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Resumo

Machine learning mostra grande potencial no auxilio ao diagnodstico de inimeras doengas, bem
como outras tarefas. Estes sistemas sdo, geralmente, baseados em abordagens de deep learning
que necessitam que uma grande quantidade de dados seja transferido para uma entidade central.
No entanto, isso geralmente ndo € uma opcao vidvel, pois levanta questdes quanto a privacidade e
partilha de informacao sensivel. Federated Learning (FL) € uma abordagem recente que visa solu-
cionar esse problema, permitindo o treino de modelos deep learning em dados de varias entidades,
sem a necessidade da partilha desses dados com uma entidade central, garantindo assim uma maior
privacidade e seguranga. Isto é notdrio na 4rea da saiide, uma vez que permite desenvolver modelos
sem sacrificar a precisao destes. Apesar disso, as abordagens FL ainda estdo na suas fases iniciais
e hd uma falta de pesquisa sobre o impacto de diferentes tipos de heterogeneidade de dados no
desempenho dos algoritmos FL. Nesta dissertacdo, pretendemos estudar e avaliar a robustez dos
algoritmos FL para diferentes distribuicdes de dados e qualidade de dados no diagnéstico de glau-
coma usando imagens da retina. Para alcancar esse objetivo, realizamos vérias experi€éncias com
distribuicdes de dados variados e qualidade de imagem varidvel nos participantes da federacio.
De modo a controlar as distribuicdes, utilizamos o RetQualEvaluator para categorizar os datasets
em termos de qualidade, e em seguida, utilizamos um distribuidor para obter as distribui¢des pre-
tendidas. Por fim, avaliamos o desempenho da abordagem centralizada e das diferentes estratégias
federadas nos dados dos clientes e em um conjunto de dados de teste independentes da federacao.
A partir dos resultados das experiéncias, observamos que federated learning mostra potencial em
permitir a cooperacdo entre institui¢des, sem comprometer dados confidenciais, de modo a atin-
gir um modelo com desempenho superior. Além disso, também observamos que determinadas
estratégias eram mais adequadas a certos cendrios, dependendo da distribuicio e qualidade dos
dados dos participantes e do objetivo pretendido para o modelo desenvolvido. Em geral, estas
experiéncias permitiram-nos compreender em mais detalhe o comportamento de vérias estratégias
federadas em determinados cendrios, o que poderd ser crucial no desenvolvimento de modelos
com maior performance para o diagndstico de glaucoma ou outras aplicagdes médicas.



Abstract

Machine learning has shown great potential in aiding the diagnosis of a multitude of diseases, as
well as other tasks. These systems are often based on deep learning approaches that require a large
amount of data to be transferred to a centralized entity. However, this is often not a feasible option,
as it raises privacy concerns over the sharing of sensitive information. Federated Learning (FL) is
a recent approach that aims to address this issue by allowing the training of deep learning models
on the data of multiple entities without the need to transfer the data to a centralized entity. FL has
shown great potential to ensure privacy in digital healthcare while maintaining the accuracy of the
models. Despite that, FL approaches are still in their infancy, and there is a lack of research on
the impact of different types of data heterogeneity on the performance of FL algorithms. In this
thesis, we aim to study and evaluate the robustness of FL algorithms to varying data distributions
and data quality in glaucoma diagnosis using retinal fundus images. To achieve this, we con-
duct experiments with different data distributions and varying image quality on the participating
clients. To control these distributions, we use RetQualEvaluator to generate quality labels for the
datasets and then a data distributor to achieve our desired distributions. Finally, we evaluate the
performance of the centralized approach and the different federated strategies on the clients’ data
and an independent test dataset. From our experiment results, we observed that federated learning
shows the potential to enable higher-performance models without compromising sensitive data.
Furthermore, we inferred that certain federated strategies were more suitable to certain scenarios
based on the data distribution of the participating clients and the model objective. Overall these
experiments allowed us to have a deeper understanding of the behaviours of various federated
strategies under certain scenarios, which can be crucial in developing high-performance models
for glaucoma diagnosis or other medical applications.
Keywords: Federated Learning, Image Processing, Fundus images, Glaucoma
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Chapter 1

Introduction

In digital healthcare, machine learning (ML) and, specifically, deep learning (DL) models have
seen growth in their descriptive and predictive capabilities. DL models, particularly convolutional
neural networks (CNN), have been widely explored for medical imaging to process and analyze
various imaging techniques, such as MRI [38], CT scans [55], X-rays [26] and ultrasounds [33].
Physicians use these images to detect and diagnose numerous diseases, such as cancer, cardiovas-
cular diseases and eye diseases. In ophthalmology, retinal fundus photography (RFP) and, more
recently, optical coherence tomography (OCT) are used to screen the main eye diseases—diabetic
retinopathy, glaucoma and age-related macular degeneration [48]. The vast amount of data and
the diversity of the diseases make it difficult for physicians to analyse the images manually. There-
fore, developing these ML models has become increasingly important in assisting physicians and
improving the diagnosis process.

However, DL models rely on access to a large amount of data, often centralized, which is not
always a feasible option. Hospitals and institutions must comply with the General Data Protection
Regulation (GDPR) and other privacy regulations, which restrict the sharing of patient data [66].
Additionally, it requires approval by the institutional review board to determine to what extent
data can be shared with peers and often requires anonymization of data. Data anonymization
is a complex and time-consuming task and needs to ensure that patient identification can not be
obtained from the data. Nevertheless, studies have already shown the possibility of reconstruction
of identification from anonymized data [51], resulting in a critical liability regarding the privacy
of sensitive information. In this context, there’s a need for solutions that enable the development
of ML models in a distributed privacy-preserving manner.

Federated Learning (FL) is a machine learning paradigm that enables the development of ML
models in a distributed manner without data sharing. To achieve this, each federation participant,
often called a client, trains a model on its local data. Afterwards, each client sends the model
weights to a central server, which will aggregate the various local models received from the clients
to generate a global model. For this reason, FL has been gaining traction in digital healthcare as
one of the privacy-preserving methods for artificial intelligence (AI) in medical applications, as

it enables the possibility of training a model that learns on data of various data centres without
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requiring any of the data to leave each data centre’s network. Furthermore, FL can be further
complemented with other privacy-preserving techniques, such as differential privacy [41], which
enable a higher degree of privacy of the sensitive data.

To generate the global model, the server uses the FL algorithm or federated strategy, which
combines the clients’ model weights. For example, one possible algorithm is to perform a weighted
average of the clients’ model weights, which denotes the Federated Average (FedAvg) algo-
rithm [40]. One of the biggest challenges in FL stands on the heterogeneity of the clients, whether
caused by differences in the type of data, amount of data, quality of data, etc. In this context,
FL algorithms must be able to adapt to the heterogeneity of the clients, and multiple different
algorithms and variations have been proposed to tackle this challenge. As such, choosing the FL
algorithm is a crucial step that needs to be considered depending on the type of heterogeneity
present. However, there is a gap in the literature regarding the extent to which these algorithms
are affected by the heterogeneity of the clients, whether in terms of data distribution, data quality

or other factors.

1.1 Objectives

In this thesis, we aim to study and analyse the federated approach compared to the centralized
approach, the impact of heterogeneous data, such as different label distribution and varying data
quality, on the performance of federated approaches, and which FL is the most suitable given the
nature of the data and the objective of the model. In this context, the following research questions

are raised:
* Does the federated approach have performance gains over non-federated approaches?

* What is the impact of the data distribution and data quality of the clients on the performance
of the FL algorithms?

* Given the nature of the data, such as data distribution or data quality, and the model’s ob-
jective, such as optimising local performance or generalized performance, what is the most
suitable FL algorithm?

With this thesis, we aim to contribute to the state-of-the-art with a deeper understanding of FL
algorithms under heterogeneous data across clients and the impact of data distribution and quality
on the performance of FL algorithms. Another contribution involves empirically validating various

FL algorithms on classifying suspicious glaucomatous optic nerves using retinal fundus images.

1.2 Document Structure

This document is divided into six chapters. Chapter 2 introduces the necessary context and back-

ground knowledge for this thesis. We provide an overview of what is glaucoma and its diagnosis
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methods, followed by an introduction to machine learning, deep learning and federated learning
essential concepts for the understanding of this thesis.

In chapter 3, we review the previous work developed in the relevant related areas. We start by
analysing the existing work in the field of glaucoma diagnosis using ML models. In the following
section, we review several existing FL algorithms. Finally, we look into applications of FL in the
medical domain.

Chapter 4 provides an overview of the methodology, a detailed description of all the tools and
datasets used, the implementation details of the federated setup and the experiments that will be
performed.

In chapter 5, we analyze the results obtained from the experiments and answer the research
questions proposed. Finally, chapter 6 summarises what was discussed in this document, our main

conclusions and proposed future work that can be done to expand our research.



Chapter 2
Background

This chapter aims to introduce and explain the necessary concepts and knowledge to read this
work. Section 2.1 explains what glaucoma is and what screening techniques are used for diagnosis.
Section 2.2 explains briefly how standard machine learning and deep learning techniques work, as

well as their limitations.

2.1 Glaucoma

Glaucoma is a group of eye diseases that damage the optic nerve due to high intraocular pressure
(IOP). It is the second leading cause of blindness [9] worldwide, and if untreated, it usually is
irreversible and results in reduced quality of life. The number of people afflicted has increased in
the last two years, with over 80 million cases, and is expected to grow even further [54]. Early
detection and treatment are crucial to control and prevent irreversible damage to the optic nerve.
Risk factors for glaucoma include family history (genetic disease), age, sex, race, cornea thickness,
diabetes, high blood pressure, and mainly an increased intraocular pressure (IOP).

To accurately and safely diagnose glaucoma, a doctor will examine the IOP using a tonometry
test, which relies on flattening the cornea slightly using a tonometer to measure the pressure in the
eye [4]. IOP readings can be influenced by corneal thickness and lead to an improper diagnosis.
Patients with thinner corneal thickness may present artificially low IOP and be falsely labelled
as a negative case of glaucoma. On the other hand, patients with higher corneal thickness may
present IOP levels above average and lead to false positive cases of glaucoma [42]. A pachymetry
test is performed to measure corneal thickness and is a vital procedure to prevent the issues above.
There are two types of techniques for performing a pachymetry test. Ultrasound pachymetry uses
a device that produces sound waves to measure the thickness. However, it is prone to measurement
errors, as any probe displacement can cause inaccurate readings [6]. The second technique, optical
pachymetry, has various types of devices to make the measurement, with optical coherence tomo-
graphies (OCT) gaining popularity. OCT is a non-invasive imaging technique used to generate a

high-resolution picture of the retina by measuring the amount of low-coherence light reflected by
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the retina and optic nerve. The image, then, can be used to measure the thickness of the retinal
layers and optic nerve and to diagnose various eye diseases, including glaucoma [5, 1].

Another common image modality in glaucoma screening is retinal fundus photography (RFP) [15,
23]. RFP is a non-invasive process of taking photographs of the interior of the eye through the
pupil. Fundus imaging is performed using a special colour camera, a fundus camera. There are
many types of fundus cameras, from stationary to portable, and the capturing of these images can
be performed by any medical professional, making it a more affordable and flexible technique for
screening various eye diseases. The ophthalmologist can then examine these images to analyze
damage to the optic nerve. The two principal eye structures analyzed in retinal images are the
optic disc and the optic cup, demonstrated in Fig. 2.1. Specifically, the cup-to-disc ratio (CDR)
is the ratio of the vertical diameter of the optic cup to the vertical diameter of the optic disc. A
healthy eye has a CDR of approximately 0.3. The increase in the IOP causes the cup to enlarge,

and thus, a higher CDR than normal is a potential indicator of the presence of glaucoma.

Figure 2.1: Fundus image with the key regions of interest annotated.

2.2 Federated Learning

Machine learning (ML) is a subfield of Al that focuses on developing algorithms and models that
learn from data without being explicitly programmed. This involves designing and constructing
mathematical models, such as linear regressions [44], capable of learning patterns and relation-
ships in the data to make predictions or decisions. These algorithms can be categorised into vari-
ous types. However, in our study, we will only study a supervised learning approach. In supervised

learning, the algorithm is trained with labelled data, in which the input data is paired with its target
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label. With this, the algorithm aims to learn how to map the input data to the correct target label by
identifying patterns and relationships between the two. To aid in this mapping, the relevant char-
acteristics and properties of the input data need to be extracted so it can be relayed to the machine
learning algorithm. These properties are called features and can take various forms depending
on the type of input data and the domain where the algorithm will be applied. For example, for
developing an algorithm with the task of predicting if a patient has glaucoma or not, a possible set
of features could be comprised of the following: the age of the patient, the patient’s CDR, blood
pressure, etc. The selection of these features is called feature engineering. This complex and
time-consuming task involves engineers and domain-specific specialists to derive the most repre-
sentative features of the input data. An improper selection can lead to a negative impact on the
algorithm’s performance and may fail to converge. In ML, an algorithm that has converged refers
to the state where the algorithm has reached a stable or optimal solution; this is, the algorithm has
learnt the underlying patterns in the data, and further iterations on the learning process may not
improve the algorithm’s performance. Generally, the monitoring of the algorithm’s convergence
is essential in ensuring the algorithm is learning and avoiding possible underfitting and overfitting
(lack of learning, and excessive learning, respectively).

Deep learning is a subset of machine learning that focuses on designing and training deep neu-
ral networks, which are artificial neural networks with multiple layers. Artificial neural networks
are models composed of nodes, called artificial neurons, interconnected and organized in layers.
The connection between neurons is represented by weights which influence the strength of the
information flowing through that connection. These weights are then adjusted during the training
process to optimise the network’s performance on the given task. These networks can learn com-
plex patterns from the data, including learning a suitable set of features to represent the input data,
removing the need for explicit feature engineering.

Deep learning has demonstrated success in various domains, namely in image processing
tasks, such as image classification, object detection and object segmentation. In image classifi-
cation, a model assigns a label to the entire image. For example, a model designed to diagnose
glaucoma based on a retinal fundus image is an image classification task. In object detection, a
model aims to identify and localise various objects using bounding boxes. An example object
detection task would be identifying and locating the optic disc on a retinal fundus image. Finally,
in object segmentation, the model aims to accurately segment objects by assigning them a label
on a pixel level. An example object segmentation task would be accurately labelling which pixels
compose the optic disc and which compose the optic cup. In digital healthcare, deep learning
models have been developed for a variety of tasks, including brain lesion segmentation [38], skin
lesion segmentation [7], and various ocular diseases [68, 18, 49].

However, these approaches have a requirement of vast amount of data to achieve convergence
and high performance. This generally relies on aggregating all training data into a single data
centre, as illustrated in Fig. 2.2. In digital healthcare, however, this aggregation raises legal,
ethical and economic complications, as sharing patient data is heavily regulated and valuable for

the institutions [2, 25] and can hinder the availability of data required for training these models.
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Cenlralized

Aggregated Data Model

Figure 2.2: Centralized machine learning paradigm

Federated learning (FL) aims to solve this problem by removing the need for data centraliza-
tion by training a model in a decentralized collaborative fashion. Instead of sharing data, each
institution (i.e., client) trains a model locally on their data and submits the model updates to a
central institution (i.e., server). The server then aggregates all the client’s updates and generates
a new model that is sent back to begin another federated round. The aggregation process can be
executed using different algorithms called federated strategies. The strategy is responsible for how
each client’s model contributes to the global model and what information about the client’s model
is utilised to generate the global model. For example, a strategy can generate the global model by
performing a weighted average of the clients’ model [40]. The federated paradigm is illustrated in
Fig. 2.3.

FL can be classified based on the data distribution and the type of participants. The data can be
classified into two definitions: (i) independent and identically distributed data (IID data) and (ii)
non-IID data. In statistics, an identically distributed variable is a random variable that has the same
probability distribution as another random variable. Additionally, the samples being independent
means there’s no correlation between them, i.e. are independent events. Larger amounts of IID
data during the training process are important to ensure that the training data is representative
of the data distribution. Without it, the model may become biased towards certain patterns in
the data and lead to worse performance. In FL, it’s unrealistic to assume that the local data of
each participant is IID. For instance, the data from a participant may be ordered in some way,
such as, by time, by disease, and thus introduce a correlation between data points, violating data
independence. Participants may also have different data distributions caused by different data
collection methods, different data sources, or different data collection periods. For example, image
quality can vary due to the equipment used, thus making the data non-identically distributed. Zhao

et al. [69] has shown the accuracy of an FL. model can be significantly affected by non-IID data,
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3o

Aggregated Model

(I Send global model to institutions

(@ Update local model with local data
3 Send local updates to central server
@ Update global model

Figure 2.3: Federated machine learning paradigm

where the performance of the model was 50% lower than expected.

Furthermore, depending on how the data is split, FL implementation can be classified into:
(i) horizontal FL, (ii) vertical FL and (iii) federated transfer learning [35]. Horizontal FL. (HFL),
also known as sample-based FL, refers to scenarios where the data has a similar set of features
but from different samples. For example, in a healthcare scenario, multiple hospitals may share a
similar set of features (age, gender, symptoms, etc.), but each hospital has its own set of patient
data. Vertical FL (VFL), or feature-based FL, refers to scenarios where the samples are shared
but present a different set of features. For example, suppose two hospitals hold information on
the same population, but one has information regarding the patient’s ophthalmology tests and the
other regarding blood tests. In that case, VFL allows both hospitals to cooperate in generating a
model that combines both data types. Finally, federated transfer learning (FTL) applies to scenar-
ios where datasets vary in samples and feature space. The goal is to transform feature spaces from
different sources into a common feature space. FTL allows the transfer of knowledge across do-
mains and the building of application-specific models with scarce data and without compromising
user privacy [34].

Finally, depending on the type of participants, FL can be classified into two groups: (i) cross-
device FL and (ii) cross-silo FL. Cross-device FL refers to an implementation where the learning
occurs on various devices, such as smartphones, edge devices, apps, etc. This implementation
is usually deployed at scale, requiring millions of participants with small amounts of data, as in
the case of Google Board’s FL [40, 3]. Challenges in this implementation are the heterogeneity

of the devices, the limited computational power, and the limited communication bandwidth, not
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to limit the user experience. On cross-silo FL, the number of participants is reduced, but with a
larger amount of data per participant [21]. This implementation is usually deployed in a controlled
environment, such as hospitals and banks, which provide more powerful and scalable computing
power and communication bandwidth. With this, we can classify the implementation in our study

as horizontal cross-silo FL.



Chapter 3

Related Work

In this chapter, we analyse and introduce the related work done in the areas relevant to this thesis.
This includes computer-aided glaucoma diagnosis, proposed federated strategies and applications

of federated learning in the medical field.

3.1 Computer-aided glaucoma diagnosis

Computer-aided diagnosis (CAD) are systems that provide support to doctors and clinicians in
the diagnosis of diseases and interpretation of medical images. CAD systems exist for over 30
years. However, with recent advances in deep learning, traction for developing CAD systems has
increased [46]. Searching on PubMed'’s database for the queries: (i) "computer-aided diagnosis",
(i1) "deep learning" AND "medical imaging" and (iii) "deep learning" AND "glaucoma", we can
observe an exponential trend on the last 5 years of publications, as observed in Fig. 3.1.

Several studies and reviews have assessed the current state-of-the-art artificial intelligence
applied to medical imaging, including glaucoma diagnosis [18, 49, 10].

Liu et al. [31] proposes a multiple kernel learning-based classifier that combines image fea-
tures extracted from retinal fundus images with patient personal data, such as demographic data
(i.e., age, gender, height, etc.), examination data (i.e., IOP, corneal thickness) and historical med-
ical data, and finally genome data. The authors utilize a previous method [62] to obtain the can-
didate patch, which is later used to extract the optic disc utilizing a variational level-set approach.
The image features to be used on the model are obtained from the colour and texture descriptors
of each grid on the optic disc image. The combination of data allowed the model to achieve a
higher AUC compared to the state-of-the-art. The study also shows that the genome information
results in the highest AUC, both when evaluated as a single source and when paired with another
data source. This approach, however, has not been validated on a larger and more heterogeneous
dataset, and the collection of such data for a larger scale system can raise concerns regarding the
data privacy of the patients as personal data. Single-nucleotide polymorphisms (SNP) can be used

to identify a person uniquely [65]. Since then, several approaches and improvements have been

Thttps://pubmed.ncbi.nlm.nih.gov/

10
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Number of publications on PubMed's database
== "computer-aided diagnosis” == "deep learning’ AND "medical imaging” "deep lzarning’ AND "glaucoma’
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Figure 3.1: Number of publications on (i) "computer-aided diagnosis", (ii) "deep learning" AND
"medical imaging", and (iii) "deep learning" AND "glaucoma" over the years on PubMed’s
database.

achieved, especially with the advances in deep learning. Christopher et al. [12] assessed various
architectures and evaluated them in a racially and ethnically diverse dataset. Martins et al. [39]
proposed a pipeline utilizing a two-phase approach capable of running on mobile devices. The op-
tic disc and optic cup are first segmented. The results of the segmentation are then used to extract
various morphological features and to train the classification model for glaucoma detection. The
authors merge several public datasets, performing data augmentation to increase the number of
training samples. The proposed pipeline achieved performances higher than other state-of-the-art
architectures while also exploring the interpretability of the model using the morphological fea-
tures extracted and other techniques. Nawaz et al. [43] proposed an efficient two-phase for optic
disc and optic cup localization and glaucoma diagnosis. Using a bidirectional feature pyramid
network allows the authors to utilize multi-scale key points with equal contribution of each scale,
resulting in a more robust model to the diversity of lesion behaviours. The proposed solution
managed to achieve an AUC of 0.98. Leonardo et al. [27] improves the performance of the model
proposed by Martins et al. [39] by introducing artificially generated images using a Generative

Adversarial Network (GAN) supported by a Retinal Quality Evaluator model.

3.2 Federated Strategies

The application of Stochastic Gradient Descent (SGD) in a distributed manner [58, 11] is one of

the earliest applications of federated learning. The server starts by broadcasting the global model
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weights to each client. Afterwards, the server selects a random fraction of the clients for training.
Each client then computes the gradient of the loss on its local data. The server, finally, aggregates
the gradients to update the global model weights. This algorithm, denoted as FedSGD [40], is
simple and efficient. Still, it has a high communication cost, requiring the clients to communicate
with the server after each local update. To reduce the communication cost, Federated Averaging
(FedAvg) [40] is built on the same principle as FedSGD but performs several local SGD steps in
each client on each round before aggregating the global model using a weighted average. Due
to the weighted average, the contribution each client has to the global model is dependent on the
amount of local data available. In an IID setting, this leads to uniformly distributed weights across
the clients and, thus, an evenly balanced global model, and it is commonly used as the baseline for
FL algorithms. However, as discussed earlier, it’s not realistic to assume IID data distributions in
real-world scenarios, which can lead to severe drops in the accuracy of both the global model and
the local models. Several approaches have been proposed to mitigate this issue.

To tackle the problem of non-IID, various researchers introduce regularization terms to prevent
model drifts, which normally refers to preventing the locally trained models from diverging too
much from the global model or reduce the impact of model variance during aggregation process.
FedProx [28] improves on FedAvg by adding a proximal term to restrict the local updates from
diverging too much from the global model. FedCurv [57] adapts the Elastic Weight Consolidation
(EWC) [24] algorithm to FL. Ahmad et al. [8] proposes a hybrid approach using Hessian coeffi-
cients and weighted average which improves on FedAvg at increased communication cost. Reddi
et al. [50] adapts various optimizers, such as Adagrad, Yogi, etc., to a federated setting with the
aim of improving on FedAvg. Gunesli et al. [16] proposes FedDropoutAvg, where a subset of
weights from each local model is randomly dropped. Li et al. [30] proposes FedBN, where the
batch normalization layers of the model are not sent to the server, to alleviate feature shifts caused
by non-iid data.

Approaches based on learning the aggregation weights and other hyperparameters have also
been proposed. Auto-FedAvg[64] aims to learn the aggregation weights as a stochastic model.
The algorithm starts by sending the global model to all the clients and then gathering the local
models, like FedAvg. However, instead of using a weighted average, the authors introduce a set of
learnable weights to generate the global model. Afterwards, the server sends all the local models
to each client to compute the loss of the aggregation weights. Due to the communication burden
introduced by this step, the authors only execute this learning step every few rounds, configurable
by a hyperparameter introduced by the method. The algorithm was then validated on real-world
scenarios, such as COVID-19 lesion segmentation, and showed improvements over FedAvg and
FedProx. Auto-FedRL [17] also enables the learning of the aggregation weights, but instead of
using a stochastic model, the authors introduce a Reinforcement Learning (RL) agent.

The approaches mentioned above all aim to improve the global model and the models of
internal clients. However, the model’s generalizability to new clients is also an important aspect
of FL. To address this issue, Liu et al. [32] propose a method based on domain generalization,

FedDG, that shares extra frequency information of the data across clients. This extra information is
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then used to learn generalized parameters based on episodic learning by simulating domain shifts.
Jiang et al. [22] proposes a personalization strategy to optimize both clients inside and outside
the federation, to obtain a more generalizable model without sacrificing local performance. The
authors keep track of both global and local gradients to form a personalized model that is optimized
for each client. Furthermore, the authors also use the global model and the local, personalized
models to create a routing space to personalize the models for outside clients via a learnable
routing matrix. This routing matrix is obtained using an unsupervised learning approach utilizing
a set of losses designed by the authors. The method is then validated on two medical imaging tasks,

on which the authors show an increase in performance compared to FedAvg and other methods.

3.3 Federated Learning in the medical field

In a setting where data-sharing is heavily regulated for ethical and legal reasons, centralising pa-
tient data to develop medically significant machine-learning models is often impossible or has
several limitations. FL is one of the approaches to address these issues. Several studies on FL
applied to the medical field have been done. Roth et al. [52] developed a federated approach to
breast density classification using a weighted averaging strategy (FedAvg) and compared results
against locally trained models on each institution. The federated model obtained a better agree-
ment on classification between institutions than the model trained on local data. However, the
model’s performance is still not in an acceptable state to be used due to the heterogeneity of the
data across the institutions. One of the possible reasons is the strategy used, as FedAvg assumes
uniformly distributed data across the institutions. Thus this research could be complemented with
other strategies that try to address this issue. Ho et al. [20] applies FL for COVID-19 detection
using X-ray images and information on the symptoms. The authors study the performance of the
FL model in various settings, such as IID and non-IID settings, varying numbers of participants
and the underlying DL. model. Furthermore, the authors combine FL with the differential privacy
method to achieve a more secure system while evaluating the trade-off in model performance.
FL has also been applied to brain tumour segmentation [29, 56]. Sheller et al. [56] evaluates the
performance of FL. comparatively to a data-sharing centralized approach and other collaborative
ML approaches. In their work, the authors show the potential of FL over other collaborative ML
approaches in a real-world setting. Similarly, Li et al. [29] also evaluated the performance of
FL comparatively to a centralized approach. Furthermore, the authors study the impact of the
percentage of the model shared on the performance.

In ophthalmology, Lo et al. [36] evaluates the performance of FL for microvasculature seg-
mentation and diabetic retinopathy detection using OCT and OCTA en face images. The authors
study and validate the potential of FL to adapt to settings with a small amount of data available
across clients. FL has also been applied to RFP [60, 45, 37, 19]. Lu et al. [37] evaluates the per-
formance of FL compared to centralized learning for detecting retinopathy of prematurity (ROP)
using fundus images. On the same domain, Hanif et al. [19] proposes an FL approach that gen-

erates a vascular severity score (VSS) for the diagnosis. The authors studied the variations of the
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VSS for the different categories of ROP. In this study, the authors found significant differences in
the severity score between the early stage and advanced stage of ROP, despite not showing any
variance when comparing the intermediate stage with the advanced stage.

Nielsen et al. [45] investigates the vulnerability of FL to gradient inversion attacks. These
attacks exploit the fact that gradients carry a bit of information about the data that influenced their
calculation and manipulate the model’s input in a manner that enables the extraction of information
regarding the training data. In the paper, the authors evaluate the possibility of such attacks for
reconstructing RFP images from an FL model used to classify diabetic retinopathy. The authors
show the possibility of reconstructing clinical features to identify an individual from gradient
information transmitted during the federation.

While these studies provide a great foundation for the potential of FL in heterogeneous envi-
ronments for medical imaging, there are still several challenges that need to be addressed. First,
the performance of DL models trained on local data is often not inferior to the FL. model. This
presents a drawback to adopting FL, as institutions may not benefit from the collaboration, namely
participants with large amounts of high-quality data, especially regarding the potential leakage of
sensitive information via the FL. model. Furthermore, there’s a gap in the literature on the impact

of bad-quality participants and how to restrict them from the FL process.



Chapter 4
Methodology and Experimental Setup

In this chapter, we first introduce the methodology used for this study in the first section. After-
wards, the experimental setup will be discussed in detail. This includes an exploratory analysis
of the datasets, the models used, their function, and a detailed explanation of implementing the

federated setup and the experiments.

4.1 Methodology

Our research questions introduced in Chapter 1 concern the performance of federated approaches
compared to non-federated approaches. It also involves the impact of the nature of the client’s data,
such as label distribution, data quality, etc., on the performance of federated strategies. And finally,
the differences in the performance of the various federated strategies under different settings and
use-case of the federated model.

To answer these questions, in this thesis, we will develop a horizontal cross-silo federated
learning approach applied to glaucoma screening from fundus images. This approach will be ap-
plied to scenarios that aim to represent real-world institutions with varying data distributions (this
term here refers to how the data is distributed across the clients, and not statistical distribution). A
collection of public datasets will be used and treated as independent data sources to create these
scenarios. To gather information regarding the quality of the images in the various datasets, we
will use a retinal fundus image quality evaluator model [27] to infer quality labels for each dataset.
Furthermore, a data distributor will be developed to aid the creation of these scenarios based on
target distributions and the quality of data wanted.

Afterwards, for each scenario, we will vary the federated strategy used to train the federated
model to evaluate the differences between them. We will also train local models on each client
using solely their local data and a centralized model where we combine all the client’s data. These
two compose the non-federated approaches that will be evaluated against the federated approach.
And to further study the impact of data quality on the performance of the various approaches, we
will train each on a non-filtered scenario and a filtered scenario, i.e., where all low-quality data is

removed from the training data.

15
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Finally, the different approaches and the various federated strategies will be evaluated method-
ically using adequate metrics for the task, such as accuracy, precision, recall, and specificity. We
will also evaluate the convergence rate and the computational cost of the various approaches and

federated strategies. Fig. 4.1 represents, in a compact form, our methodology process.
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Figure 4.1: Architecture diagram for the methodology proposed.

4.2 Retina Quality Evaluator

The RetinaQualEvaluator model developed by Leonardo et al. [27] was created to distinguish
between three image qualities, i.e., 0 for "Good" quality, 1 for "Usable", and 2 for "Reject". The
quality of the image is related to not only the properties of the image but also the presence of
distinguishable eye structures required to make a proper diagnosis, such as the presence of the
optic disc and cup that can be easily identified. Fig. 2.1 shows the location of the important
structures of a retina fundus image. The exact positioning of these structures varies depending
on the equipment used to obtain the images, with the common locations being: (i) centred on the
optic disc; (ii) centred on the midpoint of the macula and the optic disc (posterior pole); and (iii)
centred on the macula. In this study, this model is used to infer quality labels for the used datasets
to perform a study on the impact of image quality in training a federated setup. Fig. 4.2 presents

some examples of images labelled by RetQualEvaluator.
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(a) "Reject" quality (b) "Usable" quality

(c) "Good" quality

Figure 4.2: Samples from AIROGS dataset and their quality label inferred by RetQualEvaluator.
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4.3 Datasets

Various public datasets were used to create the federated setup. To study the image quality of each
dataset, the RetinaQualEvaluator model presented in the section above was used to obtain quality
classifications for all the images in these datasets. In this section, each dataset will be introduced

and discussed.

4.3.1 ORIGA

The ORIGA [67] dataset contains retinal images collected by the Singapore Eye Research Institute
for the Singapore Malay Eye Study (SiMES). It contains 650 cases labelled by trained profession-
als from Malay individuals ranging from 40 to 80 years old. All images in this dataset are full
FOV, uncropped, and contain scans from both the left and right eye. The optic disc is usually
positioned off-centred on the image to either side, depending on which eye the scan is from, with
some cases having the optic disc centred.

The quality labels inferred by the RetQualEvaluator aided in gaining insight into the qual-
ity distribution of the dataset and the potential heterogeneity stemming from such distribution.
Of the 650 cases, 451 (69.4%) were of "Good" quality, while only 37 (5.7%) were of "Reject"
quality. Regarding the glaucoma incidence on the dataset, 482 (74.1%) cases are negative, i.e.,
non-glaucomatous. This is similar to the glaucoma incidence observed in glaucoma screening
clinics, where 10% of the adults screened have glaucoma and an additional 13% were suspects of
glaucoma [13]. Thus, the dataset poses a realistic scenario of a dataset provided by a screening
clinic. A more detailed breakdown of the dataset is shown in Table 4.1, and some example samples

from the dataset are shown in Fig. 4.3.

Table 4.1: ORIGA dataset overview.

Quality
Glaucoma Samples Good Usable Reject
Classification p J

Glaucoma 168 88 58 22
25.8%) (13.5%) (8.9%) (3.3%)

Non-Glaucoma 482 363 104 15
(74.1%) (55.8%) (16%) (2.3%)

Total 650 451 162 37

(69.4%) (24.9%) (5.7%)

4.3.2 REFUGE Challenge

The REFUGE Orlando et al. [47] dataset is part of a challenge held during MICCAI 2018. The
data consists of 800 cases split into training and validation splits, each containing 400 cases.

The data was collected from multiple hospitals and clinics with Chinese patients, with a close
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Figure 4.3: Sample images from ORIGA dataset.

to even distribution of gender. The non-glaucomatous cases comprise healthy eye patients and
patients afflicted by other eye diseases, such as diabetic retinopathy, contributing to a more realistic
representation of clinic data. The training split images were captured using a Zeiss Visucam 500
fundus camera with a resolution of 2124 x 2056 pixels, while the validation split images were
captured using a Canon CR-2 with a resolution of 1634 x 1634 pixels. In both splits, the images
are centred at the posterior pole, having both the optic disc and macula always visible.

Regarding the quality of the images, the dataset has already been curated only to contain high-
quality images, which was reflected in the quality labels inferred. Of the 800 cases, only 6 (0.7%)
were "Reject”". However, a difference between each split is present, as 58.5% of the cases in the
training split are of "Good" quality compared to the 98% of the cases in the validation split. The
distribution of glaucoma is the same on both splits, with 90% of the cases being non-glaucomatous.
For this study, both splits will be merged into a single pool of data that will be used to compose
the federated setups. Table 4.2 and Table 4.3 show a more detailed breakdown of the dataset, and

some example images are shown in Fig. 4.4.

4.3.3 GAMMA

The GAMMA [63] dataset was made available as part of the Glaucoma grAding from Multi-
Modality imAges (GAMMA) Challenge. The data consists of 100 cases labelled for three stages

of glaucoma (non-glaucomatous, early glaucoma and mid-advanced glaucoma). The early and
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Table 4.2: REFUGE Challenge dataset overview - training and validation splits.

Training Validation
Quality Quality
Glaucoma . .
Classification Samples Good Usable Reject Samples Good Usable Reject

Glaucoma 40 16 20 4 40 37 3 0
u (10%) (4%) (5%) (1%) (10%) 9.2%) (0.8%) (0%)

Non-Glaucoma 360 218 140 2 360 355 5 0
u 90%)  (54.5%) (35%) (0.5%) 90%) (88.8%) (1.2%) (0%)

234 160 6 392 8 0
Total 400 sgsa)  @0m)  (1.5%) 400 98%) (%)  (0%)

Table 4.3: REFUGE Challenge dataset overview - combined splits.

Quality

Glaucoma Samples Good Usable Reject

Classification p J

Glaucoma 80 >3 23 4
(10%) (6.6%) (2.9%) (0.5%)

Non-Glaucoma 720 373 145 2
(90%) (71.6%) (18.1%) (0.3%)

Total 800 626 168 6

(783%) (21%)  (0.7%)

mid-advanced glaucoma labels were combined into a single label for this study. Similarly to the
previous dataset, the images collected for this dataset are mainly from Chinese patients ranging
from 19 to 77 years old, with an average of 40.64 £ 14.53 years old. Two different fundus
cameras were used to collect the images: KOWA camera with a resolution of 2000 x 2992 pixels
and Topcon TRC-NW400 camera with a resolution of 1934 x 1956 pixels. The images are centred
on the macula or the posterior pole; both structures are always visible.

The quality of the images was manually verified by the authors of the dataset, which was
reflected on the quality labels inferred by the RetQualEvaluator. Only eight were "Reject” by the
model. Contrary to the previous datasets, the glaucoma incidence for this dataset was evenly split,
with 50% of the cases being of healthy patients and the remaining of glaucomatous patients. A

more detailed breakdown of the dataset is shown in Table 4.4 and some example images in Fig. 4.5.

4.3.4 Drishti

The Drishti [59] dataset consists of 101 cases acquired from a single hospital in India. All the
images were collected using a 30° FOV camera with a 2896 x 1944 pixels resolution centred on

the optic disc. The population has an evenly split gender distribution from 40 to 80 years old.
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Figure 4.4: Sample images from REFUGE Challenge dataset.

Table 4.4: GAMMA dataset overview.

Quality
Glaucoma Samples Good Usable Reject

Classification P J
Glaucoma >0 32 10 8

(50%) (32%) (10%) (8%)
50 48 2 0

Non-Glaucoma (50%)  (48%) (2%) (0%)
80 12 8

Total 100 80%)  (12%) (8%)
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Figure 4.5: Sample images from GAMMA dataset.

Four different glaucoma specialists did the labelling process with experience ranging from 3 to 20
years.

The authors verified the quality of the images and discarded those deemed of bad quality,
either by having poor contrast or incorrect positioning of the optic disc and others. Despite that,
when analysing the labels inferred by the RetQualEvaluator model, this dataset was composed
majorly of "Reject” images, with only 8.91% of the images being of "Good" quality. Compared
to other datasets and the global incidence of glaucoma, the dataset is also majorly formed with
glaucomatous cases, where 69.3% of the cases are of glaucomatous patients. A more detailed

breakdown is shown in Table 4.5 and some example images in Fig. 4.6.

4.3.5 EyePACS AIROGS

The EyePACS AIROGS [14] data was available for the Artificial Intelligence for Robust Glaucoma
Screening (AIROGS) challenge. This dataset is the largest and most diverse dataset used in this
study. It consists of 101442 cases collected from 54274 patients with an average age of 56.7 £
10.2 years old across 500 screening centres across the United States of America. On top of the
heterogeneous ethnicity, the dataset also comprises images taken from a diverse set of equipment,

with more than nine different cameras used. This results in realistic heterogeneous data with
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Table 4.5: Drishti dataset overview.

Quality
Glaucoma Samples Good Usable Reject
Classification p J
Glaucoma 70 4 1 >3
(69.3%) (4%) (10.9%) (54.4%)
31 5 5 21
Non-Glaucoma )70\ (500 (5%)  (20.8%)
Total 101 4 16 76

8.91%) (15.8%) (75.2%)

--

.

Figure 4.6: Sample images from Drishti dataset.

varied patterns and structure (i.e. optic disc location, image contrast, etc.). The labelling process
was done by 30 specialists from a pool of 90, which resulted in a more reliable and consistent
ground truth for the diagnosis.

The dataset also poses a great diversity in image quality, for which models in real-world ap-

plications would need to be prepared. 56.3% of the images were labelled as "Good" quality by
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the evaluator, with 15.5% being of "Reject" quality. This distribution allows us to study image
quality’s impact on federated setups’ performance in a realistic setting. The glaucoma incidence
on the dataset is closer to the global prevalence of glaucoma [61], with 3.2% of the cases being
of glaucomatous patients, as opposed to the distribution seen on screening centres [13]. Table 4.6

and some example images in Fig. 4.7 show a more detailed breakdown of the dataset.

Table 4.6: EyePACS AIROGS dataset overview.

Quality
Glaucoma Samples Good Usable Reject
Classification p J
3270 1199 1185 886
Glaucoma

(B2%) (12% (1.2%) (0.9%)
98172 55882 27411 14879
(96.8%) (55.1%) (27%) (14.7%)

57081 28596 15765
(56.3%) (282%) (15.5%)

Non-Glaucoma

Total 101442

Figure 4.7: Sample images from AIROGS dataset.
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4.4 Glaucoma Classification Model

The model developed by Leonardo et al. [27] will serve as the baseline model for this study and the
initiation model in the federated setup. The model was trained on a collection of datasets, including
ORIGA and Drishti datasets used in this study, with a synthetically augmented data generation
module to enhance and degrade the quality of the images used for training. The collection of
datasets amounted to 2549 cases on which the model trained for 200 epochs, with early stopping to
avoid overfitting. With this, our initial model has already been trained on the same task with good
performance and will serve as the underlying model for FL. Other than serving as an initialization
model for the federated setup, this model will serve as the baseline for all the strategies (i.e.
tested on the datasets without any additional training) and also be trained on the data used in each

experiment to evaluate the performance of the centralized approach over the federated approach.

4.5 Federated Setup

In this section, we will discuss in detail how the federation was set up, including the hardware and
its networking, as well as the data distribution across the clients. Furthermore, we also explain in

detail what federated strategies we implement and what variations we test for each.

4.5.1 Hardware Setup

Three identical Jetsons AGX Xavier were used to run the federated setup to represent independent
institutions representing clients of the federated network. Each Jetson was configured in the same
manner, with the most up-to-date Jetpack ' version (5.1.1). The server of the federated network is
also an independent institution from the three clients above. However, due to restrictions on the
network, one of the Jetsons had to act as both a server and a client. Despite the restriction, this
does not hinder any performance of the machine, and the server and client running on the same
machine are still treated as independent processes.

Each client only has access to its dataset located on the Jetson and has no access or information
regarding any other clients’ dataset. The server, meanwhile, has no access to any information on
any of the clients’ datasets other than any information communicated during federation, such as
the number of samples and label distributions. The model trained on each client is also only
available to the client itself, and only the model weights, either totally or partially depending on

the federated strategy, are shared with the server.

4.5.2 Data Distributor

To create the various experiments for the federated setup, a data distributor was developed to dis-
tribute the datasets mentioned above to the different clients. Due to the size difference between the

EyePACS AIROGS dataset and the rest, this dataset will complement the remaining datasets when

Thttps:/developer.nvidia.com/embedded/jetpack
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distributing the data for each client. We used the distributor for each client to pick one or more
datasets from above to serve as the base data, excluding EyePACS AIROGS. Then we used the
latter to fill in data to achieve a target label and quality distribution, noting that data from the com-
plementary dataset can not be repeated across clients. Lastly, the remaining glaucomatous cases
left on the EyePACS AIRGOS after distribution were used to generate a fourth dataset containing
a fifty-fifty split of glaucoma and non-glaucoma cases to act as a test dataset representing an in-
stitution outside the federation. In table 4.7, we present a detailed breakdown of the distributions
generated and the parameters used for the distributor’.

Once distributed, the datasets of each client were prepared into three splits: training split
(60%), validation split (20%) and test split (20%). This distribution was done randomly, with the

only restriction of maintaining the class balance across each split.

2Client 1 presents the same data across both distributions to have a ground of comparison between experiments.



27

4.5 Federated Setup
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For the first experiment, which we will call "Dataset 1.0", we aim to study the effect of heavily
heterogeneous clients on the performance of the federated approach, with both different glaucoma
distributions and different quality distributions. For such, we distributed the data in the following
manner:

1. Client 1’s dataset comprises mostly negative cases (80%) and higher-quality images. Fig. 4.8

shows the resulting distribution on the dataset.

2. Client 2’s dataset serves as the middle ground for the other two clients, with an even distri-

bution on both glaucoma labels (50%) and quality labels, as shown in Fig. 4.9.

3. Client 3’s dataset serves as the polar opposite of client 1, comprising mostly positive cases
(80%) with lower-quality images. This can be seen in Fig. 4.10.

4. The remaining cases left on the AIROGS dataset was used to build an additional test dataset
containing an even distribution of the target label and no cases of "Reject" quality. This

dataset is shown in Fig. 4.11
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(b) Distribution of the images across glaucoma and quality labels for each split.

Figure 4.8: Client 1’s dataset 1.0 and 2.0.

For the second experiment, which we will call "Dataset 2.0", we aim to study the effect of

different distributions of data quality across clients while following a real-world distribution of
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(b) Distribution of the images across glaucoma and quality labels for each split.

Figure 4.9: Client 2’s dataset 1.0.

glaucomatous cases. For this, we follow the glaucoma incidence found in screening clinics [13]
where around 20% of the adults suffer from glaucoma or are suspects. Therefore, we distributed all
clients with 80% of the cases being negative (i.e. non-glaucomatous) and maintained the quality
distribution as above, with client 1 presenting the highest quality and client 3 the lowest. The
outsider dataset was built in the same manner, with the remaining cases of the AIROGS dataset
being used to compose an even dataset in terms of the glaucoma label filtering out all the images
with "Reject" quality. Note that client 1’s dataset is the same in the two experiments. This was
done to have a point of comparison for the two experiments. The details of the datasets for client
1, client 2, client 3 and the outsider in the second experiment can be seen in Fig. 4.8, Fig. 4.12,
Fig. 4.13 and Fig. 4.14, respectively.

4.5.3 Federation Implementation

The federation was implemented using Flower * as the backend framework responsible for the
communication protocols between the server and the clients. This framework was chosen as it
allowed us to implement an approach agnostic to the tensor library. Despite only utilising Ten-
sorflow in this study, this choice allows us to expand this approach to other libraries in the future,

3https:/flower.dev/
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Client 3 (1.0) - Number of samples per glaucoma label. Client 3 (1.0) - Number of samples per quality label.
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(b) Distribution of the images across glaucoma and quality labels for each split.

Figure 4.10: Client 3’s dataset 1.0.

if necessary. Another major feature that influenced our choice was the ease of implementing new
federated strategies and the expansion of already implemented strategies. The local training pro-
cess of the clients was implemented with TensorFlow * with the glaucoma classification model
mentioned above as the base model for initialization. For the model, we used class-weighted bi-
nary cross-entropy loss and Adam optimizer with a learning rate 2.5¢ — 5, decay of 0.0 and first and
second momentum estimates of 0.9 and 0.999, respectively. Furthermore, to conduct experiments
on the impact of image quality on the training of a federated model, each client data manager had
a togglable filter for images labelled "Reject” by the RetQualEvaluator. With this, each strategy
implemented will be tested twice on each dataset distribution generated above, with the first being
with no filter in place and the second with the filter enabled. As such, the numbers to identify each
experiment are detailed in Table 4.8.

To measure the performance of the models, a collection of metrics was collected by both
clients and server at the end of the local training and federated round, respectively. We measured
the models and federated strategies regarding training time and performance on the classification
task. The following sections will discuss each federated strategy implementation details and its

experimental setup.

“https://www.tensorflow.org/
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Outsider (1.0) - Number of samples per quality label. Outsider (1.0) - Number of samples per quality label.
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Figure 4.11: Outsider’s dataset 1.0.
Table 4.8: Experimental setups details.
Experiment Dataset Filter
1x 1.0 X
2.x 1.0 v
3.x 2.0 X
4.x 2.0 v
FedAvg and FedSGD

With FedAvg [40], each client was trained locally for 25 epochs for five server rounds. At the

end of the round, all clients send the updated model weights in their totality to the server, which
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Client 2 (2.0) - Number of samples per glaucoma label. Client 2 (2.0) - Number of samples per quality label.
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(b) Distribution of the images across glaucoma and quality labels for each split.

Figure 4.12: Client 2’s dataset 2.0.

aggregates them with a weighted average and proceeds to send the aggregated weights to each
client. This strategy serves as the baseline for federated solutions.

The FedSGD [40] algorithm shares the implementation of FedAvg with one modification:
each client now performs only one local step (epoch) per federated round. To account for this
adjustment, the number of federated rounds was extended to 125.

FedProx

The FedProx [28] algorithm has no alterations compared to FedAvg server-side. This is, on each
federated round, the clients’ weights are aggregated using a weighted average. However, one key
modification happens client-side: a proximal term (i) is added to the local updates to limit the
divergence of the local model from the global model in each federated round. We implemented an
optimizer following the author’s implementation and description to achieve this. This optimizer
replaces the Adam optimizer described above while keeping the learning rate at 2.5¢ — 5. Larger
values of pt lead to more restrictive updates by forcing it to remain closer to the starting point,
which can help the aggregation of statistically heterogeneous updates from the clients. Following
the author’s study, we test three different values for pt. The Table 4.9 presents the values used for
U on each experiment.
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Figure 4.13: Client 3’s dataset 2.0.
Table 4.9: Values for FedProx’s proximal term (i) on each experiment.
. Proximal Term
Experiment
(1)
x.0 1.0
x.1 0.01
X.2 0.1
FedBN

The FedBN [30] algorithm, like FedProx, has no alterations compared to FedAvg server-side.

Client-side, there’s one key modification to the weights sent to the server: the batch normalization

layers are excluded from being transmitted to the server. Everything else is kept the same, and the

federation is run for five federated rounds, with each client training for 25 epochs on each round.

FedYogi

The FedOpt [50] algorithm is a family of federated strategies based on adaptive optimizers such as
Adam, Adagrad and Yogi. In this study, we implemented the strategy that obtained the best results

on the authors’ study, the FedYogi variant. This strategy requires no modifications client-side.
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Outsider (2.0) - Number of samples per quality label. Outsider (2.0) - Number of samples per quality label.
2124 2124

2000 20001

1750 1 1750 1

1528 1528

1500 4 1500

1250 1

"
I~}
o
=)

1000 1

Number of samples
=
]
S
S

Number of samples

~
o
S
5
a
<

g
o
2
S

N
@
o
~
@
o

1]
Good Usable Reject Good Usable Reject
Quality label Quality label

©
T

(a) Distribution of the glaucoma label (left) and quality label (right) of the dataset.

Outsider (2.0) - Dataset distribution over quality and glaucoma labels.

1.0
[15]
E 0.8
=5
& m
&0 0.6
5]
g
[15]
S E 0.4
m o
=
©3 0.34
G -0.2
&
[=]
=
i - 0.0
Good Usable
Quality label

(b) Distribution of the images across glaucoma and quality labels.

Figure 4.14: Outsider’s dataset 2.0.

However, in the server aggregation of the clients’ models, this strategy transforms the formulation
for FedAvg weighted average into a pseudo-gradient update. This allows the introduction of op-
timization on the server side from a global perspective. In this study, we test with two different
learning rates (1) for the strategy based on the best values obtained by the authors. The remaining
hyperparameters of the strategy remained fixed: first (8;) and second (f3;) estimates with values
0.9 and 0.999, respectively, and the parameter 7 that controls the degree of adaptability with the

value of 0.001. Table 4.10 presents the values used for the hyperparameters in each experiment.
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Table 4.10: Values for FedYogi’s hyperparameters on each experiment.

Experiment n Bi B> T
x.0 0.01 09 0.999 0.001
x.1 0.001 0.9 0.999 0.001

Local-Only and Centralized

To compose the non-federated approaches, we train a local model on each client solely using the
client’s local dataset. We also train a centralized model on all the client’s data combined into a
single data centre. This serves as a comparison point of non-federated approaches to the federated
approach. Both models were trained for 125 epochs, similar to the approach taken on FedSGD,
with an early-stopping mechanism to avoid overfitting the training data. The early stopping had a
tolerance of 15 epochs without improvement in the validation loss. We also measured the perfor-
mance of the models without early stopping to ensure the mechanism wasn’t negatively impacting

the results.



Chapter 5

Results and Analysis

In this chapter, we will analyse and discuss the results obtained from the experiments described.
To evaluate and compare the different federated strategies, we tracked a collection of metrics.

However, not all metrics will be displayed on every table and chart discussed in this chapter.

5.1 Convergence Analysis

In this section, we analyse the evolution of the training and validation curves for the loss and
accuracy of the various strategies. Fig. 5.1 shows the evolution of the loss and accuracy curves in
the training phase. FedYogi shows the most variability of all the strategies on both variations of
1, i.e., the server learning rate. While FedYogi with 7 = 0.001 presents higher spikes of loss and
lower training accuracy than FedYogi with 1 = 0.01, the latter diverged on the validation dataset,
labelling all the cases with negative labels (i.e. non-glaucomatous). The same behaviour is shown
on the test dataset, both locally and on the outsider dataset, as presented in Table 5.4. Meanwhile,
FedYogi with 1 = 0.001 converges at a slower rate on the training dataset but, in turn, achieves a
better performance on the validation dataset. Despite that, its performance achieved is lower than
the rest of the strategies. The slower convergence rate of this strategy results in the requirement of
longer training times with a larger amount of rounds compared to the rest.

The remaining strategies all exhibit a similar convergence rate, with FedSGD presenting the
slowest among them. This is to be expected, as FedSGD only performs a single local epoch
in each federated round, leading to a higher degree of variability as the aggregation of weights
from heterogeneous sources occurs more frequently. Nevertheless, all federated strategies, except
FedYogi, had practically no difference in the validation dataset, with the centralized and local-only
approaches showing the fastest convergences on the local dataset, achieving equivalent or superior
results in half the number of epochs.

Although the faster convergence compared to federated strategies, the local-only model does
not achieve the best performance on the test datasets, as will be discussed in the next sections. To
verify that the early stopping mechanism wasn’t the cause of the reduced performance, we also

analysed the performance of the local-only model. Table 5.1 shows the difference in performance
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For federated strategies, every 25 epochs correspond to the end of a federated round. Thus the trend of variation spikes
for all federated strategies at those breakpoints as the models from the clients are aggregated in that instant. FedSGD
is the exception due to only having one local epoch on each federated round.
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in client 1.

The federated strategies validation only begins after the end of the first round, thus not showing any results between
round 0 and round 1, except for FedSGD. Centralized and local-only trained do not have any rounds. Still, for
comparison purposes, we scaled the evolution down by 25, as each federated strategy trained for 25 local epochs on
each federated round. FedSGD is an exception to the federated strategies, as it only trains for one epoch on each
federated round but, in turn, trains for a larger number of rounds. For this reason, we also scaled FedSGD down by a
factor of 25 to be comparable to the other strategies.
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between the local-only models trained with and without early stopping. While the early stop-
ping resulted in lower performance, the difference is marginal and does not alter the conclusions

obtained.

Table 5.1: Effect of early-stopping on the performance of the local-only model.

Local Performance Outsider Performance
Strategy Fit Time (h) Accuracy Precision Recall F1 Score Specificity Accuracy Precision Recall F1 Score Specificity
Local-only 27 0.855 0901 0924 0912 0.548 0.698 0632 0951 0759 0.446
(no early-stopping)
Local-only 18 0.850 0899 0920  0.909 0.534 0.696 0630 0946  0.756 0.445

(early-stopping)
Performance was measured in the third client using dataset 2.0 and no filtering during training (experiment 3.0).

5.2 Performance Analysis

In this section, we analyse the performance of the different strategies in the test environments.
For this, we compare the performance of the models on its local test dataset that will match the
distribution and quality of the data used for training the model. These results allow us to observe
the performance of the models when optimising the model for the client. We also conduct an
additional comparison on a test dataset to represent an outsider institution of the federation, in
which we evaluate the model’s generalizability. We also compare the performance of the federated
strategies compared to the local-only and centralized approaches. For this, we trained a local-only
model on each client’s data and a centralized model on all the aggregated data. For the locally

trained models, only the best of the models will be displayed on the results.

5.2.1 Analysis on the local-only approach

Table 5.2 and Table 5.3 contain the performances of the local-only models of each client on its
local test dataset and the outsider test dataset. In the first experiment, denoted by Table 5.2,
client 2 achieved the best performance overall on the outsider dataset, followed closely by client
1. This is to be expected, as the distribution of client 2 presents similar characteristics to the
outsider dataset, in which both contain a close to even distribution of glaucomatous and non-
glaucomatous cases. And both client 1 and client 2 are composed of retinal images with high
quality, which matches more closely to the outsider test dataset, which contains no images rejected
by the RetQualEvaluator. On the other hand, client 3 contained a higher percentage of images of
"Reject" quality, as well as presenting a distribution of mostly positive cases, which diverged the
most from the outsider test dataset, and, consequently, shows the lowest performance of the three.

By analysing the precision, recall and specificity of the three models, we can observe a note-
worthy difference in the performance of clients 1 and 3. Client 1 was trained mostly on negative
cases, while client 3 was trained mostly on positive cases. Despite that, client 1’s model achieves
higher recall and lower specificity, while client 3’s model achieves the opposite. While counterin-
tuitive, this can be attributed to the difference in the dataset’s characteristics in which the models

were trained compared to the outsider test dataset. Client 3’s model learnt to be more specific on
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the positive cases, which led to the opposite effect of the expected when faced with the outsider
dataset whose characteristics diverged from the local dataset, resulting in more false negatives and,
consequently, lower recall. The same behaviour can be seen on client 1’s model but in the opposite
direction.

Table 5.2: Performance of the clients’ local-only model on its local test dataset and the outsider
test dataset.

Local Performance Outsider Performance
Client Accuracy Precision Recall F1 Score Specificity Accuracy Precision Recall F1 Score Specificity
Client 1 0.825 0.908 0.874 0.891 0.608 0.751 0.704 0.864 0.776 0.638
Client 2 0.752 0.751 0.797 0.733 0.702 0.783 0.794 0.765 0.779 0.801
Client 3 0.738 0.532 0.649 0.585 0.733 0.739 0.759 0.699 0.728 0.778

Performance was measured using dataset 1.0 and no filtering during training (experiment 1.0).

In the second experiment, denoted by Table 5.3, all the clients were trained on datasets with
similar distributions of mostly negative cases, with the key difference between each of the clients
being the overall quality of the images, with client 1 presenting the highest quality and client 3
the lowest. Client 1 performs best on the outsider test dataset, being significantly ahead of the
other clients except for exhibiting lower recall. Under the same distribution across clients, this
is expected as the characteristics of client 1’s dataset match closest with the outsider test dataset,
in which both are composed of high-quality images. Clients 2 and 3 exhibited higher recall but
lower precision and specificity, which means a higher percentage of false positives. This can be
attributed to the quality of images on which the model was trained, where a higher percentage of
the lower quality images are of glaucomatous cases (i.e. "Reject” and "Usable" quality) and the
higher-quality of non-glaucomatous cases (i.e. "Good" quality). This led to a higher percentage
of false positives when tested on a dataset with a higher percentage of "Usable" cases on non-

glaucomatous cases.

Table 5.3: Performance of the clients’ local-only model on its local test dataset and the outsider
test dataset.

Local Performance Outsider Performance
Client Accuracy Precision Recall F1 Score Specificity Accuracy Precision Recall F1 Score Specificity
Client 1 0.827 0.916 0.868 0.891 0.649 0.754 0.712 0.854 0.777 0.655
Client 2 0.817 0.903 0.867 0.885 0.610 0.683 0.620 0.944 0.749 0.422
Client 3 0.850 0.899 0.920 0.909 0.534 0.696 0.630 0.946 0.756 0.445

Performance was measured using dataset 2.0 and no filtering during training (experiment 3.0).

5.2.2 Analysis of the federated approach

To analyse the performance of the federated strategies, we’ll first analyse the performance of each
strategy on a specific client in detail, along with the performance on the outsider test dataset.
Afterwards, we’ll analyse the performance of the federated strategies on a global overview across
the various clients.

Table 5.4 shows the performance of all the strategies on client 3’s local test dataset and out-

sider test dataset. We highlighted with orange the best performance between the centralized and
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the local-only model, representing the non-federated scenario, and the best-performing strategies
overall were marked with a green highlight. As we had verified earlier during the convergence
analysis, all federated strategies, except FedYogi, performed similarly with only marginal differ-
ences between them. The variations of the hyperparameter of FedProx () didn’t result in signifi-
cant differences in performance, and the best-performing value for the proximal term would vary
depending on what client and what dataset were to be used. Nevertheless, this hyperparameter
optimization for FedProx can, based on our experiments, improve the performance by 1%, and in
other scenarios, it would require another search for the optimal value.

Despite the faster convergence on the training and validation datasets, as shown earlier, the
local-only model performance is lower compared to all the federated strategies, with the perfor-
mance gain from the federation ranging from a marginal difference on clients with high-quality
data, such as client 1, to a boost of 2 — 6% as observed in client 3, which contains lower-quality
images, on both experiments. These gains can be seen in Table 5.5, where the best-performing
strategy is marked with a green highlight for each client and experiment.

Another noteworthy metric to analyse is the performance of the different strategies on the local
test dataset and the outsider test dataset. From this, we can identify the strategies that fit better into
a more heterogeneous environment and those that fit better into a more controlled environment. In

Table 5.4 and Table 5.5 we can notice two trends:

1. FedBN tends to achieve higher performance on the local test dataset than other strategies.
This is noticeable in the second experiment, where the distributions across the clients are
similar, and the heterogeneity of the datasets comes from the varying quality (i.e. due to
different capturing equipment). This scenario aligns with the objective of FedBN, which
uses the batch normalization layers kept as local-only information to alleviate feature shifts.
However, this strategy falls behind in the experiment with multiple variables of heterogene-

ity, where both the distribution and quality of the data varied across every client.

2. FedSGD and FedProx achieve the most generalizable model in both experiments. FedSGD
achieves this by aggregating the weights more often and thus preventing the models from
diverging too much from the global model. This comes at the cost of larger training time
due to the increased time spent communicating the model. FedProx achieves the same result
by adding the proximal term, which prevents the models from diverging too much from the
global model. However, the FedProx approach does not result in increased communication

costs.

Despite not achieving the best performance, FedAvg remained close to every strategy in all
scenarios, making it a viable choice in scenarios where there’s a lack of information regarding the
data without sacrificing performance or increasing training costs. Additionally, we also observed
that adding a quality filter for training did not significantly affect the performance of the models in
either direction and can be useful to cut down training times, as we observed up to 20% reduction
in the total training time. However, this addition may require additional information regarding the

amount of data the client has and its quality, as depending on the amount of data available on a
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client after filtering, the filter can negatively affect the performance, as observed in client 3 on
experiment 1.0, which had a reduction of 24% on the number of training samples and resulted in a
drop of 3% on average on the local test dataset. The global model can also suffer a negative impact

by adding this filter. However, we only noticed significant changes in the FedProx approach.

Table 5.4: Performance of the different strategies on the local test dataset and the outsider test
dataset.

Local Performance Outsider Performance

Strategy Fit Time (h) Accuracy Precision Recall F1 Score Specificity Accuracy Precision Recall F1 Score Specificity

Baseline - 0.407 0781 0382 0513 0.521 0.459 0444 0326 0376 0.591
Local-Only 1.8 0850 0899 0920  0.909 0.534 0.754 0712 0854 0777 0.655
Centralized 39 0.870 0931 0908 0920 0.699 0.779 0711 0940  0.810 0.618

FedAvg 22 0860 0928 0908 0913 0.685 0.761 0693 0934 079 0.587

FedSGD 33 0860 0925 0902 0913 0.671 0.763 0.695 0939  0.799 0.588

FedBN 22 0.868 0928 0908 0918 0.685 0.760 0692 0936  0.79 0.584
Fezpj"l"ox'o 23 0.863 0928 0902 0915 0.685 0.760 0693 0933 0795 0587
F e:li rg"o’l“l 23 0.858 0925 0899 0912 0.671 0.764 0697 0933 0798 0.595
Fezpf"(;‘ 1’"2 23 0.858 0925 0899 0912 0.671 0.758 0692 0930  0.793 0.585
FedYogi x.0 .

=001 2.4 Diverged
F;df‘(’)g(')gil 24 0.752 0837 0865 0.5l 0.247 0.534 052 0894 0658 0.174

Performance was measured in the third client using dataset 2.0 and no filtering during training (experiment 3.0).

Additionally, we can also analyse the impact of the heterogeneity of the clients on the per-
formance in client 1’s test dataset. As mentioned in the experimental setup, client 1’s dataset is
the same across both experiments. We can observe a significant increase of 6% in the model per-
formance when the distributions of the target label were similar across the clients, as shown in
Table 5.5. Clients in both experiments had similar quality distributions; this is, client 1 presented
higher quality data, and client 3 had lower quality data. In the first experiment, where the clients
had diverse distributions on the target label, FedProx achieved an accuracy of 0.827. In contrast,
FedProx achieved an accuracy of 0.873 in the second experiment, where the clients had similar
distributions on the target label. This difference can be attributed to the variance introduced by
the clients’ heterogeneous data distributions on the local models aggregated to generate the global
model.

Finally, we can also compare the federated approach compared to the centralized approach.
The centralized approach achieved higher or equal performance in all scenarios, with gains ranging
from under 1% to around 6%. However, this requires data sharing among the clients to create a
centralized data source, which is often not possible due to restrictions discussed earlier in this
thesis. The federated approach essentially trains on the same amount of data. Still, due to its
distributed nature, the variance between the local models causes this performance drop, but with

the advantage of maintaining data integrity regarding privacy and security.
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Table 5.5: Accuracy achieved on the test datasets for each federated strategy.

Dataset 1.0 Dataset 2.0

Strategy  Filter Client1 Client2 Client3 Outsider Client 1 Client2 Client3 Outsider
Baseline - 0.368 0.522 0.530 0.468 0.368 0.472 0.407 0.459
Local-Onl X 0.825 0.752 0.738 0.776? 0.827 0.817 0.850 0.754?
y v 0.820 0.738 0.760 0.7832 0.822 0.813 0.822 0.7282
Centralized X 0.842 0.777 0.803 0.839 0.873 0.832 0.870 0.779
v 0.832 0.760 0.803 0.837 0.868 0.842 0.873 0.771
FedA X 0.827 0.762 0.772 0.810 0.868 0.827 0.860 0.761
Ve v 0.815 0.748 0.762 0.809 0.884 0.820 0.863 0.759
FedSGD X 0.825 0.762 0.788 0.817 0.860 0.830 0.860 0.763
v 0.827 0.748 0.765 0.817 0.848 0.825 0.863 0.764
FedBN X 0.820 0.762 0.772 0.810 0.868 0.830 0.868 0.760
v 0.820 0.750 0.760 0.810 0.845 0.817 0.863 0.760
FedProx! X 0.827 0.772 0.777 0.817 0.873 0.827 0.863 0.764
v 0.817 0.755 0.767 0.807 0.850 0.825 0.863 0.758
FedYogi! X 0.705 0.613 0.485 0.580 0.772 0.740 0.752 0.534
g v 0.700 0.610 0.468 0.569 0.767 0.735 0.740 0.528

IFor federated strategies with multiple experiments, only the best is represented in the table.
2The local-only performance on the outsider was obtained by evaluating each client’s local-only model on the outsider
dataset. The model that obtained the best results is represented here.

5.3 Final Remarks

In this section, we will summarise the results obtained and answer the research questions proposed.
Firstly, we analysed the convergence of the various strategies and observed a similar pattern on
all strategies except for FedYogi, which diverged in one experiment and had a significantly slower
convergence in the other. We also observed the centralized and local-only models converge at a
faster rate compared to all the federated models and that early stopping doesn’t negatively affect
the performance of the models.

Despite that, we later observed the performance of the local-only model on the test datasets
was lower than the performance of the majority of the federated strategies, especially on whose
local data was comprised of lower-quality images. With this, we can answer one of the research
questions proposed: "Does the federated approach have performance gains over non-federated
approaches?"; from our results, we conclude that employing a federated approach does pose a
benefit to the model performance and its generalizability compared to training a model with only
the client’s local data, as it essentially allows the model to learn from a larger pool of data while
not compromising the privacy of such data. This approach also can benefit clients with higher-
quality datasets, albeit the differences in those cases are more marginal. And, while the centralized
approach still had the overall best performance, federated approaches could reach performances
close to the centralized while maintaining the data secure and isolated in their own client’s net-

work.
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Furthermore, we also analysed the performance differences of each strategy for each of the ex-
periments. From that, we observed the model’s performance would be lower if trained in a more
heterogeneous environment, as can be seen in client 1’s tests, whose data remained identical across
experiments. However, eliminating lower-quality images from the training process to achieve a
more consistent quality distribution across clients doesn’t always benefit the model’s performance,
as we observed in our experiments. With this, we answer our second research question: "What is
the impact of the diverse properties of the clients and the nature of the data on the performance
of the FL algorithms?"; from our results, the impact caused by having clients with diverse distri-
butions during training can degrade the model performance, as observed with client 1, with some
strategies being more affected than others, as we’ll discuss in the next paragraph.

The last observation from our experiments is the adaptability of certain strategies to each
context. For example, we observed FedBN would generally perform the best given a scenario
where the federated model goal was to optimise the performance of the client’s local data, given
those clients followed similar distributions on their data. On the other hand, FedSGD and Fed-
Prox exhibited higher performance under scenarios where the clients’ data is more diverse. These
strategies also showed higher generalizability, as we can observe by the performances on the out-
sider’s dataset. With this, we can answer our final research question: "Given the nature of the data,
such as data distribution or data quality, and the model’s objective, such as optimising local per-
formance or generalized performance, what is the most suitable FL algorithm?"; from our results,
we concluded that FedSGD and FedProx would be the most suitable strategies on scenarios where
the clients’ data are more diverse or if said distributions are unknown. This choice also applies if
the objective is to obtain a more generalizable model. On the other hand, we opt to choose FedBN
to optimise the model for the client’s local data. FedAvg poses a solid choice in both scenarios,

albeit not optimal.



Chapter 6

Conclusions

FL approaches show great potential in digital healthcare due to their nature of ensuring a more se-
cure environment when working with sensitive data. Research on this topic has been rapidly grow-
ing in the past years, and we expect to grow even further with the frameworks such as NVIDIA
Flare [53], which aims to provide a scalable framework for federated learning, along with new
algorithms to generate more optimal global models.

In this thesis, we aimed to study various FL algorithms and analyse the impact of heteroge-
neous clients on the performance of a federated approach to glaucoma diagnosis. For this, we
conducted various experiments utilising public datasets of retinal fundus images from different
sources to create clients with different characteristics. The model developed by Leonardo et al.
[27] was used as the base model for the federated setup. We evaluated different FL algorithms in
these settings and analysed the results obtained. And from the experiments, we concluded that the
use of federated learning in this area of application resulted in an improvement in the model per-
formance over the centralized approach. We also concluded from our experiments that federated
learning is a viable method for enabling privacy-preserving machine learning without negatively
impacting the capabilities of the trained models. Additionally, we extracted some scenarios where
a specific FL algorithm is more suitable to be deployed, given the objective of the model and the
nature of the data of the clients in the federation. For example, in a scenario where the model’s
generalisation is crucial, FedProx would be a suitable choice based on our experiments and results
achieved on the outsider datasets.

Finally, we also delineate some limitations of our experiments and evaluation: (i) the experi-
ments only consist of a limited set of federated strategies, and further evaluation on more recent
approaches, such as incorporating reinforcement learning to learn the aggregation of the clients’
models [17] and incorporation of domain generalization and personalization approaches into the
federation [32, 22]; (ii) the incorporation of cases from AIROGS dataset into the clients can in-
troduce a common ground for the clients’ data characteristics, and an evaluation with the client’s
data consisting of a single data source, regardless of its size, should be conducted to validate the
potential of federated learning further; and (iii) this study was conducted under the area of appli-

cation of glaucoma diagnosis using retinal fundus images with a single underlying DL model, and

44
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for future work, we also intend to evaluate this approach using a different image modality, such

as, OCT scans, and in different tasks.
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