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Abstract

Traditionally, machine learning models in healthcare rely on centralized strategies using
raw data. This poses limitations due to the amount of available data, which becomes hard
to aggregate due to privacy concerns. Federated learning has been emerging as a new
paradigm to improve model performance. It exploits information on the parameters from
other clients while never sharing personal data from the patients. We present a proof-of-
concept of federated learning techniques in the case of an automated screening tool for
frailty in the older population. We used a frailty-specific dataset called FRELSA, with
patients from nine regions of the UK used to simulate a scenario with regional hospitals.
We compared three different strategies: separate regional training with no communication;
federated averaging, the most widely used strategy for healthcare; and finally, global
training on the full dataset for comparison. All three strategies were validated with
two architectures: logistic regression and a neural network. Results show that federated
strategies outperform local training and achieve global-like performance while preserving
patient privacy. For Logistic Regression, the global validation F-score was 0.737 and the
federated aggregated score was 0.735, offering improvement in seven of the nine regions.
For Multi Layer Perceptron, the global validation F-score was 0.843 and the federated
aggregated score was 0.834, improving in all nine regional models. The federated strategy
is equivalent to pooling all the data together while avoiding all complications related to
data privacy and sharing. The results of this study show that the proposed strategy is a
viable method for improving frailty screening in healthcare systems.
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1. Introduction

Machine Learning (ML) and Deep Learning (DL) techniques have shown great potential
in improving healthcare, with applications from computer vision, to Natural Language Pro-
cessing (NLP), to exploiting information in Electronic Health Records (EHR) [1]. Specifically,
EHR datasets are growing daily and are used to enhance clinical decision-making by detecting
diseases in early stages, determining the level of risk, and even predicting the appearance
of complications based on the patient’s history [2]. Traditionally, ML models are trained on
raw data using centralized approaches, which pose challenges for their implementation in
healthcare settings. First, while a large amount of data is required to achieve satisfactory per-
formance from the models, these data are typically scattered between various health centers.

Appl. Sci. 2025, 15,9939

https:/ /doi.org/10.3390/app15189939


https://doi.org/10.3390/app15189939
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0009-0002-0173-720X
https://orcid.org/0000-0002-0319-036X
https://orcid.org/0000-0002-1755-2712
https://doi.org/10.3390/app15189939
https://www.mdpi.com/article/10.3390/app15189939?type=check_update&version=1

Appl. Sci. 2025, 15,9939

20f12

Second, healthcare applications must comply with strict privacy regulations on personal data,
such as the EU General Data Protection Regulation (GDPR) [3] and the Health Insurance
Portability and Accountability Act (HIPAA) in the USA [4].

One effective solution to these problems can be found in Federated Learning (FL)
techniques, which have grown in popularity in recent years in healthcare as well as in other
areas. Federated Learning is a relatively new solution in ML, motivated by the need for
more considerable and more significant amounts of data and the necessity of preserving
the privacy of data providers. FL was proposed for the first time in 2016 [5], and is based
on the idea of exploiting information from many different clients or data providers to train
bigger and better-performing models without ever sharing raw data among the clients. It
has successfully found applications in many fields, such as healthcare [6,7], networks [8],
Internet of Things (IoT) [9], and transportation [10].

In the last few years, several FL strategies have been proposed; these can be roughly
divided into centralized and distributed FL [11]. Centralized techniques revolve around a
leading organization or server, which provides the model architectures and aggregates the
information received by the clients or data providers. The central server only coordinates
the federated operations; it never receives raw data from the clients, only information on
the results of the distributed training rounds. Centralized settings are the most common
and straightforward and have been applied in all the aforementioned fields, including
healthcare. On the other hand, in distributed techniques there is no central server co-
ordinating the aggregation and passing of information. These architectures are instead
based on direct Peer2Peer (P2P) communication, making them more complex to define,
less vulnerable to malevolent clients [12], and more common in network applications. In
healthcare applications, centralized FL techniques allow hospitals to share information on
the parameters of DL models, which provides benefits while complying with regulations.
Moreover, many healthcare centers lack the means or data volumes to produce such models
or practical screening tools on their own. Thus, agglomerating information from different
healthcare facilities can provide those that do not have these assets with ML models for
detecting diseases, and can also improve the performance of existing local models [13].

Frailty is a syndrome related to aging, characterized by the loss of independence and
high vulnerability [14]. Specifically, it affects both physical and cognitive function, and
leads to frequent hospitalization, disability, and decline of mental capabilities. One of the
most common frailty definitions regarding the physical aspect of this pathology is the
Fried’s Frailty Phenotype (FFP), introduced in 2001 by Fried et al. [15]. It assesses five
criteria: weight loss, slowness, weakness, low physical activity, and exhaustion. If patients
meet three of the five criteria, they are considered frail; if they meet one or two, they
are classified as pre-frail; otherwise, they are considered robust. Because all five criteria
are measurable, this definition allows for a data-driven approach to frailty detection or
prediction by leveraging healthcare data [16,17]. In order to create an effective electronic
tool for frailty screening in older populations, data protection and privacy concerns are key
problems that must be addressed [18]. For these reasons, we propose using FL techniques
in a frailty early-detection scenario. To the best of our knowledge, no applications of FL or
experiments have previously been performed in a frailty setting. FL strategies have been
applied to fall detection [19,20], neurodegenerative diseases [21,22], and mortality [23,24];
although related to frailty, these target variables are substantially different from the FFP,
and in most cases can be considered a consequence of it. Fried et al. aimed to define a
phenotype [15] that can detect the earliest signs of pathology, and consequently avoid
the related risks, based on patients falling below even one of the five criteria used in the
definition of frailty (i.e., pre-frailty).
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The rest of this paper is organized as follows: the settings and adopted methodology
are described in Section 2; the results of the experiments are discussed in Section 3; and our
conclusions are presented in Section 4.

2. Materials and Methods

This section describes the tools and methods used to simulate the frailty setting and
train frailty detection models using FL.

2.1. FRELSA Dataset

The FRailty English Longitudinal Study of Ageing (FRELSA) dataset is specific to
frailty studies, and was presented by the authors of the current paper in 2024 [25]. It was
generated from the English Longitudinal Study of Ageing (ELSA) [26], a study conducted
in the UK, which started collecting data in 2002 and followed up every two years, for nine
waves of data collection. The core of the data collection was a self-completed questionnaire
regarding general health, household and family, social situation, economic and financial
situation, working and retirement, education, and many other aspects of the participant’s
life [27,28]. The key characteristic of FRELSA is the computation of the FFP level of patients,
who can be frail, pre-frail, or non-frail; these data were obtained in wave 6 of the ELSA
study. Specifically, the FRELSA dataset counts 5303 participants, of whom 2772 are non-frail
(52.3%), 2128 are pre-frail (40.1%), and 403 are frail (7.6%).

These patients are divided into nine different regions, with the distribution shown in
Figure 1. In addition to these nine regions of England, seven patients from Scotland and
eleven from Wales are present in the cohort. However, these regions have been excluded
due to insufficient data for a meaningful regional training set. The frailty distribution
among the nine selected regions is shown in Table 1. It is evident that the dataset is
imbalanced and lacks frail participants. Following the procedure of previous studies using
FRELSA, we grouped pre-frail and frail participants into a single class [25], resulting in
a binary classification problem with a balanced dataset. This choice is coherent with the
study’s goal of experimenting with FL techniques for early detection of frailty. Arguably,
with proper screening tool usage, most detections would be of pre-frail patients, and only
a small part of the positives would be already frail. Hence, in addition to balancing the
training sets, we feel that this choice also makes the validation sets more adherent to a
real scenario, where distinguishing non-frail from at-risk (pre-frail or frail) is clinically
meaningful. It can be seen from Table 1 that all the regional datasets are fairly balanced
after this precaution is taken. The most unbalanced data are from “Yorkshire and The
Humber”, with 57.1% of the population being non-frail, and the “West Midlands”, with
54.1% of the population being pre-frail /frail.

Table 1. Distribution of frailty levels in all the regions.

Robust (2766) Pre-Frail (2116) Frail (402)

South East (895) 507 (56.6%) 341 (38.1%) 47 (5.3%)
East of England (703) 377 (53.6%) 282 (40.1%) 44 (6.3%)
South West (680) 376 (55.3%) 254 (37.4%) 50 (7.4%)
North West (598) 295 (49.3%) 248 (41.5%) 55 (9.2%)
West Midlands (577) 265 (45.9%) 254 (44.0%) 58 (10.1%)
Yorksh. & Hum. (548) 313 (57.1%) 202 (36.9%) 33 (6.0%)
East Midlands (544) 288 (52.9%) 221 (40.6%) 35 (6.4%)
London (418) 193 (46.2%) 183 (43.8%) 42 (10.0%)
North East (321) 152 (47.4%) 131 (40.8%) 38 (11.8%)
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Figure 1. Regional distribution of the FRELSA dataset.

By separating the participants by their region of residence, we can simulate an ideal
setting for FL implementation, in which each region represents a hospital or a clinic. We can
imagine all patients from a region going to the same health center or that each healthcare
regional system has an electronic tool for frailty screening (e.g., a questionnaire). In the latter
case, each region would have its models tailored to the characteristics of its population;
still, a limited amount of data would be available to train them. Applying FL techniques in
this scenario would increase the information available for model training by sharing model
parameters with other regions, without the need to ever receive or share patient data.

2.2. Experiment Settings

We adopted three different strategies and compared them throughout the experiments.
First, regional training was performed, meaning that the models were trained separately
with the data from each region. This scenario simulates a realistic situation in which there
is no information sharing among the clients and each healthcare center can only exploit
its own resources to develop a frailty screening tool. The second strategy was federated
training, the novel approach proposed in the article. After each training round, there is
an aggregation phase, meaning that the parameters of the regional models are sent to the
central server, which generates the updated model for the following epoch. This process
simulates implementing the proposed strategy in a scenario in which neighboring health
centers benefit from the others’ training and information. Finally, we trained the models on
the full dataset. This strategy does not match a real case, as pooling all patient data would
be impossible due to privacy restrictions, and is only implemented for comparison.

For the experiments, we assumed that all clients collect the same features for prediction,
making this study an example of horizontal FL [29]. These features are collected through
questions and medical examinations administered separately to the patients in every
hospital. We imagine that the hospitals in this scenario are willing to cooperate in order to
improve their frailty early-detection methods, but are limited by data privacy restrictions.
Hence, we assume that the model features are either the intersection of all features already
collected by the hospitals, or that all clients agree on starting a data collection process
through a standard screening questionnaire.

Specifically, in our setting, fifty features are used in the experiments. Both the fea-
ture count and the selection process were repeated from our previous work on the same
dataset [25]. These variables were extracted from over 6000 available dataset features
through the MultiSURF ranking algorithm [30], a relief-based feature selection process
proposed specifically for bioinformatics data. This method was applied globally on the
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dataset in order to exploit all the information present in the data. This global selection
would not be possible in a real scenario without pooling the data. However, it is necessary
here in order to ensure that we are comparing the federated strategy with the best possible
global model. Assuming that the federated strategy performs equal or better than the
global model, the validity of the results would be questionable with any other choice of
variables. The final fifty variables are easy to collect through a questionnaire, and their
nature varies from mobility issues, to Activities of Daily Living (ADL), to self-perception
and day-to-day feelings. For more information on the feature count, selection process, and
final set of features used in the experiments, readers may refer to the original article [25].

The core and possibly primary focus of FL research is the aggregation function [11].
It defines how the information coming from each local training round is handled and
aggregated. In particular, at each round, the clients train the architecture received from the
server for a certain number of epochs, send the resulting parameters to the server, then
wait for the next training round and updated model. Hence, the central server receives the
updated parameters from the clients, generates the new model through the aggregation
function, and sends it out for the following iteration. A schematization of one training
round is presented in Figure 2.

ﬂCentral Server
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Figure 2. Schematization of federated learning in a healthcare scenario.

The most classical and possibly most widely used aggregation function is called Fed-
erated Averaging (FedAvg), in which several random clients are selected for the training
round and the central model is updated using the weighted average of the clients” parame-
ters, with the weights determined by the proportion of the clients” data volume [31]. The
FedAvg functioning is explained in Equation (1), where S; are the selected clients for round

t, 2k is the weight factor, and w,tfl is the local weight after training in round t.

whih = ¥ wftl, ke s 1)
keS;

Other standard aggregation functions include FedProx [32], FedNova [33] for nor-
malization techniques, Scaffold [34] and FedCurv [35] for data heterogeneity, MOON [36],
which acts directly on the loss function to minimize discrepancies between global and local
models, and Per-Fed Avg [37] for personalized local models. Although every aggregation
function offers some specific advantage, FedAvg is the most widely used and accepted
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baseline in healthcare-related FL research; hence, all of the federated experiments presented
in the rest of this paper use Fed Avg. Moreover, in this proof of concept, all data originally
come from the same source, making advanced aggregation strategies less critical in this
controlled setting. While it is true that there are differences in the regional data, it has been
shown that under the assumption of convexity, FedAvg converges in non-1ID scenarios,
only slower [38]. Moreover, it has been demonstrated that in medical settings and experi-
ments similar to the ones presented here, Fed Avg outperforms methods such as FedCurv
that are designed to address data heterogeneity [39].

The architectures selected to test and compare the three strategies are Logistic Regres-
sion (LR) and Multi Layer Perceptron (MLP). The initial FRELSA study [25] proposed a
baseline of standard ML models to validate the dataset. LR was the best-performing model
in the baseline. Hence, it was selected for validation under federated settings in this study.
In a later study, more complex and refined MLP architectures were trained using the same
dataset [40] on the task of early frailty detection. We decided to include these models in
our experiments so as to make a meaningful comparison with previous work and results.
We adopted the same architecture optimized in the previous studies in order to keep the
comparison between global and federated strategy meaningful. Specific information on the
model hyperparameters is presented in Appendix B.

It is essential to specify that the training process described in Figure 2 would be a
one-time operation instead of a real-time process. While it requires a degree of cooperation
among clients and the central server, it does not have time constraints, and once finished
it is unnecessary to repeat it. The model resulting from the training is provided to each
client, and the clients can then use it as a screening tool independently from the rest of the
hospitals and the central server. This allows the system to avoid any problems related to
live operations, coordination, and computational bottlenecks.

To validate and evaluate the training results, we adopted a 5-fold cross-validation in
all three strategies, complementing it with the federated architecture following the method
from previous studies [41]. First, a classic 5-fold split was performed separately on the nine
regional datasets. Then, at each step of cross-validation, one fold per region was selected to
be the validation set. Consequently, the regional, global, and federated training all take
place in the same step of the cross-validation. All three strategies use the same training
and validation sets, meaning that the global training uses the union of the local sets. This
validation strategy was implemented to keep the comparison metrics as meaningful as
possible. The metric evaluation was performed regionally; to compare it with the global
strategy, it was also combined with a weighted average, where each region’s data volume
provided the weights.

3. Results

This section presents the results of the experiments. First, the proposed LR and MLP
architectures were trained separately on regional data to determine their performance without
information sharing. The precision, recall, and F-score results of the 5-fold cross-validation for
the LR and the MLP models are shown in Table 2 and Table 3, respectively. The first nine lines
compare the local training results to the metrics of the federated model validated on each
region. The second-to-last lines of the two tables report the federated strategy aggregated
metrics, computed as a weighted average of the local clients’ metrics. Finally, the last line
reports the results of the global training on the full dataset. A more detailed table with accuracy,
Area Under the Receiving Operating Characteristic curve (AUROC), and Precision-Recall
Area Under the Curve (PRAUC) is presented in Appendix A.

Comparing the results, it is interesting to notice the differences between models and
strategies. From Table 2, it can be observed that the LR federated strategy outperforms
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local models in seven out of the nine regions (based on F-score) and that the discrepancies
between local and federated metrics vary considerably from region to region. These results
show that LR is not the ideal architecture to exploit the complete dataset information,
and works better on specific regions and data distributions. The best metrics are reached
by the federated model on the East Midlands dataset, despite the fact that it is not the
best performing region in local training. Despite the differences in regional performance,
the aggregated metrics for the federated model are the same as for the whole dataset, all
falling within a 0.3% margin. In conclusion, with this architecture, very little performance
is lost when implementing federated strategies compared to global training; however,
some regions do not benefit from adoption of the final federated model. Nevertheless, it is
important to remember that each client can evaluate their own performance at the end of the
training by using local data, then decide whether or not to implement the federated model.
Even in the case of a health center not benefiting directly from the federated strategy and
not adopting the final model, they will still have contributed to improving the healthcare
system by sharing their information with other centers.

Table 2. Comparison of the metrics of the LR model on the three different strategies for frailty
detection. All regional training metrics and federated and global training metrics are reported.

Precision Recall F-Score
LogReg Local FedAvg Local FedAvg Local FedAvg

South East 0.758 0.796 0.745 0.793 0.748 0.788
East of England 0.726 0.735 0.719 0.737 0.718 0.738
South West 0.749 0.759 0.744 0.753 0.745 0.751
North West 0.729 0.717 0.726 0.715 0.724 0.713
West Midlands 0.683 0.74 0.682 0.729 0.681 0.727
Yorksh. & Hum. 0.707 0.702 0.696 0.701 0.698 0.703
East Midlands 0.727 0.821 0.722 0.812 0.721 0.809
London 0.719 0.766 0.717 0.761 0.714 0.756
North East 0.728 0.693 0.726 0.69 0.725 0.687

Federated 0.741 0.737 0.735

Full dataset 0.743 0.737 0.737

Table 3. Comparison of the metrics of the MLP model on the three different strategies for frailty
detection. All regional training metrics and federated and global training metrics are reported.

Precision Recall F-Score
MLP Local FedAvg Local FedAvg Local FedAvg

South East 0.762 0.795 0.751 0.789 0.754 0.787
East of England 0.783 0.895 0.766 0.891 0.767 0.891
South West 0.792 0.835 0.782 0.832 0.782 0.832
North West 0.781 0.819 0.775 0.818 0.775 0.817
West Midlands 0.725 0.801 0.724 0.79 0.721 0.79
Yorksh. & Hum. 0.75 0.835 0.739 0.825 0.742 0.827
East Midlands 0.754 0.908 0.75 0.906 0.749 0.906
London 0.744 0.876 0.747 0.857 0.734 0.862
North East 0.745 0.809 0.737 0.827 0.736 0.807

Federated 0.84 0.835 0.834

Full dataset 0.847 0.841 0.843

This situation does not present itself in the case of the more refined MLP architecture,
with which all nine regions improve the frailty screening metrics using the federated model.
Moreover, as shown in Table 3, MLP outperforms LR in every region, as expected. Just
as in the case of LR, the East Midlands dataset does not provide the best local results,
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but the federated model reaches its best overall metrics on this dataset. Again, there
is very little difference between the aggregated metrics for the federated strategy and
those obtained on the full dataset. The discrepancy is so tiny that the performance can be
considered equivalent: the F-score is 0.834 for federated training and 0.843 for complete
dataset training, and all metrics stay within a 1% margin. These results suggest that
adopting the federated strategy with this architecture and setting is equivalent to pooling
the data from all clients. Comparisons with both regional and global models demonstrate
the effectiveness of healthcare centers cooperating through a federated strategy.

The code for the FL experiments was implemented in Python 3.10 using the library
flower [42], and is available on GitHub (https:/ /github.com/gsi-upm/fl_for_frailty (ac-
cessed on 8 September 2025)).

4. Discussion

This paper presents the first proof-of-concept of the viability of Federated Learning
techniques in a frailty detection setting. We simulated nine healthcare organizations
aggregating information on their respective models towards the common goal of frailty
detection among elderly people without the need to share any patient data.

Our auspicious results show that FL techniques represent a viable solution to the data
privacy problem in healthcare, specifically for frailty detection. By sharing information
between hospitals the predictive models for early detection of frailty provide improved
performance while respecting all data privacy regulations. The federated models are practi-
cally indistinguishable from the global ones and substantially improve the performance of
local architectures, as discussed in Section 3. Such results lead to the belief that adopting
FL techniques in the case of early frailty detection would have no theoretical downsides
and that any healthcare system with hospitals willing to cooperate could benefit from it.

However, this work has an explicit limitation in that it is a proof of concept developed
using data from a longitudinal study and does not consider the practical and technical
difficulties that would arise during an actual implementation.

Moreover, no region is lacking in data quantity or quality; hence, the differences in
performance could be limited compared to a real scenario. This factor also helps to reduce
problems related to data collection, such as missing data or collection time discrepancies.

Designing and deploying a federated infrastructure involving numerous hospitals
poses practical challenges. Specifically, the central server’s role is crucial to ensuring client
coordination and upholding all privacy protocols. Moreover, technical and operational
hurdles will surely arise when coordinating various hospitals with little experience in
this process. These problems are complex to replicate in a simulated and controlled
experiment, and we chose not to consider them in this proof of concept. Also, due to their
unpredictable nature, they would be hard to simulate. However, this topic should not be
underestimated when transferring this technology to real healthcare systems. Thus, the
proposed method should be validated in future work through experiments in a real case
study using hospital data.

A final limitation of this study is the interpretability of the proposed models. It has been
shown that interpretability is crucial to ensuring that professionals can trust the results of
models and integrate them into their work routines [43]. However, the scope of this study is
to assess the viability of FL techniques in improving early detection of frailty. Developing an
interpretability module, while useful in practical applications, would not add to the research
question of this proof-of-concept; hence, we decided to leave it for future work.

Another exciting future line of research involves the aggregation function. In this study;,
we adopted the simplest Fed Avg function, which was the ideal choice for demonstrating
the viability of a federated strategy in our frailty scenario and creating a benchmark. In the
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future, different aggregation functions could be tested in the case of frailty; alternatively,
new functions could proposed by the research community. In this line of work, it is essential
to leave the controlled environment provided by the FRELSA dataset and move to more
heterogeneous data that better represent the discrepancies between health centers and their
real data distributions.

In conclusion, FL shows promising results when applied to the task of early frailty
detection. More research and additional collaboration with practitioners are needed in
order to apply the results of this proof-of-concept to a real-world scenario and deploy a
whole federated frailty system in a region or a country while ensuring that all healthcare
facilities contribute to and benefit from it.
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Appendix A. Extended Results

In this appendix, all the results from the experiment discussed in Section 3 are pre-
sented in Table AT.

Table A1. Comparison of all metrics on the three different strategies for frailty detection. All regional
training metrics and federated and global training metrics are reported.

Accuracy Precision Recall F-Score AUROC PR-AUC
LogReg Local FedAvg Local FedAvg Local FedAvg Local FedAvg Local FedAvg Local FedAvg
South East 0.758 0.796 0.758 0.796 0.745 0.793 0.748 0.788 0.81 0.86 0.811 0.865
East of England 0.724 0.732 0.726 0.735 0.719 0.737 0.718 0.738 0.81 0.803 0.813 0.808
South West 0.75 0.752 0.749 0.759 0.744 0.753 0.745 0.751 0.811 0.835 0.813 0.837
North West 0.726 0.718 0.729 0.717 0.726 0.715 0.724 0.713 0.819 0.774 0.818 0.774
West Midlands 0.683 0.744 0.683 0.74 0.682 0.729 0.681 0.727 0.754 0.821 0.759 0.825
Yorksh. & Hum. 0.71 0.703 0.707 0.702 0.696 0.701 0.698 0.703 0.766 0.796 0.771 0.81
East Midlands 0.724 0.816 0.727 0.821 0.722 0.812 0.721 0.809 0.789 0.897 0.787 0.898
London 0.715 0.765 0.719 0.766 0.717 0.761 0.714 0.756 0.771 0.828 0.776 0.829
North East 0.726 0.691 0.728 0.693 0.726 0.69 0.725 0.687 0.781 0.78 0.782 0.783
Federated 0.74 0.741 0.737 0.735 0.816 0.818
Full dataset 0.74 0.743 0.737 0.737 0.817 0.82
MLP Local FedAvg Local FedAvg Local FedAvg Local FedAvg Local FedAvg Local FedAvg
South East 0.763 0.79 0.762 0.795 0.751 0.789 0.754 0.787 0.843 0.892 0.849 0.895

East of England 0.774 0.897 0.783 0.895 0.766 0.891 0.767 0.891 0.845 0.933 0.844 0.919
South West 0.791 0.831 0.792 0.835 0.782 0.832 0.782 0.832 0.86 0.932 0.883 0.939



https://www.elsa-project.ac.uk/
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Table Al. Cont.

Accuracy Precision Recall F-Score AUROC PR-AUC
LogReg Local FedAvg Local FedAvg Local FedAvg Local FedAvg Local FedAvg Local FedAvg
North West 0.779 0.816 0.781 0.819 0.775 0.818 0.775 0.817 0.85 0.903 0.879 0.947
West Midlands 0.725 0.791 0.725 0.801 0.724 0.79 0.721 0.79 0.814 0.862 0.812 0.85
Yorksh. & Hum. 0.752 0.832 0.75 0.835 0.739 0.825 0.742 0.827 0.809 0.931 0.818 0.946
East Midlands 0.754 0.904 0.754 0.908 0.75 0.906 0.749 0.906 0.847 0.998 0.852 0.998
London 0.737 0.869 0.744 0.876 0.747 0.857 0.734 0.862 0.84 0.938 0.838 0.924
North East 0.739 0.808 0.745 0.809 0.737 0.827 0.736 0.807 0.831 0.889 0.845 0.977
Federated 0.836 0.84 0.835 0.834 0.919 0.928
Full dataset 0.844 0.847 0.841 0.843 0.923 0.931

Appendix B. MLP Hyperparameters

In this appendix, the hyperparameters of the MLP architecture presented in Section 2
are collected. The hyperparameters were obtained through an optimization process involv-
ing all the data from the full dataset. Although this would not be possible in a real scenario,
it is the only way to ensure a fair comparison between the federated strategy and the global
model. Providing all possible advantages to the centralized baseline is essential in order to
avoid the results being skewed towards the federated model.

The optimization was performed using Optuna 4.4 [44], a hyperparameter optimiza-
tion software.

Table A2. Best hyperparameters of the MLP for early detection (wave 6 data).

Hyperparameter Optimal Value

Learn rate 1.33 x 1073

Hidden layers 2
Neurons 11 512

Learn rate 11 2.1x107°
Dropout 11 0.4
Neurons 12 128

Learn rate 12 1.37 x 1072
Dropout 12 0.5
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