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Abstract—Federated Learning is an emerging, powerful ap-
proach that allows training an artificial intelligence model in
a distributed setting. Two survival models, Cox and DeepSurv,
have been trained in a federated setting, exploiting both code
simulations and real experiments on the new platform, developed
by the GenoMed4All consortium. Different scenarios have been
tested by splitting a Myelodysplastic Syndrome dataset into
three nodes and performing feature removal. A significant gain
in model performance has been observed due to federated
aggregation.

Index Terms—Federated Learning, Survival Model, Myelodys-
plastic Syndromes, Neural Networks, GenoMed4All

I. INTRODUCTION

In recent years, the rapid growth of Next Generation Se-
quencing (NGS) platforms led to a widespread availability of
omics data (e.g. genomics, transcriptomics, proteomics and
epigenomics), which are crucial for achieving clinical accuracy
of predictive models and contributing to the development of
precision medicine [1]. The integration of different types of
omics data in model development improves performance [2],
[3] and can be used to identify potential new biomarkers [4],
increasing the predictive power [5]. Complex data in turn
require sophisticated algorithms that are both flexible and able
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to account for non-linear relationships, such as Deep Learning
(DL) models [2], which are neural networks characterized
by several hidden layers and a high number of nodes [6].
Therefore, these models have many parameters to set through
a training procedure, which requires a large volume of data
[7]. However, in healthcare applications, when dealing with
rare diseases such as most oncohematological disorders, the
availability of data is limited, especially for the development
of prediction methods for the survival analysis, which have to
deal with censored data that can heavily bias the results [8]–
[10]. Therefore, new strategies to improve data availability
are necessary, like synthetic data generation [10]. Survival
models would benefit from increased data availability, as it
could mitigate censoring phenomenon effects [9]. In addi-
tion, training DL models on heterogeneous datasets prevents
overfitting issues or biases, making the trained model more
robust and scalable [11]. However, a suitable training dataset
requires the collection of data from different healthcare entities
(e.g. hospitals, clinics and research institutions) with strict
regulations on data privacy that limit the sharing of sensitive
data [12].

Federated Learning (FL) provides a possible solution to
the problem of data sharing. FL is a branch of Machine
Learning (ML) consisting in a distributed training of an ML
model [12]. This framework is based on sharing model weights
and/or gradients rather than data itself [12], [13]. Different
FL workflows are available [14]. One of the most adopted
solutions is the horizontal FL with an aggregation server [14].

In this approach, a central server receives a common ML
model architecture, called the global model, which is shared
among the different institutions, called nodes. Each node has
its local model, with local weights, and its own dataset, which
cannot be shared with the other nodes. When the training
phase starts, each node trains its local model on its data for
a pre-established number of epochs. Then, local weights or
gradients are aggregated (usually, they are averaged) in the
central server, which sends them to each node, updating each
local model. The training phase proceeds locally for several
epochs, aggregating the weights. This process continues until
a satisfactory model performance is reached. Fig. 1 shows the
diagram of a basic FL workflow.

Federated aggregation refers to the process of aggregating
model parameters from all nodes in each round of federated
communication to build a global model [15]. Usually, trainable
parameters that undergo aggregation are weight parameters or
gradients of the neural networks. In a centralized FL scenario,
the central server controls the aggregation, which collects and
merges parameters from individual nodes.

The simplest federated aggregation strategy is called Fe-
dAvg [16] and basically consists of a weighted average of
local model parameters:

Wglob =
∑
k∈St

nk

N
· wk (1)

where St is the set of nodes, nk is the data volume of
node k, N is the total amount of data, wk are the model

Fig. 1: Scheme of a horizontal FL setting with a central server and three local
nodes, each with its own local data and local model instance. When training
starts, local nodes train their model on its own data (1), shares weights to the
central server (2) that aggregates them (3) and sends them back to the local
nodes (4), whose models get updated.

parameters of node k and Wglob are the aggregated global
model parameters. Other aggregation solutions can be used,
spanning from small variations of FedAvg (e.g. using median
instead of average) to more complicated algorithms (e.g.
FedNova [17]).

This study aims to implement a federated version of survival
models and to train them on a FL setting composed of three
distinct nodes. FL training has been performed in two different
ways: one is based on a simple Python code simulation without
the use of specific FL libraries, while the other one exploits
the FL platform developed in the context of the EU project
GenoMed4All [18]. These two approaches are called FLsimul
and FLreal, respectively.

II. MATERIALS AND METHODS

A. Federated implementation of the GenoMed4All platform

The FL platform includes a Manager Node (MN) and mul-
tiple Worker Nodes (WNs). The WN is the safe environment
within each institution to upload the data. The MN acts as
an orchestrating platform for the FL framework. As shown
in Fig. 2, on this main interface the WNs installed in other
hospitals can be registered, uploading the models in pickle
format and saving the dataset’s path on each WN. When a
training session starts, the selected pickle model is shared from
the MN to the different WNs. Within each WN, a containerized
Flower Environment [19], [20] is spawned, and the model is
trained for a full epoch on the local dataset. When the epoch
is completed, the model weights are shared back to the MN
node for FedAvg aggregation, in order to create a more robust
central model; specific training metrics are also shared back to
the MN for monitoring through an MLFlow interface, Fig. 3.
The aggregated weights of the central model are then sent once
again to the various WNs involved in the training: this process
is repeated until the number of training rounds specified by
the user is met. Thanks to this paradigm, the dataset never
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Fig. 2: Screenshot of the GenoMed4All platform dahsboard. From top to
bottom: test name definition, dataset selection, model selection, choice of the
runtime library and of the number of epochs.

leaves the safe environment of the WN, and only the model’s
weights are shared between the virtual machines. The MN is
hosted at Humanitas Research Hospital, and the 3 WNs are
located at Humanitas, Universität Leipzig, and the University
of Bologna.

B. Model implementation with Flower

The FL implementation is based on Flower library [19],
[20]. Flower is a FL framework developed by a research
group at the University of Cambridge. It is a Python object-
oriented library, compatible with the most common ML li-
braries, such as Scikit-learn [21], Tensorflow [22], Pytorch
[23], etc. Its main classes allow the development of a FL model
and its corresponding client and server instances. The FL
model is characterized by some functions, i.e. set weight(),
get weight(), fit() and evaluate(), controlling the main FL
actions: setting network parameters, retrieving weights from
the network, training the network on the dataset and evaluating
its performance on a test dataset. Several tutorials and a
large documentation are provided on the Flower website [19].
The models under study have been implemented through the
Pytorch library [23].

C. Models

1) Cox model: The Cox Proportional Hazards (PH) model
is the most popular method to analyze survival data [24], and
it is mathematically described as:

h(t|Xi) = h0(t) · exp(βi ·Xi) (2)

where h0(t) is the baseline hazard function and βi are
the regression coefficients. They can be optimized by the
minimization of the partial log-likelihood:

log(PL(β)) =

N∑
i=1

βiXi −
N∑
i=1

log

( ∑
j∈R(Ti)

exp(βjXj)

)
(3)

2) DeepSurv: DeepSurv provides a nonlinear model for
survival analysis using a deep feedforward neural network,
where the output is a linear activation function that estimates
the log-risk function of the Cox model [25]. The cost function
is a negative partial log likelihood, which is optimized at each
training step:

l(θ) = − 1

NE=1

∑
i:Ei=1

(
ĥθ(xi)− log

∑
j∈R(Ti)

exp(ĥθ(xj))

)
(4)

where θ are the weights of the network, NE=1 is the number
of patients with an observed event and ĥθ(xi) is the output of
the network.

D. Application to a clinical dataset

1) Myelodysplastic Syndromes: Myelodysplastic
Syndromes (MDS) are a group of hematological cancers
characterized by the failure of the bone marrow stem cells
to mature into normal functioning blood cells, with a risk
of progression into acute myeloid leukaemia [26]. It occurs
mainly in elderly people and the median age at diagnosis
is about 65-70 years, while less than 10% of patients are
under 50 years [27]. MDS are still diagnosed by examining
blood and bone marrow, which shows blood cytopenias and
hypercellular marrow with dysplasia, with or without excess
of marrow immature cells [27]. International Prognostic
Scoring System (IPSS) [28] and its revised version (IPSS-R)
[29] can be used to assess disease risk. These prognostic
systems are mainly based on clinical and hematological
parameters, like the percentage of blasts in the bone marrow,
the presence of cytogenetic abnormalities, the number and the
extent of cytopenias [30]. The IPSS-R defines 5 risk groups
based on a numbered point value for each prognostic variable
that is summed to attain a total score ranging from 0 to 10
[31]. However, these scoring systems have some limitations,
and they can fail in capturing crucial prognostic information
[30].

MDS pathophysiology is a multistep process involving
both gene mutations and cytogenetic changes [27]. The most
frequent mutations occur in three chromatin-related genes:
DNMT3A, TET2, and ASXL1. Other commonly mutated genes
are SF3B1, SRSF2, U2AF1, and ZRSR2, but also RUNX1,
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Fig. 3: Screenshot of the MLflow-based user interface. The C-index trends for the three federated institutions during the training phase are displayed.

TP53, STAG2 [30]. In addition, complex karyotypes can be
observed in MDS patients, like del(5q), del(11q), del(9q)
or del(12p) [26]. Treatment of MDS patients has improved
in the past few years, ranging from symptomatic treatment
of cytopenia (e.g. by transfusions) to allogeneic stem-cell
transplantation [27].

2) Dataset: The entire cohort of MDS patients is formed
by joining two different datasets: 1) a retrospective cohort
of 2043 patients collected by GenoMed4All [18], [31] and
Synthema [32] consortia; 2) a publicly available dataset of
2384 patients by the International Working Group for the study
of Prognosis in MDS [33], [34]. Inclusion criteria were age ≥
18 years, diagnosis of MDS by WHO 2016 [35]–[37] criteria,
and information available on demographics, clinical features,
mutational screening/chromosomal abnormalities, treatment,
and survival. Humanitas Ethics Committee approved the
study (ClinicalTrials.gov Identifier: NCT04889729). Written
informed consent was obtained from each participant [33].
Each patient is characterized by 64 features, which can be
grouped into point mutations, karyotype abnormalities and
clinical data. In addition, time-to-event, censoring status and
prognostic indexes (IPSS and IPSS-R) are provided.

The MDS dataset has been divided among the 3 nodes,
named Node1, Node2 and Node3, with 2656, 1328 and 443
patients, respectively.

3) FL scenarios: Five different scenarios have been de-
signed to be tested in both an isolated and a federated
framework:

a Best scenario: all 64 features are present.
b Random scenario: random removal of a specific percent-

age of mutation variables:
– 10% of mutation variables are removed
– 30% of mutation variables are removed
– 60% of mutation variables are removed

c Worst scenario: a list of 12 karyotype variables and 16
mutations are removed.

The total number of available features for each scenario is
shown in Tab. I.

The design of the scenarios described above is not arbitrary,
but it has been chosen to represent realistic situations, taking
into account which features are often not available. These

scenarios allow us to test how FL affects the performance
of the models trained on datasets of different sizes. Moreover,
they will enable us to study how the number of features affects
model performance and how FL can influence it.

4) Training and performance evaluation: Federated models
have been trained through a 10-fold cross-validation (CV)
procedure, each lasting 100 epochs, which are sufficient to
allow the model performance to reach stability. The 10-fold
CV approach has been chosen to have a balance between
training, validation and testing data. Every 5 epochs, federated
aggregation is applied. Each local dataset has been split into
training, validation and test sets (72%, 8% and 20% of the total
amount of local data, respectively). Each FL experiment has
been performed in both the FLsimul and the FLreal settings,
using the 3 nodes through the GenoMed4All platform.

Model performance has been assessed using the Harrell’s
Concordance index (C-index), which is based on the idea
that an individual observed to have an earlier time-to-event
compared to other individuals would ideally be assigned a
higher predicted risk score from the candidate survival model,
and it can deal with censored data [38], [39]. Let’s consider
a pair of patients, i and j, whose time-to-event variables are
denoted as Ti and Tj , respectively. Let us introduce a status
variable δi: if δi = 1, the patient had the event, while δi = 0
otherwise. The survival model can predict a risk score γi for
each patient, based on their covariates. If the survival model
is good, a higher risk score is expected to be assigned to
patients with shorter time-to-event. The C-index is computed
as follows:

C − index =

∑
i̸=j 1Tj<Ti · 1γj>γi · δj∑

i̸=j 1Tj<Ti · δj
(5)

Basically, the C-index is the ratio between concordant pairs
and the sum of concordant and discordant pairs. A C-index
lower than 0.5 means that it is better to conclude the opposite
of what the estimated risk score states. If the C-index is near
1, it means that the model performs well in estimating risk
scores.
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TABLE I: NUMBER OF AVAILABLE FEATURES FOR EACH FEDER-
ATED SCENARIO.

Scenario Best Random Random Random Worst
10% 30% 60%

Features 64 62 59 54 36

TABLE II: COX AND DEEPSURV PERFORMANCE FOR ALL THE
SCENARIOS IN THE CENTRALIZED TRAINING SETTING (I.E. ALL
DATA MERGED).

Model Best Random Random Random Worst
10% 30% 60%

Cox 0.737± 0.738± 0.737± 0.740± 0.737±
0.002 0.001 0.002 0.002 0.002

DeepSurv 0.728± 0.728± 0.726± 0.727± 0.729±
0.004 0.004 0.004 0.004 0.003

III. RESULTS

A. Centralized training

Both Cox and DeepSurv have been trained in a centralized
framework, where the three local datasets have been joined
into a unique one with 4427 samples. Ideally, the models’
performance on the centralized dataset should be the best.
Centralized C-indexes for all the scenarios are reported in Tab.
II.

B. Best scenario

Cox and DeepSurv training curves in the best scenario are
shown in Fig. 4 and Fig. 5, respectively. Training curves show
performance behaviour in terms of C-index for 100 epochs of
training. Centralized, isolated learning and FLsimul, Fig. 4a,
are coloured in green, blue and orange, respectively. Each node
is represented with a different line style. As expected, the third
node suffers from a lower performance in the isolated training,
due to its small dataset size. The aggregating weights allows it
to increase its performance, making it similar to the other two.
However, after federated averaging, Node3 performance drops
rapidly. Nevertheless, its average performance is higher than
the isolated one. Node1 and Node2 do not show significant
differences between isolated and federated training. FLreal
results are shown in Fig. 4b. Here, Node1, Node2 and Node3
are coloured in orange, blue and green, respectively. Observing
DeepSurv in FLsimul, Fig. 5a, it is possible to notice that,
after federated aggregation, Node3 continues to benefit from
parameters’ sharing, as its performance remains above a mean
C-index of 0.76. The FLreal results are shown in Fig. 5b.
Again, Node2 and Node3 have a similar performance in
isolated and federated settings. The final c-indexes for the three
training approaches are reported in Tab. III and Tab. IV for
Cox and DeepSurv, respectively.

C. Random scenario

Random scenarios are characterized by missing data at
different percentages (10%, 30% and 60%). A general observa-
tion could be that isolated training performance shows larger
oscillations with respect to the best scenarios for both Cox
and DeepSurv, Fig. 6a and Fig. 7a, respectively. Confidence

intervals are larger. In Fig. 6a and Fig. 7a, Node3’s C-indexes
are lower than those of Node1 and Node2. In addition, the
Node3 C-index confidence intervals have greater ranges. The
same observation is valid for random 30% (Fig. 8a and Fig. 9a)
and 60% (Fig. 10a and Fig. 11a). FLreal experiments mitigate
these huge variations.

The Cox model of Node3 shows a significant performance
drop after federated averaging. Furthermore, in a random
10% scenario, the DeepSurv model of Node2 encounters high
oscillations (Fig. 7b). In random 30% and 60% scenarios, the
DeepSurv model of Node1 shows large in-width confidence
intervals, indicating the need for further investigation (Fig. 9b
and Fig. 11b, respectively).

D. Worst scenario

Finally, the performance of Cox and DeepSurv trained
on the worst scenario nodes is shown in Fig. 12 and Fig.
13, respectively. Isolated training, Fig. 12a and Fig. 13a, is
characterized by poor performance for Node3, whose mean
C-index is 0.62 and 0.64 for Cox and DeepSurv models,
respectively. However, as in the previous cases, federated
aggregation improves the C-index. Moreover, DeepSurv of
Node2 benefits from weights averaging, as its mean C-index
increases from 0.69 up to 0.76 in both FLsimul and FLreal,
Fig. 13b. No significant improvement is observed for Node1.

IV. DISCUSSION

The performance of Cox and DeepSurv models trained on
different scenarios in isolated, FLsimul and FLreal settings is
reported in Tab. III and Tab. IV, respectively. Each C-index
value has been computed as the mean of the 10 C-indexes at
epoch number 100 for each CV fold. The uncertainty has been
estimated with the 95% confidence interval.

In general, Node3, corresponding to the dataset of the
University of Bologna, is the one that always benefits from
federated aggregation of the neural network weights. Due to
its smaller dataset size (443 samples), its local models cannot
reach an average performance higher than 0.66. After federated
aggregation, a significant improvement allows reaching an
average C-index of 0.76 for DeepSurv.

However, Cox model shows a rapid drop in its performance,
reaching an average C-index of about 0.69. It is interesting
to note that, in most federated settings, DeepSurv of Node3
has the best performance with respect to the other clients.
Furthermore, it can also be noticed that Node3 is the one
that shows larger in-width confidence intervals, meaning that,
despite weights aggregation, its model performance is prone
to oscillations.

Larger confidence intervals, as observed for Node3, indicate
variability in performance, that implies to obtain high and low
C-indexes depending on different input datasets during the
CV procedure. This behaviour is detectable for small datasets
after isolated learning, where local empirical distributions may
greatly vary from the global distribution [40]. Generally, the
difference between empirical and true distribution exponen-
tially decreases with the sample size, but for small samples
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(a) (b)
Fig. 4: Cox training curves for the three nodes for best scenario. (a) Curves for centralized (green), isolated (blue) and FLsimul learning (orange) are displayed.
The linestyle defines the node type (Node1, Node2, Node3 or centralized). (b) FLreal learning C-index curves for Node1 (orange), Node2 (blue) and Node3
(green).

(a) (b)
Fig. 5: DeepSurv training curves for the three nodes for best scenario. (a) Curves for centralized (green), isolated (blue) and FLsimul learning (orange) are
displayed. The linestyle defines the node type (Node1, Node2, Node3 or centralized). (b) FLreal learning C-index curves for Node1 (orange), Node2 (blue)
and Node3 (green).

(a) (b)
Fig. 6: Cox Training curves for the three nodes for random 10% scenario. (a) Curves for centralized (green), isolated (blue) and FLsimul learning (orange) are
displayed. The linestyle defines the node type (Node1, Node2, Node3 or centralized). (b) FLreal learning C-index curves for Node1 (orange), Node2 (blue)
and Node3 (green).

the difference can be substantial if the distribution differs from
a Normal one [41]. The federated aggregation reduces that
variability because the weights’ averaging allows sharing the
properties of other large datasets, improving also the model
reliability.

Interestingly, DeepSurv of Node2 suffers from feature miss-
ingness in all three random scenarios. Moreover, despite the
lower number of available features, it has a better performance
in the worst scenario, where it reaches an average C-index of
0.69.

Similarly, Node1, which has the larger volume of the
dataset, performs increasingly on the three random settings.

However, the difference is not significant as it is within
confidence intervals. In addition, Node1 maintains the same
average performance (C-index of 0.75 and 0.73 for Cox
and DeepSurv, respectively) among all the isolated training
scenarios.

Depending on the number of available features, both random
and worst scenarios require more training epochs to reach
higher C-index values. The choice of 5 as the frequency of
federated aggregation came out after trying several values (5,
10 and 20) and choosing the larger than allowed to reach an
optimal performance.

Another crucial outcome of these experiments is the com-
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(a) (b)
Fig. 7: DeepSurv training curves for the three nodes for random 10% scenario. (a) Curves for centralized (green), isolated (blue) and FLsimul learning
(orange) are displayed. The linestyle defines the node type (Node1, Node2, Node3 or centralized). (b) FLreal learning C-index curves for Node1 (orange),
Node2 (blue) and Node3 (green).

TABLE III: COX MODEL PERFORMANCE FOR ALL THE SCENARIOS IN ISOLATED, FLSIMUL AND FLREAL TRAINING SETTING.

Scenario Nodes Samples C-index isolated C-index FLsimul C-index FLreal

Best
Node1 2656 0.751± 0.003 0.746± 0.004 0.72± 0.02
Node2 1328 0.747± 0.008 0.756± 0.005 0.74± 0.02
Node3 443 0.62± 0.03 0.70± 0.02 0.69± 0.04

Random (10%)
Node1 2656 0.753± 0.002 0.746± 0.003 0.72± 0.02
Node2 1328 0.748± 0.007 0.755± 0.004 0.75± 0.02
Node3 443 0.66± 0.02 0.69± 0.03 0.69± 0.05

Random (30%)
Node1 2656 0.752± 0.002 0.746± 0.005 0.72± 0.02
Node2 1328 0.748± 0.007 0.755± 0.007 0.74± 0.02
Node3 443 0.64± 0.03 0.67± 0.05 0.65± 0.05

Random (60%)
Node1 2656 0.74± 0.02 0.747± 0.004 0.72± 0.03
Node2 1328 0.744± 0.008 0.759± 0.007 0.74± 0.02
Node3 443 0.64± 0.05 0.68± 0.04 0.67± 0.04

Worst
Node1 2656 0.74± 0.03 0.742± 0.006 0.72± 0.02
Node2 1328 0.754± 0.006 0.767± 0.006 0.75± 0.02
Node3 443 0.62± 0.05 0.65± 0.07 0.69± 0.02

TABLE IV: DEEPSURV MODEL PERFORMANCE FOR ALL THE SCENARIOS IN ISOLATED, FLSIMUL AND FLREAL TRAINING SETTING.

Scenario Nodes Samples C-index isolated C-index FLsimul C-index FLreal

Best
Node1 2656 0.733± 0.003 0.744± 0.005 0.74± 0.02
Node2 1328 0.72± 0.01 0.752± 0.006 0.76± 0.01
Node3 443 0.66± 0.04 0.75± 0.01 0.76± 0.04

Random (10%)
Node1 2656 0.735± 0.006 0.74± 0.01 0.76± 0.01
Node2 1328 0.69± 0.06 0.75± 0.01 0.77± 0.03
Node3 443 0.66± 0.03 0.75± 0.01 0.74± 0.02

Random (30%)
Node1 2656 0.71± 0.06 0.741± 0.006 0.74± 0.02
Node2 1328 0.66± 0.08 0.718± 0.08 0.76± 0.02
Node3 443 0.69± 0.02 0.72± 0.06 0.76± 0.04

Random (60%)
Node1 2656 0.734± 0.007 0.74± 0.05 0.74± 0.02
Node2 1328 0.71± 0.01 0.71± 0.07 0.76± 0.02
Node3 443 0.64± 0.06 0.70± 0.07 0.76± 0.04

Worst
Node1 2656 0.726± 0.09 0.740± 0.004 0.73± 0.02
Node2 1328 0.69± 0.07 0.754± 0.009 0.76± 0.01
Node3 443 0.64± 0.03 0.75± 0.01 0.75± 0.04

parison between results from FLsimul and FLreal tests, per-
formed with the GenoMed4All platform. Both Cox and Deep-
Surv models have been initialized with the same hyperparam-
eters in both FLsimul and FLreal settings, except for initial
weights. Training phases have the same number of epochs and
the same federated aggregation frequency. From the C-index
estimates in Tab. III and Tab. IV, it is possible to assess that
the two approaches agree. Differences fall within confidence
intervals and it can be justified with different initialization
weights. This result makes the GenoMed4All platform reliable
from the point of view of the obtained outcomes. Therefore,

it is possible to use this platform for FL experiments without
resorting to control simulations, knowing that the obtained
results are reliable. Moreover, other FL experiments involving
different models and tasks (e.g. clustering) can be done.
Finally, it could facilitate the application of this approach
to different kinds of diseases, like other oncohematological
conditions or neurodegenerative disorders, which commonly
belong to rare pathologies.

While the present study provides valuable insights into FL
of survival models in healthcare applications, it is necessary to
mention some limitations. Firstly, the use of only three clients
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(a) (b)
Fig. 8: Cox training curves for the three nodes for random 30% scenario. (a) Curves for centralized (green), isolated (blue) and FLsimul learning (orange) are
displayed. The linestyle defines the node type (Node1, Node2, Node3 or centralized). (b) FLreal learning C-index curves for Node1 (orange), Node2 (blue)
and Node3 (green).

(a) (b)
Fig. 9: DeepSurv training curves for the three nodes for random 30% scenario. (a) Curves for centralized (green), isolated (blue) and FLsimul learning
(orange) are displayed. The linestyle defines the node type (Node1, Node2, Node3 or centralized). (b) FLreal learning C-index curves for Node1 (orange),
Node2 (blue) and Node3 (green).

(a) (b)
Fig. 10: Cox training curves for the three nodes for random 60% scenario. (a) Curves for centralized (green), isolated (blue) and FLsimul learning (orange)
are displayed. The linestyle defines the node type (Node1, Node2, Node3 or centralized). (b) FLreal learning C-index curves for Node1 (orange), Node2 (blue)
and Node3 (green).

does not allow us to fully simulate the potential of a robust FL
scenario. This is indeed a choice made by the GenoMed4All
consortium, so at the moment there are only three WNs.
Secondly, the study involves relatively small datasets. Testing
the infrastructure and model scalability to large-scale datasets
would provide more insights into performance and algorithm
efficiency in dealing with higher levels of data heterogeneity
and data imbalances. In addition, the trade-off between privacy
of sensitive medical data and model performance should be
investigated, in particular for what concerns the aggregation
process. All these limitations should be addressed in further
analyses.

Finally, the platform is powerful and secure, but still has
room for improvement: working with pickle files can be
difficult and cumbersome for newcomers. Furthermore, during
the training phase, the different weights of the models must
be collected from the various WNs: this procedure can be
faster or slower according to the amount of data available, the
virtual machine specifications and the network connectivity
of the node. The platform has currently been validated on
the MDS use case, but in the near future it will be tested
on other different hematological diseases and data types. Last
but not least, the platform currently implements the FedAvg
algorithm, but in the future we plan to apply other different
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(a) (b)
Fig. 11: DeepSurv training curves for the three nodes for random 60% scenario. (a) Curves for centralized (green), isolated (blue) and FLsimul learning
(orange) are displayed. The linestyle defines the node type (Node1, Node2, Node3 or centralized). (b) FLreal learning C-index curves for Node1 (orange),
Node2 (blue) and Node3 (green).

(a) (b)
Fig. 12: Cox training curves for the three nodes for worst scenario. (a) Curves for centralized (green), isolated (blue) and FLsimul learning (orange) are
displayed. The linestyle defines the node type (Node1, Node2, Node3 or centralized). (b) FLreal learning C-index curves for Node1 (orange), Node2 (blue)
and Node3 (green).

(a) (b)
Fig. 13: DeepSurv training curves for the three nodes for worst scenario. (a) Curves for centralized (green), isolated (blue) and FLsimul learning (orange) are
displayed. The linestyle defines the node type (Node1, Node2, Node3 or centralized). (b) FLreal learning C-index curves for Node1 (orange), Node2 (blue)
and Node3 (green).

types of weights aggregation methods available, considering
the quantity and distribution of the data across nodes.

V. CONCLUSION

Federated Learning is a powerful approach for the decentral-
ized training of ML models. Sharing and aggregating model
parameters instead of data leads to an improvement in the
overall performance, especially when models are trained on
small-sized dataset. This study shows a federated implemen-
tation of two standard survival models, Cox and DeepSurv.
The federated training procedure has been performed both
through Python code simulations (FLsimul) and exploiting

the GenoMed4All platform (FLreal). Experimental outcomes
confirm the benefits of weights aggregation, especially for
Node3, which is the client characterized by the smallest dataset
(443 samples). Moreover, FL improves model performance
when the dataset is affected by feature missingness. Finally,
the experiments assessed the reliability of the GenoMed4All
platform, as its results agree with those of the simulated
ones. This finding allows the possibility of using this process
for other different tasks, such as federated embedding and
clustering, extending the application to other rare diseases.
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