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Resumo

A Ceratite é uma doenca inflamatéria da cérnea responsavel por 10% das deficiéncias visuais nos
paises de baixo e médio rendimento (PBMR); bactérias, fungos ou amebas sdo etiologias mais
comuns. Um diagndstico preciso e atempado do agente infecioso € crucial ndo s6 para a opgdo
de tratamento, mas também para garantir que a visdo ndo é afetada. Devido ao custo elevado e a
disponibilidade limitada de diagndsticos laboratoriais nos PBMR, o diagnéstico € frequentemente
efectuado apenas pela observacio clinica, apesar da sua menor precisdo. O objetivo deste estudo
foi desenvolver um modelo de deep learning que auxiliasse no diagnéstico da fonte de infecao.

Um dataset brasileiro de cérnea foi utilizado, constituido por 24.692 observagdes, das quais
2,064 tiveram resultados positivos para infe¢do (56.98% bactérias, 13.42% fungos, 10.03% para
ameba, 10.32% para bactérias e fungos e, por fim, 9.26% para ameba e bactérias).

Ap6s o pré-processamento do dataset, foram implementadas véarias metodologias. Foi avaliada
a capacidade de previsdo de caracteristicas identidade com base nas imagens, a fim de compreen-
der a quantidade de informacgao biométrica que o olho infetado ainda possuia. Para tal, foi imple-
mentada uma metodologia 10-fold com uma DenseNet121, pré-treinada em ImageNet responsavel
por uma decisdo bindria relativamente ao sexo. O desempenho foi avaliado usando varias métricas,
matrizes de confusdo e mapas de saliéncia. Foi alcangcada uma AUROC de 0,8790-0,8994 no con-
junto de teste. O mesmo método foi repetido para classificar dentro dos grupos etéarios, tendo sido
previstas quatro classes (0-18, 18-40, 40-65 e mais de 65 anos). A AUROC foi de 0.8331-0.8624.

Relativamente a previsdo de doengas, foram implementadas e comparadas trés abordagens
diferentes. A primeira abordagem consistia em trés arquitecturas DenseNet (pré-treinadas no Im-
ageNet), responsdveis por uma decisdo bindria de cada tipo de infecdo. A segunda abordagem
utilizou o mesmo backbone para as trés tarefas, com uma camada de classificagcdo para cada in-
fecdo, o que a torna a abordagem multitask V1. A terceira abordagem, multitask V2, consistia
numa arquitetura DenseNet semelhante utilizada como backbone, com uma camada de classifi-
cacdo multitarefa com um neurénio para cada tarefa. A abordagem multitask produziu resultados
interessantes, pelo que foram implementadas e devidamente avaliadas uma func¢ao de loss clinica
e uma metodologia de theshold adaptativo, ultilizando a estatistica de Youden. O Multitask V2
com loss clinica foi considerado o melhor modelo, obtendo uma AUROC de 0.7413-0.7740 para
Bactérias, 0.8395-0.8725 para Fungos e 0.9448-0.9616 para Amebas.

Finalmente, para avaliar a influéncia das caracteristicas de identidade neste diagndstico, foi
efectuada uma andlise estatistica utilizando o teste t, para comparagdo de sexo, e ANOVA, para
comparacgdo de idade. Os resultados revelaram que o sexo afecta significativamente a previsao da
infecdo por amebas e a idade afecta significativamente a previsao da infe¢do por fungos e bactérias.
No entanto, uma andlise futura com um conjunto de dados dados equilibrado em termos de idade
poderad ser necessario. Em conclusio, foi possivel prever corretamente a infecao por BK, FK e AK
com uma fotografia da cérnea do olho. Para além disso, sexo e idade provaram ser caracteristicas
identificveis a partir destas imagens, razdo pela qual estratégias como o disentanglement podem
ser benéficas para garantir que apenas as caracteristicas médicas sao utilizadas para o diagndstico.



Abstract

Keratitis is an inflammatory corneal condition responsible for 10% of visual impairment in low-
and middle-income countries (LMICs); bacteria, fungi, or amoeba are the most common infection
etiology. An accurate and timely diagnosis of the infection agent is crucial not only for the treat-
ment option but also for the patient’s sight outcomes. Due to the high cost and limited availability
of laboratory diagnostics in LMICs, diagnosis is often made by clinical observation alone, despite
its lower accuracy. The goal of this study was to develop a deep learning framework model that
could assist in the diagnosis of the source of infection.

A Brazilian cornea dataset was utilized, comprising 24,692 observations, of which 2,064 had
positive results for infection (56.98% bacteria, 13.42% fungi, 10.03% for amoeba, 10.32% for
bacteria and fungi and lastly, 9.26% for amoeba and bacteria).

After preprocessing the dataset and preparing the images, different frameworks were imple-
mented. Firstly, the prediction of identity features was assessed to understand how much biometric
information the infected eye still had. To do so, a 10-fold methodology with a DenseNet121, pre-
trained on ImageNet responsible for a binary decision regarding sex was implemented. The perfor-
mance was evaluated using several metrics, confusion matrices and saliency maps. An AUROC
of 0.8790-0.8994 was achieved on the test set. The same method was then repeated to classify
within age groups, with four classes being predicted (0-18 years old, 18-40 years old, 40-65 years
old and more than 65). An AUROC of 0.8331-0.8624 was achieved on the test set.

Regarding disease prediction, three different approaches were implemented and compared.
The first approach consisted of three DenseNet architectures (pre-trained on ImageNet), respon-
sible for a binary decision of each infection type. The second approach used a shared backbone
for the three tasks but three parallel classification layers, each responsible for a binary decision for
each infection, making it the V1 multitask approach. The third approach, multitask V2, consisted
of a similar DenseNet architecture used as backbone, with a multi-head classification layer for
multitask learning. Since multitask approach had interesting results, improvements were made to
that strategy. A Clinical Loss Function and an Adaptive Threshold Methodology (Youden’s Statis-
tic) were tested and assessed. The results were compared and Multitask V2 with clinical loss was
considered the best model, achieving a 95% confidence interval on the test set for AUROC, across
10 folds, of 0.7413-0.7740 for Bacteria, 0.8395-0.8725 for Fungi and 0.9448-0.9616 for Amoeba.

Finally, to assess the influence of identity features in this diagnosis, a statistic analysis was
performed using T-test, for sex comparison, and ANOVA, for age comparison. The results found
out that sex significantly affects the amoeba infection prediction and age significantly affects the
fungi and bacteria infection prediction; nevertheless, an analysis with a balanced dataset age-wise
should be implemented to have stronger conclusions about the age influence.

In conclusion, it was possible to correctly predict for BK,FK and AK when given an eye
corneal photograph. Furthermore, sex and age proved to be characteristics that are identifiable
from these photographs, which is why strategies like disentanglement could be beneficial to ensure
that only medical features are being used for the diagnosis.
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Chapter 1

Introduction

1.1 Context

1.1.1 Keratitis

Infectious Keratitis (IK) can be caused by bacterial, fungal, amoeba, or other microorganisms and
is an inflammation of the cornea [23]. As it is strongly associated with agricultural work and poor
hygiene, its prevalence in low- and middle-income countries (LMICs) is very high when compared
to high-income countries [24]. It is often diagnosed using a combination of clinical examination,
patient history, and time-consuming laboratory testing such as corneal scraping and culture, which
require specialised knowledge. In addition, these exams are very costly, which often causes the
health practitioner to not test for all etiologies, making the clinician miss the real diagnoses [25].
If left untreated, it can cause serious problems such as corneal scarring, vision loss, and even
blindness. Rapid and correct diagnosis is crucial for initiating appropriate therapy and avoiding
lasting harm, but the similarity of symptoms between the etiologies makes the task challenging for

the human eye.

1.1.2 Deep Learning

Deep learning is a subset of machine learning, which in turn is a subset of artificial intelligence
(AD). It uses artificial neural networks to model and solve complex problems by learning from
large amounts of data. These neural networks, inspired by the human brain’s structure, consist
of layers of interconnected nodes (neurons) that process input data and learn to perform tasks by
adjusting the weights of the connections based on the errors in their predictions(see Figure 1.1)
[26].

One of the most important characteristics of deep learning is its capacity to autonomously learn
feature representations from raw data. This contrasts with typical machine learning approaches,
which frequently require a feature extraction process. Deep learning (DL) models, such as con-
volutional neural networks (CNNs), have proven particularly effective in areas such as computer

vision, natural language processing, and speech recognition.
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Hidden Layers

Qutput Layer

Figure 1.1: Deep learning architecture from [1].

Deep learning has driven significant advancements in technology, leading to innovations such
as autonomous vehicles, virtual assistants, and advanced recommendation systems. However, it
also poses challenges, including the need for large amounts of labelled data, high computational
resources, and the difficulty in interpreting complex models, which are particularly challenging in
the healthcare sector [1, 26, 27].

1.2 Objectives

In this dissertation, the primary aim is to develop advanced computer vision and machine learning
techniques to classify the etiologies. The significance of this goal is highlighted by the impact
of eye corneal diseases, with anterior segment diseases being the leading cause of monocular
blindness worldwide, particularly in marginalised populations in developing countries. Corneal
diseases like keratitis are responsible for 10% of visual impairment in underdeveloped regions,
making accurate and timely diagnosis crucial for treatment and visual prognosis.

However, diagnosing keratitis is challenging due to reliance on clinical examination in LMICs,
where access to laboratory diagnostics is limited. The growing ageing population, especially
in these regions, underscores the need for efficient diagnostic methods. Al-assisted diagnosis
presents a timely opportunity to address this gap, offering potential improvements in accuracy and
accessibility.

The scope of this work includes three key tasks:

1. Data engineering and preparation of a new dataset, along with an in-depth analysis to eval-

uate its quality and relevance.

2. Implementation of computer vision and machine learning algorithms to accurately classify

corneal eye photographs with respect to different types of keratitis.
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3. Assessing the statistical impact of correlated features, such as sex and age, on disease pre-

sentation.

By addressing these tasks, this dissertation aims to significantly improve the diagnosis and man-

agement of corneal diseases, particularly in underserved regions.

1.3 Alignment with Sustainable Development Goals (SDG)

The core of this project directly addresses the Sustainable Development Goals of ensuring: "SDG
3 - Good Health and Well-being'' and ''SDG 10 - Reduced Inequalities' [28].

Keratitis, frequently linked to agricultural labour and inadequate hygiene practices, is notably
prevalent in LMICs. In these settings, where access to specialised healthcare services can be
limited, individuals engaged in agricultural activities are at heightened risk due to prolonged ex-
posure to environmental factors and potential contaminants. Poor sanitation and hygiene further
compound the risk, exacerbating the incidence of this condition.

By targeting the diagnosis of keratitis in such environments, the purpose of the project aligns
with "SDG 3: Good Health and Well-being". Its provision of a cost-effective and accurate solution
not only enables early intervention to prevent vision impairment and blindness but also addresses
a specific health challenge prevalent in LMICs. Moreover, by mitigating the burden of untreated
eye conditions stemming from agricultural work and poor hygiene practices, it contributes to the
overall improvement of health outcomes in these regions.

Additionally, the focus on "SDG 10: Reduced Inequalities" on healthcare access is particularly
pertinent in the context of keratitis. The tool’s ability to provide timely and accurate diagnosis,
regardless of socioeconomic status or geographic location, ensures that marginalised communi-
ties, often disproportionately affected by the condition, are not left behind. By bridging the gap
in healthcare provision and promoting equitable access to diagnosis and treatment, it advances
the goal of reducing disparities in health outcomes and fosters a more inclusive and sustainable
healthcare system in LMICs.

1.4 Main Contributions

This dissertation’s main contributions are:
* Characterisation of a new dataset for microorganism Keratitis;
» Exploration of different techniques to deal with data imbalance and small datasets;
» Comparison of Single and Multi-task Models for disease classification;
* Development of two Multitask approaches based on known deep learning architectures;

¢ Creation of a clinical loss function;
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» Evaluation of the impact of patient features in the performance of a disease classification

system;

The work developed in the scope of this project was presented in a Poster Session for "Al Cures
Conference" [29], organised by Massachusetts Institute of Technology (MIT) and Mass General
Brigham(MGB), and held in Boston. The poster was also presented in "Encontro de Investigacdo
Jovem da U.Porto" (IJUP) [30], organised by the University of Porto and held in the Faculty of
Economy of the University of Porto. In IJUP, the poster was awarded a distinction as one
of the best two posters in Engineering. The developed poster can be found in Appendix A, in
Figure A.1.

A paper with the contributions of this dissertation is also being prepared for the "International
Conference on Bioinformatics and Biomedicine" (IEEE BIBM 2024) for the August deadline [31].

1.5 Partnerships sustained by the project

This project was initiated through a collaboration formed at MIT’s Laboratory for Computational
Physiology, where my co-supervisor, Jodao Matos, met Dr. Luis Nakayama.

Dr. Nakayama, from Universidade Federal de Sdao Paulo (UNIFESP), partnered with Dr.
Camila Kase, also from UNIFESP, to collect an eye photograph dataset for Keratitis. This strate-
gic partnership between MIT, UNIFESP and FEUP, leveraging the expertise of these distinguished
researchers, has been crucial in advancing our research objectives and ensuring the project’s suc-
cess.

Due to the partnership established at MIT’s Laboratory for Computational Physiology, I was
welcomed to develop my work at the MIT lab for one month. This opportunity allowed me to

engage with renowned researchers and facilitated my participation in the Al Cures Conference.

1.6 Structure of the Dissertation

This document is comprised of seven chapters, structured to build a comprehensive narrative.
The current Chapter 1 serves as the introduction. Chapter 2 provides an in-depth exploration
of ophthalmology, covering market dynamics, eye anatomy, the disease characterisation and its
epidemiology. Chapter 3 shifts focus to the integration of artificial intelligence in ophthalmology,
detailing FDA-approved products and innovative solutions addressing critical challenges in the
specific scope of this disease, as well as an intensive study of the clinical performance in similar
tasks. In Chapter 4, we introduce the new dataset that will underpin our research. Chapter 5
delineates the methodology employed in our deep learning-based classification framework. This
is followed by Chapter 6, which presents the experimental work and a thorough analysis of the
results. Finally, Chapter 7 summarizes the findings, offering conclusions and perspectives on
future work. The document concludes with a set of appendices that provide an introduction to key
methodologies used throughout the research and supplementary materials pertinent to the main

chapters.
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For the convenience of readers, a summary is included at the end of Chapters 2, 3, and 5.



Chapter 2

In the Blink of an Eye: Understanding
Keratitis

2.1 Ophthalmology

Ophthalmology is a specialised field of medicine that focuses on the health of the eye and the visual
system. It encompasses the diagnosis, treatment, and prevention of eye disorders and diseases,
integrating both medical and surgical care [32]. The field is crucial for maintaining vision and
overall eye health, which significantly impacts quality of life. Ophthalmology combines various
scientific disciplines, including anatomy, physiology, and optics. The eye is, obviously, the central
organ of this field of study, which functions as the body’s camera, capturing and processing visual
information.

Advancements in ophthalmology have led to significant improvements in diagnostic and ther-
apeutic techniques. Innovations such as optical coherence tomography (OCT), laser-assisted in
situ keratomileusis (LASIK), and intraocular lenses (IOLs) have revolutionised eye care. More-
over, the integration of artificial intelligence and telemedicine is enhancing diagnostic accuracy
and expanding access to eye care, particularly in underserved regions [33]. Nevertheless, Al in
this field often raises data protection problems due to all the biometric info that can be found in
the iris and cornea [34].

Despite these advancements, ophthalmology faces challenges, particularly in ensuring equi-
table access to care. Disparities in eye health persist, especially in low- and middle-income coun-
tries (LMICs) where resources and trained professionals are limited, and contaminations are fre-
quent. Addressing these disparities requires a multifaceted approach, including improving health-
care infrastructure, increasing the availability of trained eye care professionals, and leveraging
technology to reach remote populations [35].

The market for ophthalmology is experiencing substantial growth due to an ageing global
population and the increasing prevalence of eye conditions such as cataracts, glaucoma, macular
degeneration, and diabetic retinopathy. According to recent projections, the ophthalmology market
is expected to grow at a compound annual growth rate (CAGR) of 6.4% from 2023 to 2030,
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reaching approximately $84,655.95 million by 2030 [36]. This growth is driven by advancements
in technology, an increase in healthcare expenditure, and a rising awareness of the importance of

eye health.

2.1.1 The eye

The eye (see Figure 2.1) sits in a socket called the orbit and has six extra-ocular muscles that are
attached, responsible for the movement and rotation of the eye [37]. These muscles are attached
to the sclera, a white, tough-looking tissue that covers most of the eye. The surface of the eye and
inner surface of the eyelid are covered by a transparent membrane called conjunctiva [33].

The eye can be divided into the front (anterior) and the back of the eye (posterior). The anterior
part starts with the cornea, a clear dome shape where the light is focused to enter the eye. Behind
the cornea lies the anterior chamber, filled with a fluid called aqueous humor, which helps maintain
eye pressure and drains excess fluid [38]. After, there are the iris and the pupil. The muscles in
the iris contract and dilate to control the amount of light that reaches the back of the eye. Directly
after, there is the lens, which is responsible for focusing the light towards the back of the eye. Its
shape is mutable to help the eye focus on objects closer to the subject. Fibers called zonules or
ciliary bodies are attached to the lens capsule and suspend it from the eye wall [39].

The posterior part is primarily composed of the vitreous humor, which fills the cavity between
the lens and the back of the eye. The light that enters through the anterior part passes this gelatinous
fluid and reaches the retina, the light-sensitive tissue in the back of the eye [38]. The retina is
composed of the macula and the peripheral retina. The macula gives us detailed central vision
and the peripheral retina gives us side vision. In the retina, the light is changed into energy by
photoreceptors. Rods perceive black and white, and night vision, and cones perceive colour and
central detailed vision. These signals are then transmitted through the optic nerve to the brain’s

visual cortex, enabling us to perceive and interpret visual information [39].

2.1.2 Areas and types of ophthalmology

As in other areas of medicine, there is a general ophthalmologist who is trained in all aspects of the
eye, but as in other areas, there are also sub-specialists who have additional training in other areas.
The subspecialties are: Cornea, Glaucoma, Retina and Vitreous, Oculoplastic Surgery, Pediatrics
and Neurology [40]. Usually, the subspecialties are related to the area of the eye the clinician is

focused on.

2.2 Keratitis

Corneal blindness is estimated to impact 6 million of the world population according to World
Health Organization (WHO) [41]. Keratitis is the leading cause of cornea blindness in both devel-

oped and developing countries, with an estimated incidence ranging from 2.5 (developed) to 799
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Optic nerve

Figure 2.1: Anatomy of the eye from [2].

(developing) per 100,000 [24, 35]. It is responsible for 10% [25] of visual impairment in LMICs,
with a prevalence that is thirty times higher in India compared to the USA.

Keratitis (also known as “corneal ulcer”) is an inflammation of the cornea — the clear, dome-
shaped window located at the front of the eye that covers the iris and pupil [42]. Infectious keratitis
(see Figure 2.2) occurs when microorganisms, including bacteria, viruses, fungi, and amoeba,
invade the cornea, leading to infection and inflammation. These microorganisms can enter the
cornea through various means, such as trauma, contact lens wear, or exposure to contaminated
water or soil. Keratitis poses a significant public health concern, particularly in LMICs where
access to healthcare and hygiene practices may be limited. The diagnosis exam associated with
this disease is also extremely expensive, reaching a cost of 200$ for the patient. That is the reason
why often the exam is not asked, and the infection is treated as the most common cause, which
often leads to misdiagnosis and worsening of the symptoms. The impact of keratitis extends
beyond vision loss, affecting individuals’ quality of life, productivity, and economic well-being.

The risk of infectious keratitis is heightened in individuals with compromised immune sys-
tems, poor ocular hygiene, or underlying eye conditions. In addition to infectious causes, keratitis
can also result from non-infectious factors such as trauma, chemical exposure, or underlying sys-
temic conditions like autoimmune diseases. Regardless of the underlying cause, prompt diagnosis
and treatment are essential to prevent complications and preserve vision [23, 43].

Effective management of keratitis requires a multidisciplinary approach involving ophthalmol-
ogists, microbiologists, and other healthcare professionals. Treatment typically involves topical

or systemic antimicrobial therapy to eradicate the causative microorganism, along with supportive
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measures to alleviate symptoms and promote corneal healing. In severe cases or those refractory
to medical treatment, surgical intervention such as corneal transplantation may be necessary to
restore vision [42].

Prevention strategies for keratitis include practising good ocular hygiene, avoiding contact
with contaminated water or soil, proper contact lens care and usage, and seeking prompt medical
attention for any signs of eye infection or inflammation. Public health initiatives aimed at improv-
ing sanitation, access to clean water, and healthcare infrastructure can also help reduce the burden

of keratitis in underserved communities [35, 41].

HEALTHY EYE KERATITIS

Figure 2.2: Healthy vs Infected eye from [3].

2.2.1 Symptoms

The symptoms of Keratitis (see Figure 2.2) include [23]:
* Eye redness;
* Eye pain;
* Excess tears or discharge from eye;
* Foreign body sensation in the eye;
* Difficulty in opening the eyelid;
¢ Blurred and decreased vision;
 Light sensitivity (photophobia);
* Watery eyes.

Naturally, these symptoms can evolve and eventually cause permanent vision loss [43].

2.2.2 Cause

Regarding the cause of Keratitis, there are two main groups, infectious or non-infectious Keratitis.
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2.2.2.1 Non-Infectious Keratitis

Non-infectious Keratitis can result from several non-infectious causes, including eye injuries from
surgery, accidents, or conditions where eyelashes scrape against the eye’s surface. Wearing con-
tact lenses for extended periods can also lead to keratitis. Other causes include having a foreign
object in the eye, prolonged exposure to ultraviolet light, vitamin A deficiency, eyelid disorders or

immune system conditions that cause dry eyes [44].

2.2.2.2 Infectious Keratitis (IK)

Although there are different types of Keratitis, it is possible that non-infectious Keratitis can evolve
into Infectious Keratitis since eye injuries can attract microorganisms, mainly bacteria, to the re-
gion, causing an evolution to Infectious Keratitis. Although Bacterial Keratitis is the most com-
mon one, it can also be caused by Fungi, Amoeba, Viruses, Parasites, or a selection of multiple
microorganisms [24, 45].

The most common type of Keratitis in most of the regions is Bacterial Keratitis, and it is
often caused by Pseudomonas aeruginosa (5-24%), the Coagulase-Negative Staphylococci group
(CoNS)(24-46%) or Staphylococcus aureus (5-36%) [46]. In the UK, 91% to 93% of the Keratitis
cases are from Bacterial infection, 86% to 92% in North America, 79% to 88% in South America,
91.8% in Middle East and 93% to 100% in Australia. The prevalence of this type over the others
often leads to misdiagnosis since in LMICs, the costs associated with the diagnosis exam can reach
200$, which often leads the clinician to try to diagnose only based on an eye exam that will be
explained later [47, 48, 49, 50, 51, 52, 53, 54, 55, 56, 57, 58, 59].

Fungi infection can be of two types: filamentous or yeast/yeast-like fungi. The filamentous
fungus, such as Fusarium spp and Aspergillus spp, are usually associated with tropical climates
and are the main causes of IK in India and China, which is not observed in European countries
and North America [60]. In those areas of the globe, Aspergillus spp reaches 30% incidence and
Fusarium spp reaches 24% [61]. On the other hand, yeast-like fungi infections are more common
in more high-income countries because they are highly related to cornea transplant. The source of
infection is often Candida spp [62].

Another type is the protozoa infection, which is usually caused by Acanthamoeba, a protozoan
that is found in water, soil, air and dust. Protozoa infection represents a much smaller percentage
of infections (0-5%) [46] and is often associated with contact with contaminated water and soil,
and contact lenses(CL). Most of the cases of this infection are in CL wearers.

The last type of IK is virus, mainly the herpes viruses, specifically herpes simplex keratitis
(HSK) and herpes zoster keratitis (HZK), but their appearance is often different than the other
cases, meaning that it is not very well captured in studies [46].

Focusing now on multiple-sourced infections, they account for 2 to 15% of the total cases of
IK [63], which is why clinicians should always maintain a low threshold of repeating corneal

scraping if patients are not responding to the treatment.
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2.2.3 Risk Factors

The prevalence of Keratitis is increased by the usage of contact lenses [64], with 2 to 4/ 10 000 of
the annual cases directly caused by it. Wearing longer than recommended or improper disinfection
is the most common cause of this particular type of IK. Extended usage of soft lenses is the most
common cause of Contact Lens—associated keratitis.

Eye injuries, including trauma from accidents or surgery, can also lead to keratitis. Exposure
to contaminated water, especially while wearing contact lenses, poses a significant risk. As with
every infection, corticosteroids, reduced immunity and immune system disorders, such as diabetes
or HIV/AIDS, can increase the development of an infection, as well as dry eyes. Additionally,
agricultural workers are at higher risk due to potential eye exposure to plant material, soil, and
chemicals. Extended exposure to ultraviolet (UV) light without adequate eye protection can also
contribute to the development of keratitis. Maintaining proper eye hygiene, using protective eye-

wear, and adhering to safety practices can help reduce these risks [44].

2.2.4 Diagnosis

There are four main techniques to diagnose keratitis. The first is a basic eye exam where the doctor
visually inspects the eye. The second is a penlight exam, which involves examining the cornea’s
surface with a light. Both methods are not highly accurate, as distinguishing between bacterial,
protozoal, or fungal infections is challenging. The third technique involves corneal scraping with
Gram stain, microscopy, and culture analysis. This method is common in developed countries due
to its high accuracy, but it is costly, approximately $200 per patient. In underdeveloped countries,
resources for such expensive diagnostic techniques are often unavailable. Consequently, a clinical
examination with a slit lamp is used, providing a bright light source and magnification to observe
the infection more precisely. However, distinguishing the type of infection remains difficult. Due
to the higher prevalence of bacterial infections, doctors often treat keratitis as bacterial, which can

worsen if the infection is of a different type [25, 65, 66].

2.2.5 Treatment

Regarding the treatment, after the test is performed and the diagnosis is made, the doctor prescribes
the correct medicine according to the source of the infection. Not only the medicine is different,
but also the duration of the treatment and the amount of medicine bottles used per month [67].
Table 2.1 lists the possible medicines, as well as the duration of treatment and number of flasks

per month.
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Table 2.1: Medicines per type of Keratitis.

Infection Type Medicine Flasks per month Treatment Duration
Bacterial Infection Moxifloxacin, Cephalothin, 4 Flasks a month 14 days

Gentamicin, Tobramycin,

Ciprofloxacin, Ofloxafin,

Gatifloxacin, Vancomycin,
Amikacin, Ceftazidime

Fungi Infection Amphotericin B, Natamycin, 3 Flasks a month 1-3 months
Voriconazole
Amoeba Infection  Biguanide, Chlorhexidine 2 Flasks a month 1-12 months

2.3 Keratitis Epidemiology Analysis

2.3.1 Incidence

Few studies have been conducted to analyse the prevalence of IK across the world, but depending
on the area of the globe the incidence is very different as it was previously stated. Table 2.2
shows the prevalence of the disease per 100,000 in several countries. It is very clear to see the gap
in infection cases, which is highly attributed to poorer personal hygiene and environmental hy-
giene, lower access to sanitation and healthcare facilities, as well as an increase in the agricultural

industry prevalence.

Table 2.2: Incidence of IK in Different Countries.

Country Incidence Range (per 100,000 population/year)
United States 2.5-27.6

United Kingdom 0.6-40.3

South India 113

Nepal 799

Looking now at a general outline of the disease across the world (see Figure 2.3), it is easy
to observe the difference between developed and developing countries, with the higher incidence
rates for Fungi Keratitis occurring in Nepal, India, Kenya, and Egypt, which highlights the impact
of country development in the diagnosis.

In Asia and Africa, 45-71% of the patients of Keratitis were illiterate, and 62-79% lived
in rural areas that were related to agriculture and had poorer access to healthcare facilities. The
significant numbers can be used to conclude that IK is highly discrepant across the globe, meaning

that low-income and underdeveloped countries are way more affected by the disease [46].

23.2 Age

Regarding age, IK mainly affects humans aged between 30 and 55, which was mainly associated
with Contact Lens wear and work-related ocular trauma [48, 49, 58, 61, 63]. The infections related

to agricultural trauma were found in patients aged 45-55 years old, which agrees with what was
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Figure 2.3: Fungi Keratitis Infections across the world from [4].

previously stated, since the workforce of some developing countries is composed of farmers and
manual labourers [62, 68]. On the other hand, the CL-related IK is found between 25 and 40 years
old [68]. The prevalence in extreme age groups is still very low; nevertheless, in Uganda, it was
found to be the second most common cause of childhood blindness. In elders, cases of infections
are usually associated with bad complications like corneal melting, perforation, and loss of eye
[68].

2.3.3 Sex

There is not a lot of literature on the influence of Sex in Keratitis Infection. However, the CL-
related IK was more predominant in females 57-69% and the trauma-related IK was more promi-
nent in males 74-78% [62, 68], which is also related with their gender predominance in under-

resourced regions 58—75%.

2.3.4 Seasonal Impact

Seasonal variations influence the incidence of infectious keratitis (IK) worldwide. During summer,
it is often associated with Bacteria, due to increased contact lens wear and water-related activities.
Conversely, in regions like India, fungal keratitis peaks during windy harvest seasons, linked to
agricultural activities. Acanthamoeba keratitis shows conflicting seasonal trends: more common
in summer in South India but in winter in the UK. These patterns highlight the complex interplay
between environmental factors, human behavior, and microbial pathogens in IK epidemiology,

guiding targeted preventive measures and treatment strategies [62].
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2.4 Conclusions

In conclusion, keratitis remains a significant global health challenge, particularly in low-resource
settings where socioeconomic disparities and limited healthcare infrastructure contribute to higher
disease burden. Continued research, public health initiatives, and international collaborations are
essential for addressing the epidemiological factors driving the incidence of keratitis and improv-

ing outcomes for affected individuals worldwide.

2.5 Summary

In this chapter, the epidemiology of keratitis is explored, focusing on its global distribution and
factors influencing its incidence rates across different regions and populations. Keratitis, charac-
terised by inflammation of the cornea, presents varying prevalence rates worldwide, with dispari-
ties observed between low-resource settings and developed nations. Factors such as geographical
location, climate, socioeconomic status, and occupational hazards, including contact lens wear and
agricultural activities, play significant roles in shaping the epidemiological landscape of keratitis.
Furthermore, demographic factors such as age and sex contribute to variations in disease preva-
lence. By comprehensively understanding these patterns, we can develop targeted public health
interventions and treatment strategies to effectively address the burden of keratitis on a global

scale.



Chapter 3

Eyes on the Prize: Artificial Intelligence
in Opthalmology

3.1 Artificial Intelligence in Healthcare

Artificial Intelligence (AI) has become a common term in our daily vocabulary, yet its integra-
tion into healthcare remains a domain where considerable concerns persist, despite the widely
recognised benefits. While Al technologies hold immense promise in revolutionising medical di-
agnostics, treatment planning, and patient care, issues such as data privacy, algorithmic bias, and

ethical considerations loom large in the healthcare Al landscape [69].

3.1.1 Benefits

There are countless benefits from the use of Al in the healthcare sector:

* Improved Diagnostics and Treatment Planning: Al systems can quickly and accurately
analyse vast amounts of medical data, resulting in more precise diagnostics. This allows for
earlier detection of diseases, which is crucial for effective treatment. Al enhances diagnostic
precision by reducing human error and identifying disease markers that might otherwise be
overlooked. In addition, its fastness and inability to be tired, make it a strong aided diagnosis
tool [5, 27, 70].

In imaging, Al algorithms can detect abnormalities in exams with high accuracy, often chal-
lenging human capabilities. BBC reported a case recently where “An Al tool tested by the
NHS successfully identified tiny signs of breast cancer in 11 women which had been missed

by human doctors” [71].

* Personalised Treatment Plans: Al enables the creation of personalised treatment plans
by analysing individual patient data, including genetic information, lifestyle, and medical

history. This allows for treatments tailored to the specific needs of each patient, improving

15
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outcomes and reducing side effects. In addition, the reaction of the patient to a set of differ-
ent treatments can be predicted by looking into the patient attributes and also the treatment
context [27, 72].

* Operational Efficiency: Integrating Al in hospital and clinical settings can streamline ad-
ministrative tasks, reduce the workload for healthcare professionals, and enhance overall
operational efficiency. Al can automate routine tasks such as scheduling and patient record
management, allowing healthcare workers to focus more on patient care. A US nurse is pre-
dicted to spend 25% of her time on regulatory and administrative work. From bureaucracies
to organising doctors’ notes to revenue cycle management and medical records management,
Al can provide an important improvement and automation in these tasks that ultimately lead

to more time for patient care [27, 73].

* Patient Care improvement: Even though this area is still raising concerns among users, Al
can be used in chatbots for mental health and wellness and telehealth to improve the comfort
of the patient. In addition, it can be used as a way to improve the experience of foreigners
by providing healthcare in their language or even as a speech recognition tool for those with

speech-related issues [74].

* Cost Reduction: By improving diagnostic accuracy, personalising treatments, and enhanc-
ing operational efficiency, Al can significantly reduce healthcare costs. Al-driven predictive
analytics can help in resource allocation, ensuring that medical resources are used efficiently

and reducing unnecessary expenditures [75].

3.1.2 Challenges

More cloud storage capacity, data availability and computational power have made it possible to
have a lot of Al-related research focus [27]. Nevertheless, the usage of Al in healthcare is still
associated with concerns. This is mainly due to concerns in the healthcare sector regarding data

collection, technological development, clinical applications and ethical and societal issues [69]:

* Data Collection Concern: Database collection is an issue because massive datasets are
necessary to accurately use Machine and Deep Learning. In this specific sector, informa-
tion accessibility becomes a problem due to the confidentiality of medical data, and institu-
tions, hospitals and clinics are reluctant to share the data in order to create proper databases.
Experts state that only with a proper mentality shift from treating patients individually to

improving healthcare will the creation of massive databases be possible [69, 76].

* Data Security Concern: Data Security concerns are also relevant since healthcare data is
very valuable and vulnerable. They are often targeted by hackers during data breaches, so
maintaining confidentiality and security when creating healthcare databases is essential, as

well as patient consent [69, 77]. The General Computational Regulations of Europe [78]
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and Health Research Regulations [79], implemented in 2018, aim to restrict personal infor-
mation collection and sharing. However, these regulations may limit data accessibility for
Al system training. To prevent stifling innovation, more stringent data security regulations,

client-side data encryption, and federated learning are needed [80].

* Bias Concern: This privacy and confidentiality issue creates a big gap in multicultural
databases since different countries have different laws, which makes cooperative research
hard. Other concerns are raised when dealing with the quality of the existing datasets since
they are often erroneous and inconsistently stored, and despite the crescent efforts to clean
and organise the data, it is still impossible to control unforeseen gaps. Erroneous diag-
nosis on the training dataset will certainly lead to erroneous predictions, which can cause

malpractice issues and a certain bias.

Another form of bias arises from the under-representation of minorities, particularly those
from underdeveloped countries, leading to racial bias. While solutions like multi-ethnic

training sets are being explored, their effectiveness remains to be seen [69].

Al techniques can also pick up on features that are not relevant to predict a diagnosis. For
example, associate a race or gender with a certain disease and make a diagnosis based on
those patient features instead of the existence of a white mass in an exam, for example.
This process of the model finding unimportant associations between patients’ features and
outcomes is overfitting, and it is often associated with too many variables when training
a model, which leads the model to have amazing results in the train set but perform very

poorly on the test set [81].

* Lack of Explanation: Deep learning algorithms lack convincing explanations for their
predictions, making it difficult for scientists to understand the data connection to their pre-
dictions. This “black box” may lead to a loss of faith in the medical system. However, the
mechanism of action of commonly prescribed medications is poorly understood, and most
doctors have only a basic understanding of diagnostic imaging tools. The development of

Al systems that can be understood by humans is still an active field of study [27, 69, 82].

* Responsibility: That is one of the main concerns of artificial intelligence in the medical
field since it is difficult to define who would be held accountable for the wrong predictions
and erroneous diagnoses, which can affect patients’ health. There is a lack of guidelines in
evaluating the security and efficacy of Al systems, which are still being refined by entities
like the FDA. Doubts have been raised if the doctor should be blamed since he had no part
in the development of the software. Because of that, understanding how the data connects
to the predictions, is also very important in the healthcare system to allow the doctor to fully
understand the “thinking” behind the model decision and correct eventual outliers of the
algorithm [27, 69].

* Social Concerns: Lastly, social concerns are raised associated with healthcare practitioners

losing their jobs, which is mainly due to the general overestimation of Al capabilities [83].
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Nevertheless, patient contact jobs are irreplaceable and so only healthcare professionals who
deal with digital information, radiology and pathology may be affected. However, the pen-
etration in these fields would be slow since even though there are significant improvements
in these fields, their capability is still far from a reliable solution for daily use, working
only as an aided diagnosis tool and not a diagnosis tool [27, 84, 85]. Making a compari-
son to self-driving cars, the Society of Automotive Engineers (SAE) has defined five levels
of autonomy (see Figure 3.1), with Level 5 indicating full control without human backup.
However, this definition is unlikely to be achieved due to unsafe conditions. Topol [5] stated
that medicine will unlikely surpass Level 3, which requires human oversight for algorithmic
interpretation of data. Limited human backup is unlikely for Level 4, as human health is too

precious to be relegated to machines except for routine matters with minimal risk [86].
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Figure 3.1: Progression of Al in healthcare from [5].

3.1.3 Market Progression

Nevertheless, Al in healthcare is becoming more and more used, and the medical sector is consid-
ered one of the most promising areas for this technique. The market of Al in healthcare is growing
at an exponential pace, being projected to reach $188 billion U.S. dollars in 2030, growing at a
CAGR of 37% from 2022 to 2030. In 2021, the market size was $11 billion U.S. dollars (see
Figure 3.3) [6].

3.1.4 Relevant Types of Al

Al is a collection of technologies, some of which are of high importance to the healthcare sys-
tem [27]:
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Artificial intelligence (Al) in healthcare market size
worldwide from 2021 to 2030
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Figure 3.2: Expected growth rate of Al in healthcare in US Billions from [6].

* Machine Learning: Machine Learning is one of the most common types of Al, within which
different techniques can be explored. Nevertheless, its usage is becoming so natural that a
study conducted by Deloitte in 2018 reported that 63% of the managers of the 1,100 in-
quired companies were already using some source of machine learning in their businesses,
highlighting the value of this tool [87]. Simple machine learning models can be used to per-
sonalise treatment plans and deep learning techniques can be used to create aided-diagnosis

tools.

» Natural Language Processing: Focused on understanding the human language, NLP in-
cludes speech recognition and translation and is often used in the field to analyse clinical
notes, create reports or even interact with a foreigner in their native language to improve
comfort [27].

 Physical Robots: Robots have become more collaborative and trainable, with increasing in-
telligence through embedded Al capabilities. Surgical robots, approved in the USA in 2000,
empower surgeons with enhanced abilities for precise and minimally invasive procedures.
Human surgeons still make crucial decisions, particularly in gynaecologic, prostate, and

head and neck surgeries [27, 88].

* Robotic process automation: Robotic process automation (RPA) is a technology that auto-
mates administrative tasks in information systems, mimicking human actions. Despite the
name, RPAs are computer programs, not physical robots. They are cost-effective, easy to
program, and transparent in operation. In healthcare, RPAs streamline tasks such as prior

authorisations and billing [27].
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3.2 Al in ophthalmic pathology and ophthalmology

The integration of Al into eye care has significantly transformed the landscape of diagnosis and
treatment for various eye conditions. Specifically focusing on prevalent diseases such as diabetic
retinopathy (DR), glaucoma, age-related macular degeneration (AMD), and cataracts, Al tech-
nologies have simplified and enhanced the process of identifying and managing these conditions.
For instance, in the case of DR, Al algorithms are used to analysing images of the retina to de-
tect early signs of the disease, facilitating timely intervention. Similarly, in glaucoma, Al plays
a pivotal role in identifying important indicators like changes in the optic nerve, aiding in the
early detection of the condition. Moreover, Al assists in identifying AMD-related abnormalities
in images of the eye’s posterior segment, enabling prompt treatment decisions. Furthermore, in
the realm of cataracts, Al streamlines diagnostic procedures, enabling healthcare professionals
to make well-informed decisions regarding patient care. Ultimately, the integration of Al tech-
nologies in eye care not only improves diagnostic accuracy but also ensures timely intervention,
leading to better patient outcomes and overall efficiency in the management of eye diseases, which
explains why constant scientific innovation is taking place in this field over the years (see Figure
3.3)[7].

Additionally, working with eye images poses unique challenges due to the presence of nu-
merous biometric factors such as iris patterns, retinal vasculature, and ocular structures, which can
introduce complexities in image analysis and interpretation due to the chance of re-identification of
the patient. Moreover, ensuring the privacy and security of sensitive biometric data in ophthalmic
imaging presents ethical considerations that must be carefully addressed to mitigate potential risks.
To do so, one solution is to use novel learning tasks like generative adversarial networks that hide

bio-identical information or work with private datasets [89].
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Figure 3.3: Statistics on the number of Al applications in diagnosing ophthalmologic diseases, by
disease (a) and by year (b) from [7].
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3.2.1 FDA approved products for ophthalmology

On May 13, 2024, the FDA updated its list of AI/ML-enabled medical devices, adding 191 new
devices, bringing the total authorised to 882 [90]. From this list, only 9 are in the ophthalmic field
and the majority of the approvals are, as expected, in the radiology field (see Figure 3.4). The
limited number of products available for ophthalmology can be justified by what was mentioned

before regarding biometric data and all the concerns that still exist with AlL. The list of existing

FDA-approved Artificial Intelligence and Machine Learning (AIML) Medical Devices by Year and Discipline
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Figure 3.4: FDA approved products for healthcare from [8].

approved products contains the following:

* IRIS Intelligent Retinal Imaging System (2015): Intelligent Retinal Imaging Systems
(IRIS) is a retinal screening software used in a telemedicine platform to screen for diabetic
retinopathy, macular edema, and glaucoma. The service can screen most patients in less than
15 minutes. The digital images are enhanced and sent to a specialist. IRIS has a sensitivity

rate of 97% and continuously refines its algorithms [91].

» IDx-DR (2018, 2021, 2022): IDx-DR is a software using Al to detect and diagnose Diabetic
Retinopathy (DR) in adults over 22 years old. It uses retinal images to detect more than mild

retinopathy, allowing ophthalmologists to diagnose the condition more accurately.

* RightEye Vision System (2018): Parkinson’s disease patients often have persistent ocular
tremors that hinder stability during fixation. Oculomotor testing can help diagnose the dis-
ease and detect it earlier. The RightEye Vision System, FDA-cleared in 2018, records and
analyzes eye movements to identify visual tracking impairment in patients. This data can
help doctors identify eye movement deficiencies or anomalies, which can indicate oculomo-

tor and neurological issues [92].

* CLARUS (2019): The Clarus 700 camera by Carl Zeiss Meditec, Inc. is a state-of-the-art

retinal camera designed for capturing high-quality images of the eye’s interior. With its
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advanced imaging technology, including ultra-wide field imaging capabilities, the Clarus
700 enables eye care professionals to diagnose and monitor various retinal conditions with

exceptional precision and detail [93].

* EyeArt (2020, 2023): The EyeArt v2.2.0 system, developed by Eyenuk, is the first Al
system FDA-cleared for multiple retinal cameras by different manufacturers, has been ap-
proved for detecting vision-threatening DR, age-related macular degeneration, and glauco-
matous optic nerve damage in a single test. This follows the system’s launch in August
2020, making it the first Al technology to detect these conditions. In Europe, its the first
and only Al system approved under Medical Device Regulation Class IIb to diagnose these
conditions [94].

* AEYE-DS (2022): The AEYE Diagnostic Screening (AEYE-DS) system detects more-
than-mild diabetic retinopathy (DR) in diabetes patients with no prior DR diagnosis. It
captures images from both eyes using a desktop camera (Topcon NW-400) and employs
Al to analyse the retinal data, delivering diagnostic results in just one minute, compared
to the previous AEYE device’s standard 15-20 minutes. The FDA cleared this system for
Al-based DR diagnostic screening in November 2022, making it commercially available
with a tabletop imaging device. The key difference from the previous device is its enhanced
portability [95].

3.3 Current Solutions for Keratitis

Several deep learning algorithms have been developed to focus on this specific problem. To un-
derstand the state-of-the-art technology, the models will be separated according to the type of
classification they perform: Bacteria Keratitis (BK), Fungal Keratitis (FK) or a Multi-infection
prediction. It is important to highlight that no study was found for Amoeba Keratitis (AK) vs
non-AK classification alone based on eye photographs, probably due to the global percentage of
the etiology being so low. Nevertheless, some multi-infection classification systems were found
that cover it.

The majority of the classification models focus on multi-infection cases, and because of that,
only one study will be presented per infection isolated. It is important to highlight that all studies
apply a deep learning algorithm to eye corneal photographs to diagnose Keratitis, and so all the

studies that had microscopic images were not included.

3.3.1 Bacterial Keratitis Diagnosis

Regarding Bacterial Keratitis, a study by Kuo, MT et al. [96] in 2021 collected eye photos from
patients 1512 patients in Taiwan that presented symptoms of microbial Keratitis. The goal was
to diagnose between positive for BK and negative for BK, meaning the patients might have any
other type of Keratitis. After normalisation, denoising and resizing, the data was submitted to

6 different models. The learning rate, number of dense blocks, growth rate and batch size were
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properly tuned using the validation set. The results for 95% Wilson/Brown binomial confidence
intervals regarding accuracy are shown in Table 3.1. It is possible to see that all models perform
relatively well, with SE-ResNet50 retrieving the best results, with a 95% confidence interval of
67.3-73.4%, which proves that it is possible to diagnose BK based on eye corneal photographs

with high accuracy.

Table 3.1: State of the Art of Bacterial Keratitis Diagnosis: Summary of Authors, Year of Pub-
lication, Country of the Dataset samples, Dataset Composition, Predictive Task and Performance

metrics.

Author Country Dataset Architecture  Task Performance (Acc)
Kuo, MT et al. Taiwan 1,512 External ResNet50 BK 63.9-74.5%
(2021) [96] Eye Photos

Kuo, MT etal. Taiwan 1,512 External ResNeXt50 BK 62.8-76.8%
(2021) [96] Eye Photos

Kuo, MT et al. Taiwan 1,512 External DenseNet121 BK 67.3-73.4%
(2021) [96] Eye Photos

Kuo, MT etal. Taiwan 1,512 External SE-ResNet50 BK 68.3-75.0%
(2021) [96] Eye Photos

Kuo, MT etal. Taiwan 1,512 External  EfficientNet BK 63.3-74.2%
(2021) [96] Eye Photos BO

Kuo, MT et al. Taiwan 1,512 External  EfficientNet BK 65.8-74.8%
(2021) [96] Eye Photos Bl

Kuo, MT et al. Taiwan 1,512 External  EfficientNet BK 65.9-73.3%
(2021) [96] Eye Photos B2

Kuo, MT et al. Taiwan 1,512 External  EfficientNet BK 64.6-75.9%

(2021) [96] Eye Photos B3

3.3.2 Fungal Keratitis Diagnosis

Fungal Keratitis was considered the worst type to diagnose since it is often confused with other
etiologies [97]. The same happens when using deep learning solutions to diagnose, which often
leads to less accuracy in comparison to other etiologies. The authors of the previous study also
focused on developing a deep learning solution for the diagnosis of Fungal Keratitis [9] from
other types of Keratitis. The 288 images were normalised and transformed using Gaussian blur
and later, random horizontal flips and random color jitters were added with a probability of 0.5.
The images were then inserted in a DenseNet based algorithm. The learning rate, number of
dense blocks, growth rate and batch size were empirically tuned using the validation set. The
results in the specific task were very satisfactory, specially when the difficulty of the task for the
doctors is taken into account. The model was able to reach an accuracy of 63.5% to 74.5% with a

Wilson/Brown binomial confidence interval of 95% (see Table 3.2).
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Table 3.2: State of the Art of Fungal Keratitis Diagnosis: Summary of Authors, Year of Publi-
cation, Country of the Dataset samples, Dataset Composition, Predictive Task and Performance
metrics.

Author Country Dataset Architecture  Task Performance (Acc)
Kuo, MT etal. Taiwan 288 External DenseNet FK 63.5%-74.5%
(2020) [9] Eye Photos

3.3.3 Multitask Diagnosis

In this section, several multi-diagnostic deep learning solutions will be explored. They were
grouped by predictive task, so firstly, the differentiation between Bacterial and Fungal Keratitis
will be analysed, followed by the Multi-infection models that include other etiologies. Some of
these studies include a Human Comparison that will be properly discussed and analysed in the

next section.

3.3.3.1 BKvsFK

Since bacterial and fungi etiologies are the most common sources of infection, they are also the
ones that are most targeted when developing deep learning solutions. Throughout this compar-
ative analysis, different methodologies from different authors and different dataset sources were
used [98, 99, 100, 101] to identify Bacterial and Fungi infection on eye corneal photographs that
could be taken under the slit lamp exam or not. The author, year of publication, country of dataset,
dataset composition, model architecture, predictive task and performance metrics are listed in Ta-
ble 3.3.

Reed et al [98] developed a solution where after image augmentation (random flipping and ro-
tation), to reduce overfitting, the images were resized and preprocessed according to each model’s
requirements. They entered five pre-trained CNN architectures (MobileNetV2, DenseNet201,
ResNet152v2, VGG19, Xception) that were fine-tuned using transfer learning. The final layer
of each model was replaced with a global average pooling layer, dropout layer, and a single L.2-
regularised node, resulting in an output value ranging from O to 1. Optimisation was done with
mini-batch gradient descent and RMSprop, in order to minimise binary cross-entropy loss. Ini-
tially, models acted as feature extractors with frozen layers, then it was fine-tuned by unfreezing
deeper layers. Hyperparameters were adjusted based on validation performance, with the primary
measure being the AUROC. The ensemble model was the average prediction of all models for
each image. MobileNet performed the best with an AUROC of 83%. Another study by Reed et al.
in 2021 [99], conducted on a different Indian dataset comprising 50% BK and 50% FK, utilised
transfer learning on a pre-trained deep learning system called EyeNet, based on ResNet50. The
study reported a classification accuracy of 76%.

Ghosh et al. [100] proposed a solution using a dataset acquired in Thailand, composed of

2,167 slit-lamp anterior segment images, submitted to a deep learning framework. The framework
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was built on top of three pretrained CNNs: VGG19, ResNet50, and DenseNet121, all trained us-
ing the ImageNet dataset. Each pretrained architecture was expanded with two additional layers:
Global AveragePooling2D and a dense layer with two outputs. Model enhancements such as early
layer freezing, data augmentation, weight decay, and early stopping were implemented to boost
performance. Grad-CAM was implemented to assess performance. The output provided the prob-
ability of BK and FK being mutually exclusive. This model was considered state-of-the-art, with
an AUROC of 86% for VGG19 and 90% for the ensemble of all models.

Lastly, Hung et al. [101] also produced a deep learning system for the classification of these
two etiologies. It included two parts, the segmentation and classification model. Firstly, using
U?Net, the cornea was cropped; then, normalisation and augmentation were applied. Using a
5-fold cross-validation technique, the classification task studied several CNN backbones, includ-
ing ResNet and DenseNet variants, InceptionV3, and EfficientNetB3. Age and sex were included
through fully connected layers, with their output vectors concatenated with those from the global
average pooling layer. The model was trained for up to 100 epochs, optimising for maximum ac-

curacy and minimum validation loss. The best result was found for ResNet101 with 80% AUROC.

3.3.3.2 Multiple Infections

Regarding multiple infections, studies were found that included BK, FK, VK, HSK and AK. Xu et
al. [102] proposed 3 different approaches that classify FK, BK and HSK based on the entire image,
an anatomic-relevant annotated patch or a specific lesion. For the sake of fairness, only the full
image-based classification methods are listed in Table 3.4. The image-level feature learning deep
model employs transfer learning to deal with limited training data. It uses the original clinical
images without annotations for CNN-based diagnostic analysis and classification. Three classic
architectures for image classification were used in the experiments: VGG-16, GoogLeNet-v3, and
DenseNet. The DenseNet architecture performed best on all three classifications, achieving 60.46
(BK), 56.70 (FK), 80.39 (HSK)% of accuracy.

Zhang et al. [10] developed a solution that currently achieves the best results across all etiolo-
gies. The original slit-lamp images were normalised to standardised pixel intensities. Histogram
equalisation enhanced the image contrast, while data augmentation techniques like random crop-
ping and flipping were applied to increase diversity and reduce overfitting. The pre-processed
images were then fed into multiple state-of-the-art convolutional neural network architectures like
ResNet, DenseNet, EfficientNet, and ResNeXt, which were initialised with pre-trained weights
from ImageNet. Dynamic learning rate scheduling with a linear warm-up and cosine decay were
utilised during training. To boost performance, model blending of top-performing individual mod-
els was conducted to create an ensemble that could capture diverse feature representations from the
slit-lamp images for robust classification. The best performance was found for 3 types of Convolu-
tional Neural Networks (CNN), DenseNet169, ResNet101_32X8d and ResNet10_32x16d, which
have an average ACC of 92%. To try to surpass that performance, Zhange et al. created Ker-
atitisNet (a combination of ResNet101_32x16d and DenseNet169), which ended up surpassing
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Table 3.3: State of the Art for multi-infection BK vs FK: Summary of Authors, Year of Publication,
Country of the Dataset samples, Dataset Composition, Model Architecture, Predictive Task and
Performance metrics

Author Country Dataset Architecture  Task Performance
Redd et India 980 External MobileNet BK vs FK AUROC: 83.0%
al.(2022) [98] Eye Photos
Redd et India 980 External DenseNet BK vs FK AUROC: 83.0%
al.(2022) [98] Eye Photos
Redd et India 980 External ResNet BK vs FK AUROC: 82.0%
al.(2022) [98] Eye Photos
Redd et India 980 External VGG BK vs FK AUROC: 75.0%
al.(2022) [98] Eye Photos
Redd et India 980 External Exception BK vs FK AUROC: 75.0%
al.(2022) [98] Eye Photos
Redd et India 980 External Ensemble BK vs FK AUROC: 84.0%
al.(2022) [98] Eye Photos
Redd et India 1,010 External ResNet-50 BK vs FK ACC: 76.0%
al.(2021) [99] Eye Photos
Ghosh et Thailand 2167 slit-lamp VGGI19 BK vs FK AUROC: 86.0%
al.(2022) [100] anterior  seg-

ment images
Ghosh et Thailand 2167 slit-lamp ResNet50 BK vs FK AUROC: 60.0%
al.(2022) [100] anterior  seg-

ment images
Ghosh et Thailand 2167 slit-lamp DenseNetl121 = BK vs FK AUROC: 73.0%
al.(2022) [100] anterior seg-

ment images
Ghosh et Thailand 2167 slit-lamp Ensemble BK vs FK AUROC: 90.0%
al.(2022) [100] anterior  seg-

ment images
Hung et Taiwan 288 slit-lamp DenseNetl21  BK vs FK ACC: 78.8%
al.(2021) [101] images
Hung et al. Taiwan 1330 slit-lamp DenseNet161  BK vs FK ACC: 78.6%
(2021) [101] images
Hung et Taiwan 1330 slit-lamp DenseNet169  BK vs FK ACC: 79.3%
al.(2021) [101] images
Hung et Taiwan 1330 slit-lamp DenseNet201  BK vs FK ACC: 78.4%
al.(2021) [101] images
Hung et Taiwan 1330 slit-lamp  EfficientNetB3 BK vs FK ACC: 76.1%
al.(2021) [101] images
Hung et Taiwan 1330 slit-lamp  InceptionV3 BK vs FK ACC: 78.9%
al.(2021) [101] images
Hung et Taiwan 1330 slit-lamp ResNet101 BK vs FK ACC: 80.0%
al.(2021) [101] images
Hung et al. Taiwan 1330 slit-lamp ResNet50 BK vs FK ACC: 77.30%

(2021) [101]

images
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the previous models with an overall AUROC of 92.75%. The comparison with the clinicians’
performance will be further analysed in section 3.3.5.

Koyama et al. [103] developed a deep learning algorithm to classify BK, FK, AK and HSK.
CNNs (ResNet-50 and InceptionResNetV2) pre-trained on ImageNet were employed, utilising a
dataset of 4,306 slit-lamp images from clinical cases and web sources under different illumination
conditions. A hierarchical two-step CNN classifier approach was taken to handle class imbalance,
with the first CNN discriminating bacterial vs. non-bacterial cases and the second categorising
non-bacterial cases into acanthamoeba, fungal, or HSV. The CNN probability scores were inte-
grated with a gradient-boosting decision tree (GBDT) model for the final classification. Data
augmentation using web-scraped images and a group k-fold validation strategy were also incor-
porated to improve model performance and generalisation. The InceptionResnetv2 performed the
best results of the CNNs tested.

Lastly, Hu et al. [104] started by augmenting the data by implementing random cropping,
rotation, color jitter, horizontal flip, overall noise and strategies to compensate for data imbalance.
VGG16, ResNet34, InceptionV4, DenseNet121, ViT-Base, and EfficientNetV2-M were tested as
classification models. The models were trained with 150 epochs per model and a 15 batch size.
The optimal model was evaluated using the Grad-CAM technique. The best overall accuracy was
found for EfficientNetV2-M with 73.5% for diagnosing BK, FK and VK.

Depending on how the results are described in the publication, the overall performance (av-
erage of the performance of the metric for all tasks) or the performance for each task (ordered

according to how they appear in the Task column) is shown in Table 3.4.

3.3.4 Datasets

Due to the sensitivity biometric information present in these types of images, there are no public
datasets for the disease. Nevertheless, private datasets are described in the literature. For the BK
vs non-BK classification, Kuo et al. [96] acquired a Taiwanese dataset, composed of 1,512 external
eye photos. Of those, 929 has a BK label and the rest a non-BK label, presenting signs of infection
by FK and VK. In its FK vs non-FK paper [9], another Taiwanese dataset was acquired, which
comprised 288 external eye photographs. Of those, 114 had a positive label for FK and 174 a
non-FK label, this group included exams that tested positive for BK and HSK.

Focusing now on the datasets used for BK vs FK, Redd et al. [98] used an Indian dataset
composed by 980 external eye exams, of which 480 had BK and 500 FK. In the other published
study by the author [99] a bigger dataset of 1,010 images was used and the proportions of etiologies
were 50% each. Ghosh et al. [100] used a dataset acquired in Thailand that was composed by 2167
slit-lamp anterior segment images. Of those, 1388 had a positive diagnosis for BK and 779 for
FK. Lastly, Hung et al. [101] utilises a Taiwanese dataset composed by 1330 slit-lamp images. Of
those, 824 are positive for BK and 506 for FK.

Lastly, regarding the multi-infection studies, Xu et al [102] used a chinese dataset composed
by 2284 slip lamp photos. In which, 473 had BK, 616 FK, 539 HSK and 656 other corneal
diseases. The dataset of Zhang et al. [10], also chinese, has 1490 images of BK, 1670 of FK, 600
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Table 3.4: State of the Art for multi- infection: Summary of Authors, Year of Publication, Country
of the Dataset samples, Dataset Composition, Predictive Task and Performance metrics.

Author Country Dataset Architecture Task Performance

Xu et China 2284 slit lamp VGG16 BK vs FK vs ACC: 48.84, 52.57,
al.(2021) [102] photos HSK 62.74,%

Xu et China 2284 slit lamp  GoogLeNet-v3 BK vs FK vs ACC: 53.49, 55.67,
al.(2021) [102] photos HSK 66.67%

Xu et China 2284 slit lamp DenseNet-v3 BK vs FK vs ACC: 60.46, 56.70,
al.(2021) [102] photos HSK 80.39%

Zhang et China 4830 slit lamp ResNetl8 BK vs FK vs AUROC: 82, 88,
al.(2022) [10] images AK vs HSK 95, 96%

Zhang et China 4830 slit lamp ResNet50 BK vs FK vs AUROC: 84, 89,
al.(2022) [10] images AK vs HSK 95, 98%

Zhang et China 4830 slit lamp DenseNet121 BK vs FK vs AUROC: 82, 87,
al.(2022) [10] images AK vs HSK 95, 96%

Zhang et China 4830 slit lamp DenseNet169 BK vs FK vs AUROC: 85, 90,
al.(2022) [10] images AK vs HSK 95, 98 %

Zhang et China 4830 slit lamp ResNet101_32X8d BK vs FK vs AUROC: 85, 89,
al.(2022) [10] images AK vs HSK 96, 98 %

Zhang et China 4830 slit lamp ResNetl101_32x16d BK vs FK vs AUROC: 84, 90,
al.(2022) [10] images AK vs HSK 96, 98.0 %

Zhang et China 4830 slit lamp  EfficientNet-b0 BK vs FK vs AUROC: 85, 88,
al.(2022) [10] images AK vs HSK 95, 97%

Zhang et China 4830 slit lamp  EfficientNet-b5 BK vs FK vs AUROC: 82, 87,
al.(2022) [10] images AK vs HSK 96, 97%

Zhang et China 4830 slit lamp  EfficientNet-b7 BK vs FK vs AUROC: 83, 89,
al.(2022) [10] images AK vs HSK 97, 98%

Zhang et China 4830 slit lamp KeratitisNet BK vs FK vs AUROC: 86, 91,
al.(2022) [10] images AK vs HSK 96, 98 %

Koyama et Japan 4306 External ResNet50 BK vs FK vs AUROC: 82, 78,
al.(2021) [103] Eye Photos AK vs HSK 84, 73%

Koyama et Japan 4306 External InceptionResnetV2 BK vs FK vs AUROC: 87, 86,
al.(2021) [103] Eye Photos AK vs HSK 99, 93%

Hu et China 2757 slit lamp ResNet34 BK vs FK vs ACC: 63.5%
al.(2023) [104] images VK

Hu et China 2757 slit lamp Densenet121 BK vs FK vs ACC: 63.7%
al.(2023) [104] images VK

Hu et China 2757 slit lamp  ViT-Base BK vs FK vs ACC: 69.7%
al.(2023) [104] images VK

Hu et China 2757 slit lamp  VGG16 BK vs FK vs ACC: 70.8%
al.(2023) [104] images VK

Hu et China 2757 slit lamp  InceptionV4 BK vs FK vs ACC: 71.6%
al.(2023) [104] images VK

Hu et China 2757 slit lamp  EfficientNetV2-M  BK vs FK vs ACC: 73.5%
al.(2023) [104] images VK
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of HSK, and 1070 with AK. Koyama et al. [103] worked with a Japanese dataset of 4306 external
eye photos, nevertheless the number of cases of each infection is not disclosed. Lastly, Hu et
al. [104] worked with a Chinese dataset of 2757 images, of which 592 were healthy, 813 had a
positive label for VK, 1125 a positive label for FK and 227 for FK.

3.3.5 Ophthalmologists vs. Al

Different studies have been conducted to evaluate the ophthalmologist’s performance metrics when
compared to those of deep learning solutions. Human performance is often lower than the deep
learning system and much more dependent on other variables like the years of expertise and how

familiar they are with the disease.

3.3.5.1 BK vs. non BK

Studies conducted on the diagnosis of BK alone have shown that the clinicians have a performance
of 66.0 to 74.0%, making the performance of the system presented a valid aided-diagnosis tool

since similar metrics were found [96].

3.3.5.2 FKvs. non FK

According to Dahlgren et al. [97], doctors have a sensitivity of 38% and a specificity of 45%
when diagnosing FK clinically based only on eye photographs. The authors of the previously
presented study for fungal Keratitis alone compared the performance of Non-Corneal Speciality
Ophthalmology (NCS-Oph) and experts with the one of their model and realised that, although the
DL proposed framework was capable of beating the NCS-oph, it performed lower than the Experts
(Figure 3.5) [9].

3.3.5.3 Multi-infection

The diagnosis of IK using slit-lamp photography by cornea specialists has an accuracy rate of only
66.0-75.9% in distinguishing between bacterial and fungal keratitis [66]. Nevertheless, since this
performance is very dependent on the dataset, several studies compared the model and the experts’
performance; in its 2022 study, Redd et al. [98] compared the performance of the doctors in the
same Indian dataset that was used to train the DL model. 66 international expert cornea specialists
were responsible for this classification and reached an AUROC of 76% which is significantly
lower (p<0.01) than the one found by the DL architecture 83%. Xu et al. [102] did a similar study
where doctors achieved 46.55% BK, 45.56% FK, 65.01% HSK and when the patients’ history was
available, the results improved to 55.55% BK, 56.28% FK, 73.25% HSK, which is still lower than
the DL, metrics for image-level classification, the decrease in performance can be particularly seen
for HSK. Zhang et al. [10] compared the performance (see Figure 3.6) of KeratitisNet with that

of expert ophthalmologists and the results showed that the model had a correct prediction rate at
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Figure 3.5: DL model vs NCS-Oph (a) and Experts (b) from [9].
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least 0.10 higher than the healthcare practitioners, with the maximum difference being 0.5 for AK,

proving once again how useful these developed models can be as aided diagnosis tools [105].
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Figure 3.6: Confusion matrix of KeratitisNet (a) and ophthalmologists (b) in distinguishing IK

from [10].
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3.4 Computer Vision

Deep learning distinguishes itself by its ability to autonomously learn feature representations from
raw data, with multiple levels of abstraction, setting it apart from traditional machine learning
approaches that often require a manual feature extraction process. Models such as CNNs have
demonstrated exceptional effectiveness in fields like computer vision, natural language processing,
and speech recognition. Nonetheless, deep learning also presents challenges, such as the necessity
for large amounts of labelled data, substantial computational resources, and the complexity of
interpreting intricate models, which is particularly problematic in the healthcare sector. [1, 26, 27,
106].

3.4.1 Models Architecture

Because of the ability to automatically learn and extract meaningful features from raw images,
deep learning has become particularly common in image-related tasks since CNNs have proven to
be exceptionally effective in understanding and interpreting visual data. That is because of their
ability to automatically learn hierarchical representations of images, starting from basic features
and progressing to complex patterns and structures, mimicking the way our eyes work. This
technique enables CNNs to generalise well to new, previously unseen pictures, which is critical
in tasks like as object identification. Furthermore, CNNs are meant to be insensitive to spatial
transformations such as translation, rotation, and scaling due to the way their weights are shared.
This trait lowers the computational cost and eliminates the need to manually construct features,
making CNNs more economical and scalable for large-scale picture collections [106].

Several CNN architectures have been developed specifically for image classification tasks,
each offering unique design principles and performance characteristics. Examples include ResNet,

DenseNet, and VGG16, which will be further explored in chronological order.

3411 VGGI16

VGG16 is a deep CNN architecture proposed by Simonyan and Zisserman [107].

VGGI16 (see Figure 3.7) is recognized for its simplicity and uniform structure, featuring 16
layers, including 13 convolutional layers and 3 fully connected layers. The convolutional layers
utilise 3x3 filters with a stride of 1 and padding, maintaining spatial resolution. The number of
filters increases from 64 in the first layer to 512 in the deeper layers, doubling after each max-
pooling layer.

Max-pooling layers, with 2x2 kernels and a stride of 2, are placed between convolutional
blocks. These layers reduce spatial dimensions while preserving crucial features, aiding translation
invariance and reducing computational complexity.

The fully connected layers, positioned after the convolutional layers, each contain 4096 neu-
rons. These layers enhance high-level feature representation, followed by a softmax layer that

facilitates class prediction based on the features extracted from the convolutional layers. This
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combination of convolutional and fully connected layers allows VGG16 to effectively classify
images by progressively extracting and interpreting intricate features, nevertheless compared to
modern architectures it is considered slow and less efficient and with a very high computational
cost [108].

224 X 224 x3 224 x 224 x 64

112 x 112 x 128

56|x 56 x 256
28 x 28 x 512

7Tx7x512

14 x 14 x 512 1x1x4096 1x 1x 1000

) convolution+ReLU
] max pooling
fully nected+ReLU
softmax

Figure 3.7: VGG16 Architecture diagram from [11].

In comparison to other similar structures, VGG16 has the following benefits:

 Simplicity: VGG16’s uniform architecture and consistent use of 3x3 filters make it easy to

understand and implement.

» Strong Baseline Performance: VGG16 provides a strong baseline performance for image

classification tasks, achieving high accuracy on datasets like ImageNet.

* Transfer Learning: Pre-trained VGG16 models trained on large datasets like ImageNet can
be fine-tuned for various image recognition tasks with limited data, thanks to its generalisa-

tion capabilities.

3.4.1.2 ResNet50

ResNet-50 is a convolutional neural network architecture introduced by He et al [109].
ResNet50 (see Figure 3.8) is a leading image classification model that uses residual connec-
tions to enable deep architecture learning without vanishing gradients. Its architecture has four
main parts: convolutional layers, identity blocks, convolutional blocks, and fully connected lay-
ers.
The convolutional layers extract features like edges and textures from images using convo-
lution, batch normalization, and ReLU activation, followed by max pooling to reduce spatial di-

mensions. Identity blocks pass the input through convolutional layers and add the input back to
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the output, allowing the network to learn residual functions. Convolutional blocks are similar but
include a 1x1 convolution to reduce filter numbers before a 3x3 convolution.

Finally, the fully connected layers make the final classification, with the output passed through
a softmax function to produce class probabilities. This structure enables ResNet50 to efficiently

process and classify images by learning complex residual functions [110].
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Figure 3.8: ResNet50 Architecture diagram from [12].

In comparison to other similar structures, ResNet50 has the following benefits:

* Effective Training of Deep Networks: ResNet50’s residual learning framework enables the

training of very deep networks (up to 50 layers) without suffering from the degradation
problem.

* State-of-the-Art Performance: ResNet50 achieves state-of-the-art performance on various

image recognition benchmarks, including the ImageNet dataset, surpassing previous archi-
tectures in terms of accuracy and efficiency.

3.4.1.3 DenseNetl121

DenseNet-121 [111] (see Figure 3.9) is a convolutional neural network architecture that belongs to
the family of Densely Connected Convolutional Networks (DenseNets), introduced by Huang et
al known for its efficiency and accuracy in image classification. The number in the name is related
to the number of layers with trainable weights [111, 112].

The key innovation of DenseNet is its dense connectivity pattern, where each layer receives
input from all preceding layers. In traditional convolutional neural networks, feature maps are
concatenated across the depth dimension, which results in a “tower-like” architecture. However,
in DenseNet, each layer is connected to every subsequent layer in a feed-forward manner, meaning
that each layer receives feature maps from all preceding layers and passes its feature maps to all
subsequent layers . This dense connectivity promotes feature reuse and facilitates gradient flow
during training.

To control the growth of feature maps and reduce computational complexity, DenseNet em-
ploys transition layers between dense blocks. These transition layers consist of convolutional and
pooling operations that reduce the spatial dimensions of feature maps and the number of channels

which helps maintain model compactness while preserving valuable information.



Eyes on the Prize: Artificial Intelligence in Opthalmology 34

At the end of the network, a global average pooling layer aggregates spatial information across
feature maps, resulting in a fixed-size representation for each feature map. This pooled represen-

tation is then fed into a fully connected classification layer, which produces the final predictions
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Figure 3.9: DenseNet121 Architecture diagram from [13].
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In comparison to other similar structures, DenseNet has the following benefits [113]:

» Parameter Efficiency: Dense connectivity promotes feature reuse, allowing DenseNet121 to

achieve high performance with fewer parameters compared to traditional CNN architectures.

» Gradient Flow: The dense connectivity pattern facilitates gradient flow through the network,

making it easier to train very deep models.

* High Accuracy: DenseNet121 has demonstrated state-of-the-art performance on various im-
age classification benchmarks, including the ImageNet dataset, owing to its effective feature

propagation and reuse.

3.4.2 Additional Layers

Between the backbone, inspired by one of the previous architectures, and the Fully-Connected
layers, it is common to add several layers that boost the model performance. That is because,
despite their powerful representation capabilities, fully connected layers can be prone to overfitting
due to the large number of parameters involved. Consequently, regularisation techniques are often
employed to enhance generalisation and prevent overfitting during the training of deep neural

networks.

3.4.2.1 Average Pool

An average pool layer is a type of layer, that reduces the feature maps by down-sampling them.
That is relevant because since the feature map is downsized, features that were close position-wise
will likely be associated with the same pixel in the downsized version, making the model invariant
to local translation. As the name suggests, an average pool means that each down-sampled feature
map pixel corresponds to the average value in the kernel size of the original feature map, a process

that can be seen on Figure 3.10. The stride indicates how much the kernel moves vertically and
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horizontally, and the padding means how many pixels are added around the maps before down-

sizing to retain the spatial dimensions [114].

031 085 052 015 | 039 06
055 003 006 074 | 095 025
0.68 058 067 | 038 | 049 | 057 | 3%3 Avcrage Pooling 0.47 0.5
065 014 032 028 087 021 0.65 | 043
076 05 | 056 041 026 005
094 099 097 | 033 | 0.71 0.77

Figure 3.10: Average pool operation with kernel 3x3 from [14].

3.4.2.2 Batch Normalisation

A Batch Normalisation layer in neural networks normalises each mini-batch’s input to have a mean
of zero and a standard deviation of one, hence reducing internal co-variate shift. The Batch Nor-
malisation layer, which is applied after the linear transformation but before the activation function,
has a regularisation effect that helps to reduce overfitting by adding noise via mini-batch statistics.
Furthermore, it minimises sensitivity to parameter initialisation, making it an essential component

in recent deep learning systems [115].

3.4.2.3 Dropout

The dropout layer randomly drops some nodes and their forward and backward connections with
a certain probability rate defined. This random "dropping out" of neurons encourages the network
to acquire more robust properties since it cannot rely on the existence of any specific neuron
(see Figure 3.11). As a result, the dropout layer improves model generalisation by decreasing
overfitting, making the network less sensitive to noise and particular patterns in training data.

Usually a probability ranging from 0.3 to 0.5 is used [15].

(a) Standard Neural Net (b) After applying dropout.

Figure 3.11: Dropout layer from [15].
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3.4.3 Learning Process
3.4.3.1 Loss Function

A loss function in machine learning quantifies the difference between the predicted values pro-
duced by a model and the actual values observed in the data. It measures the error or discrepancy
in predictions, providing a numerical value that indicates how well the model’s predictions align
with the true data. A key property of many loss functions is that they are differentiable, meaning
they have well-defined gradients or derivatives at each point in their domain. This differentiability
allows optimisation algorithms, such as Adam Optimiser, to compute gradients and iteratively ad-
just model parameters to minimise the loss. A lower loss indicates better model performance, as
it signifies that the model’s predictions are closer to the actual values. A common loss function is
Mean Squared Error (MSE), which squares the differences between predicted and actual values,
and then averages them. If predictions are perfect, MSE is zero; otherwise, it’s a positive number.
MSE is computed using Equation 3.1, where each variable assumes the same meaning as it did in

Equation 3.8. The goal is to minimise this loss by adjusting the model’s parameters.

L R
MSE =~ % (i —5i)’ (3.1)
i=1
Different tasks require different loss functions. Cross-entropy loss is used for classification
tasks. It is computed by using Equation 3.2, where N is the total number of observations, y; €
{0,1} represents the actual label for the prediction i and J; is the predicted probability of the

positive class for that observation [116].
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Choosing the right loss function is crucial (see Figure 3.12), as it affects how well the model
learns from data. Additionally, monitoring the loss and the difference between train and validation
loss over the epochs helps assess the model’s performance and can indicate issues like overfitting

or poor parameter tuning [16].
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Figure 3.12: Loss analysis from [16].
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3.4.3.2 Optimiser

Optimisers are an important part of deep learning algorithms since they dynamically fine-tune a
model’s parameters throughout the training process to minimise a predetermined loss function.
They let neural networks learn by iteratively modifying weights and biases depending on data
feedback. Stochastic Gradient Descent (SGD), Adam, and RMSprop are well-known deep learn-
ing optimisers, each with their own set of update rules, learning rates, and momentum strategies,
all aimed at converging on optimal model parameters and thus improving overall performance.
Adam (Adaptive Moment Estimation), one of the most common ones, is a powerful optimisation
technique that combines the advantages of two previous stochastic gradient descent extensions:
Adaptive Gradient Technique (AdaGrad) and Root Mean Square Propagation (RMSProp). It com-
putes adaptive learning rates for each parameter by calculating the first and second moments of
the gradients, enhancing convergence speed and stability. The step size between the first and sec-
ond moments is defined by the learning rate. Additionally, the weight decay parameter acts as a

penalty added to the loss function to reduce overfitting [117].

3.4.3.3 Backpropagation

Backpropagation plays a pivotal role in this learning process. When a neural network makes
predictions, it first processes the input data through its layers in a step called forward propagation.
The output of the network is then compared to the actual target values to calculate the loss.

The primary goal of backpropagation is to reduce the calculated loss by adjusting the weights
in the network. It does this by propagating the error backward from the output layer to the input
layer (see Figure 3.13). The process involves computing the gradient of the loss function with
respect to each weight in the network. This gradient tells us how much a small change in each
weight will affect the loss.

Using the chain rule of calculus, backpropagation efficiently computes these gradients. Once
the gradients are calculated, the optimiser uses them to update the weights. Typically, the optimiser
adjusts each weight by moving it in the direction that decreases the loss the most. This adjustment
is controlled by a parameter called the learning rate, which determines the size of the steps taken
during the update process.

This cycle of forward propagation, loss calculation, gradient computation, and weight update
is repeated many times. Each cycle is known as an iteration, and a full pass through the entire
training dataset is called an epoch. Through many epochs, the weights are iteratively adjusted to

minimise the loss, leading to a trained neural network that makes accurate predictions [17].

3.4.4 Performance Metrics

To quantify the performance of a classification task, some metrics are commonly used. To under-

stand them, it is important to define four concepts [118]:



Eyes on the Prize: Artificial Intelligence in Opthalmology 38

Inputs Output

Output
layer

Hidden
layers

Figure 3.13: Backpropagation from [17].

* True Positive (TP): This occurs when the prediction is positive, and it correctly matches the

reality.

* True Negative (TN): This happens when the prediction is negative, and it correctly aligns

with reality.

* False Positive (FP): In this scenario, the prediction is positive, but it inaccurately predicts a

positive outcome when the reality is negative.

 False Negative (FN): Here, the prediction is negative, but it incorrectly predicts a negative

outcome when the reality is positive.

3.4.4.1 Confusion Matrices

It provides a comprehensive examination of true positive, true negative, false positive, and false
negative predictions, allowing for a more in-depth understanding of a model’s recall, accuracy,
precision, and overall efficacy in class differentiation (see Figure 3.14). When there is an un-
even class distribution in a dataset, this matrix is very useful for assessing a model’s performance

beyond simple accuracy measurements.

3.44.2 Accuracy (ACC)

Classification accuracy is probably the most straightforward statistic metric to use in model access,

defined as the number of right predictions divided by the total number of predictions (see Equation

3.3). Accuracy is beneficial and usually used when the target classes are balanced. [118].
Number_of_correct_predictions

| _ 3.3
ccuracy Total_number_of _predictions G
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Figure 3.14: Confusion Matrix scheme from [18].

3.4.4.3 Area Under the Curve (AUROC)

The ROC (receiver operating characteristic) curve serves as a visual representation of how well
a classification model performs across different classification thresholds. It showcases the rela-
tionship between the True Positive Rate (TPR), which indicates the percentage of actual positive
instances correctly identified as positive, and the False Positive Rate (FPR), which represents the
percentage of actual negative instances incorrectly identified as positive.

By plotting TPR against FPR at various thresholds, the ROC curve illustrates the trade-off
between these rates. As the classification threshold is lowered, more instances are classified as
positive, resulting in an increase in both TPR and FPR. This dynamic is effectively captured and
displayed through the ROC curve.

AUROC, short for Area Under the ROC Curve, quantifies the overall performance of a classi-
fication model by measuring the area under its ROC curve (Figure 3.15). It ranges from O to 1,
where 0 indicates complete mispredictions and 1 indicates perfect predictions. AUROC provides a
scale-invariant and threshold-invariant measure of model performance, making it valuable for as-
sessing the quality of prediction rankings across different thresholds. However, it may not address
scenarios where precisely calibrated probabilities or specific optimisation of classification errors

are required [19, 118].

3.4.4.4 Precision

Precision addresses a limitation of accuracy by focusing specifically on the proportion of positive
predictions that were correct. It quantifies the accuracy of positive predictions by measuring the
ratio of True Positive predictions (those that are actually true) to the total positive predictions
(the sum of True Positive and False Positive predictions)(see Equation 3.4). In essence, precision

evaluates the model’s ability to avoid false positives and ensure that positive predictions are indeed
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Figure 3.15: ROC Curve from [19].

accurate. If precision is maximised, the FN errors are minimised [118].

. TruePositive
Precision = — — (3.4
TruePositive + FalsePositive

3.4.4.5 Recall

The Recall metric calculates the proportion of incorrectly identified positives, referred to as True
Positive, based on predictions that are true to the total number of positives (see Equation 3.5). If

precision is maximised, the TN errors are minimised.

TruePositive
Recall = T : (3.5)
TruePositive + FalseNegative

3.4.4.6 F1-Score

The F-score, also known as the F1 Score (see Equation 3.6), is a metric used to evaluate binary
classification models based on positive predictions. It represents both precision and recall and is
calculated as the harmonic mean of both, assigning equal weight to each. It is useful when both
are important for evaluation, but one is slightly more important than the other, such as when false

negatives are more important than false positives [118].

F1_Score =2 Precision - Recall

. 3.6
Precision + Recall (3.6)
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3.4.4.7 Balanced Accuracy

Balanced accuracy is a statistical metric used to evaluate classification algorithms’ performance
on unbalanced datasets. It represents the arithmetic mean of sensitivity (true positive rate) and
specificity (true negative rate), ensuring that both minority and majority classes are given equal
weight during evaluation (see Equation 3.7). O indicates a poor classifier and 1 a perfect one
[119].

Sesitivity + Specificity 2TN-TP+TP-FP+TN-FN
2 B 2

BalancedAccuracy = 3.7

3.4.4.8 Mean Absolute Error

Mean Absolute Error (MAE) is commonly employed when dealing with continuous data clas-
sification tasks. It serves as a straightforward metric to assess the average magnitude of errors
between predicted and actual ordinal values. Mean Absolute Error is a regressive loss metric that
examines the absolute value difference between a model’s predictions and ground truth, averaged
over the dataset. MAE is weighted on a linear scale and hence does not place as much emphasis on
outliers, it is calculated by Equation 3.8, where N is the total number of observations,y; represents
the actual value for observation i and y; represents the predicted value for observation i. This gives
a more uniform measure of performance, but it also means that both large and minor faults are
weighted equally. Nevertheless, a bigger difference (which represents a higher misclassification)

will impact the result.

1 ¥ .
MAE = =Y |yi = Jil (3.8)
Ni:l

3.5 Conclusions

The integration of Al in ophthalmology and broader healthcare offers immense potential, if the
current concerns are effectively addressed. Al has already demonstrated its capability to enhance
diagnostic accuracy, streamline workflows, and reduce costs. Specifically, the state-of-the-art tech-
nology for keratitis has shown that deep learning models can outperform traditional diagnostic
methods used by doctors. These models facilitate deeper, faster, and more accurate diagnoses
while minimising the need for costly lab tests, making them particularly valuable in low- and

middle-income countries.

3.6 Summary

Al in healthcare is revolutionising diagnostics and treatment, providing numerous benefits while
also presenting several challenges. It enhances diagnostic accuracy, enables early disease detec-
tion, and supports personalised treatment by analysing extensive patient data. Additionally, Al
automates routine tasks, reducing costs and saving time. However, concerns such as data privacy,

potential biases from training on biased datasets, and regulatory issues pose significant challenges.
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In ophthalmology, FDA-approved Al products like IDx-DR and EyeArt autonomously detect
diabetic retinopathy, improving diagnostic precision and efficiency.

For the specific case of keratitis, no FDA approved product exists, but several deep-learning
models have been developed to classify the etiology based on eye photographs. These models
have shown significantly better results compared to ophthalmologists, proving Al’s value as an

aided-diagnostic tool.



Chapter 4

Insightful Vision: Unravelling the
Dataset

4.1 Dataset Characterisation

Because there are no public datasets on the topic, a new private one was collected. The Dataset,
acquired in Sao Paulo, Brazil by the clinical partners (Luis Nakayama and Camila Kase) of the
Universidade Federal de Sdo Paulo (UNIFESP), contains healthy patients for keratitis and non-
healthy patients that can be infected by amoeba, bacteria or fungi. It is composed by metadata and
the corresponding eye corneal photograph for each exam. There are 24,691 exams present in the
dataset, belonging to 3296 patients, meaning that there are multiple exam cases for each patient,

usually portraying the time progression.

4.2 Dataset Features

The dataset contains 26 attributes described in Table 4.1.

4.2.1 General Analysis

The dataset is composed by healthy and non-healthy exams for keratitis of several patients. Be-
cause of this, some cases were immediately considered healthy for Keratitis by the doctor which
led to no tests and further information being asked. Those cases only have information for
“exam_date”, “patient_id”, “birth_date”, “file_names”, “date”, “olho”. Of the 24,691 exam cases
that compose the dataset, 6,681 have medical info although 1,914 exam cases came out negative
for all laboratory tests, meaning only 4,767 have a keratitis infection.

As described in the disease characterisation, bacteria is the most common etiology. In the
dataset the majority of the infections are also by bacteria, reaching 3,956 cases, which accounts
for 82.99% of the dataset. Fungi keratitis represents 755 of the cases, which is 15.85%. Lastly,
acanthamoeba has 736 cases that corresponds to 15,44%. That allowed the conclusion that 680
exams have multiple infections according to the laboratory diagnosis of the individual test. A

43
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Table 4.1: Attributes and Features available in the Dataset.

Feature Name Data Type Description

exam_date String Date of the eye corneal photograph (YYYY-
MM-DD)

patient_id Int Unique Patient Identifier

birth_date String Birth date of the patient (DD-MM-YYYY)

file_names String Name of file the eye corneal photo is stored as

date String Date of the sample collection (YYYY-MM-DD)

olho String Eye of the sample, OE (left) or OD (right)

Sexo String Defines the sex of the patient, can either be *Fem-
inino’(Female) or "Masculino’(Male)

Idade Float Age of the patient (e.g. 50.0)

Data Coleta String Date of the collection of the sample for lab anal-
ysis (YYYY-MM-DD)

Origem Material String Where was the sample acquired (service wise)

material String How was the cornea sample collected

Histérico String Symptoms and patient history

medicamento_anterior Boolean If the patient ever took a medicine for eye related
problems

Medicamentos Anteriores String The medicines the patient took previously for eye
related problems

cirurgia_anterior Boolean If the patient ever had an eye surgery

Tipo Cirurgia Anterior String The name of the surgery

Tempo Evolugdo String Time since the first symptom

fungo Boolean If the cornea lab sample was submitted for fungi
analysis

Cultura para FUNGOS Res String Result of the test for fungi, Positiva’ for positive
and ’Negativa’ for negative

Fungo Filamentoso String Type of fungi of that category that the patient has

Fungo Leveduriforme String Type of fungi of that category that the patient has

acanthamoeba Boolean If the cornea lab sample was submitted for acan-
thamoeba analysis

Cultura para ACANTHAMOEBA Res  String Result of the test for acanthamoeba, *Positiva’ for
positive and *Negativa’ for negative

bacteria Boolean If the cornea lab sample was submitted for bac-
teria analysis

Cultura para BACTERIA Res String Result of the test for acanthamoeba, *Positiva’ for
positive and *Negativa’ for negative

Date_Difference Float Time between the sample and the eye corneal
photograph

deeper analysis showed the conclusion that 270 cases have bacteria and fungi infections and 410
report Bacteria and acanthamoeba infections. However, it is possible to conclude that the dataset
has a significant imbalance in terms of infection type. Below, it is possible to see some examples of

the images of the dataset (see Figures 4.1-4.6), denoting not only its variety but also the different
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phenotypes the disease can acquire, highlighting the difficulty of this task. When performing
a deeper analysis on the dataset, it was clear that several entries of the dataset were associated
with the same filename, meaning that the clinicians recorded different test acquisitions for the
same image. To properly clean the dataset, and after a Clinician’s validation, it was decided to
summarise those different tests in one entry, meaning that if there was a positive result for that
etiology in any date of the different acquisitions, the image would be considered positive for the
infection (see Figure 4.7). If not, the image would be considered as a negative for that infection.
This rule was applied to all the exam photos in all the infections, resulting in 2585 different exam
cases of which 2024 had multiple entries that were summarised using this technique. This affected
how samples were counted of each infection since, before data cleaning, multiple positives and
negatives were recorded for the same exam photo. After data cleaning, it was possible to conclude
that there were 521 negative samples for all infections, meaning they were healthy patients which
implied they needed to be excluded from the dataset. Of the 2064 remaining exam cases, 1580
had positive results for bacteria, 490 for fungi and 298 for amoeba, which meant the multiple
infections remained present. Doing an in depth analysis, there are 1176 of only bacteria, which
represents 56.98% of the dataset, 277 of only fungi, accounting for 13.42% of the total samples

and 207 of only amoeba, 10.03%. Regarding multiple infections, there are 213 cases of combined

infection of bacteria and fungi 10.32% and 191 of combined cases of amoeba and bacteria 9.26%
(Table 4.2).

Figure 4.1: Bacteria Dataset Figure 4.2: Fungi Dataset Figure 4.3: Ameba Dataset
Example. Example. Example.

Figure 4.4: Bacteria Dataset Figure 4.5: Fungi Dataset Figure 4.6: Ameba Dataset
Example. Example. Example.
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Figure 4.7: Data Cleaning.

Table 4.2: Number of Cases and Percentages for Combinations of Infections.

BACTERIA Res ACANTHAMOEBA Res FUNGOS Res Cases Percentage (%)

Positive Negative Negative 1176 56.98%
Negative Negative Positive 2717 13.42%
Positive Negative Positive 213 10.32%
Negative Positive Negative 207 10.03%
Positive Positive Negative 191 9.26%

4.2.2 Feature Analysis

The dataset was then analysed regarding the data distribution of each individual feature. Some
features were not necessarily analysed as a whole but rather processed before analysis. The fea-
tures that were considered relevant, after discussion with clinicians, are the sex, the eye, the age,
the combination of tests asked, the material origin, the existence of a pre-existing surgery and
medicine, the time of evolution as well as the result of the tests that were already explored in the
past section. The feature distribution analysis will be done on the cleaned dataset comprised of
2064 cases since that is the adequate dataset to achieve the goal of predicting the type of keratitis

the patient has.

4.2.2.1 Sex

The sex distribution across the infected patients of the dataset can be seen in Figure 4.8. It is
possible to see that there are 1203 cases of patients belonging to the Male sex (58,28%) and 861
belonging to the Female sex (41,72%), so we can conclude that the dataset is balanced, regarding

SeXx.

4222 Age

Looking at the age distribution and performing a Kernel Density Estimation of Age (KDE) (Figure
4.9) it is possible to observe a high peek of ages from 20-40 and 40-65 which, according to
literature, can be related to the two most common sources of infection, bad usage of contact lenses
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Figure 4.8: Distribution of the sex parameter in the dataset.

and agriculture work. When trying to group them by age, for a deeper analysis, according to
the clinicians and the literature on the disease, 4 major bins were selected, 0-18 (label 0), 18-40
(label 1), 40-65 (label 2) and more than 65 (label 3). After that implementation, it was possible
to get a better understanding of the age dispersion of the dataset (see Figure 4.10). The lack of
data for patients under 18 is clear, with just 54 cases (2.62%). Also, as previously mentioned, the
majority of cases exist in the 40-65 years old, with 813 ( 39.39%) and the 18-40 years old with
744 (36.05%), proving again that this dataset is a good representation of the infection profile.

Kernel Density Estimate Plot of Age
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Figure 4.9: Distribution of age in the dataset.

4.2.2.3 Eye

Looking at how many exams exist of each eye, in Figure 4.11, it can be easily denoted that there

are approximately 1000 images of each eye, so the dataset is well balanced in that matter.
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Figure 4.10: Distribution of the age bins in the dataset.
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Figure 4.11: Distribution of the eye in the dataset.

4.2.2.4 Ordered Tests

When the patient reaches the clinic, in case there is a suspicion of infection, the Clinician asks for
the laboratory tests. There is the possibility of asking for 1,2 or 3 tests at once, depending on the
etiologies of suspicion. Because bacteria is the most common source of infection, it is also the
most commonly asked test, with 1981 asked tests out of the 2064 cases where tests were asked
(see Figure 4.12). Looking into the fungi infection, it is also commonly asked (1954 tests) even
though the positive cases are not as frequent as the bacteria ones (see Figure 4.13). Regarding
amoeba, it is the least common source of infection according to the literature, which is reflected
on the amount of tests asked by the doctors. Looking into the dataset there are 1067 tests asked
for acanthamoeba (see Figure 4.14).
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4.2.2.5 Surgery and Medicine

Because during eye surgery there is a high exposition of the eye to microorganisms, it is an im-
portant feature to have in consideration. Of the 2064 exam cases, 377 have a pre-existing surgery
(see Figure 4.15). Looking into the surgeries that exist in the database we can clearly see that the
cornea transplant is the most common surgery, with values reaching 179 reported surgeries.
Bar Graph of Surgery Distribution
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Figure 4.15: Distribution of surgery in the dataset.

In the dataset, pre-existing medicines are also recorded. They can be a great source of informa-
tion regarding past infections of the patients with Keratitis. 968 have a past medicine, indicating

that probably in case the result of the test is positive, it is not their first infection (see Figure 4.16).

4.2.2.6 Material Origin

Although the dataset is all collected in Sao Paulo, Brazil, there are different types of services where

the data was collected. That discrepancy highlights the social economical aspect of the disease
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Figure 4.16: Distribution of medicine in the dataset.

with only 2 cases being registered in private clinics. The majority of the cases are registered in

urgent care (1456), enhancing how IK affects the patients’ life (see Figure 4.17).
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Figure 4.17: Distribution of the origin of the material in the dataset.

4.2.3 Extracted Features

To get a better understanding of the time effect in the dataset, the year, quarter, and month were
extracted from the “exam_date” feature. Starting on the month it was possible to denote a peek of
infections from June to October, grouping the months by quarters we could see a maximum for the
third quarter with 680 cases (32,95%). Followed by the second, fourth and lastly the first. When
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thinking about the logic reasoning behind it, it makes sense since those are the trimesters with the
most agriculture work, and therefore where people are more prone to get infected by parasites(see
Figures 4.18, 4.19). When analysing the year of infection we can see that there is data from 2018
to 2021, with the maximum existing for 2021 with 740 exams (see Figure 4.20).
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Figure 4.18: Distribution of the month of the photograph in the dataset.
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Figure 4.19: Distribution of the quarter of the year in the dataset.

4.3 Correlations

After the analysis of each relevant feature value it was important to understand potential correla-
tions that could exist between the features and the classification of the type of Infectious Keratitis.
To do so, three analysis were executed.

Firstly, to assess the influence of the period of the year on the type of infection, a correlation
was performed between those features. To allow comparisons between infections and because
the dataset is so imbalanced infection-wise, normalisation by the cases of each infection was
implemented (see Figure 4.21). Looking at the matrix it was possible to understand a general

increase of cases across all etiologies (even the combined ones) in the third quarter of the year,
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Figure 4.20: Distribution of the year in the dataset.

supporting what was seen before. It is also plausible to conclude that fungi infections seem to be
frequent in the second and fourth quarters of the year.

Looking now into the influence of the year using the same process of normalisation we can see
a clear peek of infections of ameba and combined infection of bacteria and fungi in 2021. We can
also denote a peek in 2018 for the combined infection of bacteria and amoeba, which can represent
a possible outbreak (see Figure 4.20).

Lastly, analysing the correlation between sex, age, eye, quarter, pre-existing surgery with each
classification (see Figure 4.23), we can highlight apparent negative and positive correlations be-
tween the sex and both fungi (-0.22) and ameba (0.20) infection. In addition, when focusing on
the age, there seems to be also a negative and a positive correlation between the age group (the 4
labels metrics) with both the fungi (0.20) and the ameba (-0.37) infection. When working with this
dataset the correlations, should be taken into account in order to avoid bias. It is also important to
denote that there is a high correlation ( both positive and negative) between the different types of
infections.

4.4 Conclusions

The extensive analysis performed on the dataset allowed the conclusion that even though the
dataset is quite extensive in terms of exam cases, only 2,064 of those can be used due to the
lack of medical information and image files in the rest. In addition, it is also possible to state
that the dataset is highly imbalanced in terms of infections and that in order to properly use it,
corrections for that will need to be implemented. Lastly, it was also inferred a possible correlation

of sex and age with the type of infection.
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Figure 4.21: Normalised Correlation of the quarter and type of IK.
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Figure 4.22: Normalised Correlation of the year and type of IK.
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Chapter 5

Clear Vision, Clear Methodology:
Proposed Framework

5.1 Proposed Workflow

In order to achieve the proposed goals, different approaches were defined:

* Baseline Approach: A baseline binary deep learning model that predicts the infection based
on the eye corneal photograph for one infection at a time. To get a diagnose for all infections,

it requires three models.

* Multitask Approach: A deep learning solution that, with the eye corneal photograph as
input, predicts the infections for all types at once, meaning that it not only reduces runtime
and computational costs but also allows for multiple-infection diagnosis. Two different

architectures were defined and tested.

— First Multitask Approach -V1: Three different classification layers, each responsible

for a binary diagnosis.

— Second Multitask Approach -V2: One classification layer responsible for the three

classifications.

* Sex Prediction: Since there is an apparent correlation between sex with the disease out-
come, a deep learning system to understand if the sex could be identified from the eye
photograph was implemented. The performance of this model was used to evaluate the im-
portance the diagnosis model was giving to sex-related features of the eye, helping mitigate

potential biases [120].

* Age Prediction: Since there is an apparent correlation of age with the disease outcome, a
deep learning system to understand if the age could be identified from the eye photograph
was implemented. The performance of this model was used to evaluate the importance the
diagnosis model was giving to age-related features of the eye, helping mitigate potential

biases.
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5.2 Data Preparation

In order to save time and optimise the following steps, a data preparation system was implemented
to resize and enlarge the dataset. As described before, the used dataset only included 2,064 out
of the 24,691 initial exam cases. Since that significantly decreases the dataset, a strategy to flip
every image along the y-axis was developed so that every eye case has a “left eye” and “right eye”
photo. That not only increases the total dataset to 4,128 images but also allows the model to be
equally trained to recognise both eyes, allowing it to perform equally for both cases. A new CSV
file was built to account for the transformations of the version where to every image a version of
its file_name with “flipped” added in the end was created.

Secondly, there was the need to standardise the input shape of the data, with 224x224 as the
chosen size. The usage of 224x224 images as input in many deep learning models is a well-
established practice influenced by historical precedence, computational efficiency, pre-trained

model compatibility, and architectural considerations.

* Historical Precedence: The popular ImageNet [121] dataset, used in training many renowned
models like AlexNet, VGG, ResNet and DenseNet employs 224x224 images. These models

were originally designed to match the requirements of this dataset [122].

» Computational Efficiency: Smaller image sizes like 224x224 reduce the computational load
during training and inference, requiring less memory and computational power while still

retaining sufficient information [123].

* Pretrained Models: Many models are pre-trained on large datasets such as ImageNet using
224x224 images. Fine-tuning these models on new tasks typically uses the same input size

to leverage the pre-trained knowledge effectively [124].

* Pooling Layers: Popular convolutional neural network (CNN) architectures use pooling
layers to downsample feature maps. Starting with 224 x224 images allows several pooling

layers while maintaining adequate spatial information [125].

Because of all of this, the chosen image size was 224 x224 and so a script was run to store every

image (flipped and non-flipped) in its 224 x224 format in a new folder.

5.3 Pre-processing

5.3.1 Dataset and Image Preparation

Generally, this phase is characterised by preparing the data for model prediction. After reading
the CSV into a pandas DataFrame, rows with healthy patients were dropped. In addition, the
dataset cleaning procedure mentioned before was implemented so that each exam photo was asso-
ciated with only one csv row that summarised all the classifications, forming the 2,064 exam-cases

dataset.
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The values for each classification column: the result of bacteria test, the result of fungi test,
the result of acanthamoeba test, age and sex; were converted into numerical labels using the rules

present in Table 5.1.

Table 5.1: Transformations into numerical labels.

Column Original Data Transformed Data

Infection Test Result Negative / Positive 0 (Negative), 1 (Positive)

Sex Male / Female 0 (Male), 1 (Female)

Age Continuous Age Values 0 (0-17), 1 (18-39), 2 (40-64), 3 (65)

Finally, the features (X) and target variables (Y) (Table 5.2) for each classification task were
selected accordingly. It is important to note that for the baseline models and the sex and age
models, the classification column is a single value. However, for the multitask approaches, the
target variable (Y) is a vector containing the label for each task. Since sex and age factors will
be relevant in future analyses, all of the infection related models receive the sex and age bin
information associated with that filename. Nevertheless it is important to highlight that the sex
and age are not part of the models’ inputs, instead they are used to later analyse the performance
of the model in a specific subset.

Following the initial data preparation, the next step involves extracting image filenames and
converting the infection, age, and sex labels, making them ready for the subsequent operations that
include data augmentation and model training.

This meticulous preparation ensures that the data is clean, well-labeled, and appropriately
formatted, laying a solid foundation for effective model training and accurate predictions. By
organizing the data in this manner, the robustness of the resulting machine learning model is

significantly enhanced.

Table 5.2: The inputs of the different models.

Model Name X Y Additional info
Baseline Bacteria Filenames Results for Bacteria test  Sex and Age
Baseline Fungi Filenames Results for Fungi test Sex and Age
Baseline Amoeba Filenames Results for Amoeba test Sex and Age
Multitask v1 Filenames Results for all tests Sex and Age
Multitask v2 Filenames Results for all tests Sex and Age
Sex Filenames Sex -

Age Filenames Age -

5.3.2 Data Augmentation of Images

During this process, it is also when transformations are randomly applied to the image data to
enhance the robustness and generalisation ability of the model. The first transformation makes
sure the previous resizing process was done and protects the model from an eventual error of the

previous, by resizing every image to (224,224). Random rotations of up to 20 degrees were applied
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to introduce variability [126]. Subsequently, random color transformations (brightness, contrast,
saturation, and hue adjustments) were applied with parameters set to 0.1, as per the literature
[104]. This simulates different lighting conditions and color variations, improving the model’s
robustness to real-world scenarios and reducing overfitting [127]. Additionally, random vertical
flips with a probability of 0.5 were included.

Lastly, Gaussian blur was applied to the image with a kernel size of 5x5 and a sigma value
ranging between 0.1 and 2.0. The Gaussian filter, known for its “Mexican hat” shape, is a spe-
cial case of weighted mean filters. It is particularly effective at reducing noise. As the kernel
size increases, noise-induced variations in the image become less pronounced, leading to overall
smoothing. This results in a higher differentiation between central and lateral values and effec-
tively reduces noise. Conversely, increasing the sigma value reduces the differentiation between
central and lateral values, leading to greater smoothing (see Figure 5.1). By adjusting these
parameters, we can control the degree of smoothing applied to the image, balancing noise reduc-
tion with the preservation of important features. This can help the model become more robust to
variations in image sharpness and noise levels, like the patient’s unique iris features, making the

classification more invariant to the patient’s characteristics [128].

o =2 with 30x30 o =5 with 30x30
kernel kernel

Figure 5.1: Gaussian Filter variance with sigma from [20].

Then, the image was converted to a PyTorch tensor. PyTorch tensors are the standard in-
put format for models in PyTorch, enabling GPU acceleration and compatibility with other Py-
Torch functions. All the models were trained using this library [129]. Lastly, normalisation with
mean=[0.485, 0.456, 0.406] and std=[0.229, 0.224, 0.225]) was performed to adjust the values to
the mean and standard deviation of the ImageNet dataset. That is because, since the models are all
pre-trained on this dataset, it is important to initialize them with the same weights. This standard-
isation of input data ensures that pixel values are centered around zero with a standard deviation
of one, which helps the model converge faster during training and can improve performance by
ensuring consistent input data [130].

These transformations collectively enhance the quality and diversity of the training data, which
are critical for several reasons; the impact of these transformations in the dataset can be seen on
Figure 5.2. Data augmentation, through rotations, flips, filters and color adjustments, artificially
increases the diversity of the training dataset, exposing the model to a wider variety of scenarios,
which helps it learn more generalised features. This approach prevents overfitting, as the random-

ness introduced means the model is less likely to memorise the training data and more likely to
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learn robust patterns that generalises well to unseen data. Furthermore, improved generalisation
results in a model that becomes more resilient to variations in image appearance, such as different
angles, lighting conditions, and colours, making it more applicable to real-world situations where
such variations are common.

Image after data augmentation

Image after data augmentation

Original Image.

Image afler data augmentation

Original Image.

Figure 5.2: Examples of the pipeline of image transformations applied to the dataset.
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5.4 Model preparation

5.4.1 K-fold strategy

To later validate the reliability of the results of the pipeline, a k-fold adaptation was implemented.

K-fold cross-validation is a statistical method used to evaluate a machine learning model’s
performance and generalised. In this technique, the dataset is divided into K equal-sized subsets,
or folds. The model is trained and validated K times, each time using a different fold as the
validation set and the remaining K-1 folds as the training set. This iterative process ensures that
every data point is used for both training and validation. The performance metrics from each
iteration are averaged to provide a comprehensive estimate of the model’s effectiveness, helping
to reduce both bias and variance [131]. An adapted version of this technique was created since it
was important in our case to maintain the validation set to later select the best model.

Before starting the division in folds, the flipped version of every image was excluded from
the dataset to prevent the test set from containing the flipped version of an image already seen in
the train set or vice-versa, preventing data leakage. These images were later re-added after the
sets were created. Because some of the models included multi-label classification and others were
single-labeled, two different approaches were developed. Nevertheless, the idea behind them was

the same and can be seen in Figure 5.3.

fold1

fold? Best model of each fold
fold3 selected on validation set
fold4 2

fold5 Best model of each
fold6 fold tested on test set
fold7 of that fold
fold8 <

fold9 AVERAGE
fold10 [l PERFORMANCE

I:I Train set . Validation set . Test set COMPUTED

Figure 5.3: Adapted 10-fold strategy.

5.4.1.1 Age, sex and infection baseline

For the single-label option, a Stratified k-fold version was used, since it preserves the class distri-
bution, making it ideal for problems with imbalanced datasets [132]. That allows us to correctly
separate one different set as the test set for each fold, making the test set have 10% of the dataset.

Because we intended to retain the validation set for later validation of the best model, the train set
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group was divided using the train/test split technique with a ratio of 0.1/0.9. That way, a balanced
validation set with 10% of the total dataset was created and a train set with 80% of the dataset was
also formed. This approach allowed every group to be balanced and every validation and test set

to be correctly excluded from the model train part, preventing data leakage.

5.4.1.2 Multitask vl and v2

For the multi-label case, we need to ensure that every class and combination of classes was prop-
erly balanced and that took into consideration the “B-F-A” format and not only the individual
classification of each case. To do so, the multilearn library [133] was explored. After careful
analysis, Iterative Stratification and iterative train test split were used since they did the same as
the previously explained strategy, but instead of taking into account only the class distribution it
takes into consideration the combination of all infections’ distribution.

After all this was done, the names of the files corresponding to each group were accessed, and
the flipped version of that image was added to that group, allowing the prevention of data leakage
while ensuring these images were included in the model training and evaluation. After that, the
subsets for, train, validation and test were created for each fold. To load each image, a batch
size of 16 was chosen without any sampler, meaning that 16 samples would be loaded at a time,
which provides a more stable gradient estimate compared to processing single samples as well as

providing faster convergence during training [134].

5.4.2 Class Weights

To conquer class imbalance, the weight each positive sample of a certain label would need to have
for the dataset to be considered balanced was computed. For each label, this weight was computed
for the positive and negative class using the Equation 5.1, where the number of total samples of
the dataset (Ns) is divided by the number of classes (Nc) and the number of samples with that label
(Ncs). In order to get a single value for each label the positive was divided by the negative weight
for that class, this value represents how much each positive sample of that class should weigh for
the dataset to be considered balanced. For single-task decisions, this was only performed once,
for multi-label cases this process was repeated for every infection, meaning, in the end, we had an
array with the weight each positive sample of each infection would need to have for the dataset to
be balanced [135].
Ns

Cl jghts = ——— 5.1
assweights Nex Nes (5.1)

5.4.3 Optimiser

Adam optimiser has been tested with various learning rates and weight decays and the optimal
value was decided by observing the minimal validation loss value that was found, as well as in

which epoch it happened.
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5.4.4 Model Selection

With the data loaded, the optimiser defined and the class weights computed, the model architecture
needed to be built. Looking at the state of the art, it was easy to conclude that ResNet50, VGG16
and DenseNet121 were strong candidates for the model. Because deep learning models are both
time- and computational-costly, we decided to create a subset of 50 images in which several epochs
would be run and the duration recorded. The model with a lower runtime and better performance

for the subset was the selected one.

5.4.5 Model Architecture

The backbone of the framework was inspired by the previously defined models pre-trained on
ImageNet, but 3 layers were added before the fully connected layer to improve the models’ per-
formance and reduce overfitting.
Firstly, an average pool 2D layer was included with a kernel of 3 x 3, stride of 2x2 and padding
of 1, then a batch normalisation layer and lastly a dropout layer with a probability of 0.3.
Depending on the type of model that was being developed, different FC layer architectures

were developed (see Figure 5.4).

* Sex and Infections Baseline: For models that predicted between two classes only, mean-
ing that the decision was binary, a simple Fully connected layer with just one node was
developed.

* Age: In the age case, since there were 4 age groups, the fully connected layer had 4 nodes,
each predicting the probability of one age group.

e Multitask_v1: The multitask_v1 case is composed by 3 parallel fully connected layers, each
layer has one node that makes a binary decision for that specific infection. The combination

of the output of all fully connected layers represents the final classification.

e Multitask_v2: The multitask_v2 method uses a one fully connected layer with 3 nodes,
each predicting the probability of one etiology, again the global result is obtained by the

combination of all nodes.

Since the loss function that we were going to use already had a sigmoid activation function in-

cluded, no activation function was used.
Single task and sex model Age Multitask_v1 model Multitask_v2 model

of-0o | oH9 (0 mm-o o
[ 7
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Figure 5.4: Fully Connected Layers of each model.
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5.4.6 Model training and validation

Several epochs were tested for each model (100,200 and 300), and the optimal case was defined
for each.

To boost the models’ performance and avoid overfitting, the backbone was frozen for the first
10 epochs and later unfrozen. When we freeze specific layers in a neural network, we don’t back-
propagate the gradients to update their parameters. These layers usually include parameters that
have been pre-trained on a big dataset. By doing so, we may take advantage of the existing in-
formation contained in these layers, which is especially useful for applications with little training
data or when the task starting knowledge is critical. In contrast, unfreezing entails enabling these
originally frozen layers to be updated with the remainder of the model during later training ses-
sions. This stage allows the model to fine-tune its representations, fitting them more precisely to
the requirements of the target task or dataset. This iterative process balances the benefits of pre-
trained knowledge with targeted adjustments, yielding more effective and efficient models across
diverse applications in deep learning [136].

Since the goal was classification, Binary Cross-Entropy was used as the loss function, to ac-
count for dataset imbalance, all losses were fed with the class weights previously calculated. It
is also relevant to emphasise that the validation and train loss were tracked in order to evaluate
the models’ performance. Since age was not a binary task, a standard Cross-Entropy function
was used, to which the weight of each class was fed. To avoid overfitting and especially since
our dataset was considered small and very variant imagewise and so very prone to overfitting, the
model that was implemented in the test set was always the model that had the lowest possible loss
in the validation set, this was followed for all the seven prediction models. Throughout training,
models are iteratively improved, but the training process can be affected by various factors such as
overfitting or fluctuations in learning rates. The last model might not always be the best because
it could have overfitted to the training data, meaning it performs well on seen data but poorly
on unseen data. By selecting the model with the lowest validation loss, you ensure that you are
choosing the model that performed best on a separate validation set, which serves as a proxy for
unseen data. This approach helps in selecting a model that is more likely to generalise well, offer-
ing a better performance on real-world data and avoiding overfitting issues (see Figure 5.5). This
technique is called “early-stopping”. A comparison of the multitask and single task performance
under these circumstances was performed and, after that, a few improvements were implemented
to the multitask framework.

A combined loss based on binary cross entropy was applied where not only the class weights
but also the medical cost of each infection was taken into account. This idea was suggested by
the Clinicians (Dr. Kase and Dr. Nakayama), involved in the project and it meant that the cost
of misidentifying a high-cost infection would be higher than that of misidentifying a low-cost
infection and that our prediction should account for that. That is because since IK is common in
Low and Middle countries, the patients often struggle to pay for the medicine and so, the miss-

classification of etiologies in which the price of the medicine was significantly high was penalised.
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Figure 5.5: Loss optimal from [21]

To achieve this goal and based on the medicines used, duration of treatment, and flasks used per
month, present in Table 2.1, the average cost of each infection was computed. To do so, the
prices of the medicines used in each infection (R$ 45,2 for BK, R$ 203 for FK and R$ 95.5 for
AK) were multiplied by the number of flasks of each medicine used and the maximum duration
of the treatment in months. The values were then divided by the cost of all infections. The values
obtained were considered the hospital costs. After that, the combined loss was calculated using
Equation 5.2. The performance of this strategy was then properly evaluated and the last model

improvement was implemented.
Totalloss = 0.8 x (class_weights « BCE_loss) 4+ 0.2 x (Hospital_weights * BCE _loss)  (5.2)

This last approach consisted of an adaptive threshold solution for considering a certain probability
of a prediction. Typically, a threshold of 0.5 is used to convert model output probabilities into
predictions, where probabilities above 0.5 are considered 1, and those below 0.5 are considered 0.
However, in multi-label problems, this value often needs adjustment. We implemented Youden’s
J statistic (Equation 5.3) for each task to address this. This statistic measures a classifier’s abil-
ity to make informed decisions beyond random guessing. "Informedness" refers to how well
the classifier distinguishes between classes based on the available data. Higher J values indicate
more reliable predictions and better-informed decision-making. To find the optimal threshold that
maximized this metric, we calculated Youden’s J for every threshold value, comprising the ROC
curves of each task. The threshold that maximized J was then considered the optimal classification
threshold for that infection (see Figure 5.6) [137].

J = TruePositiveRate — FalsePositiveRate (5.3)
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Figure 5.6: Youden’s J Optimisation from [22].

5.4.7 Performance evaluation
54.7.1 General

To properly assess the model performance the loss evolution of both the training and validation set
were evaluated, as well as the F1-Score, Recall, Precision, AUROC, Accuracy, Balanced Accuracy
and Mean Absolute Error (for the age prediction) on the validation set to get an understanding of
the model evolution.

Regarding the test set, the same metrics were computed, and in addition, the confusion matri-
ces and the F1 score and Recall for each class within the same label were also computed. In the
multitask models, the joint confusion matrix of all infections was also retrieved. To ensure stabil-
ity, the average confusion matrix across all folds was also found, which gives us a proper sense of
the models’ performance. The rest of the metrics were also computed and stored across all folds
but were treated with a statistical analysis that will be further analysed. Lastly, to understand the
TPR and FPR, the ROC curves were plotted.

To ensure and validate the models’ diagnosis, saliency maps were created for every fold and
one example of each class’s positive and negative case. Saliency maps are visual techniques that
enable the identification of sections of an input that has the most influence on a model’s prediction.
They are created by calculating the gradient of the model’s output concerning the input, which in-
dicates how sensitive the output is to changes in each input pixel. Saliency maps provide several
benefits, including improved interpretability by revealing which parts of the input the model is
focusing on, aiding in debugging by identifying irrelevant features that the model may be overfit-
ting to, and improving model explanations [138, 139]. All these metrics were evaluated for all the
models on every fold to ensure their robustness and effectiveness; it is also relevant to add that for
the multitask approaches the metrics were all computed by task with the exception of the multitask

matrix to ensure a good comparison to the baseline approach.
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5.4.7.2 Patients’ Information subsets

To evaluate the influence of the age group and also the sex in the prediction of the etiology, the F1-
Score, Recall, Precision, AUROC, Accuracy, Balanced Accuracy, and Mean Absolute Error were
computed by age and group bin, for each task, meaning that a comparison of performance could be
done in between sexes and ages for a specific task and metric, allowing for a deeper understanding
of the influence of this factors in the classification. The goal behind it was to understand if the
model was using identity features when deciding on a diagnosis. That behaviour, on a balanced
dataset, would be clear if different subsets of the same category (for example both sexes) had very

different performing metrics. With that in mind, will be later referenced by their names:
* General: Formed by every infected patient of the test set
* Female Sex: Formed by patients of the Female Sex (the sex that has the label 1)
* Male Sex: Formed by patients of the Male Sex (the sex with the label 0)
* 0-18 yo: Formed by patients O to 18 years old (the age group with label 0)
* 18-40 yo: Formed by patients 18 to 40 years old (the age group with label 1)
* 40-65 yo: Formed by patients 40 to 65 years old (the age group with label 2)

* +65yo0: Formed by patients more than 65 years old (the age group with label 3)

5.5 Statistical Analysis

5.5.1 Confidence Intervals

To better summarise the performance of each metric and task across all folds, facilitating the
analysis, a 95% normal confidence interval was calculated for the results of each metric and task.
This involved grouping all 10 values of the metric and task across the folds to determine the
interval. Using this statistic method, we could confidently state that our model in unforeseen data
would achieve a performance that would be in between a certain interval, making it reliable. A
normal distribution with a 95% confidence level refers to the range within which we expect 95% of
the data points or observations to fall, assuming the data follows a normal (Gaussian) distribution.
This means that there is a 95% probability that the true population parameter lies within this
calculated interval [140]. This methodology was applied to the age and sex prediction but also to
the infection prediction models. In the last ones, not only the general subset of data was analysed,
but also all the other ones, meaning it was possible to get the confidence interval of F1-score for

bacteria if the patient belongs to the Female sex for example.
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5.5.2 P-values

After that, and only on the infection-prediction-related models, the statistical significance of the
sex and age for the diagnosis was studied. The goal of this task was to understand how these
parameters can impact the result and make proper conclusions on the need for disentanglement of
patient features from the images before inputting them into the model based on that. To achieve
that, for each task and metric, the age and sex subsets were grouped.

For the sex analysis, since only two independent groups were being compared, t-test was
implemented. A t-test is a statistical method used to assess whether there is a significant difference
between the means of two groups. To do so, it takes into account the mean (X;,X>), the sample
variances (s%, s%) and the sample sizes (n;,n,) as seen in Equation 5.4. It is commonly applied in
hypothesis testing, particularly when the data sets are normally distributed and the sample sizes are
small [141]. In this case, the comparison was done for each metric and task combination, meaning
10 values of female sex and 10 values of male sex, one from each fold, were being compared. The
p-value quantifies the probability of obtaining an effect at least as extreme as the one observed in
your data, assuming that the null hypothesis (there is no difference between the groups) is true. If
the p-value was less than 0.05 after the test, we can conclude that the null hypothesis is not true

and there is a statistically significant difference between the sets.

X -X
f= L2 (5.4)
3.9
n " om

For the age analysis, Analysis of Variance (ANOVA) was used since t-test can only compare two
groups of samples at a time. The strategy behind analysing the p-value was the same. ANOVA
is a statistical method used to determine whether there are any statistically significant differences
between the means of three or more independent groups. ANOVA calculates an F-statistic, which
compares the ratio of between-group variability to within-group variability. To conduct ANOVA,
we evaluate whether there is a significant difference between the means (X, X,, ..., X;) of k groups.
This analysis considers the sample sizes (n,n3,...,n;), the overall mean (X), the j-th observation
in the i-th group (X;;) and the total number of observations across all groups (N), as depicted in
Equation 5.5 [142]. Similarly, the values were considered significantly different if the p-value was
lower than 0.05.
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5.5.3 Holm-Bonferroni Correction

Because all the analyses were done on the same dataset, usually a correction is done to the p-
values to account for that. In our case, Holm-Bonferroni Correction was implemented [143]. This
correction accounts for the family-wise error rate of conducting multiple tests on the same dataset.
To correct for that, equation 5.6 was used where p is the previously calculated p-value, m is the

number of tested hypothesis and r is the relative rank of that p-value when compared to the other
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p-values. The obtained correction is the minimum between that result and 1. To classify the values

as statistically different, the same threshold of below 0.05 was used.

. m
Pad justed = TIN (1, m 'P> (5.6)

5.6 Contributions

The contributions regarding methodology include the comparison of 7 different classification
frameworks for the diagnosis of Keratitis (Single task, multitaskv1, multitaskv2, multitaskv1 with
loss, multitaskv2 with loss, multitaskv1 with adaptive threshold, multitaskv2 with adaptive thresh-
old) as well as the implementation of a clinical loss function, tailored to benefit the good diagnosis
of the most costly infections. In addition, the sex and age subset performance allowed interesting

conclusions.

5.7 Summary

The methodology is structured to ensure robust data preparation, thorough model development,
and rigorous statistical analysis. The initial phase involves data preparation, followed by pre-
processing steps, including dataset and image preparation and various image transformations to
enhance the quality and variability of the input data. The next stage focuses on model preparation,
incorporating a k-fold strategy, the use of class weights to address class imbalances, and the selec-
tion of an appropriate optimiser. Detailed attention is given to model selection, architecture, and
the processes of model training and validation to ensure optimal performance. The performance of
the model is evaluated. Statistical analysis is then conducted to validate the model’s results, involv-
ing the calculation of confidence intervals, p-values, and the application of the Holm—Bonferroni
correction to control for multiple comparisons, ensuring the reliability and significance of the

findings.



Chapter 6

See to Believe: Results Exploration

6.1 Optimal Architecture and Parameters

Starting with the model architecture and parameter definition, an intensive study, available on
Appendix A.2, concluded that a DenseNet121 would be the best architecture to be implemented.
The model would train for 200 epochs, and the optimal learning rate was considered le~® with a
weight decay of le~8.

The loss functions of all models, proving their stabilisation over epochs, can be found in
Appendix A.3.

6.2 Sex Prediction

After including the previous parameters, the sex was evaluated. The weight of each sample asso-
ciated with the minority class, in the case of the female sex, was 1.199.

To assess the reliability of the features chosen by the model to make the decision, and ensure
that it was not based on a random factor, the saliency maps were analysed (see Figure 6.1) it is
possible that, for the case of a Female diagnosis by the model, we can clearly see that most of the
selected pixels are in the cornea area, suggesting that the decision is indeed based on the cornea,
nevertheless and since this is a patient feature, it is acceptable and expectable that the decision
is also based on other information. That is because the skin around, eyelids and eyelashes can
contain relevant information for that classification.

Focusing now on the actual results of the sex model, the ROC curve can be seen in Figure 6.2
and reports an AUROC of 0.90, which means that the model performs relatively well with the task,
as it can be seen by the analysis of the metrics across all folds in Table 6.1. A Balanced Accuracy
of 0.7968 - 0.8256 was achieved, as well as an F1 Score of 0.7630 - 0.7961 and a Recall of 0.7496
- 0.7860, suggesting the model does not only perform well for the majority class (Male Sex) but
also for the minority one. By looking at the F1 of each label for a specific fold, it is possible to see

an F1 of 0.86 for males and 0.80 for females, proving the robustness of the model.

69
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Female Instance 1

Figure 6.1: Saliency Map for a Female Patient Correctly Diagnosed.
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Figure 6.2: ROC Curve for one fold of the sex model.

Lastly, by analysing the average confusion matrix across all folds, it was possible to see that
the model predicted 40.0 FN and 35.0 FP in 412 cases (see Table 6.2), which is still relatively

high. Nevertheless, the overall prediction of the model was considered satisfactory.

Table 6.1: Sex Prediction Confidence Intervals.

Metric Confidence Interval
F1 0.7630 - 0.7961
Recall 0.7496 - 0.7860
Precision 0.7607 - 0.8284
BA 0.7968 - 0.8256
ACC 0.8024 - 0.8343
AUROC 0.8790 - 0.8994

Table 6.2: Average Confusion Matrix for Sex.

Predicted Male | Predicted Female
Actual Male 205.6 35.0
Actual Female 40.0 132.2
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6.3 Age Prediction

Focusing now on the age prediction, the normalised class weights inputted into the Cross-Entropy
function were the following: 9.5930, 0.6933, 0.6356, 1.1364.

Analysing the features used for the predictions, the saliency map for the positive and negative
case of each class was analysed and they all look like the example included in Figure 6.3 for the
negative classification of 18 to 40 year old bin. The map suggests that the features are mainly
extracted from the cornea, with a very green area appearing there. This means that very few
features are collected from the skin area, which is somewhat unexpected since visible wrinkles are

clear in some images, which is often related with age.

Negative Instance

—

Figure 6.3: Saliency Map for a Negative patient for 18-40 years old Correctly Diagnosed.
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Figure 6.4: ROC Curve for one fold of the age model.

Turning the attention to the actual model performance, and analysing the ROC Curve for each
task (see Figure 6.4) it is easy to denote that the AUROC is very high for almost every class (0:
0.97, 1:0.93, 2:0.79, 3:0.94) with the exception of class 2, since this class is the one with more
patients and also one of the critical classes associated with the disease since it includes patients
with of working age, this behaviour is somewhat expected because more severe cases of infection
(and consequently less recognisable images) are probably in this subset. Another relevant take-

away message from the ROC curve analysis is the box look of the class 0. That happens because
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the test set cases with that label are so low (8) that the curvier look is unachievable. A deeper
analysis of the metrics (see Table 6.3) allows the conclusion that the weighted AUROC is still
relatively high, proving the overall effectiveness of the solution (0.8331 - 0.8624). Nevertheless,
when dealing with ordinal classes like age, the metric that had the most interest is the Mean
Absolute Error, looking at its confidence interval, it is possible to see that it ranges from 0.2891
to 0.3114. Even though the values are small, they are still relatively high, which means that the
model is misclassifying a class as one that is further away (e.g. predict class 0 as class 3). To
validate this assumption, the average confusion matrix across all folds, available in Table 6.4 was
studied. Indeed, 5.7 cases of misclassification of class 1 by class 5 were found on average per
fold, meaning that the approach could be more satisfactory when accounting for this. Also, if we
look at the total, 91 average cases of wrong predictions were found among the 412 exam cases in
an average test set, proving that there is room for improvement. Nevertheless, the current results
were considered satisfactory mainly due to how infected a lot of the dataset images are, which can

damage the age identity features that are present in the cornea.

Table 6.3: Age Prediction Confidence Intervals.

Metric Confidence Interval
F1 0.7650 - 0.7940
Recall 0.7655 - 0.7936
Precision 0.7680 - 0.7973
BA 0.7329 - 0.7908
ACC 0.7655 - 0.7936
AUROC 0.8331 - 0.8624
MAE 0.2891 - 0.3114

Table 6.4: Average Confusion Matrix for Age.

0-18 | 18-40 | 40-65 | 65+
0-18 | 7.5 2.5 0.1 0.7
18-40 | 2.7 | 121.0 | 194 | 5.7
40-65 | 0.8 | 21.0 | 1209 | 199
65+ | 0.1 2.0 16.1 | 724

6.4 Baseline Disease Prediction

Starting the baseline comparison, firstly the performance of the single task model from each in-

fection and the two baseline multitask models will be discussed.
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6.4.1 Single-Task
6.4.1.1 Bacteria

Bacteria is the most common infection of the Dataset and so the normalised cost included in the
loss is the lowest at 0.3078.

Looking now at the features on which the model is basing its decision, a representation of the
negative diagnosis can be seen in Figure 6.5. Nevertheless, a similar looking map was seen for
the positive case. Results suggest that the model is basing its decision on the cornea, especially
the iris, allowing us to actually detect its shape on the feature map. This result is very positive,
meaning that the model seems to find the correct targets to predict the disease. It is also important
to mention that the finger in this particular image has almost no green pixels associated with it,
which represents the model’s robustness to noise in the image. The skin around the eye also has a

low value of important features associated with it, which is very positive.

Negative Instance 1

Figure 6.5: Saliency Map for a Negative Patient for Bacteria Correctly Diagnosed.
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Figure 6.6: ROC Curve for one fold of baseline bacteria prediction.

Regarding performance metrics, and starting with the ROC curve (Figure 6.6), even though
a high value of AUROC is achieved, 0.84, the characteristic elbow’ looking shape is not very

prominent in the actual graph, meaning that there are a lot of False positives. This behaviour was
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somewhat expected from this model since the BK class has 316 samples in the test set and only
96 for non-BK. Even though this class imbalance was targeted in many ways, some discrepancies
in the performance of the classification were still expected due to the lack of data. Looking into
the metrics present in Table 6.5, the precision reaches values from 0.8615 to 0.8903, proving
that even though there are False Positives they do not significantly affect the performance of the
model. With a Balanced Accuracy ranging from 0.7215 - 0.7811 and and AUROC of 0.8306 -
0.8944 the model can be considered a baseline approach for the diagnosis of BK, with most errors
found in the negative prediction. The average confusion matrix portrays exactly that, with 42.3
False Positives and only 19.1 False Negatives, proving the models’ difficulty in the negative class
(see Table 6.6). Lastly, analysing the individual Recall of each class for a specific fold, we can
see that the class 0 has a recall of 0.54 and the 1 a recall of 0.97, proving again the problem of this
model. Nevertheless, the overall performance of the model was still considered a good baseline

approach.

Table 6.5: Confidence Intervals for General Subset of Bacteria Baseline Model.

Subset Metric Task Confidence Interval
General Fl1 Bacteria 0.8960 - 0.9167
General Recall Bacteria 0.9258 - 0.9533
General Precision Bacteria 0.8615 - 0.8903
General BA Bacteria 0.7215-0.7811
General ACC Bacteria 0.8344 - 0.8681
General AUROC Bacteria 0.8306 - 0.8944

Table 6.6: Average Confusion Matrix for Bacteria Baseline.

Predicted Negative | Predicted BK
Actual Negative 54.5 42.3
Actual BK 19.1 296.9

6.4.1.2 Fungi

The fungi-positive infection has a normalised weight of 3.2168, which was inserted into the loss
function.

Looking at the feature map of the fungi predictions, similar maps were seen when compared
to the Bacteria ones, meaning it was clear that the predictions were being made based on the
iris or cornea of the eye. Nevertheless, these maps seem more dispersed than the previous ones,
indicating that some other features were used. As discussed before in the literature, FK is much
more difficult to diagnose than BK and so this behaviour was somewhat expected since the model
has more difficulty finding the right features for the diagnoses (Figure 6.7).

Focusing on the ROC (Figure 6.8), an ’elbow’ shape is found, with the FPR being very
low for an increased value of TPR, this behaviour indicates that, unlike the previous case, the

negative class is very well predicted, which makes sense looking into the dataset, since in this
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Positive Instance 1

Figure 6.7: Saliency Map for a Positive Patient for Fungi Correctly Diagnosed.
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Figure 6.8: ROC Curve for one fold of baseline fungi prediction.

case the class imbalance happens in the opposite direction. Since the positive class is the one
where the model could yield the worst results,the recall is the metric of interest since it directly
portrays the models’ ability to predict the positive class. The values range from 0.5441 - 0.6089,
implying that the performance of the model in the identification of the fungi infection is not ideal,
missing a lot of positive cases, which is corroborated by the analysis of the mean confusion matrix
across all folds (see Table 6.8), in which an average of 41.5 False Negatives and 56.5 TP can
be seen, showcasing the difficulty of the task. By observing other metrics of interest (see Table
6.7)like the BA (0.7378 - 0.7679), AUROC (0.8610 - 0.8834) and F1 (0.6138 - 0.6637) the problem
is re-identified, proving the point. The F1 of each class for a random fold shows exactly that
problem, with class 0 having 0.91 and class 1 0.68. The model was considered, nonetheless,
a good baseline since Fungi Diagnosis was reported as a difficult task, so worse results were

expected in comparison to other etiologies.

6.4.1.3 Amoeba

The weight of a positive sample of amoeba fed into the loss was 4.198, highlighting the amoeba

infection as the most imbalanced etiology. The feature map (Figure 6.9) is the best of the three,
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Table 6.7: Confidence Intervals for General Subset of Fungi Baseline Model.

Subset  Metric Task  Confidence Interval
General Fl1 Fungi 0.6138 - 0.6637
General Recall Fungi 0.5441 - 0.6089
General Precision Fungi 0.6859-0.7617
General BA Fungi 0.7378 - 0.7679
General ACC Fungi 0.8341 - 0.8568
General AUROC Fungi 0.8610 - 0.8834

Table 6.8: Average Confusion Matrix for Fungi Baseline.

Predicted Negative | Predicted FK
Actual Negative 292.5 22.3
Actual FK 41.5 56.5

with a very intense green area in the centre of the iris, suggesting that the model selects good

features for classification.

Negative Instance 1
—

Figure 6.9: Saliency Map for a Negative patient for Amoeba Correctly Diagnosed.
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Figure 6.10: ROC Curve for one fold of baseline amoeba prediction.

The ROC curve (Figure 6.10) is the most near-ideal one of the three etiologies with an AUROC
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of 0.96 for that specific fold, showcasing the model’s ability to predict this task. The good AUROC
is associated with good performance in the other metrics (see Table 6.9) yielding 0.8306 - 0.8769
for Balanced Accuracy, 0.7086 - 0.7908 for Recall, 0.9428 - 0.9698 for AUROC and 0.7403 -
0.8160 for the F1 Score. Looking into the worst performing metric, the recall, deeply into the
model, and using a random fold, a recall of 0.96 was found for class 0, but 0.64 for class 1, which
was somewhat expected since there are only 80 positive AK cases in the dataset. Nevertheless, the
average confusion matrix (see Table 6.10) supports the robustness of the model with only 19.9
FN and 14.1 TP, becoming the best-performing infection. Because of that, this was considered a

very good solution for the diagnosis of AK.

Table 6.9: Confidence Intervals for General Subset of Amoeba Baseline Model.

Subset Metric Task Confidence Interval
General F1 Ameba 0.7403 - 0.8160
General Recall Ameba 0.7086 - 0.7908
General Precision Ameba 0.7663 -0.8577
General BA Ameba 0.8306 - 0.8769
General ACC Ameba 0.9037-0.9316
General AUROC Ameba 0.9428 - 0.9698

Table 6.10: Average Confusion Matrix for Amoeba Baseline.

Predicted Negative | Predicted AK
Actual Negative 318.9 14.1
Actual AK 19.90 59.7

6.4.1.4 Baseline Downsides

Even though a minimum of classification performance was achieved for every task, the single-task

approach was considered a relatively weak strategy, raising two main concerns:

* Computational Cost: The current approach meant that the doctor would need to submit
one single eye image to three different models, and each one of them would diagnose for a
specific type. This strategy represents an extremely high computational cost that, if possible,
should be diminished

* Multi-infection Cases: The inability of the model to be trained with multiple diagnoses
at once means it is also impossible for it to recognise it as an option. That implies that
when the predictions are being made, a combined classification of bacteria and fungi is
perceived the same way as a single bacteria infection would when training for the detection
of Bacteria only. If for any chance the models predict that result, it is because of mere
luck and not because the backbone of both tasks was common and the features that exam
had implied that diagnosis. This limitation can put the patient’s sight at risk because of an

unpredicted development of the other etiology. In addition, the other case is also seen. No
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simultaneous infections of Fungi and Amoeba are present in the dataset, suggesting they are
mutually exclusive, a single task approach would not recognise that pattern, and so it can
make mistakes by diagnosing the two types for each single task. A multitask model would

be capable of learning and accounting for that.
6.4.2 Multitask

6.4.2.1 V1

Not every feature map reported as good results as the ones seen for the single task method, which
makes sense since multiple infections are being predicted and so the selected features need to
accommodate not only the prediction for one disease but for three of them. For example, in Figure

6.11 is possible to see the feature map of a negative prediction for Bacteria.

Negative Instance

Figure 6.11: Saliency Map for a Negative patient for Bacteria Task Correctly Diagnosed with
Multitask v1 and baseline loss.

The analysis of the ROC curve of one fold (see Figure 6.12) allows the conclusion that the
amoeba task outperforms the fungi task, which outperforms the bacteria task. The ’elbow’ shape
is very evident in the Amoeba case, with an AUROC of 0.97, but it becomes less evident in Fungi,
AUROC of 0.89 and almost disappears in the bacteria case, AUROC of 0.73. Again, these loss
curves showcase the false positive and true positive comparison, so they tend to become critical
in cases where there are a lot of FPs, which is the case of bacteria since it is the only one whose
minority class is in the negative label, so this behaviour was expected (see Table 6.12). Exploring
now the metrics of all folds in Table 6.11, a Balanced Accuracy of 0.5938 - 0.6561 was found for
bacteria, 0.7013 - 0.7524 for fungi and 0.8223 - 0.8659 for Amoeba. This values are similar to
the ones found on the single task model for fungi and amoeba, nevertheless a relevant discrepancy
was encountered for the Bacteria that had in the single task model 0.7215 - 0.7811 of Balanced
Accuracy. The comparative analysis of the AUROC ( Bacteria: 0.7516 - 0.7918, Fungi: 0.8416 -
0.8768 and Ameba: 0.9463 - 0.9600) and its comparison with the single task model reveals that
similarly good metrics were found for the Fungi and Amoeba, but the Bacteria AUROC of the
single task model remained slightly better (0.8306 - 0.8944). The F1 metric retrieved a confidence
interval of 0.8718 - 0.8914 for bacteria, 0.5520 - 0.6410 for fungi and 0.7373 - 0.7837 for amoeba,
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which reveals the model difficulty in classifying the positive class for both ameba and fungi, as
seen on the single task case, nevertheless both metrics were better in the single task version of the
classification.

Focusing now on the confusion matrices, Table 6.11, they confirm what was suspected until
now, with the model having a critical performance regarding FP for the Bacteria, and a similar
performance than the one of single task for fungi and amoeba. The expanded confusion matrix
for a specific fold was used to seek an explanation for the bad performance metrics on the positive
label for fungi (since the bad performance of the bacteria was not on the disease label)(see Table
6.13). Looking at the table, it is possible to understand that the model is still struggling to separate
the Fungi and Bacteria infections, probably due to the existence of the joint option. Looking at
the advantage of the multilabel system, with the multiple infections, an analysis of the case of
BK+FK and BK+AK, successful results were found with the model being able to identify 23 out
of 44 cases of BF+FK and 16 of 34 cases of BK+AK. The misclassification is always only BK,
which is in itself a good compromise since it means the model correctly identified one of the types.

ROC Curve for Each Task
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Figure 6.12: Roc Curve for a fold of the Multitask v1 with baseline loss.

6.4.2.2 V2

The feature analysis for the V2 was similar for all tasks and labels within each task. A bright green
area is found on every map in the center region of the cornea, indicating the extraction of relevant
features from the right area. Nevertheless, looking at this very specific example, more green dots
were expected in the red areas and in the nebular-looking area of the iris instead of the top of the
iris. So even though the maps look like the right area is taken into consideration, doubts remain if
the right features of that area are selected (Figure 6.13).

The behaviour reported for the ROC curves (see Figure 6.14) of the multitask V1 can also be
seen on this, with the ’elbow’ look decreasing mainly in Bacteria. The AUROC for the ROC of
the specific fold is 0.95 for Ameba, 0.85 for Fungi and 0.79 for Bacteria. Extrapolating it to an
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Subset  Metric Task Confidence Interval
General Fl1 Bacteria 0.8718 - 0.8914
General Fl1 Fungi 0.5520 - 0.6410
General Fl1 Ameba  0.7373 - 0.7837
General Recall Bacteria 0.9508 - 0.9694
General Recall Fungi 0.4714 - 0.5755
General Recall Ameba  0.6833 -0.7837
General Precision Bacteria 0.7984 - 0.8327
General Precision Fungi 0.6552 - 0.7546
General Precision Ameba 0.7774 - 0.8194
General BA Bacteria 0.5938 - 0.6561
General BA Fungi 0.7013 - 0.7524
General BA Ameba  0.8223 - 0.8659
General ACC Bacteria 0.7853 - 0.8193
General ACC Fungi 0.8191 - 0.8484
General ACC Ameba 0.9074 - 0.9168
General AUROC Bacteria 0.7516-0.7918
General AUROC  Fungi 0.8416 - 0.8768
General AUROC Ameba 0.9463 - 0.9600

80

Table 6.11: Confidence Intervals for General Subset, Tasks, and Metrics of Multitask v1 with
baseline loss.

Table 6.12: Average Confusion Matrices for Different Tasks with Multitask v1 baseline loss.

Negative | BK Negative | FK Negative | AK
Negative 27.7 69.1 Negative 292.8 22.0 Negative 318.1 15.1
BK 12.6 303.4 FK 46.7 51.3 AK 21.2 58.4

Table 6.13: Confusion Matrix for BK-FK-AK Infections of Multitask v1 with baseline loss.

Healthy | BK | FK | AK | BK+FK | FK+AK | BK+AK | BK+FK+AK

Healthy 0 0 0 0 0 0 0 0
BK 4 199 | 3 0 25 0 7 0

FK 0 21 |17 | O 16 0 0 0

AK 2 1510 2 1 0 26 0
BK+FK 0 20 | 1 0 23 0 0 0
FK+AK 0 0 0 0 0 0 0 0
BK+AK 0 1410 4 0 0 16 0
BK+FK+AK 0 0 0 0 0 0 0 0

all-fold approach (see Table 6.14), the confidence interval of Bacteria was 0.7312 - 0.7776. When

compared to the single task, the performance for AUROC is lower, which can showcase the impact

of the multidiagnosis system. Regarding the Fungi performance, 0.8270 - 0.8722, which is very

similar to the single task performance, is only slightly decreased. The same behaviour pattern was
identified in the Ameba classification, with the confidence interval being 0.9424 - 0.9619. For

F1-Score, the underscoring of the multitask when compared with single task models remained,
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Positive Instance

Figure 6.13: Saliency Map for a Positive patient for Fungi Task Correctly Diagnosed with Multi-
task v2 and baseline loss.
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Figure 6.14: ROC Curve for one for of Multitask v2 baseline loss.

with confidence intervals of 0.8750 - 0.8881 for Bacteria and 0.5501 - 0.6388 for Fungi, the
ameba interval, 0.7405 - 0.7883, is similar and slightly better than the one found in the single task
approach. Regarding Balanced Accuracy, both the Fungi (0.7001 - 0.7531) and Ameba (0.8244 -
0.88637) have good metrics, similar to the single task performance. Nevertheless, for the Bacteria,
the effect already reported on the V1 approach repeated itself, with a confidence interval 0.5902 -
0.6453. This decrease is due to the extremely high-class imbalance associated with the dataset. By
observing the expanded confusion matrix on Table 6.16, and looking at the BK predicted column,
it is possible to see that a lot of Fungi and Ameba cases (from multiple or single infections) are
being classified as Bacteria, creating a lot of FPs and affecting the Balanced Accuracy of bacteria
and causing the 69 FP that can be seen on Table 6.15. The multiclass v2 prediction of multilabel

infections performs slightly better with an improvement in BK+AK, having only 5 misdiagnoses.

6.4.2.3 V1vsV2

When deciding between V1 and V2, different priorities are set for each task: minimising false
negatives (FN) for Fungi and Ameba, and minimising false positives (FP) for Bacteria. The focus
is on recall, which directly affects FN, and precision, which relates to FP. When comparing the
results of the metrics for both models, no difference is observed, with the confidence intervals

being practically the same, which makes the decision of the best performing model not possible.
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Table 6.14: Confidence Intervals for General Subset, Tasks, and Metrics of Multitask v2 with

baseline loss.

Subset  Metric Task Confidence Interval
General Fl1 Bacteria 0.8750 - 0.8881
General Fl1 Fungi 0.5501 - 0.6388
General Fl1 Ameba  0.7405 - 0.7883
General Recall Bacteria 0.9533 - 0.9733
General Recall Fungi 0.4725 - 0.5806
General Recall Ameba  0.6864 - 0.7737
General Precision Bacteria 0.7998 - 0.8264
General Precision Fungi 0.6534 - 0.7300
General Precision Ameba  0.7788 - 0.8396
General BA Bacteria 0.5902 - 0.6453
General BA Fungi 0.7001 - 0.7531
General BA Ameba  0.8244 - 0.8637
General ACC Bacteria 0.7910 - 0.8126
General ACC Fungi 0.8173 - 0.8459
General ACC Ameba  0.9065 - 0.9211
General AUROC Bacteria 0.7312-0.7776
General AUROC  Fungi 0.8270 - 0.8722
General AUROC Ameba 0.9424-0.9619

Table 6.15: Average Confusion Matrices for Different Tasks with Multitask v2 baseline loss.

Negative | BK Negative | FK Negative | AK
Negative 26.5 70.3 Negative 291.7 23.1 Negative 319.1 14.1
BK 11.6 304.4 FK 46.4 51.6 AK 21.5 58.1

Table 6.16: Confusion Matrix for BK-FK-AK Infections- Multitask v2 with baseline loss.

Healthy | BK | FK | AK | BK+FK | FK+AK | BK+AK | BK+FK+AK

Healthy 0 0 0 0 0 0 0 0
BK 5 200 | 6 3 15 0 13 0

FK 0 19 | 18 | O 15 0 0 0

AK 0 12 1 0 | 19 0 0 21 0
BK+FK 0 26 | O 0 20 0 0 0
FK+AK 0 0 0 0 0 0 0 0
BK+AK 0 2 0 3 0 0 23 0
BK+FK+AK 0 0 0 0 0 0 0 0

Nevertheless, when focusing on multilabel infections, the V2 model outperformed the V1 model.

Both of them were outperformed by the single task model, meaning that the multitask framework

could be improved.
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6.5 Multitask Exploration

As mentioned in the methodology, two different framework experiences were tested in both mul-
titask models, the following sections comprise the discussion of those alterations in the results, as

well as the choice for the best model

6.5.1 Multitask with Clinical Loss

The clinical loss computation resulted in a hospital weight of 0,021 for the Bacteria, 0.434 for
Fungi and 0.545 for Ameba infection. Similar to what was seen until now, all the loss functions
eventually stabilised and so no loss point will be shown in the discussion of this section. Because
all the ROC Curves have a similar looking pattern already described in the previous section, the

ROC will be further on only presented to support a discussion.

6.5.1.1 V1

Starting by analysing the salience maps of this infection, a much noisier image is seen in compar-
ison to the previous salience maps. Across all folds and tasks for both the negative and positive
diagnosis, this is a constant, with the maps being generally noisy and the features being less fo-
cused on the iris. This can mean that the model is learning features from the cornea not present

in the iris, like the redness (see Figure 6.15). Performing a deep results exploration (see Table

Positive Instance

Figure 6.15: Saliency Map for a Positive patient for Fungi Task Correctly Diagnosed with Multi-
task v1 Clinical Loss.

6.17) on BA, AUROC and F1. Starting with the AUROC, (Bacteria: 0.7249 - 0.7717, Fungi:
0.8385 - 0.8780, Ameba: 0.9463 - 0.963), the results of the single task for each infection were
matched, except bacteria, to each the result was slightly lower. Regarding Balanced Accuracy,
(Bacteria: 0.6039 - 0.6374, Fungi: 0.6918 - 0.7441, Ameba: 0.8327 - 0.8731) the metrics yielded
by the multitask v1 with baseline loss were slightly surpassed, nevertheless the single task model
still outperforms this metrics regarding the Bacteria task, the values for the rest of the tasks were
matched. Regarding the F1 with 0.8706 - 0.8872 for bacteria, 0.5322 - 0.6253 for fungi and
0.7493 - 0.7992 for ameba, the performance of the single task is improved comparing to bacteria

and achieved for fungi and ameba. The confusion matrices (see Table 6.18) are very similar to the
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ones encountered in multitask v1, with small improvements for ameba, which makes sense since
the loss function will now attribute more weight to the diagnosis of this etiology due to its hospital
costs. More importantly, observing the expanded confusion matrix (see Table 6.19), it is possible
to see a decrease in the FP of bacteria, meaning that the model learned better the negative class of
bacteria. When focusing on the multi-infection cases, an improvement in the correctly diagnosed
cases was seen for BK+FK (27 vs 23) when comparing to the multitask baseline loss approach.
For BK+AK, a even more significant improvement was seen with the identified cases shifting from
19 to 24. For both cases, all the mispredictions with the exception of one were because it was diag-
nosed as single infection. This analysis allows the reflection that multitask_v1 with clinical loss is
capable of matching or surpassing the single task performance for every etiology except bacteria,
while retaining the benefits of the multitask approach, proving itself as a strong competitor and

performing better than the multitask with baseline loss.

Table 6.17: Confidence Intervals for General Subset, all Tasks, and Metrics on Multitask V1 with
clinical loss.

Subset Metric Task Confidence Interval
General F1 Bacteria 0.8706 - 0.8872
General Fl1 Fungi 0.5322 - 0.6253
General F1 Ameba  0.7493 - 0.7992
General Recall Bacteria 0.9460 - 0.9654
General Recall Fungi 0.4576 - 0.5710
General Recall Ameba  0.7051 - 0.7948
General Precision Bacteria 0.8005 - 0.8275
General Precision Fungi 0.6282 - 0.7335
General Precision Ameba  0.7752-0.8391
General BA Bacteria 0.6039 - 0.6374
General BA Fungi 0.6918 - 0.7441
General BA Ameba  0.8327-0.8731
General ACC Bacteria 0.7859 - 0.8112
General ACC Fungi 0.8089 - 0.8406
General ACC Ameba  0.9086 - 0.9242
General AUROC Bacteria 0.7249-0.7717
General AUROC  Fungi 0.8385 - 0.8780
General AUROC Ameba 0.9463-0.9631

Table 6.18: Average Confusion Matrices for Different Tasks with Multitask v1 Clinical loss.

Negative | BK Negative | FK Negative | AK
Negative 27.5 69.3 Negative 289.9 24.9 Negative 318.5 14.7
BK 14 302 FK 47.6 50.4 AK 19.9 59.7




6.5 Multitask Exploration

Table 6.19: Confusion Matrix for BK-FK-AK Infections- Multitask v1 with Clinical loss.

85

Healthy | BK | FK | AK | BK+FK | FK+AK | BK+AK | BK+FK+AK

Healthy 0 0 0 0 0 0 0 0

BK 1 187 | 5 0 20 0 19 0

FK 3 17 | 14 1 12 0 1 0

AK 0 14 | 0 10 0 0 22 0
BK+FK 1 18 | 4 0 27 0 0 0
FK+AK 0 0 0 0 0 0 0 0
BK+AK 0 7 0 8 0 0 19 0
BK+FK+AK 0 0 0 0 0 0 0 0

6.5.1.2 V2

For the clinical adaptation of v2, similar results in the feature map were detected, with its overall
noise and feature points away from iris increasing indicating that the diagnosis would be less
focused in this area of the eye. The model returned (see Table 6.20) a F1 for bacteria of 0.8773
- 0.8872, for fungi, 0.5614 - 0.6420, and for ameba 0.7470 - 0.8021. An AUROC of 0.7413 -
0.7740 for Bacteria, 0.8395 - 0.8725 for fungi and 0.9448 - 0.9617 for ameba. Comparing these
metrics with the previous multitask v2 approach,improvement was seen for all AUROC, and BA,
mainly for the Bacteria infection, which was the worst class. When comparing to the single task
models, the F1 improved in the bacteria, and remained similar for fungi and ameba. The FI,
remained relatively similar. An observation of the confusion matrices on Tables 6.21 and 6.22
allows the interpretation that the there is a similar behaviour to the one observed in multitask v2
baseline, with the main difference being observed in the ameba task, whose FN were reduced and
FP increased. The analysis of the expanded confusion matrix origins a similar conclusion to the
one taken on the v1 case with the multi-infection diagnosis being improved for this loss, BK+AK
went from 23 correctly predicted cases to 30 correctly predicted cases and BK+FK went from 20
to 24. The results analisation offer the conclusion that the multitask with clinical loss outperforms
the multitask with baseline loss. It was also possible to infer that again, simillar perfomance to the

one observed in the single task model is achieved, with the exception of Bacteria infection.

6.51.3 V1vsV2

When deciding between V1 and V2, different priorities are set for each task: minimizing false
negatives (FN) for Fungi and Ameba, and minimizing false positives (FP) for Bacteria. The focus
is on recall, which directly affects FN, and precision, which relates to FP. Starting with the recall
for Fungi, model v1 has a recall of 0.4576 - 0.5710, whereas model v2 has a recall of 0.4895 -
0.5758. Since higher recall means fewer false negatives, model v2 performs better in this aspect.
For the recall of Ameba, model v1 has a recall of 0.7051 - 0.7948, while model v2 has a recall
of 0.7115 - 0.7910. Again, model v2 performs slightly better, although the difference is minimal.
Next, looking at the precision for Bacteria, model v1 has a precision of 0.8005 - 0.8275, whereas

model v2 has a precision of 0.8077 - 0.8364. Higher precision means fewer false positives, so
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Table 6.20: Confidence Intervals for General Subset, Tasks, and Metrics of Multitask v2 with

Clinical Loss.

Subset  Metric Task Confidence Interval
General Fl1 Bacteria 0.8773 - 0.8872
General Fl1 Fungi 0.5614 - 0.6420
General Fl1 Ameba  0.7470 - 0.8021
General Recall Bacteria 0.9401 - 0.9663
General Recall Fungi 0.4895 - 0.5758
General Recall Ameba 0.7115-0.7910
General Precision Bacteria 0.8077 - 0.8364
General Precision Fungi 0.6575 - 0.7315
General Precision Ameba  0.7814 - 0.8218
General BA Bacteria 0.6167 - 0.6611
General BA Fungi 0.7074 - 0.7529
General BA Ameba  0.8334 - 0.8736
General ACC Bacteria 0.7957 - 0.8145
General ACC Fungi 0.8215 - 0.8464
General ACC Ameba  0.9079 - 0.9247
General AUROC Bacteria 0.7413-0.7740
General AUROC  Fungi 0.8395 - 0.8725
General AUROC Ameba 0.9448 -0.9617

Table 6.21: Average Confusion Matrices for Different Tasks with Multitask v2 Clinical loss.

Negative | BK Negative | FK Negative | AK
Negative 31.1 65.7 Negative 292.0 22.8 Negative 318.4 14.8
BK 14.8 301.2 FK 45.8 52.2 AK 19.8 59.8

Table 6.22: Confusion Matrix for BK-FK-AK Infections- Multitask v2 with Clinical loss.

Healthy | BK | FK | AK | BK+FK | FK+AK | BK+AK | BK+FK+AK

Healthy 0 0 0 0 0 0 0 0
BK 4 193 | 2 2 24 0 9 0

FK 0 19 |12 ] 0 21 0 2 0

AK 4 13 1 11 0 0 11 0
BK+FK 0 201 O 0 24 0 0 0
FK+AK 0 0 0 0 0 0 0 0
BK+AK 1 5 0 2 0 0 30 0
BK+FK+AK 0 0 0 0 0 0 0 0

model v2 also performs better in this regard. In summary, model v2 is the better choice as it

has higher recall for both Fungi and Ameba, which helps minimize false negatives, and higher

precision for Bacteria, which helps minimize false positives. Nevertheless, their performance is

very similar even when comparing the extended confusion matrixes, with v2 improving BK+AK

and vl BF+FK.
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6.5.1.4 Clinical Loss evaluation

The insertion of the clinical loss in both models seems to improve the multitask performance of
the model on single and multi label infections, and so, because of that, it was considered a positive

addition.

6.5.2 Multitask with Clinical Loss and Threshold

After the implementation of the automatic threshold for the conversion of probability into pre-
diction was accessed on the previous models. Since the loss is updated based on the probability
and not on the prediction, the insertion of this metric does not yield any changes in the training
of the model from the loss evolution to the feature maps and so only results exploration will be

conducted.

6.5.2.1 V1

Comparing now the performance of the model to the previous strategy, and using the metrics
present in Table 6.23. Since the threshold will only change the value at which the probability is
considered a prediction, the impact of the solution should be mainly described by the Precision
and Recall values and so the analysis will be focused on them, as well as the Balanced Accuracy.
Looking at the Recall, for bacteria (0.6707 - 0.7856), the results are way worse than those found
for the standard threshold (0.9460 - 0.9654) meaning the number of FN increased a lot, regarding
Fungi, the opposite was reported, achieving 0.7162 - 0.8410. On the Ameba case, an increase of
over 0.1 was observed, reaching 0.8947 - 0.9396. Focusing now on the Precision, the precision
of the bacteria increased, but the ameba and fungi one significantly dropped indicating the FP
increment in those two cases. To understand that fact, the ROC curve of a random fold was
analysed (see Figure 6.16). The youden solution will chose the threshold that maximises the
TPR-FPR value of the points used to create the ROC. The metrics show mainly a decrease of
performance for bacteria, that is because, looking at the selected value by the youden’s statistic,
a threshold of 0.73 is chosen due to the ’flat elbow’ looking ROC curve. This ROC curve shape
means that there is not a clear turning-point that will improve the prediction, and so it is hard to
define a threshold value where the true positive rate increases rapidly without a significant increase
in the false positive rate. A threshold of 0.73 will mean that a positive result for bacteria will only
be found above that value which is very high, leading to an increase of FN and decrease of FP,
causing then the drop of the metrics associated with FN, the recall, and an increase in the ones
associated with FP, the precision, explaining the results. For fungi and ameba, 0.22 and 0.16 are
selected as the threshold values for a random fold. Since the performance of the ROC curves of
this models is better, the values are more "real" and so the results of their implementation are not
as severe. Nevertheless, a significant increase in FP is seen in the confusion matrices (see Table
6.24) for both cases proving that the ROC curves are not good’ enough for this method to be
implemented with good results. A deep look into the extended matrix (see Table 6.25) showcased

a behaviour that was not seen in any other model, with the a lot of Bacteria infections being
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misclassified. So it was easy to conclude that although in theory this implementation is beneficial,

due to the imperfect performance of the model and the dataset diversity, the results suggest that
the standard threshold should be used.

Table 6.23: Confidence Intervals for General Subset, all Tasks, and Metrics of V1 with Clinical
loss and threshold.

Subset Metric Task Confidence Interval
General Fl1 Bacteria 0.7639 - 0.8315
General Fl1 Fungi 0.5924 - 0.6498
General F1 Ameba  0.7013-0.7793
General Recall Bacteria 0.6707 - 0.7856
General Recall Fungi 0.7162 - 0.8410
General Recall Ameba 0.8947 - 0.9396
General Precision Bacteria 0.8798 - 0.8996
General Precision Fungi 0.4793 - 0.5839
General Precision Ameba  0.5690 - 0.6849
General BA Bacteria 0.6951 - 0.7364
General BA Fungi 0.7551 - 0.7929
General BA Ameba  0.8732 -0.9057
General ACC Bacteria 0.6843 -0.7616
General ACC Fungi 0.7367 - 0.8058
General ACC Ameba  0.8480-0.8971
General AUROC  Bacteria 0.7357 - 0.7851
General AUROC  Fungi 0.8247 - 0.8645
General AUROC Ameba 0.9392-0.9615

Table 6.24: Average Confusion Matrices for Different Tasks with Multitask v1 Clinical loss and

Threshold.
Negative | BK Negative | FK Negative | AK
Negative 68.2 28.6 Negative 241.8 73.0 Negative 287.2 46.0
BK 85.9.6 | 230.1 FK 21.7 76.3 AK 6.6 73.0

Table 6.25: Confusion Matrix for BK-FK-AK Infections - Multitask v1 with Clinical loss and

threshold.
Healthy | BK | FK | AK | BK+FK | FK+AK | BK+AK | BK+FK+AK

Healthy 0 0 0 0 0 0 0 0

BK 12 117 | 25 | 15 29 3 31 0

FK 1 9 36 0 11 0 1 0

AK 0 2 1 25 0 0 8 0
BK+FK 0 7 13 0 20 0 0 0
FK+AK 0 0 0 0 0 0 0 0
BK+AK 0 0 0 24 0 1 19 0
BK+FK+AK 0 0 0 0 0 0 0 0
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Figure 6.16: ROC Curve of one fold of Multitask v1 with clinical loss and threshold.

6.5.2.2 V2

Because the ROC curve of V2 had a similar aspect to the V1s one in previous tasks, the same
behaviour was expected. Comparing the V2 with clinical loss and adaptive threshold to the V2
with the clinical loss by analysing the confidence intervals available in Table 6.26, a big decrease
in the Bacteria recall can be observed reaching a confidence interval of 0.6869 - 0.7777, the op-
posite happens for fungi, achieving 0.7636 - 0.8343, ameba performance, 0.8780 - 0.9208, also
increases but since the FN of this tasks were already so low, with only 8 FN (see Table 6.27)
the improvement is not as noticeable as the fungi. Looking at precision, the expected decrease in
fungi was observed, reaching 0.4773 - 0.5847 and the same for ameba, with 0.6593 - 0.7210. The
improvement of TP in both fungi and ameba tasks, reaching 78.3 for fungi and 71,6 for ameba
(see Table 6.27) resulted in an improvement in the Balanced accuracy, achieving 0.7585 - 0.808
for fungi and 0.8881 - 0.9133 for ameba. For bacteria the improvement was also seen since this
metric gives equal weight to both classes and the performance of class 0 improved a lot with a
very high threshold because a lot of TN were diagnosed. Nevertheless, an analysis of the Bacteria
performance in the extended confusion matrix ( see Table 6.28) allowed the conclusion that, sim-
ilarly to what happened in V1, the implementation of this method a ROC curve that was closer to

the ideal literature shape.

6.523 V1vsV2

Similarly to before, V2 performed better, having a better confidence interval for all the metrics of

interest in all tasks, except for the Fungi precision, which is approximately the same.

6.5.2.4 Youden’s statistics evaluation

Due to what was reported in both models, the threshold was not a good tactic for the specific case.
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Table 6.26: Confidence Intervals for Selected Subsets, Tasks, and Metrics on Multitask with Opti-

mised Loss and Threshold v2.

Subset  Metric Task Confidence Interval
General Fl1 Bacteria 0.7751 - 0.8260
General Fl1 Fungi 0.5945 - 0.6707
General Fl1 Ameba  0.7572 - 0.8027
General Recall Bacteria 0.6869 - 0.7777
General Recall Fungi 0.7636 - 0.8343
General Recall Ameba  0.8780 - 0.9208
General Precision Bacteria 0.8762-0.9018
General Precision Fungi 0.4773 - 0.5847
General Precision Ameba  0.6593-0.7210
General BA Bacteria 0.6946 - 0.7311
General BA Fungi 0.7585 - 0.8081
General BA Ameba  0.8881-0.9133
General ACC Bacteria 0.6971 - 0.7512
General ACC Fungi 0.7399 - 0.8100
General ACC Ameba 0.8898 -0.9134
General AUROC Bacteria 0.7378 - 0.7864
General AUROC  Fungi 0.8284 - 0.8840
General AUROC Ameba  0.9482 - 0.9652

Table 6.27: Average Confusion Matrices for Different Tasks with Multitask v2 Clinical loss and

Threshold.
Negative | BK Negative | FK Negative | AK
Negative 67.5 29.3 Negative 241.4 73.4 Negative 300.6 32.6
BK 84.6 231.4 FK 19.7 78.3 AK 8.0 71.6

Table 6.28: Confusion Matrix for BK-FK-AK Infections - Multitask v2 with Clinical loss and

threshold.
Healthy | BK | FK | AK | BK+FK | FK+AK | BK+AK | BK+FK+AK
Healthy 0 0 0 0 0 0 0 0
BK 7 113 | 17 | 10 48 1 16 0
FK 0 3 23 0 20 0 0 0
AK 0 2 0 17 0 0 9 0
BK+FK 0 10 6 0 31 2 2 1
FK+AK 0 0 0 0 0 0 0 0
BK+AK 1 0 0 | 29 0 1 21 0
BK+FK+AK 0 0 0 0 0 0 0 0

6.5.3 Best Predictive Model

All in all, the best performing model was V2, distinguishing itself as the one that was capable

of retrieving satisfactory metrics for all tasks and allowing the multi-label diagnosis that was not

offered by the also good performing single-task approaches.
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Figure 6.17: ROC Curve of a random fold of Multitask v2 with clinical loss and threshold.

6.6 Identity Features’ Impact

The best-performing methodology was chosen for the identity feature evaluation. Since the sex
and age prediction models had such good performance, meaning the patient’s identity features
could be detected by the model, the goal behind this task was to assess if the classification model
was making its prediction based on any of these features, meaning that a bias was being introduced.
The confidence intervals of every subset,task,metric combination can be found on the Appendix
A, but only the p-values after correction will be analysed. The corrected p-values obtained for the

other methodologies are available in the Appendix.

6.6.1 Sex Influence

Starting by the sex analysis (see Table 6.29), it was possible to see that the sex seems to have an
impact on the Fungi Accuracy, with the male sex having a lower accuracy performance. Regarding
Ameba, a significant difference was found for F1, Recall and Balanced Accuracy, again, looking
at the confidence interval by subset table is possible to see that males have lower confidence
intervals for all this metrics. This could mean that the architecture is using some features related
with the sex of the patient to make predictions,mainly for ameba, which are obviously not related
with the disease phenotype, suggesting that disentanglement of this features form the corneal eye
photograph might result in a performance boost and avoid this bias. In bacteria no significance

was seen.

6.6.2 Age Impact

Looking at the age table, 6.30, unlike what was expected by the dataset analysis, significant dif-

ferences were seen for all metrics across ages, with the exception of Balanced Accuracy, meaning
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Table 6.29: Corrected p-values for Sex.

Metric Bacteria Fungi

F1 1.000
Recall 1.000
Precision 1.000
BA 1.000
ACC 1.000
AUROC  1.000

0.2510
0.7070
0.1320
1.000
0.0003
1.000

Ameba
0.0035
0.0010
0.2580
0.0042
0.6840
0.4810

that age features are maybe being taken into account when making the prediction. The analysis of

the Fungi values reported the same as bacteria, with all metrics exhibiting significant differences

across age groups. Focusing on ameba, that was only found for ACC. The AUROC was classified

as NAN because of the lack of data in at least one age group (usually 0-18 year olds) for that task

and because of that, it was excluded from the table. Because the class imbalance regarding age

is so high on the dataset, it is very strong to affirm that disentanglement is needed. Instead, an

evaluation with a bigger for balanced dataset regarding age should be done and a conclusion taken

based on that.

Table 6.30: Corrected p-values for Age.

Metric Bacteria
F1 0.0001
Recall 0.0153
Precision 0.0029
BA 0.7693
ACC 0.0006

Fungi

7.70x 1016
1.63x10°12
2.93%x102°
1.24x10713
6.83%x10°1¢

Ameba
0.4555
0.9099
0.4946
0.2418
0.0055

By analysing the results for the other frameworks, this patterns were also detected, making

clear the need for further investigation of both sex and age in a larger dataset.



Chapter 7

Looking into the Future

7.1 Goals’ Satisfaction

Looking back, three main goals were established at the start of the project. First, the creation of a
comprehensive database of corneal eye images labelled by infection type, along with an in-depth
analysis to ensure the dataset’s quality and relevance. Second, the implementation of several deep
learning algorithms to accurately classify these images according to different types of keratitis.
Third, the assessment of the statistical impact of correlated features, such as sex and age, on
disease presentation. These goals were successfully achieved, demonstrating the effectiveness and
potential of deep learning solutions in advancing keratitis diagnosis and contributing to broader
healthcare improvements. The proposed solution achieved state-of-the-art metrics for a multi-label
diagnosis of bacterial keratitis, fungal keratitis, and acanthamoeba keratitis, with 95% confidence
intervals for AUROC of 0.7413 - 0.7740, 0.8395 - 0.8725, and 0.9448 - 0.9617, respectively. When
looking at the sex and age performance, excellent AUROC values are found, 0.8790- 0.8994 for
sex and 0.8331-0.8624 for age. The capability of the model to predict the sex and age based on
the photo raised a awarness towards bias, and so the infection metrics on several subsets were
evaluated and compared. A significant impact of sex for Ameba and Age for Bacteria and Fungi

was found, meaning a bias associated with patient features could be implied.

7.2 Future Work

Although the proposed solution has yielded very good results, some improvements could be done
in the future to reduce the False Positives of Bacteria and False Negatives of Fungi and Amoeba.
As explained before, we think the problem is caused by the lack of data of Fungi and Amoeba
representations, which leads them to not being correctly predicted for this class. When that hap-
pens, and because the model is not trained with any healthy patients, the eye exams are automat-
ically diagnosed as bacteria infections, causing the False Positives. So the first proposed step,
regarding future work, would be to either acquire more data or artificially generate new images.

In addition to the acquisition of new images being very time and patient-dependent, it also comes
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as an economical burden since each image needs to be associated with the laboratory test for the
etiologies of suspicion. Also fungi and ameba are way less common as it was previously discussed
and so this method has its limitations. The other solution includes using Generative Adversarial
Networks, the so called GANSs to artificially generate new positive images from the fungi and
amoeba etiologies based on the ones already present in the dataset [144]. GANs are a type of
deep learning framework where two neural networks, the generator and the discriminator, are put
against each other. The generator creates synthetic data instances, such as images, from random
noise with the goal of fooling the discriminator into classifying them as real data. Simultaneously,
the discriminator learns to distinguish between real data and fake data generated by the generator.
Through this adversarial process, we hypothesise that GANs could generate high-quality and di-
verse outputs that closely mimic the real data distribution. This way, the model could have access
to a broader, larger and more balanced dataset, which will likely lead to an improvement in the
tasks performance.

Another interesting test would be to evaluate the performance of the model on segmented im-
ages of the cornea, meaning only the actual eye, and no skin, would be inputted in the framework.
That can yield significant improvements because, looking at some of the saliency maps, results
suggest that the model is basing its prediction in some skin features. Those skin features can in-
troduce noisy assumptions into the model and so an image where that area is not present could be
ideal.

In this dissertation, VGG16,ResNet50 and DenseNet121 were tested, but we believe it would
be interesting to benchmark other architectures as well (e.g. EfficientNet [145]).

Another proposed improvement would be to make the algorithm a two step framework where
firstly the images would be tested for BK and not BK and then for FK vs AK. This could be
interesting since fungi and ameba have similar datasets representation and so the positive class
distribution would be similar. In addition, this solution allowed the usage of the Youden s classi-
fication benefits for fungi and amoeba classification without penalising the bacteria performance,
which would be an ideal solution.

Lastly, the developed work has proven that it is possible to correctly predict the sex and age of
the patient based on an eye photograph. This could mean that those identity features are somehow
present in the images and used as a way for the model to predict a certain infection, introducing
new biases to our methodology. The p-value studied that was performed pointed in that direction.
To avoid those connections, disentanglement of identity features from the eye corneal photographs

could be relevant to make sure the predictions are based on only medical features.

7.3 Final Remarks

In this dissertation, we presented a deep learning framework for the diagnosis of keratitis. The
ability of deep learning algorithms to analyse eye photographs with high precision and accuracy
represents a major advancement in the early detection of keratitis, potentially preventing the eco-

nomical burden associated with the usual diagnosis technique.
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Beyond the immediate benefits for keratitis diagnosis, Al has the potential to reduce health-
care inequalities between countries. By providing advanced diagnostic tools that are accessible
and scalable, Al can bridge the gap in regions with limited medical resources and expertise, like
the ones affected by Keratitis. This democratisation of healthcare technology ensures that more
people, regardless of their geographic location or economic status, can receive timely and accurate

medical care, aligning itself with the United Nations Sustainable Development Goals.
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© Introduction

an inflammatory corneal condition responsible for 10% of visual

Kerat
impairment in low and middle-income countries (LMICs). Bacteria, fungi or
ameba are the most common infection etiologies. An accurate and timely
diagnosis of the infection agent is crucial not only for the treatment option

of laboratory
diagnostics) and limited availability of laboratory diagnostics in LMICs,
diagnosis is often made by clinical observation alone, despite its lower
accuracy.

The goal of this study was to develop a machine learning model that could
assist in the diagnosis of the source of infection.
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© Wethods

A Brazilian cornea dataset was used, comprising 24,692 observations, of
which 4,767 had (non-exclusive) positive results for infection (83%
bacteria, 16% fungi, 15% ameba).

Model

One single task model was applied to each type of infection, totali
sk model was used to cla

g 3
all infections at once. The

and one mu

two models were adapted from Densenet 121 (pre-trained on ImageNet),

where the Fully Connected layer differed:
Single task model
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Multitask model
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S s s o ot s
The best model was applied to the test set {10% of total data) and it was

chosen based on the best Recall (in order to minimize FN).
The Loss function combines a Sigmoid layer and the Binary Cross Entropy
Loss in one single class. The weights were computed according to the
dataset imbalance.

ROC-AUC Curve, Saliency maps, Confusion Matrixes, Accuracy, F1 Score,
Precision, Recall e Balanced Accuracy were used as evaluation metrics.
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Multitask model advantages

The Multitask model was also capable of denoting multiple infections at once, mainly
bacteria and fungi or bacteria and ameba, and for example in the case of multiple
source infection by bacteria and ameba, 29 were labeled correctly, 2 with only
bacteria and 10 with only ameba.

O niscussion

‘The analysis of the performance metrics allows us to denote:

= Bacteria: the class O is being highly inaccurately predicted due
to the class imbalance, nevertheless the multitask framework
returns better results. The Balanced Accuracy portraits that
class imbalance but the recall and overal F1 are not being
penalized since the majority class is the positive one.

= Fungi: the opposite happens, since the imbalance happens in
the opposite way. The multitask model outperforms the single
task one in every parameter.

> Ameba: the single task model outperforms the multitask one,
but the differences in the metrics are rather insignificant.

When comparing the ROC curves the Fungi and Ameba ethiology behave
similarly for both models, nevertheless in the bacteria there is a clear
improvement from the single task to the multitask model.

The confusion matrices show that there are overall better values for
True Negatives and True Positives for all ethiologies, except for the
ameba task that remains approximately the same. It is possible to
denote an increase in the False Negatives for the bacteria,

© Future Work

An optimized loss function based on the class imbalance as well as a
tailored function to chose the model to be used on the test set are
currently being developed to fine tune the multitask model.

In the future, we aim to develop a model that decides if exams should
be asked, to rule out unnecessary hospital expenses.

Finally, we plan to explore feature disentanglement of sensitive
features such as gender, age and pre-existing surgery, thus promoting
fairness across classes, since correlations have been found between this
parameteres and the clinical diagnosis.

O conclusions

Multitask learning outperformed single-task settings in the
scope of this study, but further investigation is necessary

Figure A.1: Poster Presented in [JUP and Al Cures Conference.
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A.2 Optimal Architecture and Parameters

A.2.1 Best Model Analysis

Starting by analysing the performance of ResNet50, VGG16 and DenseNetl121 on a small 50
images subset, with a very simple classification model and no specific image transformations, it
was possible to see that DenseNet121 not only performed better but also had the fastest time per
epoch ( see Table A.1). Since time constrictions are often a problem when dealing with Deep

Learning tasks, DenseNet121 was considered our model of choice.

Table A.1: Assessment of the best baseline models.

Architecture AUROC Time per epoch(s)

DenseNetl121 0.65 0.21
ResNet50 0.53 0.27
VGG16 0.44 1.16

A.2.2 Epochs

We runned several experiments to understand the number of epochs required for the model to

converge.

A.2.2.1 Sex and Age

The effect of 100, 200 and 300 epochs on the loss can be seen on Figure A.2. Looking at the
validation loss in the 100 epoch plot, it is unclear if a lower validation loss can be obtained or not
and although the training loss is still decreasing, its stabilisation is still unclear. Comparing to the
200 epochs, the validation loss clearly reaches its minimum value at around 120 and then it starts
gradually increasing, showing a clear sign of overfitting to the train data. Plotting the 300 epochs
to understand if we were witnessing a local maximum and not just overfit, it was easy to conclude
that our assumption was correct and it was indeed a case of overfitting. With that in mind, 200
epochs was considered the optimal value for sex and age. Nevertheless it was possible to see that
the validation loss is still very unstable, which shows the already diversity of the dataset in hands
and the difficulty of the model to adapt to it.

A.2.2.2 Infection Prediction

Looking now into the epochs influence on the disease prediction, the tests were performed on
the multitask_v1 model and applied to all. Since this was a more difficult task, only 200 and
300 epochs were tested. In the 200 epochs graph the relative stabilisation of the validation loss,
with some instability like it was seen on the previous examples,allows us to conclude that the
best validation loss will probably be achieved at 150, nevertheless 300 epochs were tested, and as

expected the validation loss started to increase, showing a clear case of overfit to the training data,
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Figure A.2: Effect of epochs on Loss Curve of the sex prediction.

with difficulty generalising to the validation set. Looking ate the train loss, we could also see that
although it does not fully stabilise in 200 epochs, it reaches very low values of around 0.1, proving

that the training is effective.
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Figure A.3: Effect of epochs on the Multitask Loss Curve.

A.2.3 Learning Rate

The impact of the learning rate and weight decay was also evaluated by testing in which epoch
the model had its lowest validation loss and its value. As it was previously seen, if the learning
rate is too high, the validation loss might start decreasing initially but then increase very fast,
and if it is too little, the validation loss decreases very slowly over time, since it does not learn
enough information at a time. Looking at the testing of several learning rates in our model (see
Table A.2) Looking at the table both described cases can be seen, with the le™> achieving its
minimum performance in the fourth epoch and rapidly increasing, proving that it is too high, and
le~7 having its minimum loss almost in the end of the run time, meaning the model never fully
stabilised. Because of that ,1e~® was selected as the optimal learning rate. The weight decay was

adapted according to the Learning rate, following the usual le~ rule.
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Table A.2: Learning Rate and weight decay impact on minimum validation loss.

Learning Rate Weight Decay Min Val Loss Epoch

le™d le””’ 0.97 4
le ® le 8 0.84 105
le””’ le? 0.94 293

A.3 Loss Functions
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Figure A.4: Loss evolution over epochs for sex model.
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Figure A.5: Loss evolution over epochs for age model.
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Figure A.6: Loss evolution over epochs for single task bacteria model.
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Figure A.7: Loss evolution over epochs for single task fungi model.
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Figure A.8: Loss evolution over epochs for single task ameba model.
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Figure A.9: Loss evolution over epochs for Multitask v1 with baseline loss.
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Figure A.10: Loss evolution over epochs for Multitask v2 with baseline loss.
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Figure A.11: Loss evolution over epochs for Multitask v1 with clinical loss (represents the loss of
both results exploration cases, since the adaptive threshold method uses the same loss function).
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Figure A.12: Loss evolution over epochs for Multitask v2 with clinical loss (represents the loss of
both results exploration cases, since the adaptive threshold method uses the same loss function).
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A.4 Confidence Intervals for the best methodology

Table A.3: Confidence Intervals for Sex Subsets, Tasks, and Metrics of Multitask v2 with clinical
loss

Subset Metric Task Confidence Interval
Female Sex F1 Bacteria 0.8655 - 0.8925
Female Sex Fl1 Fungi 0.4172-0.5764
Female Sex Fl1 Ameba  0.8144 - 0.8541

Female Sex Recall Bacteria 0.9403 - 0.9670
Female Sex Recall Fungi 0.3549 - 0.5319
Female Sex Recall Ameba  0.7830 - 0.8729
Female Sex Precision Bacteria 0.7921 - 0.8408
Female Sex Precision Fungi 0.5044 - 0.6629
Female Sex Precision Ameba 0.8296 - 0.8619

Female Sex BA Bacteria 0.5910 - 0.6651
Female Sex BA Fungi 0.6525 - 0.7442
Female Sex BA Ameba  0.8638 - 0.9031
Female Sex ACC Bacteria 0.7767 - 0.8215
Female Sex ACC Fungi 0.8671 - 0.9101
Female Sex ACC Ameba  0.8952-0.9170

Female Sex AUROC Bacteria 0.7141 - 0.8072
Female Sex AUROC  Fungi 0.8083 - 0.8947
Female Sex AUROC Ameba 0.9500 - 0.9709

Male Sex F1 Bacteria 0.8778 - 0.8912
Male Sex F1 Fungi 0.5871 - 0.6762
Male Sex F1 Ameba  0.6025 - 0.7269

Male Sex Recall Bacteria 0.9378 - 0.9683
Male Sex Recall Fungi 0.5099 - 0.6095
Male Sex Recall Ameba  0.5650 - 0.6746
Male Sex Precision Bacteria 0.8107 - 0.8416
Male Sex Precision Fungi 0.6929 - 0.7679
Male Sex Precision Ameba  0.6415 - 0.8040

Male Sex BA Bacteria 0.6180 - 0.6754
Male Sex BA Fungi 0.7061 - 0.7580
Male Sex BA Ameba  0.7631 - 0.8225
Male Sex ACC Bacteria 0.7977 - 0.8210
Male Sex ACC Fungi 0.7775 - 0.8140
Male Sex ACC Ameba  0.9126 - 0.9351

Male Sex AUROC Bacteria 0.7412-0.7757
Male Sex AUROC  Fungi 0.8228 - 0.8602
Male Sex AUROC Ameba 0.9196-0.9522
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Table A.4: Confidence Intervals for Age Subsets, Tasks, and Metrics of Multitask v2 with clinical

loss.

Subset Metric Task Confidence Interval
0-18yo Fl1 Bacteria  0.9066 - 0.9820
0-18yo Fl1 Fungi nan - nan
0-18yo Fl1 Ameba  0.6123-0.9613
0-18yo  Recall Bacteria 0.9762 - 1.0072
0-18yo  Recall Fungi nan - nan

0-18 yo  Recall Ameba  0.6224 - 1.0176
0-18 yo  Precision Bacteria 0.8419 - 0.9756
0-18 yo  Precision Fungi nan - nan

0-18 yo  Precision Ameba  0.6100 - 0.9767
0-18yo BA Bacteria 0.6247 - 0.9087
0-18yo BA Fungi 0.9762 - 1.0072
0-18yo BA Ameba  0.8791-0.9767
0-18yo ACC Bacteria 0.8374 - 0.9657
0-18yo ACC Fungi 0.9762 - 1.0072
0-18yo ACC Ameba  0.8724-0.9716
0-18yo  AUROC Bacteria nan - nan
0-18yo  AUROC  Fungi nan - nan
0-18yo AUROC Ameba nan - nan
18-40yo Fl Bacteria 0.8442 - 0.8747
18-40yo Fl Fungi 0.4401 - 0.5589
18-40yo Fl Ameba  0.7980 - 0.8563
18-40 yo Recall Bacteria 0.9120 - 0.9553
18-40 yo Recall Fungi 0.4241 - 0.5617
18-40 yo Recall Ameba  0.7529 - 0.8379
18-40 yo Precision Bacteria 0.7694 - 0.8282
18-40 yo Precision Fungi 0.4479 - 0.5837
18-40 yo Precision Ameba  0.8371 - 0.8935
18-40yo BA Bacteria 0.6230 - 0.6855
18-40 yo BA Fungi 0.6870 - 0.7593
18-40yo BA Ameba  0.8340-0.8777
18-40yo ACC Bacteria 0.7555 - 0.8018
18-40 yo ACC Fungi 0.8983 - 0.9239
18-40 yo ACC Ameba  0.8498 - 0.8874
18-40yo AUROC  Bacteria 0.7503 - 0.7987
18-40yo AUROC  Fungi 0.8628 - 0.9077
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Subset  Metric Task Confidence Interval
18-40 yo AUROC Ameba  0.9249 - 0.9491
40-65yo Fl1 Bacteria 0.8481 - 0.8760
40-65yo Fl1 Fungi 0.6115 - 0.6929
40-65yo Fl1 Ameba  0.4701 - 0.6494
40-65 yo Recall Bacteria 0.9347 - 0.9737
40-65 yo Recall Fungi 0.5176 - 0.6182
40-65 yo Recall Ameba 0.4674-0.6516
40-65 yo Precision Bacteria 0.7638 - 0.8118
40-65 yo Precision Fungi 0.7317 - 0.8208
40-65yo Precision Ameba  0.4757 - 0.6765
40-65yo BA Bacteria  0.5995 - 0.6487
40-65yo BA Fungi 0.7058 - 0.7617
40-65yo BA Ameba 0.7113 - 0.8076
40-65yo ACC Bacteria 0.7564 - 0.7973
40-65 yo ACC Fungi 0.7462 - 0.8022
40-65yo ACC Ameba  0.9082 - 0.9413
40-65yo AUROC Bacteria 0.6929 -0.7551
40-65yo AUROC  Fungi 0.8008 - 0.8640
40-65yo AUROC Ameba 0.8918 - 0.9492
+65 yo F1 Bacteria 0.9247 - 0.9486
+65 yo F1 Fungi 0.4451 - 0.6062
+65 yo F1 Ameba  0.2928 - 0.7595
+65 yo Recall Bacteria 0.9629 - 0.9841
+65 yo Recall Fungi 0.3755 - 0.5570
+65 yo Recall Ameba  0.2938 - 0.8145
+65 yo Precision Bacteria 0.8829 - 0.9234
+65 yo Precision Fungi 0.5868 - 0.6778
+65 yo Precision Ameba  0.2996 - 0.7871
+65 yo BA Bacteria 0.5839 - 0.6646
+65 yo BA Fungi 0.6480 - 0.7257
+65 yo BA Ameba  0.7656 - 0.9727
+65 yo ACC Bacteria 0.8668 - 0.9051
+65 yo ACC Fungi 0.7779 - 0.8111
+65 yo ACC Ameba  0.9641 - 0.9916
+65 yo AUROC Bacteria 0.7014 - 0.7784
+65 yo AUROC  Fungi 0.7486 - 0.8298
+65 yo AUROC Ameba nan - nan
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A.5 P-values for the other methodologies

Table A.5: P-values for Task Bacteria by Sex.

Metric
F1

Recall
Precision
BA

ACC
AUROC

Table A.6: P-values for Task Bacteria by Age.

Metric
F1

Recall
Precision
BA

ACC
AUROC

Table A.7: P-values for Task Fungi by Sex.

Metric
F1

Recall
Precision
BA

ACC
AUROC

Table A.8: P-values for Task Fungi by Age.

Metric
F1
Recall
Precision
BA

ACC
AUROC

P-value
1.0000
1.0000
1.0000
1.0000
1.0000
1.0000

P-value
1.0000
1.0000
0.1561
1.0000
1.0000
NaN

P-value
0.0228
0.1514
0.1335
0.4581
0.0003
0.6748

P-value
1.9409e-14
1.7515e-09
3.0711e-14
1.1107e-06
6.5465e-10
NaN
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Table A.9: P-values for Task Ameba by Sex.

Metric P-value
F1 1.0000
Recall 1.0000
Precision  1.0000
BA 1.0000
ACC 1.0000
AUROC  1.0000

Table A.10: P-values for Task Ameba by Age.

Metric P-value
F1 NaN
Recall NaN
Precision NaN

BA NaN
ACC NaN
AUROC NaN

Table A.11: P-values for Tasks by Sex for Multitask V1.

Metric Bacteria Fungi Ameba
F1 1.0000 0.0095 0.0140
Recall 1.0000 0.0536  0.0897
Precision  1.0000 0.0779 0.1346
BA 1.0000 0.2799 0.2094
ACC 1.0000 0.0001 0.2685
AUROC  1.0000 1.0000 1.0000

Table A.12: P-values for Tasks by Age for Multitask V1.

Metric Bacteria Fungi Ameba
F1 0.0057 1.7757e-12  0.9424
Recall 0.1564 7.5369e-11  1.0000
Precision 0.0055 7.2705e-13  0.6279

BA 0.9424 1.7155e-11  1.0000
ACC 0.0152 8.7081e-14  0.0243
AUROC NaN NaN NaN

Table A.13: P-values for Tasks by Sex for Multitask V2.

Metric Bacteria Fungi Ameba
F1 1.0000 0.0078 0.0010
Recall 1.0000 0.3441 0.0068
Precision  1.0000 0.0031 0.1331
BA 1.0000 0.9866 0.0147
ACC 1.0000 0.0001  1.0000
AUROC  1.0000 1.0000 0.1954
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Table A.14: P-values for Tasks by Age for Multitask V2.

Metric
F1

Recall
Precision
BA

ACC
AUROC

Table A.15: P-values for Tasks by Sex for Multitask V1 with clinical loss.

Metric
F1

Recall
Precision
BA

ACC
AUROC

Table A.16: P-values for Tasks by Age for Multitask V1 with clinical loss.

Metric
F1

Recall
Precision
BA

ACC
AUROC

Bacteria
0.0000
0.0010
0.0001
1.0000
0.0000
NalN

Bacteria
1.0000
1.0000
1.0000
1.0000
1.0000
1.0000

Bacteria
0.0473
0.3486
0.0484
1.0000
0.0585
NaN

Fungi
0.0000
0.0000
0.0000
0.0000
0.0000
NaN

Fungi
0.0141
0.1126
0.0252
0.3514
0.0035
1.0000

Fungi
1.2518e-12
2.1886e-09
6.0171e-13
2.1322e-08
1.5599¢-07
NaN

Ameba
0.0548
0.1260
0.1295
1.0000
0.0326
NaN

Ameba
0.0046
0.1144
0.0471
0.1836
0.3416
0.7414

Ameba
0.0494
0.0219
0.7093
0.3482
0.0040
NaN
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Table A.17: P-values for Tasks by Sex for Multitask V1 with clinical loss and adaptive threshold.

Metric
F1
Recall
Precision
BA

ACC
AUROC

Bacteria
1.0000
1.0000
1.0000
1.0000
1.0000
1.0000

Fungi
0.0000
0.8684
0.0097
1.0000
1.0000
1.0000

Ameba
0.0227
1.0000
0.0233
1.0000
1.0000
1.0000

Table A.18: P-values for Tasks by Age for Multitask V1 with clinical loss and adaptive threshold.

Metric
F1

Recall
Precision
BA

ACC
AUROC

Bacteria
0.0173
0.5870
0.0000
0.0001
0.2973
NaN

Fungi

0.0000
0.0000
0.0000
0.0240
0.0171
NaN

Ameba
0.1295
0.9693
0.1243
1.0000
0.9661
NaN
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Table A.19: P-values for Tasks by Sex for Multitask V2 with clinical loss and adaptive threshold.

Metric
F1

Recall
Precision
BA

ACC
AUROC

Bacteria Fungi

1.0000
1.0000
1.0000
1.0000
1.0000
1.0000

3.08e-11
NaN
2.43e-11
NaN
2.35e-11
1.0000

Ameba
9.50e-11
NaN
2.15e-10
NaN
2.07e-10
1.0000

Table A.20: P-values for Tasks by Age for Multitask V2 with clinical loss and adaptive threshold.

Metric
F1

Recall
Precision
BA

ACC
AUROC

Bacteria Fungi

1.0000
1.0000
0.0029
1.0000
1.0000
NaN

2.98e-26
0.0000
3.81e-24
0.0000
3.70e-24
NaN

Ameba
3.30e-08
1.0000
1.56e-05
0.9452
1.50e-05
NaN
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