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Abstract - Retinal diseases are becoming more frequent,
leading to increased demand for large and diverse datasets
in applying deep learning techniques in automated
diagnoses. The problem with data from different health
centers is that, due to various privacy laws, ethical
concerns, and limitations on institutional data sharing, it is
usually difficult to combine retina images into one
centralized system. Federated learning offers a solution by
allowing various institutions to train a model in
collaboration without merging their patients' data into a
single center. The objective of this paper is to review
methods for federated learning in the context of
classification of retinal diseases based on the analyses of
patterns of retina images. A systematic literary search and
selection process has been undertaken in order to get the
relevant researches published between 2018 and 2025 from
the major scientific databases. The selected works are
analyzed and classified in accordance with federated
learning strategies, distribution of data used, disease
coverage, models used, and data protection methods. In
addition, a comparative analysis was also conducted in
order to figure out major trends, advantages of the
discussed approaches, and weaknesses of the existing
studies. The current study exposes the weakness of
federated retinal learning frameworks, which mostly work
towards single-disease classification and base their
analyses on the overly simplified claims about data. The
issues of communication efficiency, privacy-utility trade-
offs, and lack of large-scale clinical validation seriously
challenge the application of the existing frameworks. After
discussing the results of the review, the authors identify
the most important gaps in the available research and
develop an approach for deal with the existing issues
effectively.
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I. INTRODUCTION

Retinal diseases such as diabetic retinopathy, glaucoma,
and age-related macular degeneration are important causes of
vision impairment and require timely and accurate diagnosis
for effective clinical management. Advances in retinal
imaging, particularly fundus photography and optical
coherence tomography, have enabled the development of
automated diagnostic systems based on deep learning
techniques [1]-[2].

In recent years, deep learning models have demonstrated
considerable potential for automated retinal disease analysis.
Gulshan et al. demonstrated the effectiveness of deep learning
for detecting diabetic retinopathy from retinal fundus
photographs, while Ting et al. developed a deep learning
system capable of detecting diabetic retinopathy and related
eye diseases using retinal images from multiethnic populations
[1], [3]. De Fauw et al. further demonstrated the applicability
of deep learning to three-dimensional optical coherence
tomography scans for diagnosis and referral across multiple
sight-threatening  retinal diseases [2]. These studies
demonstrate the potential of deep learning for supporting
automated retinal disease detection across different imaging
modalities and clinical conditions.

However, despite these developments, conventional deep
learning systems rely on centralized training, where a large
amount of patient data is gathered and processed in a single
computing environment. Achieving such centralized data
collection in the field of healthcare is complicated since retinal
scans and information related to patients are sensitive and
thus, prone to legal, data ownership, and institutional data
sharing issues. Moreover, models built using data from a
limited number of hospitals might prove ineffective when
working with populations that exhibit distinctive demographic
feature, types of equipment, disease incidences, or data

classification, fundus photography, optical coherence . .
. . . . collection practices [4].
tomography, privacy-preserving machine learning.
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Federated Learning (FL) has introduced a new paradigm
of machine learning that allows numerous organizations to
train a shared model without transferring data to a central
server. The approach suggested by McMahan et al. requires
that clients involved in learning only perform local training
and communicate model parameters instead of sending the
actual training data to the server [5]. The FL framework has
garnered significant interest in the healthcare sector since it
makes collaborative learning feasible without transferring
sensitive patients’ information [4].

However, there are many unsolved problems concerning
the usage of federated learning in the classification of retinal
diseases. Generally, datasets from various hospitals differ
substantially in terms of the types of imaging devices, patient
cohorts, prevalence of disease, annotations applied, and size of
data, resulting in non-11D data across the clients, as well as
influencing local updates of the model and global performance
[5], [4]. Furthermore, the use of federated learning in retinal
diseases is complicated by the communication burden,
computational heterogenicity, privacy issues related to
parameter updates received, and insufficient validation of the
clinical result [5], [4].

Another major constraint is the prevalence of individual
disease categorization in present-day federated retinal learning
research work. Federated ophthalmic studies majorly focused
on studying only single diseases or question-specific scenarios
like diabetic retinopathy and glaucoma, with studies on multi-
disease federated diagnostics being rare [6]- [9]. In practice,
ophthalmic patients often present with several retinal
problems, and hence ophthalmic diagnostic systems must
distinguish multiple categories in order to provide adequate
solutions. These considerations indicate the need for research
work in the area of federated learning strategies that can
achieve multi-disease classification in realistic conditions
characterized by heterogeneous data distribution.

Even though a number of papers and reviews have been
dedicated to the analysis of federated learning in healthcare,
medical imaging, and ophthalmology, reports devoted
specifically to its use in multi-disease retinal image
classification are highly limited. The studies differ from one
another in terms of their approaches to learning process,
number of diseases investigated, distribution of data,
architectures used, privacy measures applied, and evaluation
methods employed. Therefore, a systematic review of the
aforementioned aspects is necessary to get a clearer picture of
the existing body of knowledge in the area and find the
unresolved issues.

This paper addresses these concerns through a detailed
review of the available federated learning methods applicable
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to retinal image-based disease classification, focussing on
multi-disease diagnostic approaches. Specifically, this review
makes three significant contributions: (i) it systematically
analyzes existing federated learning studies in relation to their
learning paradigms, data heterogeneity, and disease coverage;
(i) it develops a structured taxonomy to appropriately classify
available methodologies based on relevant characteristics; and
(iii) it provides an extensive discussion of the challenges that
remain unsolved and the prospects for future developments in
the area of sustainable, secure and applicable federated
methodologies for retinal diagnostics.

Il. BACKGROUND AND PRELIMINARIES
2.1 Retinal Imaging Modalities

Retinal imaging provides an important foundation for
automated ophthalmic disease analysis. Fundus photography
and optical coherence tomography (OCT) are among the
widely used imaging modalities for retinal disease screening,
diagnosis, and classification. These modalities provide
complementary information about retinal appearance and
structure and have been extensively used in deep learning-
based retinal analysis [1]-[2].

Fundus images are widely used for screening and
classification of retinal diseases such as diabetic retinopathy,
glaucoma, and age-related macular degeneration. Research in
deep learning has revealed that retinal fundus photographs can
be used effectively for the diagnosis of diabetic retinopathy
and other retinal disorders through automated image analysis
[1], [3]. Because fundus photography is relatively easy to
perform, it is the best technique for case finding in the mass
screening of patients with retinal disease through computer-
based analysis.

Optical coherence tomography (OCT) presents the
images of the retina in two- and three-dimensional views and
makes it possible to see each retinal layer and its pathological
changes. It should be noted that OCT is more informative than
two-dimensional fundus photography because it provides the
additional information about the retina. De Fauw et al. showed
the effectiveness of deep learning with the application of
three-dimensional OCT images for clinical diagnosis and
referral for several vision-threatening retinal diseases [2].

In spite of their advantages regarding diagnosis, there is a
great discrepancy in retinal imaging technology between
hospitals in practice. Variables such as the type of equipment
used for imaging, the method of obtaining the scan, image
clarity, lighting and the features of the patient cause
differences in the resulting pictures, which is of great
significance in the circumstances of federated learning, where
retinal scans are distributed across various hospitals and
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clinics. Therefore, it is important for the models that are used
to classify diseases to be able to work with heterogeneous data
and still give good results [4].

2.2 Multi-Disease Retinal Classification

The goal of retinal disease classification is to recognize
settings by using different computer programs and deep
learning and image technologies. The first research on the
automated analysis of images has focused mainly on the
specific diseases such as diabetic retinopathy, glaucoma, and
age-related macular degeneration, and the systems based on
deep learning technology showed good results in the
successful classification of the mentioned diseases [1]-[2].

Despite that, it must be pointed out that retinal images
may exhibit several different irritations at a time. Therefore,
conducting automated analysis of one specific retinal disorder
can lead to the loss of diversity of conditions that can be
present in practice. Multi-disorder classification addresses this
challenge by analyzing numerous retinal diseases in a single
classification system, which allows producing more general
assessments of retinal conditions of patients rather than
focusing on one specific disease.

There is an important difference between multi-class and
multi-label classifications of retina images. In traditional
multi-class classification, it is possible to assign only one class
to an image from a set of mutually-exclusive classes.
However, in multi-label classification it is possible to
associate an image with many labels at a time. This point of
difference is especially important for retinal classification
because retinal images may have several pathological
processes at the same time.

The Retinal Fundus Multi-Disease Image Dataset
(RFMID) was developed specifically to support automatic
detection of multiple retinal diseases and rare pathologies. The
dataset contains 3,200 color fundus images with expert
annotations covering a wide range of retinal conditions. The
dataset includes 46 annotated disease or abnormality
categories, and its associated challenge formulated disease or
pathology classification as a 28-class multi-label classification
problem [10]. The RFMID challenge also demonstrated the
importance of preprocessing, data augmentation, pretrained
models, and ensemble approaches for multi-disease retinal
classification [10].

Multi-disease  classification introduces additional
challenges compared with single-disease classification.
Disease categories may have highly imbalanced sample
distributions, rare pathologies may have very few training
examples, and multiple diseases may occur together within the
same image. These characteristics make model training and
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evaluation more difficult and require appropriate consideration
of class imbalance, label co-occurrence, and generalization
across different patient populations. Reviews of deep learning-
based retinal analysis have also identified multi-disease
detection as an important direction beyond conventional
disease-specific classification [11].

In the context of federated learning, these challenges
become more complex because multi-disease retinal data may
be distributed unevenly across participating hospitals.
Different institutions may observe different disease
prevalences, patient populations, imaging devices, and
combinations of pathological conditions. Consequently, a
federated multi-disease retinal classification framework must
address both the multi-label nature of the diagnostic task and
the heterogeneous distribution of data across participating
clients. These considerations form an important basis for the
taxonomy and research-gap analysis presented in the
subsequent sections.

I1l. FEDERATED LEARNING IN MEDICAL IMAGING
3.1 Federated Learning Architecture

Federated learning (FL) is a distributed machine learning
paradigm that enables multiple clients to collaboratively train
a shared model without directly transferring their local
training data to a central server. The fundamental concept was
introduced by McMahan et al.,, who proposed Federated
Averaging (FedAvg) for learning from decentralized and
potentially non-11D datasets [5]. In this approach, the training
data remain at the participating clients, while model
parameters or model updates are communicated between the
clients and a coordinating server.

A typical federated learning architecture consists of a
central aggregation server and multiple participating clients. In
a healthcare setting, the clients may represent hospitals,
medical institutions, or diagnostic centres, each maintaining its
own locally collected retinal image dataset. At the beginning
of a federated training round, the server distributes the current
global model to selected clients. Each client then trains the
model using its local retinal images for a predefined number
of local epochs. After local training, the clients transmit their
updated model parameters or gradients to the central server
rather than transmitting the underlying patient images [5], [4].

The server aggregates the received local model updates to
produce an updated global model. In the conventional FedAvg
approach, the aggregation is generally performed using a
weighted average, where the contribution of each client is
determined according to the amount of local training data. The
resulting global model is subsequently distributed back to the
participating clients for the next round of local training. This
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process is repeated for multiple communication rounds until
the model reaches a satisfactory convergence level [5].

The proposed architecture has a great advantage for
healthcare usage as clinical centers can develop models
together while not letting the patient information leave their
local systems [4]. Sheller et al. proved that federated learning
can be wused in multi-institutional medical imaging
collaboration employing the technology to train models
without transferring patient information between institutions.

However, federated learning does not mean that all client
institutions have identical data. Differences in the patient
population, disease  frequency, imaging instruments,
procedures for obtaining images, and the number of imaging
examinations lead to different and non-identical distributions
of the data at various institutions. The original work on the
subject notes the presence of unbalanced, and non-11D data as
a specific problem of decentralized learning environments [5].
Therefore, the success of the federated learning system
depends not only on the architecture of the model but also on
the ability of the federated learning method to effectively
operate under the conditions of variability among clients.

This system allows for the successful development of a
common diagnostic model by different institutions while, at
the same time, enabling institutions to keep their images in the
local storage system. However, issues of communication
efficiency, statistical variation of the data, and differences in
availability of computing resources remain important factors
that need to be discussed next.

3.2 Challenges in Healthcare Federated Learning

While federated learning creates an opportunity for
effective model training without the need for exchanging
patient data, its application in healthcare comes with a
significant number of issues. Some of these issues include
challenges posed by the differences in data distributions,
computational and communications resources, privacy
controls, and challenges in obtaining a trustworthy global
model.

One important issue is the matter of statistical
heterogeneity, also known as non-identically distributed data
(Non-11D). In many healthcare applications, different hospitals
may have different patient populations. This can lead to
different patterns of occurrence of diseases, variations in
demographic data, differences in imaging devices, acquisition
protocols, and data quality. It is very possible that the local
datasets kept by hospitals participating might differ
significantly in terms of data distributions. This heterogeneity
may put the different local model updates apart and also
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negatively affect convergence and generalization capabilities
of any global model [12].

An additional major challenge is heterogeneous systems.
Healthcare institutions that are participating in the federated
learning process can differ in terms of their computational
capacity, resource allocation and networking capabilities.
Some clients can afford to finish local training before others,
whereas some clients will have to go through local training
longer due to lack of resources. That is why FedProx has been
created to overcome statistical and system heterogeneities by
performing different types of computations locally and
introducing the proximal term to the local optimization
function [12].

Another crucial drawback that Federated Learning is
associated with is the communication overhead. Training
requires a lot of communication between clients and the
central aggregation server and is performed over several
rounds. Furthermore, deep learning models have a lot of
parameters, which means that model updates can require a lot
of bandwidth. The communication overhead becomes even
more significant due to the increasing number of participating
institutions and the decreasing network connectivity [13].

Security and privacy are also key concerns. Federated
learning keeps all raw patient information on local premises.
However, even though the federated technique keeps the
information locally, the updated model can still carry some
traces of the original data used in training. Therefore,
federated learning does not ensure total privacy. The secure
aggregation technique makes it possible for a server to receive
a summary of clients’ data while keeping the information on
the individual clients’ contributions private [14]. Another
method is the differential privacy approach, which includes
noise in the original data so that it is impossible to learn about
individual records or participants [15].

One more problem is that of convergence and
generalization of the model. When the datasets belong to
different institutions have a different structure, this might lead
to a situation when the local optimization process will create
different updates of the models. In this case, the worldwide
model might obtain surprising results. Therefore, various
federated optimization solutions (including FedProx are being
studied) [12].

Such challenges are relevant to the classification of
retinal diseases based on federated learning. The retinal
datasets collected by different hospitals have different
characteristics such as the distribution of disease types, quality
of images, imaging technology, patient characteristics, and so
on. Therefore, the design of a viable federated retina
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classification system must take into consideration all items
mentioned above.

IV. REVIEW METHODOLOGY
4.1 Data Sources and Search Strategy

A systematic literature review was performed to find
papers on the subject of the application of federated learning
to retinal image-based disease classification. The review was
conducted on the most well-known databases such as IEEE
Xplore, SpringerLink, ScienceDirect, PubMed, Google
Scholar. The search combined all publications related to the
topic between 2018 and 2025 in order to observe how robustly
federated learning has developed in the area of health care.

The technique employed in this search was the use of an
assortment of keywords associated with federated learning,
retinal imaging, disease identification, data disparity, and
privacy-focused ML. The primary keywords were "federated
learning”, "federated  machine learning”, "retinal
classification”, *“retinal disease identification”, "fundus
imaging”, "ophthalmic imaging", "classification of multiple
diseases"”, "classification of multiple labels" and "privacy-
based learning", etc. In this process, Boolean operators were
appropriately utilized to come to the conclusions.

The initial screening was carried out on the records that
were obtained through title and abstract screening to find
articles relevant to the subject. The duplicate records were
excluded from the screening process. Appropriate studies were
then scrutinized through the full text based on the pre-
determined inclusion and exclusion criteria.

4.2 Inclusion and Exclusion Criteria

Eligible studies were identified according to the
following criteria: (i) the research had to be on federated
learning or another decentralized learning method; (ii) the
application process should concern retinal imaging, medical
imaging, or some healthcare applications similar to the
classification of retinal disease; (iii) the research must provide
a methodological, experimental, comparative, and systematic
analysis which is compliant with the demands of our review;
(iv) the complete scholarly text had to be available for review,
and (v) the research in question should be published in the
time frame from 2018 to 2025.

Studies were eliminated if they had nothing to do with
decentralized or federated learning, did not deal with retinal
disease or similar applicable processes, represented previously
published papers, contained insufficient methodological or
experimental details, or presented non-scholarly sources. The
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studies for which full texts were not available were also
excluded from our final analysis.

4.3 Study Selection and Analysis

The process of selecting studies included various
complicated steps, among which was the identification of
studies, removal of duplicate studies, screening for titles and
abstracts, complete assessment of studies, evaluation for
meeting inclusion criteria, and final selection of the studies.
The search for studies through the databases resulted in
identification of a number of different records, which were
collected and checked for removing duplications. The titles
and abstracts of the remaining records were evaluated to
determine if any potentially relevant studies could be
identified for screening. The studies meeting the eligibility
criteria were included in the qualitative analysis conducting in
the end.

The process of selecting studies followed the outlined
steps, which were demonstrated in a PRISMA flow diagram
used to illustrate all steps of the study-selection process. The
PRISMA flow chart was used to summarize the procedure of
searching for studies in different databases followed by
removal of duplicates, title and abstract screening, complete
assessment of studies, and selection of the studies into final.

For each study included, pertinent data was
systematically extracted, such as the year of publication, field
of application, imaging modality, disease coverage, and
characteristics of datasets, as well as information on the
federated learning method, client-server architecture,
characteristics of data distribution, model design, privacy and
security techniques, metrics, treatment of non-IID data,
communication specifics, and computational limitations, along
with evidence of the clinical validity.

The information taken was classified according to the
basic parameters that have been defined in the review
taxonomy. In particular, the parameters consist of federated
learning method, data distribution characteristics, disease
coverage, model design, and privacy and security
mechanisms. Then the extracted data was utilized to
qualitatively analyze the types of techniques available as well
as detect the gaps and problems in the field of corresponding
research.

V. TAXONOMY OF FEDERATED LEARNING FOR
RETINAL DISEASE CLASSIFICATION

The literature reviewed shows significant differences in
how federated learning systems for retinal disease
classification are designed and evaluated. To allow structured
learning from the available studies, this review has classified

www.irjiet.com 42



‘CIRJIET

previous research according to five study dimensions:
federated learning strategy, data distribution characteristics,
disease coverage and classification scope, model architecture
and learning paradigm, and privacy and security mechanisms.
This system of classification reflects the main methodological
factors impacting the effectiveness, robustness, and clinical
applicability of federated retinal learning systems.

5.1 Federated Learning Strategy

Federated learning methods used in retinal disease
classification can be classified according to the strategy of
coordinating local model training and global model
aggregation. A method for determining the federated learning
strategy used affects the convergence of the model, litigation
requirements, sustainability of the use of heterogeneous client
data, and the performance of the resulting model.

The most widely adopted approach is Federated
Averaging (FedAvg), in which participating clients
independently train a shared model using their local datasets
and transmit the resulting model updates to a central server.
The server aggregates the client updates, typically using a
weighted average based on the number of local training
samples, and distributes the updated global model to the
clients for the next communication round [5]. FedAvg
provides a fundamental baseline for collaborative federated
learning and has been widely used in medical imaging
applications [4].

However, the performance of conventional FedAvg can
be affected when client datasets are highly heterogeneous.
Healthcare institutions may differ substantially in patient
populations, disease prevalence, imaging equipment,
acquisition  protocols, and data volume. Federated
optimization approaches such as FedProx introduce additional
mechanisms to improve learning under heterogeneous client
conditions by constraining local optimization and reducing
divergence among client updates [12]. The importance of
addressing non-11D data in federated learning has also been
demonstrated in earlier studies, where severe differences in
local class distributions were shown to affect model
performance and convergence [16].

Federated learning strategies can also be differentiated
according to the degree of personalization provided to
individual clients. Global federated learning attempts to obtain
a common model that is shared across participating
institutions, whereas personalized federated learning allows
the learned model or selected model components to adapt to
the characteristics of individual clients. Personalized strategies
are potentially useful in retinal applications where hospitals
may have substantially different disease distributions or
imaging characteristics.

© 2026 IRJIET All Rights Reserved

International Research Journal of Innovations in Engineering and Technology (IRJIET)

ISSN (online): 2581-3048
Volume 10, Issue 9, pp 38-56, September-2026
https://doi.org/10.47001/IRJIET/2026.109005

Another dimension is the degree of client participation
during each communication round. In practical federated
environments, it may not always be possible for every
institution to participate in every round because of
computational limitations, network availability, or institutional
constraints. Consequently, federated strategies may employ
partial client participation while maintaining iterative global
model aggregation [5].

The reviewed retinal studies also demonstrate the use of
different aggregation strategies beyond basic FedAvg. For
example, federated retinal classification studies have
investigated FedProx and other adaptive aggregation
approaches to address heterogeneous client data and improve
the robustness of collaborative training [12], [17], [9].
Therefore, the selection of a federated learning strategy should
be considered in relation to the characteristics of the
participating institutions and their local datasets.

Within the proposed taxonomy, federated retinal learning
approaches are therefore classified into conventional global
aggregation approaches, heterogeneity-aware approaches,
personalized approaches, and other adaptive federated
strategies. This categorization provides a basis for comparing
the assumptions, advantages, and limitations of different
federated learning strategies.

5.2 Data Distribution Characteristics

The distribution of training data across participating
clients is an important dimension for categorizing federated
learning approaches. In healthcare environments, data are
rarely distributed identically across institutions because
hospitals may serve different patient populations, use different
imaging equipment, and follow different data acquisition and
annotation practices. Consequently, federated retinal disease
classification must consider the statistical characteristics of
data available at each participating institution.

Federated learning studies can initially be classified
according to whether the data distribution across clients is
assumed to be independent and identically distributed (11D) or
non-identically distributed (non-11D). Under an 11D setting,
participating clients are assumed to have approximately
similar data distributions. This provides a relatively controlled
environment for evaluating federated algorithms but may not
accurately represent real-world healthcare conditions. In
contrast, non-11D settings allow client datasets to differ in their
underlying distributions and are therefore more representative
of multi-institutional healthcare environments [16].

Non-l1ID data can occur in several forms. Label
distribution skew occurs when the proportions of disease
classes differ across clients. For example, one hospital may
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contain a larger proportion of diabetic retinopathy cases,
whereas another may contain more glaucoma or normal retinal
images. Feature distribution skew occurs when images
acquired at different institutions exhibit variations in visual
characteristics because of differences in imaging devices,
acquisition protocols, illumination, image quality, or patient
populations. Quantity skew occurs when participating
institutions possess substantially different numbers of training
samples. These forms of heterogeneity may occur
simultaneously in practical healthcare settings [12], [16].

For retinal disease classification, label distribution skew
is particularly important because disease prevalence may vary
substantially between hospitals. In a multi-disease setting,
some institutions may contain sufficient samples for common
diseases while having very few examples of rare retinal
conditions. Consequently, local models may learn different
disease-related patterns, resulting in divergent local updates
during federated optimization.

Feature heterogeneity is also relevant to retinal imaging
because images obtained using different fundus cameras or
imaging protocols may exhibit variations in resolution,
illumination, color characteristics, field of view, and image
quality. These variations can create domain differences
between clients even when the disease categories are identical.
Therefore, a federated model may need to learn disease-related
features that remain robust across different institutional
imaging environments. Such heterogeneity is a recognized
challenge in federated medical imaging systems [4].

The degree of data heterogeneity has important
implications for federated model training. Under strongly non-
I1D conditions, local models may move toward client-specific
solutions rather than a common global optimum. This can
result in client drift, slower convergence, and reduced global
model performance [12], [16]. Data heterogeneity across
institutions is therefore an important factor affecting
convergence and generalization in federated systems.

Within the taxonomy proposed in this review, federated
retinal learning studies are therefore categorized according to
their treatment of data distribution, including 11D assumptions,
naturally occurring non-11D distributions, artificially simulated
non-11D distributions, and approaches specifically designed to
mitigate data heterogeneity. This categorization helps
distinguish studies evaluated under simplified experimental
conditions from those attempting to model the heterogeneous
data distributions encountered in real clinical environments.

5.3 Disease Coverage and Classification Scope

The disease coverage of a federated retinal classification
system represents another important dimension for organizing
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existing studies. Current approaches can be broadly
categorized according to whether they address a single retinal
disease, multiple diseases using separate disease-specific
tasks, or multiple diseases within a unified classification
framework. This distinction is important because the
complexity of the diagnostic task increases as the number and
diversity of disease categories increase.

Single-disease classification focuses on the detection or
grading of one particular retinal condition. Diabetic
retinopathy is one of the frequently investigated examples,
with deep learning systems demonstrating the feasibility of
automated disease detection from retinal images [1]. Federated
learning can extend such disease-specific approaches by
enabling multiple institutions to collaboratively train a model
without transferring their local retinal images [4].

Multi-disease classification considers several retinal
diseases within a common learning framework. Such
approaches can provide broader diagnostic coverage and may
better reflect clinical environments in which patients can
present with different retinal abnormalities. The RFMIiD
dataset, for example, was developed to support the detection
of multiple retinal diseases and pathological conditions and
provides a basis for studying multi-disease retinal image
analysis [10].

Within multi-disease classification, it is important to
distinguish multi-class and multi-label learning. In multi-class
classification, each image is assigned to one mutually
exclusive class. In multi-label classification, an individual
image can simultaneously be associated with multiple disease
or pathology labels. This distinction is particularly relevant to
retinal image analysis because multiple abnormalities may
occur in the same retinal image. The RFMID challenge
specifically demonstrated the relevance of multi-label
formulation for multi-disease retinal pathology detection [10].

Federated retinal classification studies can therefore be
categorized according to their disease coverage and
classification formulation, including single-disease
classification, multi-class multi-disease classification, and
multi-label multi-disease classification. Studies can also differ
in whether normal retinal images are included as an explicit
class and whether rare disease categories are retained or
grouped with other conditions.

Disease imbalance is an additional consideration within
this taxonomy. Common retinal diseases may be represented
by substantially more samples than rare pathologies. When
such imbalanced distributions are combined with client-level
heterogeneity, some participating institutions may contain
only a small number of examples for particular disease
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categories. This can affect local model training and may lead
to unequal performance across disease classes.

Recent work has begun to address multi-disease retinal
classification directly within federated settings. For example,
Nabil et al. evaluated federated learning for seven retinal
pathologies using OCT angiography and investigated both
controlled and heterogeneous data distributions, including a
Dirichlet-based non-11D setting [9].

The disease-coverage dimension therefore provides an
important basis for evaluating the clinical scope of federated
retinal learning systems. In particular, approaches that address
multiple diseases and multiple simultaneous labels have
greater relevance to comprehensive retinal screening, but they
also introduce additional challenges related to class imbalance,
label co-occurrence, and heterogeneous disease distributions
across participating institutions.

5.4 Model Architecture and Learning Paradigm

Federated retinal disease classification approaches can
also be categorized according to the model architecture and
learning paradigm adopted by the participating clients. Since
federated learning is an optimization and collaboration
framework rather than a specific neural network architecture,
different studies can employ different deep learning models
while following the same client-server training process.

Convolutional neural networks (CNNs) have been widely
used for retinal image analysis because of their ability to learn
hierarchical visual representations directly from retinal images
[1], [3]. CNN-based architectures can be trained locally at
participating institutions, after which their model parameters
or updates are aggregated by the federated server. The
resulting global model can then be redistributed to the
participating clients for subsequent training rounds.

The architectures used in retinal classification can include
conventional CNNs as well as deeper pretrained networks and
transfer-learning-based  models.  Transfer learning s
particularly useful when retinal datasets are limited because a
model pretrained on a large image dataset can provide a useful
initialization for local training. In a federated setting, the same
pretrained architecture can be distributed to participating
clients, while subsequent optimization is performed locally
using institution-specific retinal datasets.

Federated studies can also be distinguished according to
the learning paradigm used during local training. Centralized
global learning aims to obtain a single model shared across all
clients, whereas personalized learning allows the learned
model to adapt to individual client characteristics. Other
approaches may combine global and client-specific
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components to achieve a balance between generalization
across institutions and adaptation to local data distributions.

The choice of architecture and learning paradigm can
influence the computational requirements, communication
cost, convergence behaviour, and classification performance
of a federated system. Large and computationally intensive
models may provide stronger feature representations but can
increase the amount of information exchanged during
federated communication and impose greater computational
demands on participating healthcare institutions [13].

For retinal disease classification, the architecture should
therefore be considered together with the characteristics of the
distributed datasets. A model that performs well under a
centralized or homogeneous setting may not necessarily
maintain the same performance when trained across
institutions with different disease distributions and imaging
characteristics. Accordingly, the proposed taxonomy considers
both the underlying model architecture and the learning
paradigm used to coordinate global and local learning.

5.5 Privacy and Security Mechanisms

Privacy and security mechanisms represent an important
dimension for categorizing federated learning approaches in
healthcare. Although federated learning avoids the direct
transfer of raw patient data between participating institutions,
the exchange of model parameters or updates may still create
potential privacy risks. Therefore, additional protection
mechanisms may be incorporated to strengthen the
confidentiality of distributed medical data [4], [14], [15].

One important mechanism is secure aggregation, which
enables a central server to obtain an aggregated model update
from multiple participating clients without directly accessing
the individual contribution of each client. Secure aggregation
can therefore reduce the exposure of client-specific model
updates during the federated training process [14].

Another commonly investigated mechanism s
differential privacy (DP). Differential privacy introduces
carefully controlled random noise into data, gradients, or
model updates to reduce the possibility of inferring
information about individual training records. In federated
learning, differential privacy can be utilized at different levels
and also at the user level, allowing for the extra level of
privacy protection during joint training [15]. Privacy-
preserving federated learning is especially critical for the
realm of medical imaging since data of patients is protected by
strict ethical, legal, and conceptual regulations.

The need for protection of privacy can create the need to
compromise between security and model utility. Therefore,
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any increase in the level of privacy protection can change the
data in the updates to the model, which may affect its
classification performance.

Thus, the federated learning approaches can be divided
into approaches that mainly use the data-localization property
of federated learning system and those that employ additional
methods such as secure aggregation and differential privacy.
Some approaches can use a number of different privacy-
protecting methods.

In the case of federated classification of retinal diseases,
privacy relates to various issues. A good federal system must
take into account both classification quality and the level of
privacy protection, computational costs, communication
requirements, and privacy mechanisms influence on accuracy
levels.

In this connection, we establish an important privacy and
security aspect of the presented classification which would
allow comparing the studies in federated retinal learning in
terms of privacy mechanisms as well as finding out the trade-
off among privacy, security, computational costs, and
classification accuracy.

VI. COMPARATIVE ANALYSIS OF EXISTING
STUDIES

The literature about federated learning and retinal
imaging proves the viability of the model of collaborative
building of the model across several healthcare institutions in
a way of not exchanging raw images of the patients. But the
studies review is still different from each other from the
perspective of methods used for imaging, diseases covered,
federated learning techniques applied, data distribution, model
architecture, privacy mechanisms, and assessment methods.

Table 1 summarizes representative studies that illustrate
the development of federated learning from general medical
imaging applications to disease-specific  ophthalmic
applications and, more recently, multi-disease retinal
classification.

6.1 Evolution of Federated Learning in Retinal and
Ophthalmic Imaging

In the early days of medical-imaging analysis, researchers
successfully performed federated learning, which involved
working collaboratively without sharing patient data in a
centralized way. Sheller et al., for example, demonstrated
multi-center federated learning to identify brain tumors and
showed that federated learning can be carried out successfully
while ensuring patient data remains at hospitals [4]. Although
the study does not address retinal imaging, it is crucial for
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understanding the role of federated

multidisciplinary medical imaging.

learning in

Later studies further examined federated learning in
retinal imaging. Lo et al. applied this technique to OCT data to
classify  diabetic  retinopathy and  microvasculature
segmentation at several institutions [6]. The outcome was that
the federated models were successfully able to work as
accurately as the internal models, thus confirming the
possibility of conducting collaborative retinal imaging without
any direct data sharing.

The research conducted by Hanif et al. explores federated
learning in multi-centre ophthalmic collaboration and its
implications in clinical diagnosis and epidemiology of
diseases [18]. The results of this research show that federated
learning can enable collaboration between the different
ophthalmic centres while keeping local data ownership intact.
These studies imply the evolution of federated learning from
being demonstrated in medical imaging to its application in
ophthalmic systems. Still, most of those pioneering research
works concentrated on one disease or one clinical task which
limited the application of those studies for representing the
greater multi-disease diagnosis of retina screening.

6.2 Comparison of Imaging Modalities and Disease
Coverage

The reviewed studies employ several retinal and
ophthalmic  imaging  modalities, including  fundus
photography, OCT, and OCT angiography (OCTA). The
choice of imaging modality influences the type of disease
information available to the model and the nature of the data
heterogeneity encountered across institutions.

OCT-based federated learning has been investigated for
conditions such as diabetic retinopathy and glaucoma. Lo et
al. demonstrated federated classification and microvasculature
segmentation using OCT data [6], while Ran et al. developed
a multicentre federated framework for glaucoma detection
using three-dimensional OCT data [7]. The latter study
involved seven eye centres and evaluated the federated model
on two unseen datasets, providing stronger evidence of cross-
site and external generalization than studies evaluated only on
local test data [7].

Fundus photography has also been used in federated
ophthalmic learning. Tang et al. investigated privacy-
preserving federated learning with domain adaptation for
multi-disease ocular disease recognition using fundus images
[17]. This work is particularly relevant to the present review
because it considers both disease diversity and domain
differences between participating sites.
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In contrast, Nabil et al. investigated federated learning
specifically for multi-disease retinal classification using
OCTA [9]. The study evaluated five aggregation strategies—
FedAvg, FedAdagrad, FedYogi, FedProx, and FedMRI—and
considered seven retinal pathologies using combined public
and private data. The study also evaluated controlled and
heterogeneous data distributions, including a Dirichlet-based
non-11D setting, making it particularly relevant to the multi-
disease and non-11D dimensions of the present review.

Overall, the literature indicates that OCT and fundus
imaging dominate earlier federated ophthalmic research, while
recent work has begun extending federated learning toward
OCTA-based multi-disease classification. However, the
number of studies addressing several diseases simultaneously
remains substantially smaller than the number addressing
individual disease-specific tasks.

6.3 Comparison of Federated Learning Strategies

Dhillon, S., C2D, and C3D have employed different
aggregation strategies for federated learning, among which
FedAvg is a widely accepted approach thanks to its
straightforward weighted averaging method [5]. In numerous
studies involving eyes, FedAvg has been found to be the basic
and the most popular aggregation method used in practice.

FedProx has been used by Ran, Xue, and Ma in their
work on the detection of glaucoma with the help of three-
dimensional OCT images [7]. The usage of FedProx was due
to the requirement of taking into consideration variances in the
characteristics of the hospitals involved and the study showed
steady results on all involved hospitals and other previously
unseen data [7].

Baptista and colleagues conducted research analysing
various types of federated approaches like FedAvg, FedSGD,
FedProx, FedBN, and FedYogi. They applied these methods to
the diagnosis of glaucoma using distributed fundus datasets
[8]. The outcome of this research established an important
principle in that it showed how the selection of a certain
aggregation method may cause variations in the process of
federated learning under diverse conditions of clients' activity.

Tang and others incorporated federated learning into
domain adaptation in the medical field in their study of the
multi-disease ocular recognition problems [17]. The idea
behind this study is to know how to unify knowledge from
different institutions provided that their data may be entirely
different.

More recently, Nabil and colleagues explored the
comparison of the aggregation methods like FedAvg,
FedAdagrad, FedYogi, FedProx and FedMRI in multi-disease
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retinal diagnosis [9]. They established various results in that
some of the aggregation methods were better suitable for one
evaluation criterion while the others were superior in terms of
other criteria.

These findings suggest that aggregation strategy should
be selected according to the characteristics of the distributed
data rather than treated as an independent algorithmic choice.
In particular, increasing client heterogeneity may require
optimization or personalization mechanisms  beyond
conventional FedAvg.

6.4 Comparison of Data Heterogeneity

Data heterogeneity represents one of the most important
differences between experimental federated learning studies.
The reviewed literature includes studies using genuine multi-
institutional datasets as well as studies that simulate client
distributions by partitioning available datasets.

Multi-institutional studies provide a more realistic
representation of clinical variability because differences in
patient populations, imaging devices, acquisition protocols,
and institutional practices can naturally occur across
participating sites. Ran et al., for example, used data from
seven eye centres and additionally evaluated the model using
unseen datasets, providing evidence of generalization beyond
the participating training centres [7].

However, not all studies can obtain sufficiently large
datasets from multiple institutions. Thus, non-11D simulated
distributions are often utilized to test the reliability of various
federated algorithms. Nabil et al. performed a proper
assessment of heterogeneous data using the Dirichlet
distribution method with a = 0.5 for non-lID analysis
concerning the problem of multi-disease classification in
retina imaging [9].

While the experiments with simulated non-11D
distributions play an important role in controlled comparisons,
they don't always account for various types of clinical
diversity. Real-life institutions may face different disease
distributions, types of imaging systems, the quality of images
and patients' characteristics, among other things. Thus, the
results of artificial data partitioning experiments have to be
treated differently from those obtained with the actual clinical
databases.

The comparison thus highlights an opportunity for future
investigations to present both the approach used to generate
client distributions and the attributes of those distributions.
Such disclosure would facilitate the differentiation between
performance obtained in simplified experimental settings and
performance achieved in clinical heterogeneity situations.
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6.5 Comparison of Privacy and Security Considerations

Privacy protection is of utmost importance in the context
of federated learning and applications in medical imaging. In
the studies reviewed in the paper, there is generally no transfer
of raw patient data. Instead, model parameters or updates are
shared between collaborating medical institutions and a main
coordination entity [4], [14], [15].

Nevertheless, there are significant differences between
the works in terms of implemented privacy-preserving
mechanisms. While some methods mostly rely on performing
local computation on the client’s side, other techniques apply
additional approaches, including secure aggregation,
differential privacy, and others. For instance, Tang et al. used
a randomized mechanism employed within a privacy-
preserving federated learning framework for different diseases
in the area of ocular recognition [17]. Nabil et al. used a more
sophisticated approach in their federated learning based on
ophthalmic imaging that included differential privacy and
secure aggregation [9].

One major weakness is that confidentiality is not
necessarily evaluated along with performance. The methods
used to protect privacy may involve additional computation
and can also affect modifications in the models, thus impairing
classification performance. It means that stating merely the
results of classification is insufficient for complete evaluation
of a federated system applicability.

For this reason, future comparative studies must include
information on confidentiality preservation, communication
load, computation requirements, and  performance
characteristics of the models together.

6.6 Overall Comparative Findings

The comparison of the reviewed studies reveals several
consistent trends.

First, federated learning has progressed from general
medical-imaging proof-of-concept studies toward specialized
ophthalmic applications. Early work established the feasibility
of collaborative medical-imaging learning without centralized
patient-data sharing [4], followed by federated studies
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targeting diabetic retinopathy, glaucoma,
prematurity, and other ophthalmic tasks [6]-[8].

retinopathy of

Second, single-disease classification remains more
common than unified multi-disease classification. Diabetic
retinopathy and glaucoma have received substantial attention,
whereas relatively few studies address multiple retinal
diseases within a common federated framework. Recent
OCTA-based work by Nabil et al. represents an important step
toward federated multi-disease retinal classification [9].

Third, data heterogeneity is increasingly recognized as an
important factor affecting federated retinal learning. Studies
have wused multi-centre datasets, simulated non-1ID
distributions, domain adaptation, and heterogeneity-aware
aggregation strategies. Nevertheless, the degree to which these
experimental settings reproduce naturally occurring clinical
heterogeneity varies considerably.

Fourth, the choice of federated strategy is becoming
increasingly diverse. FedAvg remains an important baseline,
while FedProx, FedBN, FedYogi, FedAdagrad, FedMRI, and
domain-adaptive approaches have been investigated for
addressing different aspects of client heterogeneity and model
optimization [8], [9], [12], [17].

Finally, evaluation practices remain inconsistent across
studies. Some studies evaluate only local or participating-site
performance, whereas others include unseen external datasets
or explicitly examine heterogeneous data distributions.
Consequently, direct comparison of reported performance
values across studies is difficult because datasets, disease
categories, imaging modalities, client configurations,
evaluation metrics, and experimental conditions are not
standardized.

Overall, the comparative evidence indicates that existing
federated retinal learning research has established the
feasibility of privacy-preserving collaborative diagnosis but
has not yet fully addressed the combination of multi-disease
classification, realistic non-1ID data, privacy protection,
communication efficiency, fairness, and external clinical
validation within a single standardized framework. These
limitations provide the basis for the research gaps discussed in
the next section.

Table 1: Federated Learning Studies in Retinal/Ophthalmic Disease Analysis

Study Imaging Disease / task | Dataset / | FL Data Privacy / | Main observation
modality setting approach heterogeneit | security
y

Sheller et al. | MRI/medica | Brain tumour | Multi- Federated Multi- Data retained | Demonstrated feasibility

(2020) [4] I imaging segmentation institutional | learning institutional locally of collaborative medical-
medical image learning without
imaging sharing patient data
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Lo et al | OCT /| Diabetic Multi-centre | Federated Cross-site Federated Federated models
(2021) [6] OCTA retinopathy OCT data learning variation training achieved  performance
classification close to internally trained
and models
microvasculat
ure
segmentation
Hanif et al. | Ophthalmic Multi-centre Multi-centre | Federated Multi-centre | Privacy- Demonstrated the
(2022) [18] imaging ophthalmic ophthalmic learning heterogeneit | preserving FL | potential of FL for multi-
diagnosis /| data y centre ophthalmic
epidemiology collaboration
Tang et al. | Fundus Multi-disease | Multi-site FL + | Domain shift | Gaussian Combined privacy
(2024) [17] photography | ocular disease | fundus domain across sites randomized protection with domain
recognition dataset adaptation mechanism adaptation for multi-
disease ocular
recognition
Ran et al. | 3D OCT Glaucoma Seven-client | FedProx Multi-centre | Privacy- Reported strong
(2024) [7] detection multicentre heterogeneit | preserving FL | generalization across
setting + y participating and unseen
unseen datasets
datasets
Baptista et | Fundus Glaucoma Distributed | FedAvg, Client Federated Compared multiple FL
al.  (2023) | photography | classification retinal FedSGD, heterogeneit | learning strategies for glaucoma
[8] fundus FedProx, y diagnosis
datasets FedBN,
FedYogi
Nabil et al. | OCTA Seven-class OCTA-500 | FedAvg, Controlled + | Differential Systematically evaluated
(2025) [9] multi-disease | +  private | FedProx, Dirichlet privacy + | aggregation,
retinal UIC data FedAdagra | non-1ID secure architectures,
classification d, FedYogi, aggregation heterogeneity,  privacy
FedMRI and utility

VIl. OPEN CHALLENGES AND RESEARCH GAPS

The comparative analysis of existing federated learning
studies reveals that, although collaborative retinal image
analysis has demonstrated considerable potential, several
methodological and clinical limitations remain unresolved.
The major challenges concern realistic modelling of non-I11D
data, limited multi-disease learning, incomplete evaluation of
privacy-utility trade-offs, communication and computational
constraints, limited clinical validation, and the absence of
standardized benchmarks. These gaps indicate that future
federated retinal learning systems must move beyond proof-
of-concept demonstrations toward robust, heterogeneous,
privacy-aware, and clinically validated frameworks.

7.1 Limited Modelling of Realistic Non-11D Data

One significant gap within research is insufficient
modelling of realistic non-identially distributed data. Despite
federated learning technology being specifically aimed at
decentralised data environments, many researchers studied
federated retinal models using manipulated datasets or
technology-controlled datasets. These approaches help with
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algorithm development, but they do not reflect the complexity
of heterogeneity existing in real healthcare institutions [16].

In practical clinical environments, differences between
institutions can arise from patient demographics, disease
prevalence, imaging devices, acquisition protocols, image
quality, annotation practices, referral patterns, and the number
of available training samples. These factors can produce
simultaneous variations in label, feature, and quantity
distributions. Consequently, the local data available at one
hospital may differ substantially from those available at
another institution.

This limitation is particularly important for retinal disease
classification. One institution may contain a high proportion of
diabetic retinopathy cases, whereas another may observe more
glaucoma, age-related macular degeneration, or normal retinal
images. Rare disease categories may also be represented by
very few samples at individual institutions. Such differences
can influence local model updates and produce client drift
during federated optimization [12], [16].

Recent retinal FL research has begun to address this issue
by explicitly introducing heterogeneous client distributions.
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For example, Nabil et al. evaluated multi-disease retinal
classification under a Dirichlet-based non-11D distribution
with a = 0.5, providing a controlled representation of
heterogeneous disease distributions [9]. However, simulated
distributions remain an approximation of real clinical
heterogeneity. These considerations further emphasize the
importance of evaluating both feature-distribution skew and
label-distribution imbalance in multicohort retinal data.

Therefore, an important research need is the development
and evaluation of federated retinal classification frameworks
using realistic multi-institutional data distributions. Future
studies should report the characteristics of client-level
distributions transparently and distinguish between naturally
occurring and artificially  simulated  heterogeneity.
Standardized protocols for evaluating different degrees and
types of non-11D data would further improve reproducibility
and enable meaningful comparison among federated retinal
learning approaches.

7.2 Predominance of Single-Disease Federated Models

A second major research gap is the predominance of
federated learning frameworks developed for individual retinal
diseases. Many existing studies focus on specific diagnostic
tasks such as diabetic retinopathy or glaucoma rather than
addressing several diseases within a unified federated
framework [6], [7], [8].

Disease-specific models provide valuable evidence
regarding the feasibility of federated ophthalmic learning, but
they do not fully represent the broader requirements of retinal
screening. In real clinical practice, patients may have various
problems with their retinas, thus a good diagnosis system
should be able to differentiate multiple problems based on the
symptoms the patient is presenting.

Multi-disease classification in the federated learning
frameworks presents new challenges, such as class imbalance,
various rare diseases, overlapping pathological properties, co-
occurrence of labels as well as the variation in prevalence of
diseases in different facilities. The situation is complicated by
the unequal frequencies of diseases among the federated
learners.

Recent research has shown that multi-disease
classification is possible with the help of federated learning.
For instance, Nabil and his colleagues have studied the
presence of seven diseases of the retina in patients through the
analysis of OCTA, comparing different models in federated
learning [9]. Nevertheless, the existing evidence of the
effectiveness of such methods is scarce in comparison to
multi-disease frameworks.
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That is why there is a clear need for a federated model
able to handle several retinal conditions at the same time,
especially when performing multi-label classification, which
means that the same image may have multiple pathological
problems.

7.3 Inadequate Evaluation of Privacy-Utility Trade-offs

Preserving privacy is one of the main reasons for using
federated learning in the health care sector. However, simply
keeping the original images locally does not automatically
lead to full privacy as the information in the model
parameters, gradients, and other transmitted data can still be
used against the healthcare provider [14], [15].

Present-day work has studied mechanisms, including but
not limited to secure aggregation and differential privacy
techniques, yet these methods may increase computational
load or diminish the predictive utility of the model. Therefore,
there exists a conflict between privacy and the efficiency of
the model.

An important issue with observational research in retinal
FL is that privacy and diagnostics effectiveness are seldom
evaluated together. While some papers assess model
performance, other studies focus on privacy mechanisms and
do not analyze how they influence the model's predictive
performance.

Recent research in FL in terms of the retina has started to
close this gap. Nabil et al. have studied the privacy techniques
in terms of the model performance through multi-disease
classification [9].

Starting from here, it is also needed to include to
evaluations your results of the privacy protection and
diagnostic efficacy permanently. You should also take into
account the privacy budget if differential privacy is used, the
costs related to communications and computations, the
security of the system against different attacks, etc., as well as
efficiency of the Classification under different privacy
conditions. This would allow obtaining more valuable
assessments connected to the balance between privacy and
utility in the context of using federated retinal learning.

7.4 Communication and Computational Constraints

Federated learning requires repeated communication
between participating institutions and the central aggregation
server. For deep learning models with large numbers of
parameters, transmitting model updates over many
communication rounds can create substantial communication
overhead [5], [13].
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The problem becomes more significant in retinal image
classification because modern CNN and other deep learning
architectures may contain millions of parameters. Healthcare
institutions may also differ substantially in available
computational resources, network connectivity, storage
capacity, and local processing capabilities. Consequently,
some clients may complete local training rapidly while
resource-constrained institutions may become communication
or computation bottlenecks.

Several federated optimization and communication-
efficient approaches have been proposed to reduce these
limitations [12], [13]. However, retinal FL studies do not
consistently report communication volume, number of
communication rounds, local computational requirements,
training time, or energy consumption. As a result, it is difficult
to determine whether a reported improvement in classification
performance is practically achievable in resource-constrained
clinical environments.

Future federated retinal systems should therefore jointly
evaluate diagnostic performance and system efficiency.
Communication compression, adaptive client participation,
efficient aggregation, lightweight architectures, asynchronous
training, and parameter-efficient learning represent potential
directions for reducing the computational and communication
burden.

7.5 Limited Clinical Validation and Deployment Studies

On the other hand, another major research gap is a lack of
validation of federated retinal learning systems. The point is
that most of the studies are retrospective without the
application of clinical datasets or controlled experiments and
consequently do not provide convincing evidence of the
model’s applicability.

The inability to apply the developed models to the
clinical practice decreases the significance of the research
findings [7].

Nevertheless, potential clinical validation is still
insufficient. A functional rollout also needs to take into
account the integration of the workflow, understandability,
interchangeability, monitoring, acceptance by doctors, and
liability for breakdowns in the model.

Therefore, future investigations should get from
retrospective proof-of-concept research to external and
prospective validation. It is not enough just to check the
quality of federated retina systems by standard classification
metrics, they should also be assessed based on clinically
significant criteria such as sensitivity for specific diseases,
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calibration, performance for subgroups, generalisability, and
decision support.

7.6 Absence of Standardized Benchmarks

The last big research gap is the absence of standard
mechanisms for evaluation of federated systems for retina
disease classification. The discussed projects use different
datasets, imaging modalities, disease categories, number of
patients, data partitioning methods, federated algorithms,
evaluation methods, privacy measures, and arrangements of
experiments.

This difference in the presented projects makes direct
comparisons of results complicated. For instance, a model that
is tested with the help of a limited number of simulated
patients in organized non-l1D distribution cannot be compared
to a model trained on a network of institutes that have
naturally heterogeneous information. Similarly, performance
values obtained for single-disease classification cannot be
directly compared with multi-label multi-disease classification
results.

The absence of common benchmarks also makes it
difficult to determine whether improvements result from the
federated learning strategy itself, differences in model
architecture, dataset characteristics, data partitioning, or
experimental configuration. Such methodological differences
highlight the need for stronger evaluation standards.

A standardized benchmark for federated retinal
classification should ideally specify common datasets or well-
documented multi-institutional settings, client configurations,
disease distributions, 11D and non-11D scenarios, evaluation
metrics, privacy settings, communication measures, and
external validation procedures. Such a benchmark would
improve reproducibility and allow researchers to compare
federated approaches under consistent experimental
conditions.

In summary, the identified gaps call for interventions that
take into account various issues and challenges that the next
generation of federated retinal image classification systems
encounters, including heterogeneous data, multiple health
conditions, balancing privacy and utility, and meeting clinical
requirements.

VIIl. FUTURE RESEARCH DIRECTIONS

In the previous sections we have analyzed the existing
research gaps, which reveal that there is a need for further
development of federated retinal imaging systems. Future
research projects should focus on implementing advances in
this technology and addressing issues related to non-
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homogeneous clinical data, multiple diseases, privacy
concerns, and communication obstacles. As a result, six
primary research directions can be defined: personalized
federated learning, multi-disease and multi-label learning,
effective use of non-11D data, development of communication-
efficient federated systems, privacy-centered learning, and
approach to clinical implementation and validation.

8.1 Personalized Federated Learning for Retinal Imaging

Personalized federated learning is an essential approach
to solving the problem of heterogeneous healthcare
institutions. Traditional federated learning aims to develop
global models that can be utilized by all clients of the system.
Nevertheless, datasets on retinal images acquired from
different healthcare institutions can have significant
differences when it comes to the disease distribution, patient
population, imaging devices, acquisition protocols, and image
properties. Therefore, one global model cannot achieve the
same level of performance at all sites [12].

Personalized federated learning solves this problem by
enabling the application of the information obtained from
different clients to the specific conditions of particular
healthcare institutions. While traditional approaches usually
assume that all clients use the same model, the personalized
approach enables researchers to create a world-class model
through a combination of universally applicable characteristics
and local patterns, which allows for knowledge transfer while
making it applicable to the unique data characteristics.

For retinal image classification, personalization can be
particularly useful when participating hospitals have
substantially different disease distributions. For example, one
institution may have a higher proportion of diabetic
retinopathy cases, whereas another may contain more
glaucoma or age-related retinal diseases. Personalized
strategies may therefore reduce the negative effects of
statistical ~ heterogeneity and improve client-specific
performance while retaining the benefits of collaborative
learning.

Future research should investigate personalized federated
architectures specifically designed for multi-disease retinal
classification under realistic non-11D conditions. Evaluation
should include both global and client-specific performance,
together with disease-wise sensitivity, specificity, F1-score,
communication  cost, convergence  behaviour, and
generalization to unseen institutions. Such evaluation would
help determine whether personalization provides consistent
benefits across different clinical environments.

Overall, personalized federated learning provides a
promising direction for developing retinal diagnostic systems
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that can learn collaboratively while adapting to the
characteristics of individual healthcare institutions. Its
integration with multi-disease classification, non-11D

modelling, privacy-preserving mechanisms, and robust deep
learning architectures represents an important area for future
investigation.

8.2 Federated Multi-Disease and Multi-Label Learning

Future federated retinal learning systems should move
beyond disease-specific  classification toward unified
frameworks capable of handling multiple retinal diseases
within the same learning environment. Classification of
multiple diseases is crucial since a retinal image can have
several diseases and symptoms from the different diseases can
be present on clinical images. Hence, a federated system could
enhance diagnostic capabilities while helping the institutions
involved in the study work together and learn from each
other’s data without exchanging raw retinal images.

Classification of multiple diseases is crucial since a
retinal image can have several diseases and symptoms from
the different diseases can be present on clinical images.
Hence, a federated system could enhance diagnostic
capabilities while helping the institutions involved in the study
work together and learn from each other’s data without
exchanging raw retinal images[10].

The classification of numerous illnesses is vital because a
retinal photograph may exhibit multiple conditions. Moreover,
various diseases’ symptoms might be included in the clinical
photographs. Therefore, a federated system can contribute to
the improvement of diagnostic abilities and allow
organizations participating in the research to cooperate and
share their knowledge without revealing retinal images.

Despite the advantages of multi-illness federated systems
in comparison to single-illness systems, many problems arise
in the process of implementing multi-disease learning. Some
of them include the limitations of systems based on class
mismatch, disease coexistence, and different disease
frequency among clients.

In order to address these issues, studies about federated
structures should be conducted as they are meant for
classifying several illnesses, and they need to take into
account class problems and disease coexistence issues. It
means that the data on the efficiency of the system should be
based not only on the data on accuracy.

Overall, federated multi-disease and multi-label learning
represents an important direction for developing
comprehensive retinal diagnostic systems. Combining multi-
disease learning with realistic non-1ID distributions,
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personalized learning, privacy-preserving mechanisms, and
robust deep learning architectures could provide a stronger
foundation for clinically applicable federated retinal Al.

8.3 Realistic Modelling of Non-11D Clinical Data

Future federated learning research should place greater
emphasis on modelling realistic non-11D data distributions that
reflect the heterogeneity encountered across healthcare
institutions. In real clinical environments, participating
hospitals rarely have identical patient populations, disease
prevalence, imaging devices, acquisition protocols, image
quality, or dataset sizes. These differences can produce
substantial variations in both feature and label distributions
across clients and may negatively affect the performance and
generalization of a federated model [12], [16].

For retinal image classification, non-11D conditions
should therefore represent clinically meaningful sources of
heterogeneity rather than relying only on randomly divided
datasets. Important forms of heterogeneity include label
distribution skew, feature distribution skew, quantity skew,
and domain shift. For example, different hospitals may have
different proportions of diabetic retinopathy, glaucoma, age-
related macular degeneration, and normal retinal images.
Differences in fundus cameras, imaging protocols, patient
demographics, and image quality may additionally introduce
feature-level and domain-level variations.

Future studies should evaluate federated models under
controlled but realistic client distributions. Strategies such as
Dirichlet-based partitioning can be used to simulate varying
degrees of label imbalance, while additional variations in
image characteristics and client sample sizes can be
incorporated to better represent clinical conditions. Nabil et al.
provide an example by evaluating seven retinal pathologies
under heterogeneous conditions using Dirichlet distribution
partitioning with o= 0.5 [9].

Importantly, evaluation should not be limited to overall
global accuracy. Future experiments should report client-level
and disease-wise performance together with sensitivity,
specificity, precision, recall, F1-score, and AUC. Performance
variation between clients should also be examined to
determine whether a federated model benefits all participating
institutions or primarily improves performance for clients with
larger or more representative datasets.

Therefore, realistic non-11D modelling should become a
standard component of federated retinal research. Establishing
reproducible protocols for controlling the degree and type of
heterogeneity would enable fairer comparison between
federated algorithms and provide a more reliable assessment
of their robustness under real clinical conditions.
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8.4 Communication-Efficient Federated Frameworks

The improvement of communication capabilities is one of
the key future research topics in the domain of federated
learning applied to retinal images. In the federated setup,
institutions are required to continuously transmit the model
parameters or updates to the central server. When the deep
learning models are large, this continuous information transfer
can become a major obstacle, especially if the participating
institutions lack advanced network infrastructure or computing
power[5],[13].

Future federated retinal frameworks should therefore
investigate methods that reduce the amount and frequency of
information exchanged between clients and the server.
Potential approaches include model compression, parameter-
efficient updates, selective parameter transmission, client
selection, adaptive communication intervals, knowledge
distillation, and asynchronous federated optimization. These
techniques may reduce communication costs while
maintaining the diagnostic capability of the global model [13].

Communication efficiency becomes even more important
under non-l1D retinal data because heterogeneous clients may
require different amounts of local computation to obtain
effective model updates. Excessive synchronization can
increase communication overhead, whereas reducing
communication too aggressively may affect convergence or
model performance. Future research should therefore jointly
consider communication rounds, transmitted parameter
volume, local computation, convergence rate, and
classification performance.

For multi-disease retinal classification, communication-
efficient strategies should additionally preserve performance
across individual disease categories and heterogeneous clients.
Evaluation should therefore report not only overall accuracy
and AUC but also communication cost, number of
communication rounds, client participation rate, training time,
and disease-wise performance.

Overall, communication-efficient federated learning can
help transform retinal FL from experimental multi-
institutional studies into scalable and deployment-oriented
diagnostic systems. Future frameworks should aim to achieve
an appropriate balance between communication efficiency,
computational requirements, model convergence, diagnostic
performance, and robustness to non-11D clinical data.

8.5 Privacy-Aware and Regulation-Compliant Learning

Privacy protection should remain a central consideration
in the future development of federated learning for retinal
image classification. Although federated learning avoids direct
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centralization of raw retinal images, model parameters,
gradients, embeddings, and other intermediate information
exchanged during training may still contain information that
could potentially be exploited through privacy attacks [14],
[15]. Federated learning should therefore be considered a
privacy-enhancing approach rather than a complete privacy
guarantee.

Future retinal federated learning systems should
incorporate  appropriate  privacy-enhancing technologies
according to the requirements of participating institutions.
Secure aggregation can prevent the coordinating server from
directly accessing individual client updates, while differential
privacy can provide formal privacy guarantees by controlling
the contribution of individual training records [14], [15].
Homomorphic encryption and other cryptographic approaches
may provide additional protection, although their
computational and communication overhead must be carefully
considered.

An important future direction is the systematic evaluation
of the privacy-utility trade-off. Stronger privacy protection
may introduce additional noise, computational requirements,
or communication overhead and can consequently affect
model performance. Future studies should therefore report the
privacy mechanism, privacy parameters, computational
overhead, communication cost, and corresponding change in
diagnostic performance.

Regulatory compliance should also be considered
throughout the complete lifecycle of a federated retinal
system. Healthcare federated learning involves questions
concerning data ownership, institutional responsibilities,
consent, cross-border data processing, model-update
governance, security auditing, and accountability for deployed
models. The use of federated learning alone does not
automatically ensure compliance with applicable legal and
institutional requirements.

For retinal disease classification, future studies should
therefore evaluate privacy mechanisms and their effects on
diagnostic performance, fairness, communication cost,
computational requirements, and robustness against privacy
attacks. Privacy evaluation should be integrated into the
experimental design rather than treated as an additional
component after model development.

Overall, future federated retinal frameworks should aim
for a privacy-aware and regulation-conscious design from the
beginning of model development. Combining secure
aggregation, differential privacy, appropriate cryptographic
protection, privacy auditing, and institutional governance can
provide a stronger foundation for trustworthy multi-
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institutional retinal Al  while

diagnostic utility.

maintaining acceptable

8.6  Clinical
Learning

Validation and Deployment-Oriented

Moving forward, future studies concentrating on
federated classification of retinal images should transition
from retrospective studies and simulated federated situations
to real-life validation and implementation. While it is true that
federated learning allows collaboration for model
development without collecting data, the majority of the
existing ophthalmic studies on federated learning are
conducted using retrospective datasets or simulated multi-
centre environments.

It is critical to assess federated models not only at one
institution but also at many independent institutions with
heterogeneous participants and diseases as well as variations
in imaging systems and protocols, image quality, and practice.
Using external validation — showing the performance of the
model on unseen institutions — is even more important as the
machine learning model could perform well on training sites,
but this should not lead to the conclusion that it is transferable
to other institutions. Therefore, any subsequent research
should involve independent by means of external validation
datasets and prospective studies as much as possible.

Research regarding the implementation of the solution
should not rely solely on conventional performance metrics
such as classification accuracy and other similar metrics.
There are other important aspects including clinical workflow
implementation, interoperability, explainability, calibration
and fairness evaluation, work in the conditions of
confidentiality, computational expenses, and communication
efficiency. What is more important is the fact that federated
systems should fit the technological infrastructure of
healthcare institutions.

Additionally, for multi-class retinal diagnostics, clinical
validation should report both disease-wise and institution-wise
performance rather than a single performance parameter.

Consequently, future research ought to provide
development-oriented federated learning frameworks in which
model development, privacy protection, external validation,
clinical integration, and post-deployment monitoring will be
taken into account. The new research may gradually change
from retrospective multi-centre study to prospective clinical
validation, and further to real-world application.

In summary, clinical validation, as well as learning about
deployment, is the key last stage of transforming the federated
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retinal Al from an experimental form into a successful form of
multipurpose diagnostic devices.

IX. CONCLUSION

Federated learning enables the practical approach to
jointly analyze retinal images by using federated learning
without the necessity to centralize and distribute sensitive
patient information. In this systematic review, we explored the
literature available in the area of federated learning for
classification of retinal diseases and classified the papers
analyzed according to the federated learning approaches used,
the nature of data distribution, the scope of diseases studied,
architectures of models used, and privacy/security techniques.

The comparison indicates that federated learning holds
great promise for the joint analysis of ocular and retinal
images in distributed health care institutions. Nonetheless, the
existing literature is still splintered across imaging methods,
types of disease, federated approaches, arrangements of the
data, and evaluation procedures. Most studies have examined
diseases affecting the retina in isolation while multi-disease
and multi-class federated classification remain comparatively
rare. Furthermore, the idea of non-11D data often comes from
the usage of artificial partitions or controlled distributions
obscuring the heterogeneity of the actual clinical environment.

The review further identifies important challenges related
to privacy and security, communication overhead,
computational  constraints,  clinical  validation, and
standardized evaluation. Although federated learning reduces
the need for direct exchange of raw retinal images, additional
privacy mechanisms may introduce privacy-utility trade-offs.
Similarly, repeated communication and differences in
computational resources across participating institutions can
affect the scalability of federated systems. Limited external
and prospective clinical validation further restricts the
evidence available for real-world deployment.

Based on these findings, six major research directions
were identified: personalized federated learning, federated
multi-disease and multi-label learning, realistic modelling of
non-11D clinical data, communication-efficient federated
frameworks, privacy-aware and regulation-compliant learning,
and clinical validation and deployment-oriented learning.
These directions emphasize the need to evaluate federated
retinal systems not only in terms of overall classification
performance but also with respect to disease-wise
performance, client-level fairness, privacy protection,
communication efficiency, robustness to heterogeneous data,
and generalization to unseen clinical institutions.

Overall, the review indicates that the future of federated
retinal image classification lies in developing systems that can
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jointly address multi-disease learning, realistic non-1ID data
distributions, privacy preservation, communication and
computational efficiency, fairness, and clinical reliability.
Progress in these areas can help move federated retinal
artificial intelligence from experimental proof-of-concept
studies toward scalable, trustworthy, and clinically applicable
multi-institutional diagnostic systems without requiring
centralized sharing of sensitive retinal images.
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