers. Finally, we hope that our approach will eventually enable other researchers
to conduct better analyses, e.g. by not having to discard as many images and
thus having a larger sample size available.
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3.3 Conclusion

The results in this work are very encouraging, the agreement between DART and

VAMPIRE when both receive high quality images exceeded what I expected to be

possible. Likewise, even when receiving severely degraded images as input, DART

was able to match the output VAMPIRE gave for the original, non-degraded version

remarkably well. This suggests that DART could be more robust which might mean

that it requires fewer image quality exclusions and offers better signal-to-noise ratio.

The computational efficiency of DART is very promising, as it allows large datasets to

be analysed even on lower end hardware. Pipelines like VAMPIRE require dozens of

seconds or even minutes per image, so DART is a few orders of magnitude faster. Thus,

for example, processing all colour fundus images in UK Biobank would previously have

taken weeks or months, and now could be done in less than a day. Of course, DART

stands on the shoulder of giants and requires an existing pipeline to approximate,

so it is an approach that is complementary with current approaches for retinal image

analysis.

Future work should apply DART to real-world data and examine its repeatability and

robustness in more detail. Indeed, this is what I am doing in Chapter 3 and Chapter

4, respectively, but additional validation would always be helpful. Furthermore, DART

could be extended and improved in a number of ways. First, using higher quality

“groundtruths” for training might improve its repeatability. I manually inspected cases

where DART and VAMPIRE disagreed most on the held-out data, and it appeared that

most of these were poor quality images that had not been filtered out (data not shown).

For instance, one image in the validation set had a VAMPIRE fractal dimension of

1.25, far below the next lowest values (see for example Figure 3 of the paper), which

appeared to be an outlier due to poor image quality rather than genuinely extremely

low vessel complexity. Filtering out these outliers might increase the robustness of a

future DART model, as we do not want to model to learn to replicate errors in the

original pipeline. Similarly, we could try to remove noise from the output of the original

pipeline that we use for training by applying that pipeline multiple times to each image.

Each time, we make small modifications to the image such as horizontal flipping or

minor changes in brightness. Averaging the output across the minor changes would

then cancel out random noise and give a more consistent ground truth for training.

Second, the training procedure for DART could be improved to explicitly encourage

repeatability. Concretely, we could use multiple augmented versions of each image

in a training batch, and penalise the model not just for disagreement with the value
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obtained from the original pipeline, but also for the variance across its outputs for the

different versions of the same image. Third, DART could be extended to other retinal

traits such as vessel density or tortuosity. Indeed, these three potential improvements

are already the subject of on-going work.



Chapter 4

Application of DART to real-world

clinical data

4.1 Introduction

“Oculomics”, research relating retinal traits and systemic health (Ify Mordi and Emanuele

Trucco, 2022; Trucco et al., 2013; Wagner et al., 2022), is commonly focused on

datasets that are not representative of the wider population, such as UK Biobank

(Chua et al., 2019) which was collected for research purposes and does not perfectly

represent the UK population (Fry et al., 2017), or AlzEye which only includes patients

who attended Moorfields Eye Hospital (Wagner et al., 2022). Both of these dataset

further do not include younger adults, with subjects being at least 40 years old (Chua

et al., 2019; Wagner et al., 2022). This raises the question whether oculomics research

could transfer to real-world primary care settings with a mixed-age adult population.

This is interesting from a research perspective, e.g. whether associations between

retinal traits and systemic health are limited to older adults, and for potential practical

applications as retinal image-based risk prediction of systemic conditions - if one day it

becomes practically useful - would be particularly interesting in primary care settings.

For the work presented in this chapter, we had access to a small dataset of colour

fundus images and record cards from a university-based optometry clinic at Glasgow

Caledonian University, which is reflective of a primary-care setting and included pa-

tients between 18 and 81 years of age. This makes it an interesting test bed, although

it has several limitations. Most notably, the relatively small size of 96 individuals and

that the only source of information about prevalent systemic health conditions was a

50
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field related to “General Health” on the record cards. A secondary motivation of this

work was to apply and validate DART. If DART did not generalise well beyond UK

Biobank and failed to produce meaningful outputs, then it would be unlikely that there

would be any statistically significant associations with systemic health.

4.2 Paper

Published under an open license.
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Purpose:To investigatewhether fractal dimension (FD), a retinal trait relating to vascular
complexity and a potential “oculomics” biomarker for systemic disease, is applicable to
a mixed-age, primary-care population.

Methods: We used cross-sectional data (96 individuals; 183 eyes; ages 18–81 years)
from a university-based optometry clinic in Glasgow, Scotland, to study the association
between FD and systemic health. We computed FD from color fundus images using
Deep Approximation of Retinal Traits (DART), an artificial intelligence–based method
designed to be more robust to poor image quality.

Results: Despite DART being designed to be more robust, a significant association
(P< 0.001) between imagequality and FD remained. Consistentwith previous literature,
age was associated with lower FD (P < 0.001 univariate and when adjusting for image
quality). However, FD variance was higher in older patients, and some patients over 60
had FD comparable to those of patients in their 20s. Prevalent systemic conditions were
significantly (P= 0.037) associated with lower FD when adjusting for image quality and
age.

Conclusions: Our work suggests that FD as a biomarker for systemic health extends
to mixed-age, primary-care populations. FD decreases with age but might not substan-
tially decrease in everyone. This should be further investigated using longitudinal data.
Finally, image quality was associated with FD, but it is unclear whether this finding is
measurement error caused by image quality or confounded by age and health. Future
work should investigate this to clarifywhether adjusting for imagequality is appropriate.

Translational Relevance: FD could potentially be used in regular screening settings,
but questions around image quality remain.

Introduction

Retinal color fundus imaging rapidly and non-
invasively captures a detailed picture of the retinal
vasculature while being widely available and low cost.
Thus, retinal image–derived traits are being investi-
gated as biomarkers for systemic health, a field also
known as “oculomics.”1–3 Fractal dimension (FD), a

retinal trait relating to the complexity of the retinal
vasculature, has emerged as a particularly promising
candidate that is associated with cardiovascular4,5 and
neurovascular6,7 disease. FD is calculated from vessel
segmentations and captures how complex the branch-
ing structure of the blood vessels is. A lower FD
indicates a less complex vasculature, which might be an
indicator for poorer retinal vessel health. This in turn
could indicate poorer vessel health systemically, and,
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indeed, individuals with lower FD are at higher risk
of cardiovascular disease,4 for example. Thus, retinal
FD derived from color fundus images could serve as a
potential biomarker for systemic health in research and
clinical practice that could identify individuals at high
risk who could then be examined in more detail.

However, research to date has focused on cohort
studies such as the UK Biobank or data from
secondary care settings such as AlzEye.8,9 These
are generally older and not representative of the
broader population. Mean age is 57.8 ± 8.6 years
in the UK Biobank10 and 68.4 ± 13.9 years in
AlzEye. In addition to the participants being older,
the UK Biobank has more female participants and
fewer who are socioeconomically deprived than the
general UK population,11 and AlzEye participa-
tion was predicated on hospital attendance. This
leaves open the question of whether FD as a
biomarker for systemic health is applicable to mixed-
age, primary-care populations—populations that span
from young adults all the way to advanced age
who have been assessed in a standard primary-care
setting.

Previous work looking at retinal vascular traits and
systemic health is also limited by the exclusion of large
amounts of data due to image quality, on the order
of 20% to 45% even for datasets such as the UK
Biobank that are specifically collected for research.2,4,5
Even rejecting one in five images would drastically
limit the utility of FD in clinical practice. Furthermore,
older, less healthy, male, and non-White subjects are at
higher risk of being excluded due to image quality.12
Thus, quality-based exclusions introduce selection bias
that could exacerbate existing disparities in healthcare
research.

Recently, a novel artificial intelligence–based
method for computing FD has been proposed: Deep
Approximation of Retinal Traits (DART).13 Tradi-
tional methods such as VAMPIRE14 calculate FD
from binary segmentations of the blood vessels, and
even small imperfections in those segmentations can
affect the calculations, resulting in a high bar for
minimum image quality. DART uses a deep learn-
ing model that was trained to output the same FD
as VAMPIRE but during training received original
high-quality images and degraded versions of those,
such as with altered brightness or contrast to simulate
lighting issues, blur, or simulated artifacts. The model
was tasked to output the number VAMPIRE gave
for the original high-quality image and thus learned
to ignore variations in image quality and take into
account all available information about vessel struc-
ture to estimate FD. Intuitively, even if only part of
the vessels is highly visible in a fundus image, the

image still contains substantial information about
the vasculature. DART can leverage this information,
whereas traditional approaches are not robust to such
cases. DART has shown very high internal validity on
held-out UK Biobank images, matching VAMPIRE
with a Pearson correlation of 0.9572 when DART
received the original image and a correlation of 0.8817
when DART received severely degraded images instead
(both P < 0.0001).

In this work, we investigated the potential of using
FD as a potential biomarker for systemic health in
clinical practice by studying a mixed-age, primary-care
population. To avoid introducing bias and to evalu-
ate the robustness of FD under challenging, real-world
conditions, we made no image quality exclusions.

Methods

Glasgow Caledonian University Cohort

Clinical records from eye examination appoint-
ments that took place between 2017 and 2022 at
the Vision Centre at Glasgow Caledonian Univer-
sity (GCU), Glasgow, Scotland, United Kingdom,
were analyzed. As part of the eye examinations, a
record card was completed, and color fundus images
were captured for each patient. The study was under-
taken in accordance with the tenets of the Decla-
ration of Helsinki. Ethical approval was obtained
from the GCU School of Health Sciences Ethical
Committee prior to the commencement of data collec-
tion (HLS/LS/A22/003). Participants provided written
consent to have their anonymized clinical records used
for research purposes. Retinal images were obtained
using swept-source optical computed tomography
(DRI OCT Triton Plus; Topcon, Tokyo, Japan).

The record cards were either digitized if they were
in physical paper form or extracted from the patient
management system. All of the images were available
digitally on the device and exported in JPG format at a
resolution of 2000 × 1312 pixels or greater and linked
to the record cards. The following informationwas then
collated in a consistent format: age at visit, sex, and
information about the general health status from the
“history and symptoms” field in the record card.

We had access to 183 images linked to 96 records
belonging to 58 female and 38 male patients. In nine
cases, only a single image was available on the device,
presumably because only one eye was imaged during
the examination. For consistency, we used the most
recent visit for each individual, and all available images
were included in our analysis. The data extraction
process was labor intensive; thus, we had access to only
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Table 1. Population Characteristics Stratified by Systemic Health Status

All Prevalent Systemic Condition No Systemic Condition

n 96 46 50
Female, % 60.4 52.2 68.0
Age (y), median ± IQR 61.80 ± 33.20 62.79 ± 9.60 55.28 ± 39.51

one visit per patient. During data extraction, we prior-
itized extracting data for as many patients as possi-
ble at the cost of not extracting longitudinal data. The
median age at visit was 61.80 years (interquartile range
[IQR], 33.20) with the youngest and oldest patients
being 18 and 81 years, respectively. Notably, 22 patients
were under the age of 30, an age group that is not
available in UKBiobank or AlzEye where the youngest
subjects are 3710 and 40,9 respectively.

Systemic Health Information

We used information about systemic health from
the “history and symptoms” field of the record cards
to analyze the relationship between systemic health
and FD. This information was recorded in the context
of an optometric examination and thus was generally
coarse grained with varying levels of detail, primar-
ily consisting of very short descriptions and commonly
used clinical abbreviations (e.g., “Good, no problems,”
“diabetes”, “HBP”). We stratified individuals into two
groups based on this information: those described as
having any systemic health condition (i.e., any non-
ocular health condition) and those with no mention of
any such condition. Table 1 gives an overview of the
two groups.

Although the level of detail for the systemic health
information is limited at times, this approach should
have high positive predictive value; that is, individuals
in the “prevalent systemic conditions” group would be
very likely to actually have systemic conditions. Sensi-
tivity, on the other hand, would be imperfect. Preva-
lent conditions might not have been mentioned by
the patient, might not have been deemed sufficiently
relevant to record, or might have been undiagnosed
at the time of visit. This should lead to lower appar-
ent effect sizes. Another limitation is that we do not
have information about the severity or duration of the
conditions. This should likewise lead to lower apparent
effect sizes than if we could account for severity. Thus,
we expect that the limitations of this variable biased
our analysis to be more conservative, and any appar-
ent differences between the two groups are likely to be
true differences but with underestimated effect sizes; in
other words, the risk of a type 1 error was low and that
of a type 2 error was high.

Computing FD and Image Quality
Annotation

To compute the FD of the images, we used
DART,13 which is based on the multifractal FD of
VAMPIRE.2,14,15 All images could be successfully
processed in less than a minute on a consumer-grade,
desktop central processing unit (CPU), and no images
were excluded from analysis. In addition to comput-
ing FD, we manually annotated retinal image quality
on a four-level ordinal scale (very good, good, poor, or
very poor). The images were annotated by an experi-
enced research optometrist with 10 years of clinical
experience (S.K.). Previous work by Laurik-Feuerstein
et al.16 found good intergrader agreement for a similar
four-level ordinal taxonomy for color fundus images.
Poor-quality fundus images are common even in
research datasets such as the UK Biobank, where
researchers typically exclude 20% to 40% of the avail-
able images. In our dataset, 34.6% of the images
were rated as very good, 33.9% as good, 28.1% as
poor, and 3.4% as very poor. The proportion of our
images rated as poor or very poor (31.5%) is compa-
rable to the 20% to 45% of images that are typically
excluded in the UK Biobank.2,4,5 Examples for each
of the four quality levels are shown in Supplementary
Figure S1.

Statistical Analysis

Wefirst analyzed the FDvalues computed byDART
to see whether they showed the expected association
with age and whether there was an association with
image quality or sex that we needed to adjust for. We
then used a linear mixed-effects model at the eye level
with FD as the dependent variable and a random inter-
cept per patient to adjust for the two eyes of an individ-
ual not being independent. The data was analyzed
using the statsmodels17 package (version 0.13.5) in
Python 3.9.13. We used a threshold of P < 0.05 for
statistical significance throughout.

For retinal traits relating to vessel caliber, differ-
ences in magnification due to refractive error (RE)
can change the apparent size of vessels.18,19 We expect
that for FD this is not the case, as FD relates to
the branching structure of the vessels and especially
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because VAMPIRE, on which DART is based, uses
skeletonized vessel maps and should thus be invariant
to apparent caliber. However, we also empirically inves-
tigated this to ensure that our decision not to include
RE did not affect our results.

Results

FD, Image Quality, Age, and Sex

The mean FD in our data was 1.4904, with a
standard deviation (SD) of 0.0391. An increase in
image quality issues by one level was associated with
a decrease in FD by 0.026 (95% confidence interval
[CI], 0.031–0.021) in absolute terms, or by 0.656 SD
(95% CI, 0.788–0.524; P < 0.001). This suggests that,
althoughDART is designed to bemore robust to image
quality issues, there might still be an effect that must be
adjusted for.

Figure 1 shows scatterplots of FD versus age for
the raw data, as well as when FD was being adjusted
for image quality in a mixed-effects model. Increas-
ing age was associated with a significant decrease in
FD. In a univariable model, an additional decade of
age was associated with a decrease in FD by 0.232
SD (95% CI, 0.323–0.141; P < 0.001). When adjust-
ing for image quality issues, this changed to a decrease
by 0.172 SD per decade (95% CI, 0.235–0.109; P <

0.001), which is consistent in direction and magnitude
withwhat has been reported in the literature.20 Further-
more, although the effect of age on FD did decrease
after adjusting for image quality issues, the direction
was the same and the magnitude comparable. This
suggests that, although the effect of image quality is
significant, it does not preclude discovering meaning-
ful associations in our data.

In addition to the linear association between age
and FD, we also observed that the FD variance was
higher in older patients. Some patients over 60 had
FD comparable to those of patients in their 20s
(Fig. 1a). This suggests that patients could follow
characteristically different trajectories, with only some
seeing their FD decrease substantially as they age. The
findings persisted when adjusting for image quality
using the coefficients from the linear mixed-effects
model (Fig. 1b) and when taking the mean of both
eyes per patient (Fig. 1c). Sex showed no signif-
icant association with FD in a univariable model
(P = 0.252), when adjusted for image quality (P =
0.156) and when adjusted for image quality and age
(P = 0.377).

FD and Systemic Disease

As our preliminary analysis suggested that age and
image quality are significantly associated with FD,
we adjusted our model for these variables. We fit the
following mixed-effects model with a random inter-
cept per patient: FD ∼ age + image quality + preva-
lent systemic conditions + (1|patient). Table 2 shows
the resultingmodel. Prevalent systemic conditions were
significantly associated with a decrease in FD by 0.246
SD (95% CI, −0.477 to −0.015; P = 0.037). In a
univariable model, the decrease was 0.461 SD (95%
CI, −0.833 to −0.088; P = 0.015) and was 0.361 SD
(95% CI, −0.612 to −0.110; P = 0.005) when just
adjusting for image quality only.

FD and Refractive Error

We split eyes into three groups based on their
RE: hyperopic (RE > 1.5; 30 eyes), myopic (RE <

−1.5; 50 eyes), and emmetropic. When added to the

Figure 1. Association of retinal FD and age. (a) Raw data. (b) FD adjusted for image quality using a mixed-effects model with random
intercepts for each patient at the eye-level (i.e., each point corresponds to one eye). (c) The same model as in part (b) but with values at
the patient level (i.e., each point is one patient). For parts (b) and (c), the coefficient for age is −0.007 per decade of age (95% CI, −0.009 to
−0.004; P < 0.001).
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Table 2. Mixed-Effects Model on FD

Variable β 95% CI P

Intercept 39.711 39.369 to 40.054 0.000
Age (in decades) −0.158 −0.221 to −0.095 0.000
Image quality (ordinal, higher is worse) −0.631 −0.750 to −0.512 0.000
Prevalent systemic conditions −0.246 −0.477 to −0.015 0.037
Random effect group variance 0.187 — —

All coefficients are in standard deviation units of FD.

model in Table 2, neither being hyperopic nor being
myopic had a significant effect (P = 0.159 and P =
0.204, respectively), and prevalent systemic conditions
had the same coefficient (β = −0.246) with a slightly
reduced P value of 0.041, possibly due to residual
cofounding between RE and age. When looking at RE
adjusted only for age, there likewise were no significant
associations with FD, with P values of 0.159 and 0.204
for being hyperopic and myopic, respectively. Thus, RE
does not appear to have influenced the FD measure-
ments in our dataset and would not have meaning-
fully affected our results if we had included it in our
model.

Discussion

FD as a Biomarker for Systemic Health

We observed a significant association between
prevalent systemic conditions and FD, even when
controlling for age and image quality. This confirms
previous findings that FD might be a biomarker for
systemic health. This is further corroborated by the
observation that FD had higher variance in older
patients. Importantly, our data was collected during
clinical practice in a primary-care setting and included
patients from 18 to 81 years of age, and no images
were excluded from analysis based on quality. Thus, our
work suggests that FD can be used in an even more
challenging setting that is closer to clinical reality than
what previous work considered.

A major limitation is the coarseness of the infor-
mation about prevalent systemic conditions and the
lack of information about incident systemic conditions.
However, as we argued in the Methods section, we
expect that the variable for prevalent systemic condi-
tions will have high positive predictive value; thus, the
observed effect is likely to be a true effect and the
effect size will be underestimated. Future work should
further explore FD as a biomarker for systemic health
in primary-care data, ideally with linkage to other

medical records for more detailed information about
systemic health.

Should Image Quality be Adjusted for?

We adjusted for image quality due to its strong
association with FD, which is commonly done in the
literature.4 The underlying assumption is that image
quality issues affect the computation of FD itself
and thus must be adjusted for to recover retinal
vascular complexity. This notion initially appears
convincing, but upon reflection is potentially problem-
atic.

Retinal vascular complexity is supposed to be a
proxy for systemic health; however, age and poorer
health have been found to be associated with not just
vascular complexity but also image quality itself.12
Plausibly, frailer individuals could be more difficult to
image (e.g., because of difficulty sitting still). Further-
more, age-related changes to the eye, such asmiosis and
cataract, also decrease expected image quality.

Figure 2 shows a simplified causal diagram for FD
measurements, with a potential direct effect of age on
retinal vascular complexity (dashed pink arrow). To
our knowledge, this effect has not been conclusively
established in the literature but could plausibly exist.
The dashed orange arrow indicates a potential effect of
image quality on FD, which is the reason why image
quality is commonly adjusted for.

However, observe that, even if we had a fully
robust method where this arrow would not be present,
we would expect to observe a significant associa-
tion between FD and image quality, confounded by
systemic health. In that case, adjusting for image
quality would be inappropriate and would bias the
association betweenFDand systemic health toward the
null. Even if our method is not perfectly robust and
there is an effect of image quality on FD (i.e., poor-
quality images lead not only to measurement noise but
also to a systematic bias in FD), then controlling for
image quality could likewise bias our analysis.

Thus, we argue that adjusting for image quality is
potentially problematic and should be more critically
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Figure 2. Simplified causal diagram for FD measurements. The dashed orange arrow indicates the undesirable potential effect of image
quality on FD. The dashed pink arrow indicates a potential direct effect of age on retinal vascular complexity that could occur in healthy
aging.

considered in oculomics research. This issue further
highlights the need for robust methods for computing
retinal traits, as more robust methods would reduce the
need to adjust for image quality in the first place.

Note that this issue cannot be side-stepped by only
examining high-quality images and excluding the rest.
As mentioned in the Introduction, these exclusions
introduce selection bias and exacerbate inequalities in
healthcare research,12 in addition to reducing sample
sizes and statistical power. Future work should look
at the repeatability and robustness to image quality
of DART and traditional approaches to add empirical
evidence to the question of whether adjusting for image
quality can be avoided.

Age and FD

Our finding that some older patients have FD
similar to those of younger patients suggests that
FD might not substantially decrease with age in all
individuals. Likewise, the increased variance of FD
in older patients suggests that individual trajectories
might be quite heterogeneous. It also suggests that FD
does not merely change with age, lending credence
to the hypothesis that it captures meaningful biolog-
ical changes and that it could provide information
about systemic health beyond what age itself provides.
However, our analysis here is cross-sectional and future
work should investigate this in longitudinal data.

Conclusions

In addition to the aforementioned limitation relat-
ing to the systemic health information, our work
has several additional limitations. First, only a single
quality annotator was used, although they were very
experienced, and comparable quality taxonomies for
color fundus imaging have good repeatability accord-
ing to the literature. Future work ideally should use
fully automated methods such as the recently proposed
QuickQual21 that avoid introducing subjectivity and
allow better comparison of quality annotations across

different works. Second, although DART is more
robust to image quality than traditional approaches,
some images might still be too poor in quality. In the
present dataset, even the “very bad” images had at least
some visible vasculature that could provide sufficient
information for a reasonable FD estimate (see Supple-
mentary Fig. S1). Nevertheless, this issue should be
further investigated in future work. Third, despite the
promising results in the present work and literature at
large, future work should also more closely investigate
what specific vascular changes are captured by FD.

In summary, we found that prevalent systemic
health conditions are associated with a significant
decrease in FD in a mixed-age, primary-care popula-
tion. Furthermore, although FD generally decreases
with age, our data suggest that FD might not substan-
tially decrease in everyone. This heterogeneity could
be due to systemic health, further supporting FD as a
potential biomarker for systemic health. Future work
should study the relationship between FD and age
in longitudinal data and clarify whether adjusting for
image quality is appropriate.
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Figure 4.1: Supplementary Figure.
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4.3 Conclusion

The results here are encouraging as they serve as initial validation of DART - if it did

not capture anything meaningful or did not generalise beyond UK Biobank, it is unlikely

we would have observed significant associations with age and systemic health - and

suggests that fractal dimension computed with DART might be applicable to real-world

datasets, which are less carefully quality controlled and potentially more representative

than research datasets like UK Biobank. However, there are many limitations of this

work, most importantly the small size of the dataset and the information about preval-

ent systemic conditions. The latter was a crude binary label and based on free text

information collected during an optometry visit. As discussed in the paper, we would

expect this label to have high positive predictive value but low negative predictive value.

These limitations are reason to think the analysis is more likely to be biased towards the

null, so these findings are indeed encouraging. Still, ultimately we need to be cautious

in interpreting these results and validation in larger datasets with higher quality disease

information is needed.

Although a minor part of the analysis, in the paper we also found that there was not

apparent association between refractive error and fractal dimension, suggesting that

the magnification effect of refractive error does not appear to affect the computation of

fractal dimension. This is a useful result as other retinal traits such as vessel calibre had

been found to be affected refractive error and ideally need to be adjusted for it (Wong

et al., 2004). Knowing that fractal dimension does not need to be similarly adjusted is

useful and means that it can be applied in datasets where information about refractive

error is not available. Of course, it would be ideal to repeat this analysis in a larger

dataset to ensure that this is the case. I analysed this in a second dataset where there

likewise was no significant association (data not shown) and if there was a particularly

large effect we likely would have detected it, but until we look at a more comprehensive

dataset we cannot rule out a small effect of refractive error. In the future, I would like

to examine the relationship between refractive error and various retinal traits in more

detail.

While we adjusted for image quality to be more conservative, the causal relationship

between age, systemic health, retinal traits and retinal image quality should be explored

in more detail. Recalling that image quality itself appears to be associated with key

patient characteristics including age, blood pressure and body mass index (Engelmann

et al., 2023b), even if the computation of our retinal trait of interest was not affected by
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image quality at all, we would expect to find a correlation between quality and the retinal

trait. This is provided the retinal trait is itself correlated with age and health-related

attributes, but that is likely the case as most retinal traits are studied as potential correl-

ates of systemic health, which in turn correlates with age and health-related attributes.

Thus, adjusting for image quality in our analyses might introduce bias towards the null.

I think this is a subtle, yet important question that will be difficult to answer conclusively.

Examining the repeatability and robustness of retinal traits like fractal dimension, as is

done in Chapter 4, is a small step towards resolving that problem, as the lower the

influence of image quality on the retinal trait, the lower the need to adjust for image

quality. Ultimately, we would need to have a better understanding of the determinants

of image quality which will require substantial and careful research.

While providing some initial evidence that associations between retinal traits and sys-

temic health might generalise from research datasets to real-world clinical data, the

present analysis was only statistical and limited to looking for an association. To be

clinically useful, retinal traits like fractal dimension would need to provide a substantial

improvement in predictive power over easily available risk factors such as age, sex,

smoking status, blood pressure, or body mass index. This is a much higher bar than an

association with a p-value below 0.05. So while these are encouraging results, I think

it is likely that we are still a ways away from clinical utility.



Chapter 5

Repeatability and robustness of DART

compared with a pipeline following

the traditional paradigm for

computing fractal dimension

5.1 Introduction

Ideally, tools for computing retinal traits studied in relation to systemic health should

be highly repeatable across multiple images of the same eye during the same visit.

For instance, fractal dimension is studied as a measure of vessel complexity which

in turn is a proxy for vascular health. It would be somewhat implausible for vascular

health to change substantially during a visit, so fractal dimension, too, should not vary

substantially across multiple images during the same visit. Low repeatability implies

poor signal-to-noise ratio. Note that technically high repeatability is only a necessary

condition for a retinal image analysis tool being useful, but not sufficient. In theory, a

measure could be highly repeatable but not capture anything biologically meaningful.

As an extreme case, suppose we had a tool that produced an entirely arbitrary number

for each individual, but reliably produced the same number for each individual each

time without noise. Such a tool would be perfectly repeatable, yet useless for statistical

analyses. However, in practice high repeatability is at least good reason to think that a

tool is likely capturing something meaningful.

Retinal image analysis tools should also be robust to quality issues, since that in-

creases sample sizes available for research, reduces the magnitude of selection bias

due to quality exclusions (Engelmann et al., 2023b), and is likely to lead to increased

repeatability, too. For potential clinical adoption of retinal image analysis tools, robust-
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ness is also key. In research, excluding a quarter (Zekavat et al., 2022) or even half

(MacGillivray et al., 2015; Villaplana-Velasco et al., 2023) of the data is not uncommon.

In clinical practice, working only half the time would greatly limit the applicability of a

tool.

Previous work by MacGillivray et al. (2015) looked at how many images in UK Biobank

were analysable with VAMPIRE (Trucco et al., 2013), the correlation between left and

right eye measurements, as well as the inter-grader agreement as VAMPIRE is semi-

automatic and requires manual inputs for each image. However, MacGillivray et al.

(2015) did not examine the repeatability of VAMPIRE for repeated images of the same

eyes during the same visit. Automated methods such as AutoMorph (Zhou et al., 2022)

and DART avoid the subjectivity introduced by manual inputs and in a sense have

perfect inter-grader agreement, as two people processing the same image would get

the same number. But the question of repeatability across different images of the same

eye during the same visit remains, i.e. how much variation in measurements is there

due to small variations in the images themselves.

Huang et al. (2016) looked at variation due to different manual graders for vessel seg-

mentation and different automated segmentation methods, but also looked at repeat-

ability across different fundus cameras for 12 subjects and across repeated images for

a single subject, finding that there is variation between cameras and between repeated

images, respectively. While the study is interesting and impressive regarding the range

of sources of variability examined, there are a number of limitations that make the

results hard to interpret. The discussion here will focus on some of the major ones and

will not be exhaustive. First, for repeatability across repeated imaging, the sample size

is quite small. Second, while a number of automated vessel segmentation methods

are considered, none of them are deep learning-based. Many retinal image analysis

pipelines, including VAMPIRE and AutoMorph now use deep learning-based segment-

ation methods as they tend to work well, especially compared to previous approaches.

Third, repeatability is evaluated using relative standard deviation, i.e. the standard

deviation across measurements divided by their average. This metric is sensitive to the

location of a measurement, i.e. shifting measurements by a fixed amount changes the

relative standard deviation. Especially for an abstract measure like fractal dimension, it

is not immediately obvious how it should be interpreted. A key question is how large the

variation in fractal dimension is relative to its variation across the population or relative

to how much it differs between cases and controls.
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An additional motivation for this work is that examining robustness is important to make

better recommendations for what threshold to use for image quality exclusions. Ideally,

such decisions should be made in a data-driven way, by examining empirically at level

level of image quality measurements become unacceptably noisy.

The work presented in this chapter tries to work towards an answer to these questions.

By examining both DART and AutoMorph, it further serves to validate DART and to

compare the novel, unconventional paradigm that DART uses with a more traditional

paradigm for computing fractal dimension, exemplified by AutoMorph. An observant

reader might think that examining repeatability and robustness of DART, and compar-

ing it to traditional approaches would have been sensible first steps for validating it,

prior to the work presented in the previous chapter. And indeed, I was interested in

investigating these questions for the better part of my PhD, ever since I developed

DART. However, suitable data with multiple images per eye and visit was hard to come

by. I thank my colleague Diana Moukaddem, who collected the Caledonia dataset

during her PhD and kindly shared it with me which enabled this analysis.

5.2 Paper
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PURPOSE. To investigate whether fractal dimension (FD)–based oculomics could be used
for individual risk prediction by evaluating repeatability and robustness.

METHODS. We used two datasets: “Caledonia,” healthy adults imaged multiple times in
quick succession for research (26 subjects, 39 eyes, 377 color fundus images), and GRAPE,
glaucoma patients with baseline and follow-up visits (106 subjects, 196 eyes, 392 images).
Mean follow-up time was 18.3 months in GRAPE; thus it provides a pessimistic lower
bound because vasculature could change. FD was computed with DART and AutoMorph.
Image quality was assessed with QuickQual, but no images were initially excluded.
Pearson, Spearman, and intraclass correlation (ICC) were used for population-level
repeatability. For individual-level repeatability, we introduce measurement noise param-
eter λ, which is within-eye standard deviation (SD) of FD measurements in units of
between-eyes SD.

RESULTS. In Caledonia, ICC was 0.8153 for DART and 0.5779 for AutoMorph,
Pearson/Spearman correlation (first and last image) 0.7857/0.7824 for DART, and
0.3933/0.6253 for AutoMorph. In GRAPE, Pearson/Spearman correlation (first and
next visit) was 0.7479/0.7474 for DART, and 0.7109/0.7208 for AutoMorph (all
P < 0.0001). Median λ in Caledonia without exclusions was 3.55% for DART and 12.65%
for AutoMorph and improved to up to 1.67% and 6.64% with quality-based exclusions,
respectively. Quality exclusions primarily mitigated large outliers. Worst quality in an eye
correlated strongly with λ (Pearson 0.5350–0.7550, depending on dataset and method,
all P < 0.0001).

CONCLUSIONS. Repeatability was sufficient for individual-level predictions in heteroge-
neous populations. DART performed better on all metrics and might be able to detect
small, longitudinal changes, highlighting the potential of robust methods.

Keywords: oculomics, fractal dimension, quantitative ophthalmology

Retinal color fundus images are low cost, fast to acquire,
and noninvasive; yet they provide a detailed picture of

the retinal vasculature. Thus color fundus imaging could
provide biomarkers for systemic disease,1 a field of study
sometimes referred to as oculomics.2 A particularly promis-
ing candidate biomarker is retinal fractal dimension (FD),
which describes the complexity of the vessel structure. A less
complex vasculature could indicate poorer retinal vascular
health, and this in turn might correlate with vascular health
elsewhere in the body. For instance, lower FD is associated
with cardiovascular disease outcomes like myocardial infarc-
tion3–5 and has also been studied in relation to neurovascular
conditions like dementia.6,7

Those are exciting and promising results, but whether
they can be translated into useful tools for clinical practice

is still an open question. Effect sizes and increases in predic-
tive performance over baselines using basic, easily available
information like age, sex, and smoking status are typically
small. Thus, for individual level predictions, retinal traits like
FD would need to have very low measurement noise, yet this
has to date been understudied.

Studies also often exclude a large fraction of the avail-
able images due to insufficient quality, on the order of 25%
to 45%3,5,8 in datasets like UK Biobank that were specifically
collected for research. These exclusions are especially prob-
lematic for clinical applicability of oculomics. If the measure-
ment of the retinal trait of interest (e.g., FD) fails a quarter or
half of the time, then that makes it impractical. Furthermore,
being older, non-White, or male increases the risk of having
poor-quality images,9 and thus these exclusions introduce
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selection bias. This means that results of existing oculomics
research might not apply equally well to everyone, and if
we wanted to use FD in clinical practice, the measurement
would systematically fail more often for some people (e.g.
those of non-White ethnicity).

Thus we set out to investigate whether FD-based
oculomics could be used for individual risk prediction by
first evaluating FD’s repeatability at a population and an indi-
vidual level, without any image quality exclusions. We use
two tools for computing FD: AutoMorph,10 which follows
the established paradigm of segmentation, skeletonization,
and box counting; and deep approximation of retinal traits
(DART),11 which uses a novel paradigm of directly comput-
ing FD via a deep learning model that is trained to be more
robust to image quality. We then examine how repeatability
changes with the level of image exclusions because of qual-
ity and look at the relationship between measurement noise
and image quality at the level of individual eyes.

METHODS

Datasets

We included two datasets for this study: First, the “Caldo-
nia” dataset, which was collected at Glasgow Caledonian
University, Glasgow, Scotland, United Kingdom. Second,
the “Glaucoma Real-world Appraisal Progression Ensem-
ble” or “GRAPE” dataset,12 which was collected at the Eye
Center of the Second Affiliated Hospital of Zhejiang Univer-
sity, Hangzhou, Zhejiang, China. Both studies had ethical
approval and adhered to the Declaration of Helsinki. Partic-
ipants in both studies signed a written consent form. Table 1
shows a detailed overview of both datasets.

The Caledonia dataset was collected on a Topcon DRI
OCT Triton Plus as part of a PhD project looking at choroidal
thickness. Thus, the main focus was acquisition of optical
coherence tomography (OCT) volume scans, but fortunately
color fundus images were acquired at the same time for most
scans. Multiple scans were taken on a single day, though in
some cases the data collection was repeated due to insuf-
ficient OCT quality. Thus five subjects underwent imaging
on two different days, three subjects on three days, and one
subject on four days. We included every eye with at least five
available color fundus images. The subjects were 20 students
and six PhD candidates at Glasgow Caledonian University.

The GRAPE dataset was collected on a Topcon TRC-NW8
(108 eyes) and a Canon CR-2 PLUS AF (88 eyes) during clin-
ical practice. The first examination was for suspected glau-
coma, with subsequent follow-up visits to monitor progres-
sion. Subjects were treated with IOP decreasing drugs after
their first visit and only those with glaucoma are included
in the study. We included all eyes that had a baseline and
follow-up color fundus image, taking follow-up images from
the first follow-up visit that had an available image.

We analyze both datasets to examine FD in 132 subjects,
imaged at two different locations with three different
devices, covering a large age range, different ethnicities and
both healthy and glaucomatous eyes. The Caledonia dataset
provides relatively ideal conditions for repeatability, namely
many images per eye, collected on the same or a handful of
days in a research setting, in young adults that are generally
easier to image. However, the color fundus images were not
a focus during the data collection, so the quality will likely
vary at least somewhat.

The GRAPE dataset is a longitudinal dataset with only one
image per eye per visit and a mean follow-up time of 18.3
months. FD a measure of retinal vascular complexity and
general vascular health, which could conceivably change
between visits. Thus, even a perfectly repeatable method
would not be expected to produce the same measurement
for both visits. Furthermore, data were collected during clin-
ical practice in a population that included over 60 year
olds and thus image quality is likely more mixed. Especially
because FD is calculated from the vasculature but for glau-
coma the optic disc is most important, so images that were
sufficient for the clinical purposes during collection might
be suboptimal for calculating FD.

Based on these considerations, we expect Caledonia
to provide a slightly optimistic estimate for repeatability,
whereas GRAPE should provide a pessimistic, lower-bound
for repeatability. Taken together, these two datasets will
allow us to characterize the repeatability of FD well.

Computation of FD

We used DART (short for “deep approximation of retinal
traits”)11 and AutoMorph10 to calculate FD from the color
fundus images. AutoMorph is a multistep pipeline consisting
of a deep learning model for vessel segmentation followed
by skeletonization and the box counting method to compute

TABLE 1. Overview of the Datasets Used, Reporting Statistics for All Subjects We Included

Caledonia GRAPE Combined

Subjects 26 106 132
Eyes 39 196 235
Color fundus images 377 392 769
Interval Mean ± SD [Min–Max] 2.4 ± 6.6 months

[12 hours–26 months]
18.3 ± 13.3 months

[5.3–53.1]
/

Female sex 13 (50%) 52 (49%) 65 (49%)
Age in years Mean ± SD [Min–Max] 24.0 ± 3.6 [18–33] 41.7 ± 15.0 [18–74] 38 ± 15 [18–74]
Ethnicity 17 White, 6 Asian, 2 Black,

1 Middle Eastern
Presumably primarily or

entirely Chinese
Primarily Chinese, 17 White, 6 Asian,

2 Black, 1 Middle Eastern
Ocular health 3 cases of amblyopia, otherwise

healthy
All glaucoma (103 [97%] open

angle; 3 [3%] angle closure)
106 glaucoma, 3 amblyopia, 23

healthy
Refractive status 12 hyperopes, 7 myopes,

7 emmetropes
Not available, but presumably

mostly myopes as most
subjects have open- angle

glaucoma

Primarily myopes, at least 7
emmetropes, at least 12 hyperopes

Interval is the time between baseline and follow-up image in GRAPE, and between first and last image in Caledonia.
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FD. This is a similar approach to other tools for calculat-
ing FD like VAMPIRE.13 Changes to the AutoMorph pipeline
(e.g., varying the box sizes used for the FD calculation)
might affect its repeatability. Our goal in the present arti-
cle is not to propose a new algorithm for computing FD
or analyze potential modifications that could be made to
AutoMorph but simply to use it as provided. We want to
analyze the repeatability of AutoMorph as it is released, and
this matches what the vast majority of researchers would do
in practice, especially those without extensive programming
knowledge.

DART, on the other hand, uses a single deep learn-
ing model to directly output FD from the image. DART’s
deep learning model was trained to replicate the output of
VAMPIRE on images from UK Biobank with sufficient quality
to apply VAMPIRE and achieved very high internal validity
(Pearson correlation of 0.9572 on 14,907 held-out validation
images). DART was trained to not just replicate VAMPIRE’s
output but also to be more robust to image quality. During
the training progress, the model either received the original,
high quality image or a poor quality version of it obtained by
randomly adjusting brightness, contrast, and gamma, simu-
lating imaging problems with anisotropic blur and gaussian
noise, and adding artefacts to the images. These might ordi-
narily affect the output of pipelines to compute FD, which is
undesirable. However, whether DART received the original
or a degraded version of it, it was tasked to output the FD
VAMPIRE calculated from the high quality image either way,
encouraging it to ignore variations in image quality and thus
be more robust.

We chose these methods because they are both openly
available on Github, allowing researchers to easily and freely
access them without seeking prior permission. Furthermore,
AutoMorph is a method following the traditional paradigm
of segmentation, skeletonization, and box counting, whereas
DART uses a novel yet less tried paradigm. For transparency,
we want to make the reader aware that two authors of this
work (JE and MB) were involved in the development of
DART and thus—despite our best efforts to be neutral and
objective—the reader should critically examine the present
work.

Previous work comparing retinal traits computed with
different tools found poor to moderate interchangeabil-
ity.14,15 We think that the interchangeability of DART and
AutoMorph, while tangential to our main research question,
might be of interest to the reader. We conducted this anal-
ysis retrospectively and use the quality exclusion threshold
of QuickQual P(bad) < 0.8 that we later recommend based
on our results. See the next section for a description of
QuickQual. We use mean values per eye to reduce measure-
ment noise and find that in Caledonia, DART and AutoMorph
agree with a Pearson correlation of 0.6390 and Spearman
correlation of 0.7096 (both P < 0.0001). For GRAPE, they
agreed with a Pearson correlation of 0.4418 and Spearman
correlation of 0.4914 (both P < 0.0001). Bland-Altman plots
are shown in Supplementary Figure S1. Thus both tools
show a level of interchangeability that is comparable to what
previous work reported for other tools.

Assessment of Image Quality

We assessed image quality with QuickQual, a recently
proposed very efficient method that leverages vector embed-
dings from a foundation model for natural images and
obtains state-of-the-art on the EyeQ dataset. Concretely,
we use the “MEga Minified Estimator” (MEME) version of

QuickQual that provides a continuous “good-bad” qual-
ity score (probability of being bad, P(bad) for short) as
opposed to EyeQ’s original three-way classification into
“good,” “useable,” and “bad” images. Images in the “useable”
class were mapped to P(bad) = 0.5 during the training of
QuickQual-MEME so that the model learns to put imper-
fect yet useable images in-between good and bad images.
Thus QuickQual-MEME’s quality score is ideal for examin-
ing different levels of quality exclusions and ranges from
P(bad) = 0 indicating very good images to p(bad) = 1 indi-
cating very bad images.

Statistical Analysis

Terminology. There are many terms relating to
measurement noise (e.g., “agreement,” “reliability,” “repro-
ducibility,” and “repeatability”) that are used differently by
different authors.16 In many investigations, a key focus is to
compare measurements that are made by different human
annotators, something that is not applicable here as we
use deterministic, fully-automatic methods. For simplicity,
we use the term “repeatability” throughout while carefully
explaining what data we analyzed (above) and what metrics
we calculate (below).

Population-Level Metrics. For population-level
metrics, we use Pearson and Spearman rank correlation, as
well as the intraclass correlation coefficient (ICC). Pearson
correlation is a linear measure and sensitive to outliers.
Spearman rank correlation is a robust, nonparametric
measure that uses the Pearson correlation of the ranks of
both variables, instead of the raw values of the variables
themselves. Thus Spearman correlation is robust to outliers
and captures how similar the ranking is across both sets
of measurements. Pearson and Spearman are applicable
to paired measurements (e.g., two FD values of the same
eye).

For more than two measurements per eye, as we have
in the Caledonia dataset, we need to use the ICC instead.
Though commonly referred to as the ICC, there are multiple
versions, some of which are to examine agreement between
different raters, which is not applicable here. We use the
ICC as described by Bartlett and Frost,16 namely ICC =

(SD of sub ject ′s true values)2

(SD of sub ject ′s true values)2+(SD measurement error)2
, where SD is stan-

dard deviation. In words, this captures how much of the
variation in the data is due to between-subject variation as a
fraction of the total variation of the data. The total variation
in the denominator is composed of the between-subject vari-
ation and variation due to measurement error. If measure-
ment error was 0, the ICC would be 1. As measurement error
becomes large relative to between-subject variation, the ICC
decreases and approaches 0 in the limit.

The ICC is an abstract, unobservable quantity that we
need to estimate based on the data. We estimate the subject’s
true values by taking the mean of all available images of a
given eye, and then take the SD of all eyes. The SD measure-
ment error is equivalent to the within-subject SD. Which
population we choose to calculate the inter-subject variation
is a key design choice that must be made taking into account
the specific context, which is also stressed by Bartlett and
Frost.16 As we examine the measurement error in the Cale-
donia dataset, estimating the between-subject variation in
the same data is the natural choice. However, as that dataset
consists of healthy adults, we would expect their vascular
health to be good and thus FD to have little variation. There-
fore we present the reader with two versions of the ICC. One
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using the inter-subject variation from Caledonia (“ICC”), and
one adjusted version using the inter-subject variation from
the combined Caledonia and GRAPE datasets (“Adj. ICC”).

Finally, we also report Pearson and Spearman in the Cale-
donia dataset to enable easier comparison with the measures
in GRAPE and because we expect that more readers are
familiar with those measures. Because we have more than
two images per eye, we take two approaches to calculate
Pearson and Spearman. First, we take the first and last avail-
able image per eye to make an objective, yet arbitrary choice.
Second, we randomly sample one pairing per eye, calcu-
late the correlations, and then repeat this process 20,000
times, reporting median values with an empirical 95% confi-
dence interval. Note that bootstrapped confidence intervals
for Pearson correlation can have inaccurate coverage.17 Our
sampling-based approach is similar and thus the confidence
interval for Pearson might not be reliable.

Individual-Level Metrics. The metrics above summa-
rize repeatability in a population. However, we are also inter-
ested in repeatability at an individual level. Thus we propose
the relative SD λ as a metric of individual-level measurement
noise, λ = SD of FD within eye

SD of FD across eyes . λ expresses how large the varia-
tion of FD within an eye is compared to the variation of FD
between eyes. As SD is a sum of squared mean deviations,
large errors are weighted more heavily, which we think is
desirable in this context. Conceptually it is similar to Pear-
son correlation and ICC, although for λ smaller values are
better. A λ of 0 implies no measurement noise, and the larger
λ gets, the more noise there is. For convenience, we express
λ in %. For λ, we use the SD of FD across eyes as estimated
from the combined dataset, for the reasons explained in the
previous section.

Robustness to Image Quality. To examine the rela-
tionship between repeatability and image quality and to
evaluate the robustness of the two methods, we first look at
how λ changes in Caledonia as we exclude a larger share of
images due to image quality. We consider exclusion percent-
ages from 0% to 50%, which was chosen because it covers
and spans slightly beyond typical values in the oculomics
literature. Next, we relate λ and the worst image quality in
a given eye. We take the worst rather than the mean qual-
ity as a single outlier could lead to a high λ. Recall that
SD is based on squared differences from the mean, and
thus a single large deviation influences the SD more than
many small deviations. We compute the Pearson correlation
between λ and worst image quality, and further plot them
against each other to examine the relationship between the
two. This could give some insight into whether there is a
critical level of quality where repeatability decreases quickly.
Finally, QuickQual-MEME’s quality score is the probability of

an image being bad. However, probabilities are constrained
quantities which can be an issue for Pearson correlation.
Thus we also evaluate the Pearson correlation between λ

and the raw logit value logit(P(bad)) (i.e., the raw output of
QuickQual-MEME) before applying the logistic linkage func-
tion. Note that the logistic linkage function is a monotonic,
and thus the Spearman correlation is the same in both cases.

RESULTS

Fractal Dimension and Population-Level
Repeatability

The SD of DART FD at the eye-level was 0.00733 in Cale-
donia, 0.03653 in GRAPE, and 0.03557 in the combined
dataset. For AutoMorph, the SDs were 0.02421, 0.08926, and
0.08841, respectively. Table 2 shows different population-
level metrics for both methods and datasets.

Individual-Level Repeatability

Figure 1 shows the distributions of individual-level measure-
ment noise λ for both datasets and methods. λ is generally
higher for the GRAPE dataset, which is what we expected
based on the dataset characteristics. In the Caledonia dataset
the third quantile, or seventy-fifth percentile, is less than 10%
for DART and less than 20% for AutoMorph. For the GRAPE
dataset, the third quantiles are less than 35% for both meth-
ods.

In Caledonia, the worst values of λ were 81.02% and
199.96% for DART and AutoMorph, respectively. The image
with the worst value was the same for both methods. The
best values were 0.40% and 5.07%. Figure 2 shows the
best and worst examples. For the worst example, the high
SD within the eye is driven by two very badly illuminated
images. Removing those would change λ to 2.71% for DART
and to 8.19% for AutoMorph. For the best example for DART,
DART gave virtually the same FD for all images while Auto-
Morph had a bit more variation. On the other hand, for the
best example for AutoMorph, AutoMorph has slightly less
but similar variation to DART.

Figure 2 also conveys a sense of how λ relates to where
a subject might be placed in the distribution of FD across
subjects. A λ of ∼5% as in the rightmost subplot is not ideal,
but ultimately places the individual in a similar location. For
example, for AutoMorph all values are around the third quar-
tile and for DART between the median and third quartile.
However, it would preclude us from detecting differences

TABLE 2. Population-Level Metrics of Repeatability for Both Methods and Datasets Without Quality Exclusions, Including all Available Images

Caledonia GRAPE

First and Last Image of Each Eye 20,000 Random Pairs Per Eye All Images First and Next Visit

Pearson Spearman Pearson Spearman ICC Adj. ICC Pearson Spearman

DART 0.7857
(0.6252–0.8825)***

0.7824
(0.6199–0.8805)***

0.6845
(0.1876–0.9483)

0.7561
(0.5836–0.8893)

0.8153 0.9907 0.7479
(0.6789–0.8038)***

0.7474
(0.6783–0.8034)***

AutoMorph 0.3933
(0.0888–0.6306)***

0.6253
(0.3859–0.7858)***

0.3235
(−0.0683–0.8676)

0.6097
(0.3472-0.8043)

0.5779 0.9494 0.7109
(0.6340–0.7740)***

0.7208
(0.6459–0.7819)***

Adj. ICC, adjusted ICC; ICC, intraclass correlation coefficient.
Higher is better for all measures. 95% confidence intervals in brackets.
*** denotes P < 0.0001. Note that the coverage of the Pearson correlation confidence interval for the 20,000 random pairs might have

inaccurate coverage.
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FIGURE 1. Boxplots for individual-level measurement noise λ for both datasets and methods without quality exclusions, including all available
images. The y-axis has the same scale for all boxplots in a given subplot. Subplot A) is scaled to the data range, subplot B) is scaled such
the boxes themselves fit. The horizontal dashed line indicates λ = 25% as a visual aid.

FIGURE 2. Eyes with the worst and best λ for both methods. The pale boxplots in the background show the distribution of mean FD per
eye across both datasets for visual reference. The colored points with red rim show individual FD measurements for the given eye. For the
worst example, we show the images for the two outliers at the bottom. All other images are randomly sampled. Below the boxplots, we
indicate λ for the eye. Note that the scale of the boxplot for AutoMorph is different for the worst example as it was rescaled to fit the two
outliers.

that are around 5% of the SD of FD or smaller (e.g., in longi-
tudinal images).

Robustness to Image Quality

Figure 3 shows how the distribution of λ changes as
images are excluded because of quality. When no images
are excluded, the highest λ for DART and AutoMorph are
81.02% and 199.96%, respectively. This decreases to 16.19%
and 37.00% when the worst 5% of images are excluded. The
median λ for DART is 3.55% without any exclusions, which
gradually decreases to 1.67% as more images are excluded.
For AutoMorph, the median is 12.65% without exclusions
which decreases to 6.77% with increasing levels of exclu-
sions.

Interestingly, the minimum λ for AutoMorph was 4.80%
without exclusions, and still 3.08% with 35% of the images
being excluded. This contrasts with DART, which had a
constant minimum λ of 0.40% even without exclusions. Thus,
AutoMorph’s best case λ was 7.5 to 12 times higher than
that of DART. AutoMorph’s median was 3.5 times higher
without exclusion and three times higher at best, namely
when 40% of the images were excluded. Overall, exclusion
of poor quality images primarily removes very large outliers,

whereas median and best case repeatability only change
slightly.

The Pearson correlation between λ and worst quality in a
pair for DART was 0.7550 in Caledonia and 0.5350 in GRAPE.
For AutoMorph it was 0.7481 and 0.5606, respectively. If
we instead compute the Pearson correlation between λ and
logit(worst quality), for DART correlations are 0.8570 and
0.5915 in the two datasets, and for AutoMorph 0.8941 and
0.6082 (all P < 0.0001). Thus the raw logits of QuickQual-
MEME’s quality score are a better linear predictor of λ than
the probability itself.

Figure 4 shows λ against the worst image quality in
that eye. Cases of very high λ (>75%) all have very poor
image quality (P(bad) > 0.8), and around P(bad) = 0.6
high measurement noise (>25%) appears to become more
common. We can notice a visual difference between Cale-
donia and GRAPE. In GRAPE, there are cases of high λ

even at good image quality and the correlation between
λ and worst quality is lower. This is not unexpected, the
long interval between images in GRAPE means that there
could be due to changes retinal vasculature. However, λ

is still clearly correlated with worst image quality. Thus,
although there might be genuine changes in vasculature in
GRAPE, cases of high λ are likely driven by poor image
quality.
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FIGURE 3. Individual-level measurement noise λ versus fraction of images excluded due to quality in the Caledonia dataset for DART (A)
and AutoMorph (B). Lower is better. The top, middle, and bottom numbers indicate the highest, median, and lowest values, respectively. For
DART, the lowest value was a constant 0.40% and omitted for space reasons. The dashed blue line joins the highest values. Both plots have
the same scaling to allow for visual comparison. When no images are excluded, there are some outliers that are denoted on the plot.

DISCUSSION

Both methods showed reasonable to good repeatability
at the population level, even without any images being
excluded. Interestingly, Pearson and Spearman correlations
were comparable between Caledonia and GRAPE, despite
the fact that GRAPE should provide a pessimistic lower-
bound of performance for the reasons outlined in the Meth-
ods section. This is likely due to the low between-eyes SD
of FD in Caledonia as subjects were relatively young and
healthy. For DART FD, SD was five times higher in GRAPE
and for AutoMorph 3.7 times. For a constant level of abso-
lute measurement noise, smaller between-eyes SD will yield
lower correlations.

DART showed higher repeatability than AutoMorph for
all metrics, especially so on the Caledonia dataset. On the
GRAPE dataset, both methods were more similar. This could
be due to the long follow-up time, which means that differ-
ences in FD are a combination of genuine vascular changes
and measurement noise, making differences in measurement
noise between the two methods appear less pronounced.

At the individual level, repeatability in terms of λ was
generally good, though there were some large outliers with-
out quality exclusions. These outliers disappear even with
modest levels of image quality exclusions. Repeatability
improved generally as more images were excluded, but
primarily affected large outliers.

Similar to the population-level metrics, DART had smaller
λs than AutoMorph, both with and without quality exclu-
sions. Interestingly, while robustness to image quality issues
was a key motivation for DART’s development, DART not
only had smaller outliers at low levels of exclusions, but
also clear advantage in best, median and worst case λ at any
level of exclusions. Thus DART is also more repeatable in
good quality images.

Based on the values of λ we observed in both
datasets, both AutoMorph and DART might be applicable to
individual-level risk prediction if we are targeting a popula-
tion with large variation in FD, i.e. a more general popu-
lation that is heterogeneous in age and systemic health,
and especially if the expected effect on FD is large. The
observed values of λ are generally small enough that we
would rarely confuse high-, medium-, and low-FD individu-
als, especially when discarding images with very bad quality
(i.e. QuickQual-MEME P(bad) > 0.8).

However, with median λ of 12.65% without exclusions
and 6.64% with a high level of 40% of images excluded
because of quality, AutoMorph would not be able to detect
small changes (e.g., in a cohort with similar age and systemic
health or when looking at longitudinal changes in an indi-
vidual) and might not be useful for individual-level predic-
tions if the effect on FD is small (e.g. for early-stage disease).
DART on the other hand might be able to detect such small
changes with a median λ of 3.55% without exclusions and
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FIGURE 4. Individual-level measurement noise λ versus worst quality per eye for both methods in both datasets. Each point represents one
eye. All plots have the same scaling to allow for visual comparison. The Pearson and Spearman correlation between λ and worst quality is
reported in the top left corner of each plot. The dashed horizontal line indicates λ = 25% as a visual aid.

1.67% with exclusions, which would make it more useful for
individual-level predictions and more appropriate for moni-
toring longitudinal changes.

Generally, these are encouraging results for the applica-
bility of oculomics for individual-level predictions, especially
considering the metrics on the GRAPE dataset provide a
pessimistic lower bound because of its longitudinal nature.
Although population and individual level is a common
dichotomy in the literature, a more repeatable method
is necessarily less noisy, and thus these results are also
encouraging for population-level research. DART was more
repeatable than AutoMorph even when excluding bad
quality images, which highlights the value of designing
robust methods for oculomics and retinal image analysis
generally.

A key limitation of this work is the analyzed datasets.
The GRAPE dataset is longitudinal and thus only provides
a pessimistic lower bound of repeatability. On the other
hand, the Caledonia dataset only contained healthy, rela-
tively young adults and thus had low heterogeneity in FD.
Additionally, there are endless alternative ways of analyzing
the data at hand and further metrics that readers might be
interested in.

Future work should examine repeatability of FD in addi-
tional, diverse cohorts. An ideal dataset for this would span a
very wide age range, include diverse individuals with hetero-

geneous systemic health in different healthcare contexts,
and have longitudinal data with multiple images per visit,
so that measurement noise can be compared to longitudi-
nal changes in the same individuals. Future work should
also analyze the repeatability of additional tools such as
VAMPIRE,13 SIVA,18 or IVAN,19 as well as additional retinal
traits like tortuosity and complexity index.20,21
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Supplementary 

Supplementary Figure 1: Interchangeability of FD measurements by DART and AutoMorph. We use mean 
values per eye to reduce noise and exclude images with p(bad)>0.8. a) shows Bland-Altman plots using the 
original values for both Caledonia (i) and GRAPE (ii). b) shows Bland-Altman plots after DART FD values have 
been mapped to AutoMorph values using isotonic regression, to investigate whether it is possible to 
“translate” between the two tools. c) shows the isotonic regression lines and underlying data. 
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5.3 Conclusion

I think these results are quite encouraging regarding the potential of DART, indeed

to a degree that surprised me when I analysed the data. DART is designed to be

robust so I hoped and expected that it would be more repeatable than traditional

approaches in the case of mixed image quality. However, I did not expect that it would

be more repeatable even when poor quality images were excluded. Indeed, I think

there was reason to think that it would be less repeatable for good quality images. One

common criticism of DART is that it is a “black box” whereas the traditional approach

of segmentation, refinement, box counting is more interpretable. I think this view has

its limits, for instance previous work showed that different pipelines - each receiving

the same high quality images as inputs - produced retinal traits that were the same in

name but had poor to limited agreement (McGrory et al., 2018). To me this illustrates

that while we might feel that each of the steps are easy to understand, there are

differences in implementation as well as complex interactions between the different

steps. Something comprised of multiple things that are individually simple can itself

be highly complex, and for example a small change in vessel segmentation could

propagate through the subsequent steps and end up having a large effect on the final

output in a way that is hard to anticipate from studying each step in isolation.

From a theoretical perspective, the results are not entirely surprising. DART learned

to “map” from images to fractal dimension and during that process was encouraged to

ignore rather substantial variations in image quality and map different versions of the

same image to the same number. This process likely also encouraged ignoring small

variations in image quality and mapping slightly different versions of the same image

(i.e. multiple pictures of the same eye during the same visit) to the same number. Still, I

did not expect that DART would be more repeatable for high quality images, too. When

analysing the data, I was very careful and mindful of avoiding anything that might bias

the results in favour of DART, since it is a method I developed myself. I think the results

are reliable and accurate, but I hope that in the future other researchers independently

compare DART with other approaches to validate my findings.

In the future, this analysis should be repeated on larger, more diverse repeated dataset.

The repeated dataset from Glasgow Caledonian University was of young, healthy

adults who had relatively high fractal dimension and generally very high image qual-

ity. The GRAPE dataset from Zhejiang University (Huang et al., 2023) was more di-

verse in terms of age, but only included glaucoma patients and due to its longitudinal
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nature only provided a lower bound for repeatability. Additionally, future work should

investigate whether improved repeatability and robustness indeed translate to stronger

statistical associations and increased predictive power. It would also be interesting to

examine repeatability and robustness of other retinal image analysis tools. Finally, now

that we have some estimates for repeatability, it would be interesting to investigate

whether there is any meaningful level of diurnal variation of fractal dimension, which

future studies might then adjust for.



Chapter 6

Machine learning for automated

analysis of the choroid in optical

coherence tomography images

6.1 Introduction

The choroid is a highly vascular tissue situated between the retina and the sclera, the

outer white part of the eye, that supplies the outer retina with blood. This location

makes it hard to image and thus traditionally it has not been studied as much in

relation to systemic health as the retinal vasculature that can be seen in colour fundus

images. With the advent of and improvements in optical coherence tomography, in-

cluding enhanced depth imaging (Spaide et al., 2008), the choroid can now be imaged

easily and is increasingly studied in relation to cardiovascular (Yeung et al., 2020),

neurodegenerative (Kundu et al., 2023; Robbins et al., 2021), and renal (Balmforth

et al., 2016; Burke et al., 2023b; Shin et al., 2019) conditions. The choroid is of course

also of interest in ophthalmology, e.g. in relation to myopia (Read et al., 2019) or central

serous chorioretinopathy (Semeraro et al., 2019).

Quantitative analysis of the choroid through retinal traits such as choroidal thickness

or vascular index (Iovino et al., 2020) requires segmentation of the choroid region

and the vasculature within it. Manual segmentation requires experienced graders, is

somewhat time-consuming for the region and almost prohibitively so for the vascu-

lature, and introduces subjectivity. Semi-automatic methods (Burke and King, 2021;

Eghtedar et al., 2022) only partially alleviate these issues. For region segmentation,

fully-automatic methods have been proposed but require a good understanding of

image processing and proprietary software to use (Mazzaferri et al., 2017), or do not

currently appear to openly available (Kugelman et al., 2019; Xuan et al., 2023). For

76
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vessel segmentation, there are thresholding-based methods (Agrawal et al., 2020).

However, even different implementations of the same thresholding method might have

poor agreement (Wei et al., 2018). Furthermore, due to variations in the optical coher-

ence tomography images, due to image quality, scan settings, or device manufacturer,

thresholding methods might require some adjustment of their parameters, which re-

introduces subjectivity and the need for technical knowledge. Some deep learning-

based methods for choroidal vessel segmentation have been proposed (Liu et al.,

2019; Muller et al., 2022), but again do not currently appear to be openly available.

Easy-to-use, openly available tools for automatic analysis of the choroid could help

accelerate this nascent field of study.

This work was undertaken with a dear colleague of mine and fellow PhD student,

Jamie Burke, whose PhD is focused on choroidal analysis. Despite both being at

the same university, we only properly met when attending at ARVO annual meeting,

a leading ophthalmology conference. At that point, Jamie had already developed a

semi-automatic method for choroidal region segmentation called Gaussian Process

Edge Tracing (Burke and King, 2021), or GPET for short, which required about half a

minute of time and some manual inputs for each optical coherence tomography B-scan.

I suggested that a deep learning model for segmentation could likely make this task

fully-automatic and after returning to Edinburgh we started working on this project.

Our collaboration already resulted in two peer-reviewed publications and substantial

knowledge transfer between us.

Of course, this thesis is titled “machine learning for retinal image analysis” yet strictly

speaking the choroid is distinct from the retina. Posterior segment optical coherence

tomography is commonly referred to as a type of retinal imaging, while “ocular posterior

segment imaging” is not a particularly common term. In terms of both methods and

applications, this work does fit very well with this thesis.

6.2 Papers

6.2.1 Contributions

As mentioned in section 1.2 of this thesis as well as the introduction to this chapter, this

is work I have jointly undertaken with my dear colleague Jamie Burke, who is likewise

currently a PhD student. We are “joint first authors” on both manuscripts, while alternat-

ing the ordering of our names. Jamie’s PhD is focused on choroidal analysis and he has
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deep expertise regarding both the choroid and optical coherence tomography imaging.

Prior to working with me, he had already developed a semi-automatic method for

choroidal region segmentation and code for calculation of choroidal area and thickness.

He also curated relevant datasets. The work in this chapter builds on his work. I

primarily contributed expertise regarding deep learning, writing the code for the deep

learning part, and trained, validated and selected the models. However, while working

together, we collaborated closely on all parts of the work and exchanged knowledge,

so that now Jamie is very proficient in training deep learning models himself, while I

learned a lot more about the choroid and optical coherence tomography. In addition to

the deep learning part, I also had substantial contributions regarding the study design

and key decisions regarding the data curation and evaluation, analysis of the results,

as well as writing of the manuscript. Jamie and I led both pieces of work, with our

collaborators primarily providing guidance, data, clinical expertise, and assisting in the

manual evaluation of our models and baselines. Thus, in my opinion, both pieces of

work are worthy of inclusion in the present thesis, just as they will be worthy of inclusion

in Jamie’s thesis.

6.2.2 First paper

Published under an open license.



Artificial Intelligence

An Open-Source Deep Learning Algorithm for Efficient and
Fully Automatic Analysis of the Choroid in Optical
Coherence Tomography

Jamie Burke1,
*
, Justin Engelmann2,3,* , Charlene Hamid4, Megan Reid-Schachter4,

Tom Pearson5, Dan Pugh6, Neeraj Dhaun6, Amos Storkey7, Stuart King1,
Tom J. MacGillivray4,8, Miguel O. Bernabeu3,9, and Ian J. C. MacCormick7,10

1 School of Mathematics, University of Edinburgh, Edinburgh, UK
2 School of Informatics, University of Edinburgh, Edinburgh, UK
3 Centre for Medical Informatics, University of Edinburgh, Edinburgh, UK
4 Clinical Research Facility and Imaging, University of Edinburgh, Edinburgh, UK
5 University Hospital Wales, NHS Wales, Cardiff, Wales, UK
6 British Heart Foundation Centre for Cardiovascular Science, University of Edinburgh, Edinburgh, UK
7 Institute for Adaptive and Neural Computation, School of Informatics, University of Edinburgh, Edinburgh, UK
8 Centre for Clinical Brain Sciences, University of Edinburgh, Edinburgh, UK
9 The Bayes Centre, University of Edinburgh, Edinburgh, UK
10 Centre for Inflammation Research, The Queen’s Medical Research Institute, University of Edinburgh, Edinburgh, UK

Correspondence: Jamie Burke,
School of Mathematics, University of
Edinburgh, College of Science and
Engineering, Edinburgh, UK. e-mail:
jamie.burke@ed.ac.uk

Received: August 22, 2023
Accepted: October 24, 2023
Published: November 21, 2023

Keywords: choroid; optical
coherence tomography; deep
learning; segmentation

Citation: Burke J, Engelmann J,
Hamid C, Reid-Schachter M, Pearson
T, Pugh D, Dhaun N, Storkey A, King
S, MacGillivray TJ, Bernabeu MO,
MacCormick IJC. An open-source
deep learning algorithm for efficient
and fully automatic analysis of the
choroid in optical coherence
tomography. Transl Vis Sci Technol.
2023;12(11):27,
https://doi.org/10.1167/tvst.12.11.27

Purpose: To develop an open-source, fully automatic deep learning algorithm, DeepG-
PET, for choroid region segmentation in optical coherence tomography (OCT) data.

Methods:We used a dataset of 715 OCT B-scans (82 subjects, 115 eyes) from three clini-
cal studies related to systemic disease. Ground-truth segmentations were generated
using a clinically validated, semiautomatic choroid segmentation method, Gaussian
Process Edge Tracing (GPET). We finetuned a U-Net with the MobileNetV3 backbone
pretrained on ImageNet. Standard segmentation agreement metrics, as well as derived
measures of choroidal thickness and area, were used to evaluate DeepGPET, alongside
qualitative evaluation from a clinical ophthalmologist.

Results:DeepGPET achieved excellent agreementwith GPET on data from three clinical
studies (AUC = 0.9994, Dice = 0.9664; Pearson correlation = 0.8908 for choroidal thick-
ness and 0.9082 for choroidal area), while reducing themean processing time per image
on a standard laptopCPU from34.49± 15.09 seconds usingGPET to 1.25± 0.10 seconds
using DeepGPET. Bothmethods performed similarly according to a clinical ophthalmol-
ogistwhoqualitatively judgeda subset of segmentationsbyGPET andDeepGPET, based
on smoothness and accuracy of segmentations.

Conclusions: DeepGPET, a fully automatic, open-source algorithm for choroidal
segmentation, will enable researchers to efficiently extract choroidal measurements,
even for large datasets. As no manual interventions are required, DeepGPET is less
subjective than semiautomatic methods and could be deployed in clinical practice
without requiring a trained operator.

TranslationalRelevance:DeepGPET addresses the lack of open-source, fully automatic,
and clinically relevant choroid segmentation algorithms, and its subsequent public
release will facilitate future choroidal research in both ophthalmology and wider
systemic health.
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Introduction

The retinal choroid is a complex, extensively inter-
connected vessel network positioned between the retina
and the sclera. The choroid holds the majority of
the vasculature in the eye and plays a pivotal role
in nourishing the retina. Optical coherence tomogra-
phy (OCT) is an ocular imaging modality that uses
low-coherence light to construct a three-dimensional
map of chorioretinal structures at the back of the
eye. Standard OCT imaging does not visualize the
deeper choroidal tissue well, as the tissue sits beneath
the hyperreflective retinal pigment epithelium layer
of the retina. Enhanced depth imaging OCT (EDI-
OCT) overcomes this problem and offers improved
visualization of the choroid, thus providing a unique
window into the microvascular network that not
only resides closest to the brain embryologically but
also carries the highest volumetric flow per unit
tissue weight compared to any other organ in the
body.

Since the advent of OCT, interest in the role played
by the choroid in systemic health has been growing,1
as non-invasive imaging of the choroidal microvas-
culature may provide a novel location to detect
systemic, microvascular changes early. Indeed, changes
in choroidal blood flow, thickness, and other markers
have been shown to correspond with patient health
such as choroidal thickness in chronic kidney disease2
and choroidal area and vascularity in Alzheimer’s
dementia.3

Quantification of the choroid in EDI-OCT imaging
requires segmentation of the choroidal space. However,
this is a more difficult problem than retinal layer
segmentation due to poor signal penetration from
the device—and thus lower signal-to-noise ratio—and
shadows cast by superficial retinal vessels and choroidal
stroma tissue. This results in poor intra- and interrater
agreement even with manual segmentation by experi-
enced clinicians, and manual segmentation is too labor
intensive and subjective to be practical for analyzing
large-scale datasets.

Semiautomated algorithms improve on this slightly
but are typically multistage procedures, requiring tradi-
tional image processing techniques to prepare the
images for downstream segmentation.4 Methods based
on graph theory such as Dijkstra’s algorithm5,6 or
graph cut,7 as well as on statistical techniques including
level sets,8,9 contour evolution,10 andGaussianmixture
models,11 have been proposed previously. Concur-
rently, deep learning (DL)-based approaches have
emerged. Chen et al.12 used a DL model for choroid
layer segmentation but with traditional contour tracing

as a postprocessing step. Other DL-based approaches,
too, combine traditional image processing techniques
as pre- or postprocessing steps,13–15 whereas others are
fully DL based,16,17 the latter of which is in a similar
vein to the proposed method. More recently, DL
has been used to distill existing semiautomatic tradi-
tional image processing pipelines into a fully automatic
method.18

Gaussian Process Edge Tracing (GPET), based on
Bayesian machine learning,19 is a particularly promis-
ing method for choroid layer segmentation that has
been clinically and quantitatively validated.20 Gaussian
process regression is used tomodel the upper and lower
boundaries of the choroid from OCT scans. For each
boundary, a recursive Bayesian scheme is employed to
iteratively detect boundary pixels based on the image
gradient and the distribution of candidate boundaries
by the Gaussian process regressor. However, GPET
is semiautomatic and thus requires time-consuming
manual interventions by specifically trained personnel,
which introduces subjectivity and limits the potential
for analyzing larger datasets or deploying GPET into
clinical practice.

There are currently no accessible, open-source
algorithms for fully automatic choroidal segmenta-
tion. All available algorithms fall into one of three
categories: First, semiautomatic methods21,22 that
require human supervision and training and intro-
duce subjectivity. Second, fully automatic DL-based
methods that are not openly accessible, either provid-
ing only the code but not the trained model necessary
to use the method23 or not providing any access at the
time of writing.24 Third, fully automatic algorithms
comprisingmany steps that require a good understand-
ing of image processing techniques and a license for
proprietary software (MATLAB; MathWorks, Natick,
MA).25

We aimed to develop and release an open-source,
raw image-to-measurement, fully automatic method
for choroid region segmentation that can be easily
used without special training and does not require
licenses for proprietary software (Fig. 1). Importantly,
we intend not only to make our method available to
the research community but also to do so in a friction-
less way that allows other researchers to download
and use our method without seeking our approval.
We distill GPET into a DL algorithm, DeepGPET,
which can process images without supervision in a
fraction of the time, permitting analysis of large-scale
datasets and potential deployment into clinical care
and research practice without prior training in image
processing. The code and model weights for DeepG-
PET are available at https://github.com/jaburke166/
deepgpet.
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Manual selection 
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Fully-automatic
DL algorithm

Semi-Automatic GPET

Fully-Automatic DeepGPET
Fully-automatic – does not

require human input

Fast – processes a scan in 
1.25s instead of 34.49s

Accessible – open-source & 
no proprietary dependencies

Figure 1. Comparison between the semi-automatic GPET19,20 (top) and fully automatic DeepGPET (bottom).

Methods

Study Population

We used 715 OCT B-scans belonging to 82 subjects
from three studies: (1) OCTANE,26 a study looking
at renal function and impairment in chronic kidney
disease patients; (2) i-Test, a study recruiting pregnant
women of any gestation or those who have delivered a
baby within 6 months, including controls and individ-
uals at high risk of complications; and (3) norma-
tive data from 30 healthy volunteers as a control
group.27 All studies conformed to the tenets of the
Declaration of Helsinki and received relevant ethical
approval and informed consent from all subjects. Table
1 provides an overview of basic population charac-
teristics and number of subjects and images for these
studies. Supplementary Figure S1 presents boxplot
distributions of choroidal thickness and area for the

three datasets used to build DeepGPET, and Table 1
presents tabular mean and standard deviation values.

Two Heidelberg Engineering (Heidelberg,
Germany) spectral-domain OCT SPECTRALIS
devices were used for image acquisition: the Standard
Module (OCT1 system) and FLEX Module (OCT2
system). The FLEX is a portable version that enables
imaging of patients in a ward environment. Both
machines image a 30° region (8.7 mm), generating a
macular, cross-sectional OCT B-scan at a resolution
of 768 × 768 pixels. Notably, 14% of the OCT B-scans
were scanned without EDI mode activated (non-EDI)
and thus presentedmore challenging images with lower
signal-to-noise ratios in the choroidal part of the OCT.
Horizontal line and vertical scans were centered at
the fovea with active eye tracking using an Automatic
Real Time (ART) value of 100. Posterior pole macular
scans covered a 30° × 25° region using EDI mode.

We split the data into an approximately 85:8:7 split
among training (603 B-scans, 66 subjects), validation

Table 1. Overview of Population Characteristics

OCTANE i-Test Control Total

Subjects, n 47 5 30 82
Male/female, n 24/23 0/5 20/10 44/38
Right/left eyes, n 47/0 5/5 29/29 81/34
Age (y), mean (SD) 48.8 (12.9) 34.4 (3.4) 49.1 (7.0) 48.0 (11.2)
Machine Standard FLEX Standard Both
Horizontal/vertical scans, n 166/0 16/16 57/54 239/70
Volume scans, n 174 186 46 406
Total B-scans, n 340 218 157 715
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(58 B-scans, 9 subjects), and test sets (54 B-scans, 7
subjects). When splitting the data, we did so at the
patient level; that is, each subject’s OCT images were
present in only one set and they were selected so that
each set had proportionally equal amounts of scan
types (EDI/non-EDI) to best represent image quality.
See Supplementary Table S1 for an overview of basic
population and imaging characteristics for each set.

DeepGPET

As the ground truths are based on GPET,
DeepGPET can be can be seen as a more efficient,
fully automatic and distilled version of GPET.
Our approach was to fine-tune a U-Net28 with a
MobileNetV329 backbone pretrained on ImageNet for
60 epochs with batch size 16 using AdamW30 (learn-
ing rate [LR] = 10−3; β1 = 0.9; β2 = 0.999; weight
decay = 10−2). After epoch 30, we maintained an
exponential moving average of model weights which
we then used as our final model. We used the following
data augmentations: brightness and contrast changes,
horizontal flipping, and simulated OCT speckle noise
by applying Gaussian noise followed by multiplicative
noise (all P = 0.5), and Gaussian blur and random
affine transforms (both P = 0.25). To reduce memory
load, we cropped the black space above and below the
OCT B-scan and processed the images at a resolution
of 544 × 768 pixels. Images were standardized by
subtracting 0.1 and dividing by 0.2, and no further
preprocessing was done.We used Python 3.11, PyTorch
2.0, Segmentation Models PyTorch,31 and the timm
library.32

Statistical Analysis

We used the Dice coefficient and area under the
receiver operating characteristic curve (AUC) for evalu-
ating agreement in segmentations, as well as the
Pearson correlation coefficient (r) and mean absolute
error (MAE) for segmentation-derived choroid thick-
ness and area. The calculation of thickness and area
from the segmentation is described in more detail in
Burke et al.20 Briefly, for thickness, the average of three
measures was used, taken at the fovea and 2000 μm
from it in either direction by drawing a perpendicular
line from the upper boundary to the lower boundary to
account for choroidal curvature. For area, pixels were
counted in a region of interest with radius 3000 μm
around the fovea, corresponding to the commonly used
Early TreatmentDiabeticRetinopathy Study (ETDRS)
macular area of 6000 × 6000 μm.33

We compared the agreement of DeepGPET with
GPET segmentations against the repeatability of

GPET itself. The creator of GPET (J.B.) made both
the original and repeated segmentations with GPET.
Because both segmentations were done by the same
person there was no interrater subjectivity at play.
Thus, the intrarater agreement measured here is a best-
case scenario and forms an upper bound for agree-
ment with the original segmentations and any other
semiautomatic method requiring manual input, which
can necessarily be subject to human variability, unlike
DeepGPET.

In addition to quantitative evaluations, we also
compared segmentations by GPET and DeepGPET
for 20 test-set OCT images qualitatively by having
them rated by an experienced clinical ophthalmolo-
gist (I.J.C.M.). We selected seven examples with the
highest disagreement in thickness and area, seven
examples with disagreement closest to the median,
and six examples with the lowest disagreement. Thus,
these 20 examples cover cases where both methods are
very different, cases of typical disagreement, and cases
where both methods are very similar. In each instance,
the ophthalmologist (I.J.C.M.) was shown the segmen-
tations of both methods overlaid on the OCT (blinded
to which method produced which segmentation) and
was also providedwith the raw, full-resolutionOCT.He
was then asked to rate each one along three dimensions:
quality of the upper boundary, quality of the lower
boundary and overall smoothness using an ordinal
scale of “very bad”, “bad”, “okay”, “good”, or “very
good.”

Results

Quantitative

Table 2 shows the results for DeepGPET and a
repeat GPET compared to the initial GPET segmen-
tation as “ground truth.”

Agreement in Segmentation
Both methods show excellent agreement with the

original segmentations. The agreement of DeepGPET
is comparable to the repeatability of GPET itself, with
the DeepGPET AUC being slightly higher (0.9994 vs.
0.9812) and the Dice coefficient slightly lower (0.9664
vs. 0.9672). DeepGPET performing better in terms of
AUC but worse in terms of Dice suggests that, for
pixels where it disagreedwithGPETafter thresholding,
the confidence is lower than for ones where it agreed
with GPET. This in turn suggests that DeepGPET is
well calibrated based on the raw predictions made for
each pixel.
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Table 2. Metrics for DeepGPET and Repeated GPET Using the Initial GPET Annotation as Ground Truth

Thickness Area

Method AUC Dice Time (s/image), Mean ± SD Pearson’s r MAE (μm) Pearson’s r MAE (mm2)

DeepGPET 0.9994 0.9664 1.25 ± 0.10 0.8908 13.3086 0.9082 0.0699
Repeat GPET 0.9812 0.9672 34.49 ± 15.09 0.9527 10.4074 0.9726 0.0486

(A) (B)

Figure 2. Correlation plots comparing derived measures of mean choroid thickness (A) and choroid area (B) using DeepGPET and the
resegmentations using GPET.

Processing Speed andManual Interventions
Both methods were compared on the same standard

laptop CPU. DeepGPET processed the images in only
3.6% of the time that GPET required. DeepGPET
was fully automatic, and it successfully segmented all
images, whereas GPET required 1.27 manual inter-
ventions on average, including selecting initial pixels
and manual adjustment of GPET parameters when the
initial segmentation failed.

This faster processing results in massive time
savings. A standard OCT volume scan consists of 61
B-scans. With GPET, processing such a volume for
a single eye takes about 35 minutes, during which a
person has to select initial pixels to guide tracing (for all
images) and adjust parameters if GPET initially failed
(for about 25% of images). In contrast, DeepGPET
could do the same processing in about 76 seconds on
the same hardware, during which no manual input is
needed. DeepGPET could even be GPU accelerated to
cut the processing time by another order of magnitude.

The lack of manual interventions required by
DeepGPET means that no subjectivity is introduced,
unlike GPET, particularly when used by different

people. Additionally, DeepGPET does not require
specifically trained analysts and could be used fully
automatically in clinical practice.

Agreement in Choroid Area and Thickness
GPET showed very high repeatability for thickness

(Pearson’s r = 0.9527; MAE = 10.4074 μm) and area
(Pearson’s r = 0.9726; MAE = 0.0486 mm2). DeepG-
PET achieved slightly lower, yet also very high agree-
ment for both thickness (Pearson’s r = 0.8908; MAE
= 13.3086 μm) and area (Pearson’s r = 0.9082; MAE
= 0.0699 mm2). Figure 2 shows correlation plots for
thickness and area. The agreement between DeepG-
PET and GPET did not quite reach the repeatabil-
ity of GPET itself when used by the same experi-
enced analyst, but it was quite comparable and high
in absolute terms. Especially noteworthy is that the
MAE for thickness and area was only 21% lower for
thickness and 30% lower for area for repeated GPET
than for DeepGPET. Thus, DeepGPET comes quite
close to optimal performance (i.e., best-case repeatabil-
ity where the same experienced analyst did both sets of
annotation).
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(A) (B)

Figure 3. Bland–Altmanplots comparing the agreement betweenDeepGPET andGPET usingmean choroid thickness (A) and choroid area
(B).

Table 3. Qualitative Ratings of 20 Test Set Segmentations Along Three Key Dimensions

Method Upper Boundary Lower Boundary Smoothness

DeepGPET Very good: 20 Very good: 4; good: 10; okay: 4; Bad: 2 Very good: 5; good: 12; okay: 2; bad: 1
GPET Very good: 20 Very good: 6; good: 6; okay: 8; Bad: 0 Very good: 6; good: 13; okay: 1; bad: 0

The rater was blinded to the identity of the methods, and their order was randomized for every example.

Furthermore, the regression fits in both derived
measures for DeepGPET are closer to the identity
line than for the repeated GPET measurements. For
choroid thickness (CT), the linear fit estimated a slope
value of 1.043 (95% confidence interval [CI], 0.895–
1.192) and intercept of −7.308 μm (95%CI,−48.967 to
34.350). For choroid area (CA), the linear fit estimated
a slope value of 1.01 (95% CI, 0.878–1.137) and an
intercept of 0.016 mm2 (95% CI, −0.195 to 0.226). All
CIs contain 1 and 0 for the slope and intercepts, respec-
tively, suggesting no systematic bias or proportional
difference between GPET and DeepGPET.34,35

Figure 3 shows the residuals between DeepGPET
and the ground-truth labels from the held-out test set
using Bland–Altman plots.36 Rahman et al.37 found
that intrarater agreement and interrater agreement
of subfoveal choroidal thickness measurements were
23 μm and 32 μm, respectively. For CT, only 9.3%
were greater than 23 μm in absolute value (5/54), with
four of these representing major sources of disagree-
ment. Similarly, for CA, the majority of residuals were
centered on 0 (mean residual of −0.02 mm2), with
only 5.5% of residuals (3/54) lying outside the limits of
agreement.

Qualitative

Table 3 shows the results of the adjudication
between GPET and DeepGPET. The upper boundary
was rated as “very good” for both methods in all 20
cases. However, for the lower boundary, DeepGPET
was rated as “bad” in two cases for the lower boundary
and one case for smoothness. Otherwise, both methods
performed very similarly.

Figure 4 shows some examples. Figure 4A shows
that DeepGPET segmented more of the temporal
region than did GPET, thus providing a full-width
segmentation that was preferred by the rater. Addition-
ally, both approaches are able to segment a smooth
boundary, even in regions with stroma fluid obscur-
ing the lower boundary (red arrow). In Figure 4B, the
lower boundary for this choroid is very faint and is
actually below the majority of the vessels sitting most
posterior (red arrow). DeepGPET produced a smooth
and concave boundary preferred by the rater, whereas
GPET fell victim to hugging the posterior-most vessels
in the subfoveal region. In Figure 4C, DeepGPET
rejected the true boundary in the low-contrast region
(red arrow) and opted for a more well-defined one,
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(A) (B) (C) (D)

Figure 4. Four examples from the adjudication. The rater preferred DeepGPET for panels (A) and (B) and GPET for panels (C) and (D). (Top
row) Green indicates segmentation by both GPET and DeepGPET; red, by GPET only; and blue, by DeepGPET only. (Bottom row) The arrows
indicate important choroidal features that canmake segmentation challenging. (A) No large vessels are in the nasal region to guide segmen-
tation. (B) Lower boundary is very faint and below the posteriormost vessels. (C) Lower boundary is noisy and faint. (D) Large suprachoroidal
space is visible.

whereas GPET segmented the more uncertain path.
Because GPET permits human intervention, there is
more opportunity to finetune its parameters to fit what
the analyst believes is the true boundary. Here, the
rater preferred GPET, whereas the under-confidence
of DeepGPET led to undersegmentation and to a bad
rating. In Figure 4D, the lower boundary is difficult
to delineate due to a thick suprachoroidal space (red
arrow) and thus a lack of lower boundary definition.
Here, the rater gave a bad rating to DeepGPET and
preferred GPET, but remarked that GPET actually
under-segmented the choroid by intersecting through
posterior vessels. The choroids in Figures 4B to 4D
are the choroids with the largest CT and CA disagree-
ment between DeepGPET and GPET as observed
in Figure 3.

Discussion

We developed DeepGPET, a fully automatic and
efficient method for choroid layer segmentation, by
distilling GPET, a clinically validated semiautomatic
method.DeepGPETachieved excellent agreementwith
GPET on held-out data in terms of segmentation
and derived choroidal measurements, approaching the
repeatability of GPET itself and well within the thresh-
old expected to exceed interrater agreement as observed
in previous work.37 We also found no significant
association between segmentation performance (via
Dice score) and choroidal thickness or area and the
Heidelberg signal-to-noise quality index in the held-

out test set (Supplementary Table S3 and Supplemen-
tary Fig. S2). Most importantly, DeepGPET does not
require specialist training and can process images fully
automatically in a fraction of the time, enabling analy-
sis of large-scale datasets and potential deployment in
clinical practice.

Although the observed agreement was very high,
it was not perfect. However, even higher agreement
with GPET would not necessarily produce a better
method, as GPET itself is not perfect and even concep-
tually there is debate around the exact location of
the choroid–scleral interface (CSI), the lower choroid
boundary in an OCT B-scan. CSI is commonly defined
(e.g., by the original authors behind EDI-OCT38) as
the smooth inner boundary between the choroid and
sclera, or just below the most posterior vessels but
excluding the suprachoroidal space. However, even
that definition is still debated and can be difficult to
discern in practice. Not all choroids are smooth, and
there are edge cases such as vessels passing from the
sclera into the choroid or stroma fluid obscurations
that make the boundary even more ambiguous. These
features, coupled with low signal-to-noise ratio and
vessel shadowing from superficial retinal vessels, all
contribute to the difficult challenge of choroid layer
segmentation.

For quantitative analysis of choroidal phenotypes,
the specific definition of the CSI is secondary to
applying the same, consistent definition across and
within patients. Here, fully automatic methods such
as DeepGPET provide great benefit by removing the
subjectivity present in semiautomatic methods. Where
semiautomatic methods require manual input, two
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Figure 5. An example peripapillary scan from the Heidelberg Standard Module, automatically segmented by DeepGPET without manual
intervention.

(A) (B) (C)

Figure 6. Three OCT B-scan images from a Topcon imaging device, of which two were successful (A, B) and one was not (C).

analysts with different understandings of the CSI could
produce vastly different segmentations. With DeepG-
PET, the same image is always segmented in the same
way, removing subjectivity.

Initial experiments with other types of OCT
imaging have positively indicated the ability of DeepG-
PET to generalize to different visualizations of the
choroid. Figure 5 shows a peripapillary scan extracted
from the Heidelberg Standard Module, centered
on the optic head, with the choroid automatically
segmented. Figure 6 shows choroid segmentations
using DeepGPET for three OCT B-scans from a
Topcon device (DRI OCT Triton Plus; Topcon, Tokyo,
Japan)—two cases where DeepGPET worked well and
one case where it did not. This result shows some
promise in the usability of DeepGPET for scans differ-
ent from the Heidelberg macular line scans on which
it was trained. We hope in future iterations to extend
the training data with scans from different imaging
devices and scan locations. We recommend those using
DeepGPET on non-Heidelberg images to review the
segmentations afterward as a sanity check.

In the present work, we used data from three studies
and two OCT devices and included both EDI and non-
EDI scans. However, we only used data from subjects

that were either healthy or had systemic but not eye
disease, for which DeepGPET might not be robust.
In future work, we plan to externally validate DeepG-
PET and include cases of ocular pathologies. A further
limitation is that, although GPET has been clini-
cally validated, not all segmentations used for train-
ing DeepGPET were entirely perfect. Thus, revisit-
ing some of the existing segmentations and manually
improving them to a “gold standard” for purposes
of training the model could improve DeepGPET. For
example, GPET does not always segment the entire
width of the choroid. Interestingly, DeepGPET already
is able to do that in some cases (Figures 4A, 5, 6), and
also emulates the incomplete segmentations by GPET
in other cases. A model trained on enhanced “gold
standard” segmentations would produce even better
segmentations.

Finally, we have focused on segmentation, as it is
the most important and most time-consuming step
of choroidal analysis. However, the location of the
fovea on OCT images must be identified to define
the region of interest for derived measurements such
as thickness, area, and volume. Identifying the fovea
is less time consuming or ambiguous than choroid
segmentation, so we plan to extend DeepGPET to
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output the fovea location. This would make DeepG-
PET a fast and efficient end-to-end framework capable
of converting a raw OCT image to a set of clini-
cally meaningful segmentation-derived measurements.
Likewise, segmenting the choroidal vessels is a very
challenging task even for humans and would be
prohibitively time consuming to do manually; however,
in the future we aim to explore whether DeepGPET
can automatically segment the vasculature within the
choroid, as well.

Conclusions

Choroid segmentation is a key step in calculating
choroidal measurements such as thickness and area.
Currently, this is commonly done manually, which is
labor intensive and introduces subjectivity. Semiauto-
matic methods only partially alleviate both of these
problems, and previous fully automatic methods have
not been easily accessible for researchers. DeepGPET
addresses this gap as a fully automatic, end-to-end
algorithm that does not require manual interventions.
DeepGPETprovides performance similar to that of the
previously clinically validated, semiautomatic GPET
while being fully automatic and an order of magni-
tude faster. This enables the analysis of large-scale
datasets and potential deployment in clinical practice
without requiring a trained operator. Although the
definition of the lower choroid boundary is still subject
to debate (especially when it comes to suprachoroidal
spaces), the most important consideration is to have
a method that consistently applies the same defini-
tion across subjects and studies, which DeepGPET as
a fully automatic method does. As an easily accessi-
ble, open-source algorithm for choroid segmentation,
DeepGPET will enable researchers to easily calculate
choroidal measurements much faster and with less
subjectivity than before.
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(a) (b)

Figure S1: Box-plot distribution plots of choroid thickness (a) and choroid area (b) of the three 
datasets, OCTANE, i-Test and Normative.

Figure 6.1: Supplementary Figure S1.

Additional supplementary data can be found online: https://tvst.arvojournals

.org/article.aspx?articleid=2793042.
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PURPOSE. To develop Choroidalyzer, an open-source, end-to-end pipeline for segment-
ing the choroid region, vessels, and fovea, and deriving choroidal thickness, area, and
vascular index.

METHODS. We used 5600 OCT B-scans (233 subjects, six systemic disease cohorts, three
device types, two manufacturers). To generate region and vessel ground-truths, we used
state-of-the-art automatic methods following manual correction of inaccurate segmenta-
tions, with foveal positions manually annotated. We trained a U-Net deep learning model
to detect the region, vessels, and fovea to calculate choroid thickness, area, and vascular
index in a fovea-centered region of interest. We analyzed segmentation agreement (AUC,
Dice) and choroid metrics agreement (Pearson, Spearman, mean absolute error [MAE])
in internal and external test sets. We compared Choroidalyzer to two manual graders on
a small subset of external test images and examined cases of high error.

RESULTS. Choroidalyzer took 0.299 seconds per image on a standard laptop and achieved
excellent region (Dice: internal 0.9789, external 0.9749), very good vessel segmentation
performance (Dice: internal 0.8817, external 0.8703), and excellent fovea location predic-
tion (MAE: internal 3.9 pixels, external 3.4 pixels). For thickness, area, and vascular index,
Pearson correlations were 0.9754, 0.9815, and 0.8285 (internal)/0.9831, 0.9779, 0.7948
(external), respectively (all P < 0.0001). Choroidalyzer’s agreement with graders was
comparable to the intergrader agreement across all metrics.

CONCLUSIONS. Choroidalyzer is an open-source, end-to-end pipeline that accurately
segments the choroid and reliably extracts thickness, area, and vascular index. Espe-
cially choroidal vessel segmentation is a difficult and subjective task, and fully automatic
methods like Choroidalyzer could provide objectivity and standardization.

Keywords: OCT, choroid, deep learning, automated analysis

The retinal choroid is a densely vascularized tissue
at the back of the eye, providing essential nutrients

and support to the outer retinal pigment epithelium and
photoreceptors.1 The choroid is emerging as a window
into systemic vascular health, including brain,2 kidney,3 and
heart.4 The choroid is also affected by ophthalmic condi-
tions like myopia.5 Thus, the choroid is a potential source
of biomarkers for ocular and nonocular disease.6–9 This is
driven by improvements in optical coherence tomography

(OCT) imaging, especially enhanced depth imaging OCT
(EDI-OCT).10 Previously, only the retinal layers were well
captured, whereas the choroid, which sits below the hyper-
reflective retinal pigment epithelium, was not imaged well
and thus received little attention. Now, the choroid can be
captured well and is a promising frontier for systemic health
assessment,11 especially as OCT devices become common-
place even at high street optometrists. To compute choroidal
metrics that could serve as potential vascular biomarkers
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FIGURE 1. A comparison between Choroidalyzer and the existing state of choroidal analysis. To obtain choroidal metrics in a fovea-centered
region of interest, researchers currently need to combine many different tools. Choroidalyzer unifies everything into a end-to-end pipeline
that is very fast and convenient to use.

like choroidal thickness, area, or vascular index, the choroid
region and vasculature must be identified and segmented
accurately and reliably.

While choroidal region segmentation is relatively straight-
forward compared to vessel segmentation, as only a single
shape needs to be identified per scan, accurate detection of
the lower choroid boundary (choroid-sclera, C-S, junction)
can be time-consuming and at times ambiguous due to poor
contrast or image noise. While semiautomatic methods have
been proposed,6,12–20 these typically require training and
expertise to use and do not remove human error and subjec-
tivity. Fully automatic, deep learning–based approaches to
region segmentation have been proposed and address both
the time-intensive and the ambiguous nature of region
segmentation, drastically improving both the ease and stan-
dardization of choroidal segmentation. Many of these meth-
ods are not openly available to the research community,21–24

but recently DeepGPET, an open-source choroidal region
segmentation method, was published that can be freely
downloaded from GitHub.25

Choroidal vessel segmentation is a far more complex
and time-consuming task. The choroidal vessels are
highly heterogeneous in terms of vessel size, shape, and
edge contrast and are sometimes hard to discern due
to poor contrast or noise, making manual segmenta-
tions prohibitively time-consuming and very subjective.
Currently, local thresholding algorithms are commonplace
for choroidal vessel segmentation,26–28 and the current state-
of-the-art is the Niblack algorithm.29,30 Niblack is a local
thresholding technique that segments the vessels using a
fixed-size sliding window and a standard deviation offset
to determine a pixel-level threshold. However, there is
evidence of wide intergrader disagreement between the two
commonly used adaptations to Niblack’s algorithm.31 Deep
learning approaches have been proposed previously trained
on manual annotations or Niblack’s algorithm32,33 but are
not openly available at the time of writing.

Finally, in addition to region and vessel segmenta-
tion, there are two more necessary steps that are often
overlooked, namely, fovea detection and computation of
choroidal metrics. OCT B-scans are not necessarily perfectly
centered, and the size of a pixel can differ not only

between devices but also between scans. Thus, once region,
vessels, and fovea are extracted, choroidal metrics should
be computed in a fovea-centered region of interest,6 which
must account for key details like the pixel scaling of the
scan. Currently, each of these four steps is done by a differ-
ent tool34,35 with ad hoc and nonstandardized approaches
used especially for fovea detection.36

We address these issues by proposing Choroidalyzer, an
end-to-end pipeline for choroidal analysis. Choroidalyzer
consists of a single deep learning model that simultaneously
segments the choroidal region and vessels and detects the
fovea location, combined with all the code needed to extract
choroidal thickness, area, and vascular index in a fovea-
centered region of interest. Figure 1 shows how Choroid-
alyzer improves on the current state-of-the-art by provid-
ing a comprehensive solution for all elements of choroidal
analysis. To our knowledge, Choroidalyzer is the first open-
source method for comprehensive, automatic analysis of the
choroid from a raw OCT B-scan. Choroidalyzer is highly
effective, can be run on a standard laptop in less than one-
third of a second per image, does not require any specialist
training in image processing, and is available on GitHub:
https://github.com/justinengelmann/Choroidalyzer.

METHODS

Study Population

Our data set contains 5600 OCT B-scans of 233 partici-
pants from six cohorts of healthy and diseased individu-
als, unrelated to ocular pathology:OCTANE,37 a longitudinal
cohort study investigating choroidal microvascular changes
in renal transplant recipients and healthy donors; Diur-
nal Variation,37 a subcohort of OCTANE of young individ-
uals investigating the possible effects of diurnal variation
on the relationship between the choroid and markers of
renal function; Normative, a detailed OCT examination of
one of the authors (JB) with informed consent; i-Test,37 a
cohort of pregnant women evaluating whether the choroidal
microvasculature reflects cardiovascular changes in both
healthy and complicated pregnancies; Prevent Dementia,
a longitudinal cohort tracking middle-aged individuals with
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TABLE 1. Overview of Population Characteristics

OCTANE Diurnal Variation Normative i-Test Prevent Dementia GCU Topcon Total

Subjects 46 20 1 21 121 24 233
Control/case 0/46 20/0 1/0 11/10 56/65 24/0 112/121
Male/female 24/22 11/9 1/0 0/21 66/55 14/9 116/116
Right/left eyes 46/0 20/0 1/1 21/21 117/115 22/21 227/158
Age (mean (SD)) 47.5 (12.3) 21.4 (2.3) 23.0 (0.0) 32.8 (5.4) 50.8 (5.6) 21.8 (7.9) 42.9 (13.7)
Device manufacturer Heidelberg Heidelberg Heidelberg Heidelberg Heidelberg Topcon All
Device type Standard Standard FLEX FLEX Standard DRI Triton Plus All
Scan location
Horizontal/vertical 168/0 55/50 4/4 76/76 381/369 132/139 816/638
Volume/radial/peripapillary 0/0/0 0/0/66 365/0/0 2408/0/0 0/0/0 0/1307/0 2773/1307/66
Total B-scans 168 171 373 2560 750 1578 5600

One participant’s sex from the GCU Topcon cohort was not recorded.

varying risk of developing late-onset Alzheimer’s demen-
tia38; and GCU Topcon,39 an investigation into diurnal vari-
ation of the choroid in emmetropic and myopic individu-
als. All studies adhered to the Declaration of Helsinki and
received relevant ethical approval, and informed consent
from all subjects was obtained in all cases from the host
institution. Table 1 describes the population statistics and
image acquisition statistics for each cohort.

Three OCT device types were used from two device
manufacturers: the spectral domain OCT SPECTRALIS Stan-
dard Module OCT1 system and the spectral domain OCT
SPECTRALIS portable FLEX Module OCT2 system (both
Heidelberg Engineering, Heidelberg, Germany) and the
swept source OCT DRI Triton Plus (Topcon, Tokyo, Japan).
For the Heidelberg devices, active eye tracking with built-in
automatic real time (ART) software was used with horizontal
and vertical line scans capturing a 30° (9-mm) fovea-centered
region of interest, with an ART of 100 (i.e., each final B-
scan is the average of 100 B-scans). Posterior pole macular
line scans covered a 30-by-25-degree rectangular region of
interest using 31 consecutive scans, each with an ART of 50
(posterior pole scans in the Normative cohort were acquired
with an ART of 9). All Heidelberg data were collected at a
pixel resolution of 768 × 768 pixels, with a signal quality
�15. The Topcon device imaged the macular region using 12
fovea-centered radial scans, spaced 30° apart and covering a
30° (9-mm) region of interest. Each B-scan had a resolution
of 992 × 1024 pixels, which was cropped horizontally by 32
pixels and resized to the resolution of the Heidelberg scans
of 768 × 768. All Topcon data had an image quality score >

88 determined by the built-in TopQ software.
Five of the six cohorts were split into training (4144

B-scans, 122 subjects), validation (466 B-scans, 28 subjects),
and internal test sets (756 B-scans, 37 subjects) containing
approximately 75%, 10%, and 15% of the B-scans, respec-
tively. We split the data on the subject level, such that no
individual ended up in more than one set. The remaining
cohort, OCTANE, was entirely held out as an external test
set (168 B-scans, 46 individuals). Supplementary Table S1
gives a detailed overview of population and image charac-
teristics for each of the four sets.

Ground-Truth Labels

The fovea coordinate was defined as the horizontal (column)
pixel index, which aligned with the deepest point of the
foveal pit depression36 (i.e., where the central foveal pit was
most illuminated, typically aligning with a ridge formed at

the photoreceptor layer). The choroidal region was defined
as the space posterior to the boundary delineating the retinal
pigment epithelium layer and Bruch’s membrane complex
(RPE-choroid, RPE-C, junction) and superior to the bound-
ary delineating the sclera from the posterior-most point
of Haller’s layer (C-S junction). Between the choroid and
sclera lies the suprachoroidal space, which is rarely visi-
ble on OCT B-scans and we consider not to be part of
the choroid itself. The choroidal space is made up of inter-
stitial fluid, or stroma, seen as brightly illuminated strips
in the OCT B-scans, with interspersed, irregular areas of
darker intensity representing choroidal vasculature. This has
been both empirically observed26,40 and widely accepted
among the research community.29 The choriocapillaris, a
dense network of choroidal capillaries, is seen as a small
band below Bruch’s membrane complex approximately 10
microns thick1 (roughly 3 pixels deep in OCT B-scans) and
is assumed as part of the choroidal vasculature alongside
larger vessels seen in Haller and Sattler’s layers.

For OCT B-scans centered at the fovea (i.e., hori-
zontal, vertical, and radial scans), the foveal column
location was detected manually. Those not centered at
the fovea do not show the fovea. The ground-truths
(GTs) for choroidal region segmentation were generated
using DeepGPET25 with the default threshold of 0.5. In
total, 897 scans were excluded from the data set (and
removed from Table 1 and Supplementary Table S1)
because of poor region segmentations—these were primar-
ily Topcon B-scans that DeepGPET had not been trained on
before.

GTs for vessel segmentation were generated using
a novel, multiscale quantization and clustering-based
approach, called multiscale median cut quantization
(MMCQ), which we found to produce superior results to
standard application of Niblack in preliminary analysis on
the training set. MMCQ segments the choroidal vascula-
ture by performing patchwise local contrast enhancement
at several scales using median cut clustering (quantiza-
tion)41 and histogram equalization. The pixels of the subse-
quently enhanced choroidal space are then clustered glob-
ally using median cut clustering once more, classifying the
pixels belonging to the clusters with the darkest pixel inten-
sities as vasculature. We provide a brief comparison between
MMCQ and Niblack in the Supplementary Section 4. In our
experience, MMCQ tends to provide higher-fidelity vessel
segmentations and avoid oversegmentation compared to
Niblack. The code for this algorithm is freely available here
at https://github.com/jaburke166/mmcq.
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To improve the fidelity and robustness of our vessel
segmentation GTs, we randomly varied the brightness and
contrast of each OCT B-scan before application of MMCQ.
We used five linearly spaced gamma levels to fix the mean
brightness of each image between 0.2 and 0.5 and simulta-
neously altered the contrast using five linearly spaced factors
between 0.5 and 3. A 3:2 majority vote for vessel label clas-
sification was used across all 25 variants. This improves
robustness as spurious over- and undersegmentation conti-
gent on specific image statistics are averaged out.

Choroidalyzer’s Deep Learning Model

Choroidalyzer segments the choroid region and vessels, as
well as detects the fovea using a UNet deep learning model42

with a depth of 7. This relatively high depth allows our
model to better consider the global context. The first three
blocks increase the internal channel dimension from 8 to 64,
after which it is kept constant to reduce memory consump-
tion and parameter count. Blocks consist of two convolu-
tional layers, each followed by BatchNorm43 and ReLU acti-
vation. Our up-blocks use a 1 × 1 convolution to reduce
the channel dimension followed by bilinear interpolation,
which is more compute and memory efficient than the stan-
dard transposed convolutions. We train our model for 40
epochs using the AdamW optimizer44 with a learning rate of
5 × 10−4 and weight decay of 10−8 to minimize binary cross-
entropy, clamping the maximum gradient norm to 3 before
each step. We use automatic mixed precision to speed up
training dramatically while reducing memory consumption
by almost half. Forward pass and loss computation are done
in bfloat16, a half-precision data type optimized for machine
learning.

During training, we apply the following data augmenta-
tions in random order per sample: horizontal flip (P = 0.5),
changing the brightness and contrast independently (factors
∼U(0.5, 1.5), P = 0.95), random rotation and shear (degrees
∼U( − 25, 25) and ∼U( − 15, 15), respectively, p = 1/3), and
scaling the image (factor ∼U(0.8, 1.2), p = 1/3), where U(a,
b) denotes a uniform distribution between a and b, and p the
probability of the transform being applied. For peripapillary
scans that have a resolution of 1536 × 768, we use a crop
of 768 × 768 using a random multiple of 192 as offset per
example and epoch.

The fovea is only a single point that would be difficult
for a segmentation model to learn, as predicting close to 0
for all pixels would yield virtually the same loss as a perfect
prediction. Thus, we create a target 51 pixels high and 19
pixels wide centered at the GT fovea location. The exact
fovea location is set to 1, the whole column to 0.95, and
adjacent columns to 0.95 − (d*0.1), where d is the column
distance from the fovea. Finally, we employ one-sided label
smoothing and set all other pixels to 0.01 instead of 0 to
stabilize training. We extract fovea column predictions by
applying a 21-width triangular filter to the column-wise sums
of our model’s predictions and taking the column with the
highest value.

Statistical Analysis

We evaluate agreement in segmentations using the area
under the receiver operating characteristic curve (AUC) and
Dice coefficient, applying a fixed threshold of 0.5 to binarize
our model’s predictions. For the fovea column location, we
use mean absolute error (MAE) and median absolute error
(AE). For derived choroid metrics, we evaluate agreement

with Pearson and Spearman correlations and further report
MAEs.

All choroidal metrics were computed using a region
of interest (ROI) centered at the foveal pit, measuring 3-
mm temporally and nasally—the ROI for volume scans
was centered at the middle column index of the image—
corresponding to the standardized ROI according to the
Early Treatment Diabetic Retinopathy Study (ETDRS) macu-
lar grid of 6000 × 6000 microns.45 As peripapillary scans do
not allow for a fovea-centered region of interest, we only
look at segmentation metrics and use a threshold of 0.25
for vessel predictions. Area was computed by counting the
pixels within the ETDRS grid, while thickness was measured
at three linearly spaced locations, spanning the ETDRS grid,
as point-source micron distances between the RPE-C and C-S
junctions, locally perpendicular to the RPE-C junction.

Choroid vascular index is the ratio of vessel to nonvessel
pixels in the choroid within the ETDRS grid. Our deep learn-
ing model outputs probabilities instead of discrete predic-
tions, which capture uncertainty. As capturing uncertainty
is desirable, we propose a “soft” vascular index that takes
the ratio of predicted probabilities instead of discretized
binary predictions. On the validation set, we found that this
improves agreement.

To examine and characterize the behavior of our model,
we analyzed cases of high error in detail. Concretely, for
each of the three tasks (region and vessel segmentation,
fovea detection), we selected the 15 examples from each
test set where Choroidalyzer produced the highest errors.
For redundant cases (i.e., adjacent, highly similar slices from
a volume scan), only one was retained. For fovea detection,
cases of low error were also discarded. This left 28 cases for
region, 29 for vessel, and 25 for fovea.

An adjudicating clinical ophthalmologist (IM) was
provided with the original image, Choroidalyzer’s predic-
tion, and the GT while being masked to the identity of
the methods. Images and labels were provided individu-
ally and as composites. For each example, the adjudicator
was asked which label they preferred. They also rated each
label qualitatively on a five-level ordinal scale (“very bad,”
“bad,” “okay,” “good,” and “very good”) for region segmen-
tation quality, as well as intravascular and interstitial vessel
segmentation quality, the latter two to quantify any potential
under-segmentation of vessels and oversegmentation of the
interstitial space.

Finally, we selected a random subsample of 20 B-scans
at the patient level from the external test set to be manu-
ally segmented by two graders, M1 and M2. M1 was a clin-
ical ophthalmologist (IM) and M2 was a PhD student who
has worked with choroidal OCT data for the last 4 years
(JB). Manual graders segmented the region and choroidal
vessels using ITK-Snap.46 The manual segmentations were
compared to Choroidalyzer and to the current state-of-
the-art, namely, DeepGPET for region segmentations25 and
Niblack for vessel segmentation using a window size of 51
and standard deviation offset of −0.05, which mirrors previ-
ously published work.33

RESULTS

Performance on Internal and External Test Sets

Table 2 shows the performance of Choroidalyzer on the
internal and external test sets. Our model achieves very
good performance in terms of AUC and Dice for region and
vessels on both sets. Metrics for region are higher than for
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TABLE 2. Metrics for Choroidalyzer Against Ground-Truth Annotations From the Internal and External Test Sets
Region Vessel Fovea Thickness Area Vascular Index

Set AUC Dice AUC Dice MAE Median AE Pearson Spearman MAE (µm) Pearson Spearman
MAE
(mm2) Pearson Spearman MAE

Internal test 0.9998 0.9789 0.9982 0.8817 3.9 px 3.0 px 0.9754*** 0.9692*** 8.2252 0.9815*** 0.9786*** 0.0385 0.8285*** 0.8097*** 0.0206
External test 0.9998 0.9749 0.9980 0.8703 3.4 px 3.0 px 0.9831*** 0.9868*** 8.0888 0.9779*** 0.9848*** 0.0487 0.7948*** 0.7991*** 0.0306

*** Indicates P < 0.0001.

FIGURE 2. Agreement in thickness, area and vascular index for (A) the internal and (B) the external test sets. Top row shows scatterplots
with best regression fit and identity lines; bottom row shows Bland–Altman plots. Note that we chose to fit each plot to the data range,
and thus the scale of the axes is not exactly the same between internal and external test sets, especially for vascular index. Best viewed
electronically.

vessels, which is expected as choroidal vessel segmentation
is much more difficult and ambiguous than region segmen-
tation, and thus the GTs are themselves imperfect. Perfor-
mance was slightly higher for the internal test set than the
external test set, which is expected, but only marginally so,
indicating that our model generalizes well to new cohorts.
For the peripapillary scans that only exist in the internal test
set, our model achieved an AUC of 0.9996 (region)/0.9925
(vessel) and Dice of 0.9636 (region)/0.7155 (vessel). This is
reasonable performance but lower than for other scans.

For fovea detection, the model had a MAE of 3.9 pixels
(px) for the internal and 3.4 px for the external test set,
with the median absolute error being 3 px for both. This
is excellent performance as an error of 3 px on a 768
px-wide image will not meaningfully change our region
of interest or resulting metrics (data not shown—see the

Supplementary materials for the analysis effects of fovea
location on downstream metrics). For the derived choroid
metrics, Choroidalyzer shows excellent agreement with the
GTs on thickness and area, with Pearson and Spearman
correlations of 0.9692 or greater for both internal and
external test sets. For the vascular index, performance is
a bit lower, with correlations between 0.7948 and 0.8285.
Although vascular index depends on both region and vessel
segmentation, the other metrics indicate that the differences
in vascular index are driven primarily by differences in
vessel segmentation. Still, the observed correlations are high
in absolute terms. Figure 2 shows correlation and Bland–
Altman plots for the three derived metrics on both test
sets, which likewise indicate generally very good agreement.
Figure 3 shows some examples for each of the three imaging
devices.

FIGURE 3. Examples of Choroidalyzer being applied to scans from different imaging devices. Six fovea-centered OCT B-scans, two per
imaging device type, from the internal test set showing region segmentations (left), vessel segmentations (middle), and fovea column
location (right).
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TABLE 3. Comparison Metrics for the 20 Images Assessed Manually and Algorithmically From the External Test Set
Region Vessel Thickness Area Vascular Index

Comparison AUC Dice AUC Dice Pearson Spearman ICC MAE (µm) Pearson Spearman ICC MAE (mm2) Pearson Spearman ICC MAE

M1 vs. M2 0.9639 0.9474 0.8891 0.7699 0.9503 0.9521 0.9783 17.8833 0.9516 0.9248 0.9751 0.1096 0.8074 0.6857 0.8172 0.0618
Choroidalyzer vs.

Manual (avg)
0.9978 0.9375 0.9914 0.7669 0.9534 0.9663 0.9873 20.9750 0.9554 0.9368 0.9756 0.1150 0.6654 0.7383 0.7613 0.0530

SOTA vs.
Manual (avg)

0.9444 0.9333 0.9223 0.7742 0.9676 0.9636 0.9802 19.9250 0.9548 0.9233 0.9769 0.1202 0.6907 0.6105 0.7103 0.1682

Comparisons made between the two manual graders, the proposed model and current state-of-the-art, DeepGPET for region segmentation
and the Niblack thresholding algorithm for vessel segmentation. ICC, intraclass correlation; SOTA, current state-of-the-art (i.e., DeepGPET
for region and Niblack for vessel segmentation).

TABLE 4. Mean (Standard Deviation) Execution Time of the Four Different Approaches to Region and Vessel Segmentation for the 20 Images
Assessed Manually and Algorithmically From the External Test Set

Method Region (s) Vessel (s) Total (s)

M1 78.400 ± 12.261 1506.000 ± 744.073 1584.400 ± 771.284
M2 165.000 ± 23.889 1176.700 ± 744.073 1341.700 ± 265.800
SOTA 0.751 ± 0.081 0.370 ± 0.105 1.121 ± 0.140
Choroidalyzer – – 0.299 ± 0.018

Automated methods were run on a standard laptop with a 4-year-old i5 CPU and 16 GB of RAM but no GPU.

Comparison With Manual Segmentations

Table 3 shows the results from manual segmentations. For
automated methods, we compare with each manual grader
and then average the performance across both graders to
make the results more concise. The comparisons with indi-
vidual graders are reported in Supplementary Table S2.
Interestingly, while vessel Dice for Choroidalyzer (0.7410 vs.
M1 and 0.7927 vs. M2; mean 0.7669) is again much worse
than region Dice and even worse than the vessel Dice on
both test sets, it is very similar to the intergrader agreement
of 0.7699. More generally, the intergrader agreements for
all other metrics are similar to Choroidalyzer’s agreement
with the graders, with the notable exception of vascular
index. Here, Choroidalyzer’s MAE is better (0.0555 vs. M1
and 0.0506 vs. M2; mean 0.0531) than the intergrader agree-
ment (0.0618), as is the Spearman correlation, but Pearson
correlation and intraclass correlation are worse. Compared
to the respective state-of-the-art (i.e., DeepGPET for region,
Niblack for vessel segmentation), Choroidalyzer has better
agreement with the graders for most of the metrics, although
methods are generally comparable.

Table 4 shows the time per scan for the manual graders
and automatic approaches. The manual graders on average
needed more than 26 and 22 minutes (mean 24), with the
vast majority of that time spent on the vessel segmentation.
By contrast, the automatic methods on a standard laptop
needed about a second per scan and no human time at

all. Thus, to get through a data set of 100 scans, it would
take manual graders about 40 hours of work, but with auto-
mated methods, it would be less than 2 minutes. With GPU-
acceleration, Choroidalyzer and DeepGPET could achieve
throughputs of dozens or hundreds of scans per second
even on consumer-grade hardware. Comparing the auto-
mated methods with each other, Choroidalyzer took 73% less
time than DeepGPET and Niblack, while also detecting the
fovea location. All three methods are very fast but for very
large data sets or deployment on edge devices, Choroid-
alyzer’s efficiency is an additional advantage over existing
automated methods.

Detailed Error Analysis

Table 5 shows the results of manual inspection of scans
where Choroidalyzer produced the highest error compared
to the GT on the test sets. For region segmentation, Choroid-
alyzer was preferred in 8 cases, the GT in 5, and both meth-
ods were considered equally good in 15 cases. In terms
of quality, Choroidalyzer was “very bad” in only one case
compared with two for the GT and “very good” three times
compared to none for the GT. For the vessels, Choroidalyzer
was preferred in 13 cases, the GT in 4, and both were tied in
12 cases. Vessel segmentation is a harder task, with no meth-
ods achieving “very good.” However, the intravascular scores
for Choroidalyzer are substantially better, with no “bad” or

TABLE 5. Preference and Segmentation Scores From Masked Expert Adjudicator (IM) Comparing the Highest Region Segmentation, Vessel
Segmentation, and Fovea Column Errors Between Choroidalyzer and the Ground-Truth Labels

Preferred Choroidalyzer Preferred SOTA Both Equally Good

Region 8/28 5/28 15/28
Vessel 13/29 4/29 12/29
Fovea 23/25 1/25 1/25

Method Region: Quality Vessel: Intravascular Vessel: Interstitial

Choroidalyzer VG: 3, G: 14, O: 9, B: 1, VB: 1 VG: 0, G: 17, O: 12, B: 0, VB: 0 VG: 0, G: 20, O: 9, B: 0, VB: 0
SOTA VG: 0, G: 17, O: 8, B: 1, VB: 2 VG: 0, G: 5, O: 19, B: 3, VB: 2 VG: 0, G: 17, O: 8, B: 2, VB: 2

B, bad; G, good; O, okay; VB, very bad; VG, very good.
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FIGURE 4. Histogram of absolute errors for fovea column detection for the internal (left) and external (right) test sets. Examples for different
levels of error are shown, with dotted lines indicating which part of the distribution they come from. In the examples, the teal line indicates
the GT label, the dashed orange line the prediction.

“very bad” (vs. 3 and 2, respectively for GT) and far more
“good” (17 vs. 5), and the interstitial scores are similarly
better. Finally, for the fovea, Choroidalyzer was preferred 23
of 25 times and the GT only twice, indicating that large fovea
errors are almost exclusively due to mistakes in the manual
GT labels.

Figure 4 shows the distributions of fovea errors for both
test sets along with each example in both sets. For very large
residuals (10+ px), the GTs are wrong and Choroidalyzer
correctly identifies the fovea location. For errors around
7 px, still twice the MAE, both methods are similar, with
either method sometimes being more correct. Further explo-
ration revealed the majority of incorrectly labeled ground-
truths to be Topcon OCT B-scans, as each 12-stack of radial
scans are not centered at the fovea, and initial manual
annotation detected the fovea for only one to represent
each stack. Despite this oversight, Choroidalyzer learned to
dectect the fovea robust and accurately.

DISCUSSION

We developed Choroidalyzer, an end-to-end pipeline for
choroidal analysis. Choroidalyzer shows excellent perfor-
mance on the internal and external test sets. Choroida-
lyzer produced the highest errors, primarily cases of imper-
fect GTs, and Choroidalyzer was generally preferred by
a blinded adjudicating ophthalmologist (IM), further indi-
cating robustness and good performance. Its agreement
with manual segmentations, which demand substantial time
and attention from a human expert, is comparable to
the intergrader agreement. This suggests that Choroida-
lyzer performs well compared to laborious manual segmen-
tation and also highlights the subjectivity introduced by
manual graders. Choroidalyzer not only produces results
similar to that of a skilled manual grader but also does so
fully automatically without introducing subjectivity and thus
increases standardization and reproducibility. If researchers
use Choroidalyzer, their results are repeatable and would be
much more comparable to other studies also using Choroid-
alyzer than if different manual graders were used in each
case.

Additionally, Choroidalyzer saves a substantial amount
of time per image over manual segmentation, freeing up
researcher time and enabling large-scale analyses that other-
wise would not be possible. Even compared to the current
state-of-the-art for automated methods, DeepGPET and
Niblack, Choroidalyzer can do the analysis in roughly a quar-
ter of the time. More importantly, Choroidalyzer provides an

end-to-end pipeline, which makes it easier to implement and
use than having to combine multiple methods like Niblack
and DeepGPET. Ease of use is often underappreciated in the
literature but key in saving researchers time and allowing
them to focus on the science.

Choroidalyzer performed well against manual graders
relative to the state-of-the-art methods, reaching or surpass-
ing the levels of agreement even between the two manual
graders, particularly for vascular index, a far more difficult
metric to calculate accurately than area and thickness. The
intergrader agreement between manual graders for these
metrics indicates a potential lower bound of what effect
sizes we might expect from these metrics. This has impor-
tant downstream impact on the statistical confidence of
results from cohort studies, particularly when assessing the
choroidal vasculature.28,31

It is often difficult to visualize the choroid due to imag-
ing noise, poor eye tracking and patient fixation, or opera-
tor inexperience. Thus, in some cases, vessel boundaries can
be hard to discern. This is why we proposed to use a soft
version of the choroid vascular index, where the probabil-
ities that Choroidalyzer outputs are used instead of thresh-
olded, binarized segmentations. The probabilities capture
uncertainty about the precise location of the vessel wall
and thus are more robust than using a single, somewhat
arbitrary threshold. Users could also tune the binarization
threshold for their own images, if desired, which might help
in instances of poor visibility of the choroidal vasculature.

Segmentation performance for peripapillary scans was
reasonable but much worse than for other scan types. This
could be due to those scans being relatively rare in our
data set and showing parts of the retina on the nasal side
of the optic disc that are not captured in fovea-centered
scans. More peripapillary training data would likely increase
performance. In our opinion, at present, Choroidalyzer can
be used for these scans but requires subsequent manual
inspection and potential correction. Furthermore, adjusting
the binarization threshold for the vessel predictions can
improve results.

Our model detected the fovea well, and the largest
errors were cases where ground-truths were incorrectly
labeled with the model correctly identifying the fovea loca-
tion as confirmed by masked adjudication. Thus, the model
performed even better than what the quantitative results
suggest. In the present work, we have focused on iden-
tifying the fovea column, which is needed to define the
fovea-centered region of interest. However, after selecting
and evaluating our final model, we realized that in relatively
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FIGURE 5. Three example Topcon OCT B-scans with successful
region segmentations from Choroidalyzer (right) and failed segmen-
tations from DeepGPET (middle).

rare cases related to poor image acquisition, the retina and
choroid can be at a steep angle relative to the image axes.
For those, it would be best to define the region of interest
along the choroid axes rather than image axes, most easily
done by drawing a center line from the fovea perpendicu-
larly through the retina and choroid. Thus, it could be useful
to also segment the retina and to determine both the row and
column of the fovea. While not our initial objective, we did
some preliminary analyses and found that we can derive the
fovea row well with our current model (data not shown).
We also analyzed the effect of defining the region of interest
perpendicular to the choroid instead of aligned to the image
axes, as shown in Supplementary Section 5. Contrary to our
initial hypothesis, the difference in area and vascular index is
very minor even for highly myopic eyes. However, for thick-
ness, the choroid-aligned measurement tends to be higher,
and there are a few cases of large disagreement. Further-
more, to understand the effect of fovea location error on
downstream choroidal metrics, we simulated random per-
sample deviations of ±6 px, twice the median AE, and found
that they yielded virtually identical results (see Supplemen-
tary Fig. S1 and Fig. S2).

The data set in the present work was substantially larger
than the one used for DeepGPET and importantly contains
both Heidelberg and Topcon scans. As a result, Choroida-
lyzer can segment even difficult Topcon scans where Deep-
GPET failed (Fig. 5). Choroidalyzer was trained on region
and vessel GTs generated by fully and semiautomatic meth-
ods, respectively, which were then checked for errors and
only manually improved where needed. Recent work argues
that such approaches to generating GTs are preferable as
they reduce subjectivity and thus bias and inconsistency.47

Choroidalyzer also has limitations. Most importantly,
there is no quality scoring component to reject B-scans that
do not show the choroid in sufficient detail to allow for
reasonable analysis. While modern OCT devices typically
show the choroid in good detail, especially if EDI is used,
this is not always the case. Most devices provide some qual-
ity indicators, but we have not investigated quality thresh-
olds for specific devices, below which Choroidalyzer would
not function. Furthermore, OCT quality indicators are typi-
cally focused on the retina, and although poor visualization
of the retina might imply poor visualization of the choroid,
the reverse is not necessarily the case. A quality scoring

method specific to the choroid would be a useful addition
to the field. Another limitation is that Choroidalyzer was
trained only on cohorts relating to systemic health but not
ocular disease or data acquired during routine clinical prac-
tice.

Future work could improve the underlying deep learning
model of Choroidalyzer (e.g., by training and evaluating it on
data from more diverse sources). Data with ocular pathology
(e.g., abnormally sized choroids due to myopia, age-related
macular degeneration, or central serous chorio-retinopathy)
could be used to investigate whether Choroidalyzer is robust
in those contexts and to train an improved version if needed.
Moreover, automated quality scoring methods relating to
the choroid would address a key need in choroidal anal-
ysis. Finally, Choroidalyzer could be extended to measure
additional choroidal metrics, such as macular thickness and
vessel density maps across a volume, or relating to its curva-
ture.

CONCLUSIONS

Choroidal thickness, area, and especially vascular index
are highly interesting metrics and potential biomarkers for
both systemic and ocular health. However, calculating them
used to be laborious and—when done manually—subjective.
Choroidalyzer provides an efficient, end-to-end pipeline to
alleviate these problems. We hope that by making Choroida-
lyzer openly accessible, we will enable researchers and clin-
icians to conveniently calculate these metrics and use them
for their research, while improving reproducibility and stan-
dardization in the field.
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Supplementary Material1

1. Population statistics across training, validation and test sets2

Training Validation Testing External test Total

Subjects 122 28 37 46 233

Male/Female 64 / 57 12 / 16 16 / 21 24 / 22 116 / 116

Control/Case 76 / 46 16 / 12 20 / 17 0 / 46 112 / 121

Right/Left eyes 117 / 107 27 / 23 37 / 28 46 / 0 227 / 158

Standard/FLEX/DRI Triton Plus 88 / 14 / 20 24 / 2 / 2 29 / 6 / 2 46 / 0 / 0 187 / 22 / 24

Heidelberg/Topcon 102 / 20 26 / 2 35 / 2 46 / 0 209 / 24

Age (mean (SD)) 40.7 (14.2) 42.5 (11.9) 44.5 (13.4) 47.5 (12.3) 42.9 (13.4)

Cohort

OCTANE 0 0 0 46 46

Diurnal Variation 12 4 4 0 20

Normative 1 0 0 0 1

i-Test 13 2 6 0 21

Prevent Dementia 76 20 25 0 121

GCU Topcon 20 2 2 0 24

B-scans

Standard/Flex/DRI Triton Plus 582 / 2,281 / 1,281 136 / 190 / 140 137 / 462 / 157 168 / 0 / 0 1,023 / 2,933 / 1,578

Heidelberg/TopCon 2,863 / 1,281 326 / 140 599 / 157 168 / 0 3,956 / 1,578

Horizontal/Vertical scans 462 / 461 90 / 82 95 / 95 168 / 0 816 / 638

Volume/Radial/Peripapilary scans 2,161 / 1,060 / 39 178 / 116 / 15 434 / 131 / 12 0 / 0 / 0 2,773 1,307 / 0

Total B-scans 4,183 481 768 168 5,600

Table S1 Overview of population and image characteristics of the internal training, validation and test sets, and also the external
test set. Note that one participant’s sex from the Topcon cohort was not recorded. SD: Standard Deviation.

2. Full comparison metrics with methods and manual graders3

Comparison
Region Vessel Thickness Area Vascular Index

AUC Dice AUC Dice pearson spearman ICC MAE (µm) pearson spearman ICC MAE (mm2) pearson spearman ICC MAE

M1 vs. M2 0.9639 0.9474 0.8891 0.7699 0.9503 0.9521 0.9783 17.8833 0.9516 0.9248 0.9751 0.1096 0.8074 0.6857 0.8172 0.0618

M1

Choroidalyzer 0.9964 0.9242 0.9896 0.7410 0.9322 0.9490 0.9761 27.2167 0.9211 0.8872 0.9570 0.1598 0.7668 0.8406 0.7265 0.0555

SOTA 0.9370 0.9227 0.9271 0.7714 0.9437 0.9378 0.9676 25.8500 0.9198 0.8692 0.9589 0.1631 0.7150 0.6857 0.7157 0.1901

M2

Choroidalyzer 0.9993 0.9507 0.9933 0.7927 0.9746 0.9838 0.9984 14.7333 0.9896 0.9865 0.9942 0.0702 0.5640 0.6361 0.7960 0.0506

SOTA 0.9175 0.9439 0.9175 0.7770 0.9914 0.9894 0.9927 14.0000 0.9897 0.9774 0.9948 0.0770 0.6663 0.5353 0.7047 0.1464

Table S2 Full comparison metrics between Choroidalyzer, two manual graders M1 and M2, and state of the art region and vessel
segmentation methods DeepGPET and Niblack. AUC: Area under the Receiver Operating Characteristic Curve. MAE: Mean Abso-
lute Error. ICC: Intra-Class Correlation.

3. Analysis effects of fovea location error on downstream metrics4

Choroidalyzer measured the fovea column coordinate with a median absolute error of 3 pixels in both the internal and external test5

sets. We tested the effect of perturbing the fovea column on choroidal metrics by comparing fovea-centred metrics and metrics derived6

after the fovea column was randomly perturbed using a discretised uniform distribution ∼ U(−6, 6} (excluding 0). 50 simulations7

were run on approximately 10% of the dataset (495 OCT B-scans), selected at random to represent eye type and location on the macula8

(see supplementary Table S3 for a description on the image statistics of this random sample).9

All metrics had excellent Pearson correlation (r > 0.99, p<0.00001, supplementary Fig. S1). Scatterplots of metrics for the poorest10

performing simulation according to absolute error across all metrics (supplementary Fig. S2) shows excellent agreement with the11
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Eyes (Number of scans) OD OS Total

42 (263) 31 (232) 73 (495)

Location H-line/V-line Ppole/Radial

85/64 217/129 495

Device OCT1 (Heidelberg) OCT2 (Heidelberg) DRI Triton Plus (Topcon)

113 225 157 495

Table S3 Image statistics of the random sample of 495 OCT B-scans used to understand the effects of random perturbations of the
fovea coordinate.

identity line, with limits of agreement in the Bland-Altman plots well within acceptable bounds for all metrics48;49. Thus, the fovea 1

column quantitative error observed from Choroidalyzer does not significantly impact the choroidal metrics. 2

Figure S1 Distribution of Pearson correlation coefficients for each choroidal metric when perturbing the fovea coordinate column.
Note the scale of the y-axis, even the lowest correlation we observed was > 0.99.

Thickness Area Vascular index

Figure S2 Correlation and Bland-Altman plots for choroidal metrics for the poorest performing simulation of perturbing the fovea
column coordinate on a random 10% subsample of the dataset.



14 Choroidalyzer: End-to-end choroidal analysis

4. Comparison of MMCQ and Niblack segmentation methods1

Fig. S3 shows some qualitative examples between the vessel segmentations produced by MMCQ and Niblack for exemplar B-scans2

from all imaging devices used in this study. Table S4 shows the results of comparing MMCQ and Niblack with the 20 OCT B-scans3

from the external test set which were manually segmented by two experienced graders (I.M. and J.B.). We found that both approaches4

performed similarly when compared to the manual grader. We did observe a large mean absolute error in CVI when comparing5

the two approaches directly. We believe this is due to Niblack having a tendency to oversegment the choroid, such that it is able to6

segment all vessels in the choroid at the cost of segmenting parts of the interstitial space. MMCQ instead attempts to preserve vessel7

fidelity by not segmenting the interstitial space — at the cost of rejecting ambiguous pixels which either represent vessel walls or8

interstitial space.9

Figure S3 Examples of MMCQ (centre column) and Niblack (right-hand column) segmenting exemplar OCT B-scans from each
imaging device, the Heidelberg Standard module, the Heidelberg FLEX module, and the Topcon DRI Trition plus.

Comparison CVI Vessel segmentation

Pearson Spearman MAE Dice AUC

Niblack vs. Manual (Avg) 0.560916 0.663158 0.083508 0.746164 0.820954

MMCQ vs. Manual (Avg) 0.679932 0.627068 0.088144 0.819151 0.903037

Niblack vs. MMCQ 0.699646 0.781955 0.159811 0.777819 0.948477

Table S4 Vessel segmentation and choroid-derived CVI metrics between average manual segmentation, Niblack thresholding
algorithm and MMCQ. CVI: Choroid vascular index.

5. Analysis effects of Choroid- and Image-aligned regions of interest10

We investigated the effects that different regions of interest aligned with either image axis or choroid axis had on choroid measurements.11

Our initial hypothesis was that B-scans of highly myopic eyes could skew the choroid off-centre from the image axis, which could have12

a noticeable impact on choroidal measurements. We conducted two forms of analysis to test this hypothesis, in both cases comparing13

measurements made according to the horizontal image axis, and the choroid axes.14

First, we used the same random sample of OCT B-scans used in supplementary section 3 (Table S3). We compared choroidal15

measures for different axis alignment (Fig. S4) and found that choroidal thickness differed significantly between different alignments16

as the size of the choroid increased, while area and CVI remained highly reproducible. We suspect this is because choroid thickness is17
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a one-dimensional straight line distance measure, which can be highly susceptible to changes in pixel length-scale. This is emphasised 1

in OCT B-scans as the axial and lateral resolution are different (approximately 4:1) in Heidelberg and Topcon imaging devices. 2

Figure S4 Correlation and bland-Altman plots of measuring thickness, area and CVI using the choroid axis (x) and the image axis
(y).

Secondly, we investigated any effect that myopia might have on these measurements. We selected three individuals from the GCU 3

Topcon cohort: one highly hypermetropic (6.375 Spherical Equivalent Dioptres (D)), one emmetropic (0.75D) and one highly myopic 4

(-7.5D) individual. A random B-scan was segmented and thickness (at macular locations described in the main paper, i.e. subfoveal 5

and 2mm temporal and nasal to the fovea), area and CVI was measured. Table S5 shows the measurements for these three OCT 6

B-scans, measuring both aligned to the choroid axis and the image axis. Fig. S5 shows the three OCT B-scans with choroidal thickness 7

and area measurements annotated. 8

Individual
Thickness, (N, F, T) (microns) Area (mm2) Choroid vascular index (CVI)

Choroid Image Largest residual Choroid Image Residual Choroid Image Residual

Hypermetropic (6.375D) (541, 762, 442) (452, 686, 355) 89 microns (N) 3.481 3.497 0.015 0.731 0.728 0.003

Emmetropic (0.75D) (248, 377, 427) (232, 337, 318) 109 microns (T) 1.928 1.881 0.046 0.607 0.606 0.001

Myopic (-7.5D) (212, 391, 474)) (198, 342, 368) 106 microns (T) 1.928 1.880 0.048 0.697 0.692 0.005

Table S5 Comparisons of thickness, area and vascular index measured aligned with the choroid axis and with the image axis. For
each choroid measure, the values for each type of alignment are shown, as well as the absolute value residual. For thickness, we
selected the largest residual across the macular location for readability. N, nasal; F, subfoveal; T, temporal.

In Table S5 we see that the significant errors lie within the choroid thickness measurements, and there is no discernible difference 9

in error between the three individuals, regardless of their degree of myopathy. In Fig. S5 we observe the choroidal curvature in all 10

three images (in particular, temporal to the fovea). The degree of this curvature roughly corresponds to the degree of variation of the 11

thickness measurement (green vs. cyan lines) and region of interest definition (shaded green vs additional blue shaded region). 12

Our results appear to generally contradict our initial hypothesis that high myopia could affect the choroidal measurements. In fact, 13

the primary cause for large differences between choroid-aligned and image-aligned measurements are the extent of deviation of the 14

choroid axis from the image axis, the size of the choroid, and not the extent of myopathy of the eye. The factors which likely contribute 15

to this curvature are imager experience and patient concentration. 16
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Figure S5 Choroid thickness and area for hypermetropic (A), emmetropic (B) and myopic (C) choroids. Thickness shown as straight
lines with green representing image-aligned measurement and cyan as choroid-aligned measurement. Area in shaded green shows
overlap between image- and choroid-aligned regions of interest, with blue as regions which were only Choroid-aligned. Shaded red
are regions of the choroid not measured within any region of interest.
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(a) (b)

Figure S2: Test set Dice scores plotted against choroid thickness (a), choroid area (b) and Heidelberg-
measured quality index (c) in the held-out test set. The outlier Dice score of approximately 0.84 is the 
dice score between DeepGPET and GPET from figure 4(d).

(c)

Figure 6.2: Supplementary Figure S2.

6.3 Conclusion

DeepGPET itself is already a very valuable tool. For instance, it can segment a 61 slice

optical coherence tomography volume fully-automatically in a minute or two on a laptop

without manual intervention, when previously with GPET would have taken about half

an hour with regular human inputs. Choroidalyzer further improves on that substantially

by offering vessel related metrics, and identifying the fovea location automatically. In

my opinion, the work presented in this chapter represents a valuable contribution to

the field that will enable exciting new research.

However, there are many avenues for improvement. First, the model itself could be

made more efficient or more robust, or both, through improved training methods, ar-

chitectures, or expanded datasets. For example, the training procedure and model

size could be tuned to make the model even faster downstream use without a loss in

performance. Similarly, we could make the model more robust by using more diverse

data augmentation, adding an attention block at the lowest internal resolution of the

model so it can easily consider the whole image as context, and most importantly by

training on more and more diverse data. Second, the data we had available for devel-

opment and validation was collected for studies relating to systemic health and lacked

in ocular pathologies. Investigating whether Choroidalyzer is robust to different types

of pathology would be important to understand in what settings it can be employed,
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and might highlight shortcomings that could be addressed by re-training with more

diverse training data. This includes pathology that majorly affects the choroid itself such

as central serous chorioretinopathy as well as other conditions that mainly affect the

retina such as age-related macular degeneration, where the retinal layers can become

disorganised which could confuse the model. Third, examining the repeatability and

robustness to image quality would likewise clarify in what settings it can and cannot be

used. Fourth, currently there is no automated quality scoring step involved. If we want

to apply Choroidalyzer to large datasets, especially those collected in clinical practice,

the choroid might not always be sufficiently well captured, and thus an automated

quality assessment step would be essential. Fifth, currently Choroidalyzer requires

at least some basic knowledge of Python to use. Ideally, it should be made more

accessible, e.g. by providing a graphical user interface.



Chapter 7

Machine learning for efficient

automated quality assessment of

colour fundus images

7.1 Introduction

Image quality assessment is an important part of retinal image analysis to identify

images that are too poor to analyse, both in research and in potential practical applic-

ations. Real-time image quality assessment could also be used to provide feedback

to camera operators that are not themselves familiar with retinal imaging. For colour

fundus imaging, quality assessment is sometimes done manually (Engelmann et al.,

2024b) which is labour-intensive and potentially subjective, or with ad-hoc automated

methods (Villaplana-Velasco et al., 2023; Zekavat et al., 2022) that might not perform

optimally and - if they are not made openly available - hard to reproduce. Some openly

available automated methods exist, such as MCFNet (Fu et al., 2019) and AutoMorph

(Zhou et al., 2022), both of which use the EyeQ dataset made available by Fu et al.

(2019). Both of these methods are a very useful contribution to the field. However,

they share two limitations. First, they are somewhat computationally intensive: MCFNet

uses a custom model architecture that includes 3 DenseNet121 (Huang et al., 2017)

backbones, whereas AutoMorph uses an ensemble of multiple deep learning models.

Second, they are not particularly easy to apply. MCFNet relies on code for its custom

model architecture as well as a dataloader than inputs three copies of the image into

the model, each in a different colour space. AutoMorph is designed as an end-to-end

pipeline that is run on a whole dataset at once, so it does not expose functionality to

only compute image quality but is set up to also segment the images and compute

various retinal traits.

109
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I wanted an efficient, easy-to-use image quality assessment method for my own work,

including studying the relationship between fractal dimension and systemic health,

investigating the relationship between image quality and repeatability of DART, and

to study associations between image quality and subject characteristics. Such a tool

might be useful not just for myself but for researchers in the field at large. The work

in this chapter is enabled by the work of Fu et al. (2019) who kindly shared the EyeQ

dataset they used for training MCFNet. However, the EyeQ dataset classifies images

into three categories: good, useable, and bad. Thus, both MCFNet and AutoMorph

classify images using these three classes. In practice, I find that unwieldy, as what level

of image quality is needed differs depending on the application, and thus a continuous,

one-dimensional quality score would often be more convenient. Thus, I set out to

develop two versions of an efficient, easy-to-use image quality assessment tool: One

providing the same three-way classification as MCFNet and AutoMorph do for direct

comparability and for users that prefer this setup, and another providing a continuous

quality score that might be more useful in some applications.

7.2 Paper

Reproduced with permission from Springer Nature.
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Abstract. Image quality remains a key problem for both traditional and
deep learning (DL)-based approaches to retinal image analysis and iden-
tifying poor quality images can be time consuming and subjective. Thus,
automated methods for retinal image quality scoring (RIQS) are needed.
The current state-of-the-art is MCFNet, composed of three Densenet121
backbones each operating in a different colour space. MCFNet, and the
EyeQ dataset released by the same authors, was a huge step forward for
RIQS. We present QuickQual, a simple approach to RIQS, consisting
of a single “off-the-shelf” ImageNet-pretrained Densenet121 backbone
plus a Support Vector Machine (SVM). QuickQual performs very well,
setting a new state-of-the-art for EyeQ (Accuracy: 88.50% vs 88.00%
for MCFNet; AUC: 0.9687 vs 0.9588). This suggests that RIQS can be
solved with generic “perceptual” features learned on natural images, as
opposed to requiring DL models trained on large amounts of fundus
images. Additionally, we propose a Fixed Prior linearisation scheme,
that converts EyeQ from a 3-class classification to a continuous logis-
tic regression task. For this task, we present a second model, QuickQual
MEga Minified Estimator (QuickQual-MEME), that consists of only 10
parameters on top of an off-the-shelf Densenet121 and can distinguish
between gradable and ungradable images with an accuracy of 89.18%
(AUC: 0.9537). Code and model are available on GitHub. QuickQual is
so lightweight, that the entire inference code (and even the parameters
for QuickQual-MEME) is already contained in this paper.

Keywords: Retinal imaging · Deep learning · Retinal quality scoring

1 Introduction

Retinal colour fundus images are used in ophthalmology for detecting and grad-
ing of retinal diseases like diabetic retinopathy, and also capture a detailed pic-
ture of the blood vessels, which could be informative about systemic health
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[9,11,12]. However, image quality is a key problem even when data is specifi-
cally collected for research purposes. For example, in UK Biobank, recent studies
discarded 26% [14] to 43% [11] of the available images due to quality issues and
only about 60% of participants were found to have at least one good quality
image [8]. However, Retinal Image Quality Scoring (RIQS) can be subjective and
even graders with medical backgrounds only have moderate to substantial agree-
ment [7]. Thus, automated RIQS methods are needed to provide objective and
reproducible quality scores. Reproducibility is especially as image quality-based
exclusions can introduce selection bias by excluding older, male, less-healthy,
and non-White subjects more frequently [3]. Even work that develops retinal
image improvement [10] or robust retinal image analysis methods [4] depends on
reliable quality scores.

Fu et al. [5] introduced an automated RIQS method called MultiColourspace-
FusionNetwork (MCFNet) and the EyeQ dataset, a re-annotation of the publicly
available Kaggle Diabetic Retinopathy dataset that provides quality annotations
on a 3 class scale (Good, Usable, Reject). This work was a huge step forward for
the field of RIQS with both MCFNet and the EyeQ dataset being very impor-
tant contributions in their own right. The authors made the code, model weights,
and data annotations publicly available, enabling others to both use and build
on their work. However, MCFNet requires specific colourspace data transforma-
tion steps and consists of 3 Densenet121 backbones. Thus, MCFNet requires a
specific dataloader and model weights, and is a somewhat large model. Recent
work showed that “off-the-shelf” DL models pretrained on ImageNet might be
able to capture salient information such as age from retinal fundus images even
without fine-tuning [2]. Inspired by that, we set out to investigate whether we
can develop a simpler yet effective automated RIQS method that uses such an
off-the-shelf model with a classical machine learning classifier.

Our main contributions are:

– QuickQual, a simple RIQS method based on an “off-the-shelf” Densenet121
and an SVM, that achieves state-of-the-art on EyeQ while requiring only
standard libraries and 14 lines of code;

– Fixed Prior linearisation, a simple method for converting EyeQ into a
continuous task while retaining information about the Usable class;

– QuickQual-MEME, an even simpler version of QuickQual with a linear
layer instead of an SVM that produces a continuous quality score. In fact,
QuickQual-MEME is so lightweight, that the entire code and model param-
eters are contained in Fig. 5.

2 Methods

2.1 EyeQ Dataset

We use the EyeQ dataset introduced by [5], which provides quality annotations
for a subset of the EyePacs Diabetic Retinopathy dataset on Kaggle, with three
classes: Good, Usable, Bad. We preprocess the images by removing black areas
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Fig. 1. Comparison between MCFNet (top) and QuickQual (bottom). QuickQual-
MEME uses a linear layer instead of SVM.

and then padding the images to square in case they would be non-square other-
wise.

2.2 QuickQual

With QuickQual, we aim to develop a method that is quick and convenient to use.
By that, we do not merely mean processing speed but also ease of implementa-
tion. Our goal is that with less than 20 lines of code and only standard Python
libraries, a researcher could apply this method to their own images to obtain
quality scores. Thus, we avoid complex preprocessing schemes and non-standard
DL architecture code. We use a pretrained DL model from a standard Python
DL library and instead of fine-tuning this on the EyeQ dataset, we simply keep
it fixed and learn a Support Vector Machine (SVM) on top (Fig. 1).

To enable an easier comparison with MCFNet, we also use Densenet121 [6]
as our DL model, but with pre-trained ImageNet [1] weights from the pytorch
image models (timm) [13] library. We use a SVM from scikit-learn with standard
parameters, except setting “probability=True” to obtain probability scores from
the SVM. To obtain discrete class labels, we take the class with the highest
probability. We process images at a resolution of 512×512 and simply normalise
all channels with mean and standard deviation parameters of 0.5.

2.3 RIQS Beyond 3-Way Classification: Fixed Prior Linearisation

In practice, individual probabilities for three separate classes can be inconvenient
to use. Thus, previous work [15] focused on the binary task Gradable (Good or
Usable) vs Bad (Reject) instead. This produces a single, continuous score where
a simple cut-off for excluding images can be selected. However, this approach
treats Good images exactly the same as Usable ones, losing the information that
Usable images are at least slightly poorer quality. To remedy this, we propose
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a simple linearisation scheme with a fixed prior, i.e. that Usable images are in-
between Good and Bad images in terms of quality. During model fitting, we set
the optimal output p(Bad) that minimises the loss function to be 0 for Good
images, 1 for Bad images, and our fixed prior p for Usable images. In present
work, we simply set p = 0.5 and thus ask our model to map Usable images in-
between Good and Bad ones, thus retaining the information in the labels. This
should produce a smooth and desirable quality score but might reduce accuracy
for the binary task.

2.4 QuickQual MEga Minified Estimator (QuickQual-MEME)

QuickQual-MEME is an even more lightweight, easy-to-use RIQS model con-
sisting of a pretrained Densenet121 and only 10 parameters for a linear layer.
QuickQual-MEME only needs standard python libraries and 15 lines of code.
Instead of a SVM, QuickQual-MEME uses a Logistic Regression (Logit) with
10 parameters (9 weights, 1 bias) as classifier. To find these parameters, we pro-
ceeded as follows: First, we fit a Logit on the whole EyeQ training set with an
L1 penalty (“Lasso”) with the default regularisation C = 1 and the SAGA opti-
miser. We then examined the histogram of absolute coefficient magnitudes and
chose a cut-off of 0.2 to select 288 of the 1,024 Densenet121 variables. Next, we
did forward step-wise features selection using 2-fold crossvalidation on the train-
ing set and the AUC as criterion to select the 9 most useful features. Finally, we
rounded the parameters to two decimal places so they are easier to report and
copy, which led to an insubstantial change in accuracy.

2.5 Evaluation

For the standard EyeQ 3-way classification task, we use standard metrics like
Accuracy, F1 score, area under the receiver operating characteristic curve (AUC),
logistic loss also known as cross-entropy (LogLoss), cohen’s unweighted Kappa
(Kappa) and quadratic weighted Kappa (QuadKappa). AUC is a ranking metric
that evaluates the model across all possible decision thresholds, whereas LogLoss
provides a measure of calibration. Kappa captures how well the model agress
with the labels compared to random chance, and QuadKappa penalises errors
by more than one class much more, i.e. confusing Good with Bad is worse than
confusing Good with Usable. For the binary Gradable vs. Ungradable, we use the
same metrics except for Kappa/QuadKappa, which are only suitable for multi-
class problems. We calculate all metrics using scikit-learn and use the predicted
probabilities for MCFNet provided by the authors to ensure a fair and accurate
comparison.1

1 Note that for MCFNet, the original accuracy scores provided were not entirely accu-
rate due to a bug in the evaluation code. See the note here on the Github for
MCFNet: https://github.com/HzFu/EyeQ#-reference “Note: The corrected accu-
racy score of MCF-Net is 0.8800.” We thank the authors of MCFNet for their
exceptional transparency in sharing not just code, model weights and data, but
also their model’s test set predictions.
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Table 1. Performance for MCFNet and QuickQual on the test set of EyeQ (n=16,249).
Note: All metrics are calculated from per-sample predictions using identical code to
ensure an accurate comparison. See Sect. 2.5 and footnote 1.

Model Accuracy AUC F1 LogLoss Kappa QuadKappa Filesize

MCFNet [5] 0.8800 0.9588 0.8606 0.3632 0.8017 0.8955 112MB

QuickQual (ours) 0.8863 0.9687 0.8675 0.3049 0.8107 0.9019 31 + 25 = 56MB

Fig. 2. Confusion matrices for MCFNet and QuickQual, normalised per row.

3 Results

3.1 QuickQual Performance on EyeQ

Table 1 shows the results for QuickQual and MCFNet. QuickQual performs bet-
ter in every metric. Accuracy, F1 and QuadKappa are slightly better, whereas
AUC, LogLoss and Kappa are substantially better. QuadKappa penalises large
errors (i.e. confusing Good with Reject) more than Kappa. Thus, QuickQual
having a larger improvement in Kappa than in QuadKappa suggests that it is
particularly good at distinguishing between the Usable and Good/Reject classes.
The confusion matrix (Fig. 2) shows that QuickQual is also better at avoiding
large errors (top right and bottom left corners). The only category where Quick-
Qual makes more errors than MCFNet is confusing Usable with Good (middle
left). In our opinion, this error is the least concerning type of error - in fact
previous work has even combined these two categories [15].

LogLoss is the metric with the largest difference, suggesting that QuickQual
is much better calibrated. Fig. 3 shows the distributions of predicted probabilities
for both models. Interestingly, MCFNet - unlike QuickQual - never predicts the
Usable or Reject classes with large confidence. This might be a by-product of
class imbalance and batch training. The QuickQual approach projects the images
to small 1,024 dimensional vectors first, which then allows us to fit the SVM to
all training images at once.

3.2 QuickQual-MEME Performance on Binary Task

Table 2 shows the results for the binarised task. For comparison, we also evaluate
MCFNet and QuickQual on this task, using the predictions for the Reject class,
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Fig. 3. Distributions of predictions on EyeQ test set for each class, stratified by ground-
truth class. Note that y-axis is on a log-scale. This plot is a “soft” version of a confusion
matrix. For the diagonal (highlighted red) plots, predictions closer to 1 are better;
whereas for the off-diagonal plots, predictions closer to 0 are better. (Color figure
online)

Table 2. Performance for binary task Gradable (Good/Usable) vs. Ungradable
(Reject).

Accuracy AUC F1 LogLoss

MCFNet [5] (Using p(Reject)) 0.9459 0.9819 0.8640 0.1445

QuickQual (Using p(Reject)) 0.9520 0.9870 0.8799 0.1162

QuickQual-MEME 0.8918 0.9537 0.7602 0.2742

QuickQual-Binary 0.9404 0.9787 0.8505 0.1650

as well as a QuickQual model trained on the binary task. The models trained
on the original task perform best, with QuickQual offering slightly better per-
formance in terms of Accuracy and AUC, and a large improvement for F1 and
LogLoss over MCFNet. As expected, QuickQual-Binary using the SVM and all
1,024 Densenet121 features outperforms QuickQual-MEME which only uses 9
features.

Interestingly, QuickQual-Binary is outperformed by QuickQual trained on
the original task, suggesting that the fixed Prior Linearisation scheme reduces
accuracy for Bad vs Good/Usable. However, QuickQual-MEME produces very
smooth and desirable quality scores (Fig. 4): The Good and Bad classes have
modes on either extremes, while the Usable class is smoothly distributed in-
between, with a mode closer to the Good class. This matches the class names:
Usable is conceptually closer to Good than to Bad. Images from the Usable class
with very low p(Bad) appear to be good quality, while those with high p(Bad)
appear poor. Where the distributions of Good and Usable overlap, images are
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Fig. 4. QuickQual-MEME predicted p(Bad) on the EyeQ test set, stratified by ground-
truth class, with example images belonging to the Usable class shown above.

Fig. 5. Entire inference code to run QuickQual-MEME, including the model parame-
ters themselves. The code can be copied from the figure above.

imperfect but still generally good; and where Usable and Bad overlap, they are
poor.

Although this evaluation is not comprehensive, this suggests QuickQual-
MEME’s quality score for the Usable class might align well with actual quality.
Giving a very low p(Bad) score to all the Usable images, including the ones that
look quite poor, would increase accuracy on the binarised task. However, in our
opinion, the current behaviour of QuickQual-MEME appears preferable to that.
Thus, accuracy might be an imperfect measure and more fine-grained expert
evaluation is needed.
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Fig. 6. Entire inference code needed for QuickQual. Arrows highlight the example
image which is of poor quality; and the prediction for p(Bad)≈ 99%.

3.3 Convenience and Speed

QuickQual (Fig. 6) and QuickQual-MEME (Fig. 5) need about 15 lines of code to
be used together with standard, widely used libraries like PyTorch, scikit-learn
and timm. QuickQual-MEME only need 10 parameters to be used, QuickQual
needs a 25MB pretrained scikit-learn SVM. This means that QuickQual is very
easy to implement and thus very convenient to use for researchers.

Inference times for a single images were measured across 1,000 repetitions,
with times reported being mean and standard deviation. QuickQual processed
the image in 16.6 ms ± 602 µs on a GPU and 79.5 ms ± 2.45 ms on a CPU.
QuickQual-MEME took 14.5 ms ± 536 µs on a GPU and 79.3 ms ± 1.88 ms on a
CPU. These times suggest that the SVM only adds minimal overhead compared
to a linear model when the Densenet121 is GPU-accelerated and no noticable
overhead when no GPU is used. Note that batched inference for multiple images
in parallel will likely be even faster per image, but even when processing images
one-by-one, 767 images could be processed per minute on a CPU. A time of less
than a tenth of a second on a CPU also means that QuickQual could conceivably
be deployed in practice to assess images in real time as they are taken.

4 Discussion

We presented QuickQual, which achieves state-of-the-art on EyeQ with only 14
lines of inference code, and QuickQual-MEME which produces a single contin-
uous quality score and fits in Fig. 5. We hope that these will be an easy-to-use,
convenient method for other researchers in the field.

We also introduced a Fixed Prior linearisation scheme that better preserves
information about the Usable class. While quantitatively this reduced accuracy,
limited qualitative evaluation suggests that it might produce a smooth, desirable
quality score.
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In the future, we plan to evaluate this in more detail by having experts
rank images in terms of quality and examining the correlation with QuickQual-
MEME’s quality score. We also plan evaluate other pretrained DL models to see
whether a similarly performant yet more light-weight model could be found that
enables even faster computation of quality scores. Additionally, even higher per-
formance might be achieved by training DL models with state-of-the-art archi-
tectures for this task. Finally, we plan to externally validate QuickQual and
QuickQual-MEME on images from UK Biobank.
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7.3 Conclusion

Despite being very simple, QuickQual obtains state-of-the-art performance on the com-

monly used EyeQ dataset. However, to me the most important contributions are the

ease of using it and the one-dimensional score of the mega minified variant, which is

more convenient and useful for many analyses than the three-way classification into

good, useable, and bad. QuickQual can be very easy implemented and is efficient

to run, which allow for hassle-free assessment of quality for colour fundus imaging

datasets. In the work presented in Chapter 3, quality was manually annotated which is

time consuming and subjective, whereas QuickQual is automatic and openly available,

which could enable more consistent and comparable quality scores across projects.

In the future, I intend to use QuickQual to look at the relationship between image

quality and the useability of retinal image analysis tool, as in Chapter 4, as well as

to investigate factors that drive image quality.

QuickQual could be improved in a number of ways. The EyeQ dataset uses the Eye-

PACS diabetic retinopathy dataset on the Kaggle website, so it primarily contains

images of healthy eyes or of eyes with diabetic retinopathy. Future work should validate

QuickQual on images with other retinal pathologies. Depending on how well it is found

to generalise, it might be useful to retrain it on more diverse datasets, although the Eye-

PACS dataset already seems to contain a variety of different cameras and anecdotally

in my own work and that of colleagues, thus far QuickQual has generalised well to

different datasets from different populations. A second avenue for improvement would

be to develop a more detailed taxonomy for image quality. An aspect of an image is

only a quality issue in relation to a specific application. For example, if screening for

glaucoma, the optic disc is the primary structure of interest, whereas when screening

for age-related macular degeneration the macula is most important. Thus, an image

could at the same time be perfectly useable for one task yet unuseable for another.

In practice, a one-dimensional quality score is a reasonable approximation, but these

edge cases do exist. Thus, a more fine-grained, multi-dimensional quality score could

provide a more nuanced way to assess images and to decide which images can and

cannot be used for a given application. Finally, a light-weight image quality assessment

tool that could be run in real-time could improve image quality during capture, by

providing the camera operator with information about the quality of an image they have

just taken, as well as identifying what sorts of quality issues appear to have affected

the image. The latter could then be used to give recommendations for remedying the

issue, for instance if the image was too dark, the flash setting might need adjustment.
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Such a tool would be especially useful in screening settings where the camera operator

might not be particularly trained or experienced in retinal image capture, e.g. a nurse-

technician not focused on ophthalmology. I would like to develop such a system in the

future.



Chapter 8

Conclusion

8.1 Summary & reflection

I set out to apply machine learning to retinal image analysis where it might be use-

ful, along three core themes: retinal disease detection, development of retinal image

analysis tools, and validation and application of these tools. Each of these themes is

exemplified by at least one piece of work contained within this thesis. I developed a

disease detection model for ultra-widefield imaging (Chapter 2), three tools for retinal

image analysis - computation of retinal fractal dimension from colour fundus images

(Chapter 3), analysis of the choroid in optical coherence tomography images (Chapter

6), and quality assessment of colour fundus images (Chapter 7) -, and further validated

(Chapter 5) and applied (Chapter 4) one of these tools. Each of these pieces of work

has several limitations as discussed in the corresponding chapter.

For the theme of retinal disease detection, the results were promising indicating that

the methodology used is effective and that the problem is tractable. Yet without robust

external validation, the model cannot be recommended for use in clinical practice. This

limitation stemmed from the lack of access to suitable data and I hope to address it in

the near future with the next iteration of this work. Of course, after robust retrospective

external validation, the model should then be prospectively validated. And even if

those results were promising, that would theoretically allow recommending it - in good

conscience - for clinical use, but regulatory approval would still be required in practice.

This is a challenge I will reflect on in the next section. Thus, while my motivation for

this theme was that a retinal disease detection model could be beneficial to clinical

practice, this was not achieved as part of this thesis. However, clinical adoption was

never thought to be feasible during the PhD period itself, and I think that the work

123
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from Chapter 2 forms the foundation for my future work in this area as well as offering

an incremental contribution to the field, demonstrating a more suitable way of framing

the problem than what had been considered and showcasing effective, state-of-the-art

machine learning methods to tackle it.

For the theme of developing retinal image analysis tools, more tangible impact was

achieved, in my own opinion. DART addresses two key limitations of existing tooling,

namely lack of robustness and long processing times. The former necessitates ex-

clusion of substantial parts of the available data, which introduces selection bias and

reduces sample sizes. The latter makes analysing large scale datasets cumbersome

and time-consuming, which slows down research. Yet, despite very promising results,

DART follows a novel and thus unproven paradigm compared to existing tools, and

requires additional validation. QuickQual provides a more incremental improvement

over existing tools compared to DART, fulfilling the same role using the same prin-

ciple as existing solutions yet is more efficient, easier-to-use and achieves better per-

formance. This more incremental nature likely means that it is easier for practitioners

to adopt it, compared to a tool based on a novel paradigm. While “state-of-the-art”

results on an existing dataset are highly coveted in machine learning research, the

two most important benefits are the ease-of-use and the one-dimensional continuous

quality score instead of the “good-useable-bad” classification. Finally, Choroidalyzer

provides a comprehensive solution for choroidal analysis and - in my opinion - stands

to greatly accelerate research in this area. Many limitations remain, such as the lack

of automated quality assessment to allow application to large scale, mixed quality

datasets. Nonetheless, it still presents substantial progress and subsequent iterations

will address the current limitations. None of these tools have made a tangible impact

to clinical practice yet, but I am already aware of a number of researchers from several

institutions making use of these tools. The feedback I received to date has been

overwhelmingly kind and appreciative. Thus, I think these tools are already making a

small, yet tangible impact on research. This will, in turn, will - eventually and indirectly

- have a positive impact on clinical practice.

For the theme of application of these tools, much more work is currently ongoing than

what is already published and presented in this thesis. Using these tools myself is

indeed highlighting both strengths and weaknesses, which inform the next iterations.

The application of DART in Chapter 4 provided some encouraging initial results re-

garding its applicability to primary-care data. However, personally I am particularly

proud of the work in Chapter 5. Despite the limitations relating to the datasets and
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the fact that the results were surprisingly favourable to a tool that I developed myself,

the analysis was done carefully and with thought, and partially addresses a gap in

this area. In my opinion, examining the repeatability and robustness of retinal image

analysis tools is very important as these tools are the foundation of a vast amount of

research. Compared to exciting novel findings with potential real-world applications,

such research has a much lower upper bound for potential impact and is of interest

to a niche audience due to its technical nature. Yet I believe that it is essential for the

health of the whole field of retinal image analysis.

Each of the three themes of this PhD are increasingly indirect in their impact to people’s

lives, yet important in their own way. Despite the limitations mentioned, my hope is that

the work presented in this thesis constitutes a meaningful contribution to the field.

Thus, I think it accomplishes what I set out to do during my PhD.

My secondary motivations were to develop and demonstrate proficiency with machine

learning methods, to develop a reasonable understanding of retinal imaging, retinal

disease and ophthalmic care, and to build collaborations and relationships for a future

career. Here, I am quite confident that these was accomplished. I have successfully ap-

plied machine learning in a variety of projects and through interactions with colleagues

and collaborators learned a lot about the domain I work in. I have presented my work

at ophthalmology conferences, visited five hospitals on three different continents, and

have collaborators across the world.

8.2 Outlook & future work

Each proper chapter itself already contains a discussion of weaknesses and future

work relating to the work presented therein, which I will not repeat here. Instead, I want

to focus on some broader themes that I think will be important to tackle in the coming

years and decades.

First, tooling for retinal image analysis needs to become more accessible to be widely

adopted. By virtue of being openly available and relatively easy to install and use

for people that are familiar with the Python programming language, the tools I have

developed are already quite accessible compared to the median tool in the field. How-

ever, many researchers in ophthalmology and vision research are understandably not

familiar with Python. In the future, I would like to develop graphical user interfaces

and simple installers for common operating systems to support such potential users.
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My impression is that such work is not particularly efficient from an academic career

progression perspective but I believe that it would be of great benefit to the field, by

allowing researchers to use advanced and effective tools when they otherwise would

have relied on time-consuming and subjective manual annotations, ad-hoc and hard to

reproduce image processing pipelines, or not been able to do a specific analysis at all.

As explained in Chapter 1, automated disease detection has great potential and is -

from a technical perspective - a very tractable problem. However, bringing a model into

clinical practice is not merely a technical problem, indeed it is not even a primarily tech-

nical problem. There are important questions about how such tools would integrate into

existing or newly developed clinical workflows, or what the needs and wants from the

clinical side are. But perhaps some of the most important unsolved questions relate to

who pays for these models and what business models can sustain their development,

implementation and maintenance. Getting regulatory approval for a medical device,

which such models would be classified as, is a slow, cumbersome, and expensive

process. Once approved, these models need to be adopted in a way that generates

sufficient revenue to justify the investment to get to that stage and to sustain the

continuous development needed to maintain it, as in practice software needs to be

continuously adapted lest it “decays”. One key career goal of mine is to see a system

I helped develop implemented in clinical practice prior to my retirement. Given the

challenges outlined here, this might prove to be an ambitious goal, despite me having

no intention to retire early, health permitting.

Another challenge is robustness and generalisability. Datasets used for research are

often carefully curated and tools are evaluated in idealised settings, where poor quality

images and borderline or ambiguous cases might have been removed. This leads

to very high performance estimates that then do not materialise in practice. Even if

the temptation to curate the dataset in a way that makes it easier yet less realistic is

resisted, it is hard to assemble diverse datasets from a variety of patient populations

and healthcare settings. Despite my opinion that retinal disease detection is generally

not very challenging from a technical perspective, it is still not trivial. Anecdotally,

I recently visited an experimental screening programme that uses a commercially

available machine learning algorithm for disease detection and had the opportunity

to get my own eyes assessed by it. The images of one eye were judged to be too

poor in quality to assess by the model, despite the nurse-technician’s best effort when

capturing them. My other eye was assessed to have age-related macular degeneration,

which - according to an ophthalmologist who interpreted the images and examined my
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eyes with an ophthalmoscope - appears to be a false positive. While a mere anecdote,

it illustrates that there is still work to do to develop robust systems that work in a

variety of real-world settings. Robustness of course matters for all types of retinal image

analysis tools, not just disease detection. For tools that compute retinal traits, increased

robustness means better signal to noise ratio, and thus better statistical power.

Related to robustness and generalisability, fairness is an important issue for retinal

image analysis. For tools adopted in clinical practice, we need to make sure that they

work well for everyone. The same holds true for tools used in research, if we want

our research to be representative and benefit everyone. Initial analyses I have done

using UK Biobank data suggest that people that are older, male, non-White, or in

poorer health are more likely to be excluded due to image quality. Such exclusions

are very common in retinal image analysis but might introduce selection bias. It is

also plausible that retinal image analysis work less well for poorer quality images, and

thus an association between quality and protected attributes might imply that there is

a lack of fairness, even when we do not exclude images. In the future, I would like to

investigate this in more detail and try to understand the causal mechanisms behind

these associations with image quality.

Finally, using retinal images to better assess the risk of systemic health conditions,

or “oculomics” is a field with great potential and excitement. Yet, this excitement is

currently primarily driven by finding statistically significant associations between retinal

traits and prevalent or incident disease. One inconvenient and perhaps underappre-

ciated truth is that a variable can have a highly significant association (i.e. a p-value

that is many orders of magnitude smaller than 0.05) even when adjusting for basic risk

factors (e.g. age, sex, smoking status, blood pressure, etc.), yet provide no meaningful

increase in predictive performance over these variables. More robust tools for comput-

ing retinal traits might increase their signal-to-noise ratio and thus information content,

which could be a steps towards realising the potential of oculomics.
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