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ABSTRACT

Integrating Artificial Intelligence (AI) into Survival Analysis (SA) has advanced predictive modeling in health-
care, enabling precise and personalized predictions of time-to-event outcomes, such as patient survival. However,
real-world SA datasets often suffer from data scarcity, heterogeneity, and privacy constraints, which limit the ap-
plicability of traditional and modern Al methods. To address these challenges, we propose the Federated Synthetic
Data Sharing (FedSDS) framework, which integrates synthetic data generation with Federated Learning (FL).
For SA, we leverage SAVAE, a state-of-the-art model for complex datasets. Using the Variational Autoencoder-
Bayesian Gaussian Mixture model enhanced with artificial inductive bias, FedSDS generates high-quality synthetic
data locally and shares them among nodes, enabling collaborative model training without direct data sharing.
FedSDS introduces a biased aggregation strategy that aligns synthetic data with local distributions, outperforming
traditional FL methods, such as Federated Average. Validated under independent and identically distributed (IID)
and non-IID scenarios, FedSDS mitigates data imbalances and heterogeneity, showing significant performance im-
provements in scarce and heterogeneous data. The proposed framework offers a scalable and privacy-preserving
solution for SA in decentralized environments. By enhancing model generalizability and robustness, FedSDS pro-
vides a promising path forward for collaborative analytics in healthcare, paving the way for improved patient
outcomes and greater adoption of federated techniques in real-world applications.

1. Introduction

models. Furthermore, these innovations promise to streamline health-
care processes, reducing costs while improving overall efficiency and

The integration of Artificial Intelligence (AI) into the medical domain
has revolutionized healthcare, offering unprecedented opportunities for
advancements in disease diagnosis, personalized treatment planning,
and predictive analytics. Al-driven technologies have demonstrated
their potential to significantly enhance clinical outcomes by enabling
early detection of critical conditions through medical imaging, opti-
mizing patient care pathways, and facilitating more accurate predictive
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accessibility.

Among the many applications of Al in healthcare, Survival Analysis
(SA) is essential for understanding time-to-event outcomes such as pa-
tient survival, disease progression, or treatment efficacy. Historically, SA
has relied on classical statistical methods. Non-parametric techniques,
such as the Kaplan-Meier (KM) estimator [1], are widely used due to
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their simplicity in estimating survival probabilities without requiring
distributional assumptions. Semi-parametric approaches, particularly
the Cox proportional hazards (CoxPH) model [2], have traditionally
dominated the field, offering flexibility by assuming proportional haz-
ards while estimating hazard ratios. Over time, CoxPH has been ex-
tended to handle interactions, time-varying covariates, and stratified
analyses, establishing its role as a gold standard for survival stud-
ies. However, these classical models are limited by their assumptions
of linearity and proportionality, which restrict their applicability to
high-dimensional, non-linear data structures.

Machine Learning (ML) has enabled more complex and flexible mod-
eling in SA. Models such as Random Survival Forests [3] and gradient-
boosted survival trees [4] have demonstrated superior predictive accu-
racy over traditional statistical models [5]. More recently, Deep Learning
(DL) approaches have emerged, leveraging Neural Networks (NNs) to
overcome the limitations of classical methods. Comprehensive reviews,
such as [6], highlight the fast evolution of these methods. For example,
DeepSurv [7] extends CoxPH by parameterizing the log-risk function
with feed-forward NNs, maintaining the proportional hazards assump-
tion. Cox-Time [8] introduces time-varying effects for greater flexibility,
though at the expense of computational efficiency. Beyond Cox-based
models, DL has introduced discrete-time methods like DeepHit [9]
and Dynamic-DeepHit [10], which model survival probabilities directly
without relying on proportional hazards assumptions. While achieving
excellent performance, their reliance on discrete time introduces lim-
itations in modeling continuous outcomes. Advanced parametric DL
models, such as the Survival Analysis Variational Autoencoder [11]
(SAVAE), overcome these constraints, offering robust and flexible solu-
tions for modeling non-linear relations in survival outcomes. These ad-
vances are particularly valuable in precision medicine, where complex,
high-dimensional data often yield critical insights into patient-specific
outcomes.

Despite these advances, Al applications in SA remain significantly
constrained by data scarcity and heterogeneity, particularly in real-
world datasets. SA datasets often involve rare diseases, making them
small, incomplete, and highly variable across institutions. High levels of
censored data add further complexity, skewing distributions and reduc-
ing predictive accuracy. Geographic and demographic biases exacerbate
data heterogeneity, creating significant challenges for building robust
and generalizable models. Privacy regulations and institutional barri-
ers further hinder data sharing, limiting opportunities for collaborative
model training.

Synthetic Data Generation (SDG) has emerged as a promising so-
lution to address data scarcity by augmenting small datasets with
realistic, artificially generated data samples. Generative models based on
Generative Adversarial Networks (GANs) and Variational Autoencoders
(VAEs) like CTGAN [12], TVAE [12], and VAE-BGM (Bayesian Gaussian
Mixture model) [13] have demonstrated success in producing high-
quality synthetic tabular data. These models can learn complex
data distributions, enabling the generation of synthetic samples that
closely resemble real-world datasets. However, these state-of-the-art
SDG methods typically require large datasets with thousands of sam-
ples for effective training, which is often unattainable in SA scenar-
ios. Consequently, their applicability in low-data scenarios remains
limited.

To address this limitation, Apellaniz et al. [14] proposed a novel
methodology for SDG in low-data settings by introducing artificial in-
ductive biases. Their approach uses the state-of-the-art VAE-BGM model
and introduces artificial inductive biases through transfer learning and
meta-learning techniques. This methodology incorporates pre-training,
model averaging, and meta-learning approaches such as Model-Agnostic
Meta-Learning [15] (MAML) and Domain Randomized Search [16]
(DRS) to guide the generative model. These techniques improve the
model’s ability to generate realistic synthetic data, even from lim-
ited datasets, as demonstrated by enhanced divergence metrics such
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as Jensen-Shannon (D;¢) and Kullback-Leibler (D) divergences. Yet,
while the SDG methodology [14] offers a robust solution to data scarcity,
it does not fully address the challenges posed by data heterogeneity
across institutions. Geographic, demographic, and institutional differ-
ences often result in highly variable datasets, especially in rare diseases,
where biases in covariates and event distributions are more pronounced
[17-19].

Federated Learning (FL) presents a complementary approach to ad-
dressing the challenges of data scarcity and heterogeneity by fostering
collaboration across institutions without requiring centralized data ag-
gregation. FL ensures compliance with strict privacy regulations while
enabling multi-institutional collaboration by allowing institutions to
retain control over their local datasets. This approach is particularly
well-suited for SA, where data heterogeneity is exacerbated by geo-
graphic, demographic, and institutional differences, especially in rare
diseases. The decentralized nature of FL enables models to learn from
diverse patient populations across institutions, mitigating biases intro-
duced by localized datasets. By pooling insights from geographically
and demographically diverse institutions, FL expands the scope of anal-
ysis, improving the robustness and generalizability of survival models.
Existing FL approaches in SA predominantly focus on federating CoxPH
models [20-22], which, as discussed, are constrained by their inher-
ent limitations. Traditional FL techniques, such as Federated Averaging
(FedAvg) [23], aggregate model parameters iteratively across institu-
tions to produce a global model. However, FedAvg is designed for
independent and identically distributed (IID) data and struggles in non-
IID scenarios, which are prevalent in SA due to the inherent diversity
in patient populations and healthcare settings. When data distributions
vary significantly across institutions, FedAvg’s reliance on parameter-
sharing can lead to biased global models and suboptimal convergence.
Several methods have been proposed to improve FL in non-IID set-
tings, including FedProx [24], FedNova [25], Scaffold [26], and FedMA
[27]. These techniques aim to stabilize updates, correct client drift,
or normalize contributions to mitigate the effects of heterogeneity.
However, they share a common objective: aligning clients toward a sin-
gle global model. In clinical contexts, this alignment may not be ideal,
as local data distributions often reflect meaningful and context-specific
characteristics. Moreover, most of these methods still rely on multiple
rounds of communication between clients and the central server, which
can introduce additional latency and computational cost in practical
deployments.

To address the dual challenges of data scarcity and heterogene-
ity, we propose integrating SDG into FL, resulting in the Federated
Synthetic Data Sharing (FedSDS) framework. FedSDS replaces tradi-
tional parameter-sharing mechanisms by exchanging synthetic data
generated locally at each institution. Each participating node employs
the VAE-BGM model [13]—enhanced with artificial inductive bias tech-
niques as described in [14]—to generate high-quality synthetic datasets
that encapsulate the underlying characteristics of their local data. These
synthetic datasets are then shared among institutions, enabling collabo-
rative SA model training while preserving privacy. FedSDS offers several
distinct advantages:

1. Addressing Data Scarcity: By generating synthetic data locally,
FedSDS augments limited datasets, enabling effective model
training even in resource-constrained environments.

2. Handling Non-IID Data: Sharing synthetic data instead of
model parameters allows FedSDS to accommodate heteroge-
neous datasets, ensuring robust model performance across diverse
institutions.

3. Efficiency in Communication: Unlike traditional FL techniques
that require multiple rounds of communication, FedSDS operates
in a single round of synthetic data exchange, significantly reduc-
ing communication overhead while maintaining performance.
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4. Privacy Preservation: The exchange of synthetic data ensures

that raw patient data remains private, fostering trust among
participating institutions.

Thus, this paper introduces a novel framework for performing SA
using real-world datasets characterized by scarcity, heterogeneity, and
high levels of censoring. The framework addresses critical data availabil-
ity and quality challenges by integrating SDG into FL while preserving
privacy. The key contributions of this work are:

A Comprehensive Framework for SA using SAVAE: We propose
a novel framework for conducting SA on real-world datasets that
are often small, incomplete, and heterogeneous. The framework
employs SAVAE [11] as the core SA model, leveraging its flexibility
and robustness in modeling non-linear relationships and time-to-
event outcomes. This integration enables robust survival modeling
in decentralized, privacy-sensitive environments, even with scarce
and low-quality data.

Introducing FedSDS: The FedSDS framework is proposed as a core
component of this methodology. By incorporating SDG into FL,
FedSDS enables collaborative training across institutions without
requiring centralized data aggregation. This approach addresses
data scarcity and heterogeneity, particularly in scenarios involving
rare diseases and geographically biased datasets.

Leveraging VAE-BGM for SDG: FedSDS employs the VAE-BGM
model enhanced with artificial inductive bias techniques as de-
scribed in [14]. This integration allows the generation of high-
quality synthetic data in low-data scenarios, effectively augment-
ing datasets and enhancing the generalizability of SA models.
Addressing Non-IID Data in FL: FedSDS introduces a novel ap-
proach to handling heterogeneous, non-IID datasets by replacing
traditional parameter-sharing mechanisms with the exchange of
synthetic data. This method ensures that model performance re-
mains robust even when data distributions vary significantly across
institutions. To achieve this, we take advantage of the encoder-de-
coder architecture of the SAVAE model, which enables latent space
representation and facilitates the selection of relevant synthetic
samples for biased aggregation.

Efficiency in Communication and Scalability: Unlike traditional
FL methods such as FedAvg or FedProx, which require multiple

Latent
Space

Input Covariates Encoder

SAVAE

Covariates Decoder

\\\
\

Time Predictor
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rounds of parameter sharing, FedSDS minimizes communication
rounds by operating in a single round of synthetic data exchange.
This design reduces communication overhead, making the frame-
work scalable and suitable for resource-constrained institutions.
Evaluation on Realistic Scenarios: We comprehensively evalu-
ate FedSDS under both IID and non-IID scenarios using diverse
SA datasets. This evaluation includes a direct comparison with
the widely used FedAvg and FedProx techniques to assess the per-
formance of our proposed method. The experiments demonstrate
that FedSDS effectively overcomes data scarcity and heterogene-
ity while maintaining high model performance, highlighting its
advantages over traditional FL approaches.

The remainder of this paper is organized as follows: Section 2 de-

scribes the methodology, including a detailed explanation of SA, the
SAVAE model, and the FL techniques (FedAvg, FedProx, and FedSDS).
Section 3 introduces the data, experimental settings, and evaluation sce-
narios, including both IID and non-IID configurations, and presents the
results. Finally, Section 4 concludes the paper, summarizing the key
findings, implications, and potential future research directions.

2. Methodology

2.1. Survival analysis

SA, or time-to-event analysis, focuses on modeling the time until an

event occurs, accounting for censored cases where the event has not oc-
curred by the end of observation. SA datasets consist of triplets (x;,;, d;),
where x; is a covariate vector, 7; is the observed time, and d; € {0, 1} indi-
cates censoring. The survival function S(t|x) = P(T > t|x) represents the
central quantity of interest, often modeled alongside the hazard function
h(t|x) and the density function p(t|x).

In this work, we adopt SAVAE [11], a generative model based on

VAEs, which estimates the time-to-event distribution through latent
variables. SAVAE flexibly handles censoring and covariate complexity
without relying on assumptions about proportional hazards. It models
both covariates and survival times through an Evidence Lower BOund
(ELBO) objective, with a Weibull likelihood for time modeling. An
overview of SAVAE’s architecture is depicted in Fig. 1. Full mathematical
details are provided in Appendix A.

Covariates
Reconstructed

i
z) t

T

Survival Time
Predicted

Fig. 1. Schematic representation of SAVAE. The encoder g4(z|x) maps the input covariates x into a latent Gaussian space z. This latent space is used by a decoder
Po, (x|2), which reconstructs the covariates x, and a predictor p, (x|z), which estimates the survival time 7.
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2.2. Federated learning

FL enables collaborative model training across decentralized institu-
tions without sharing raw patient data, offering a compelling solution for
privacy-preserving healthcare analytics. However, FL systems face sig-
nificant challenges when data distributions are non-IID across clients, a
common scenario in clinical settings due to demographic, procedural,
and institutional differences. Most FL frameworks involve iterative local
training followed by global aggregation via a central server. While ef-
fective under IID assumptions, this structure often suffers from degraded
convergence and fairness in non-IID conditions.

2.2.1. State-of-the-art FL methods

FedAvg [23] remains the foundational FL algorithm. It performs mul-
tiple local update steps at each client and aggregates model parameters
at a central server through weighted averaging. Despite its simplicity and
scalability, FedAvg struggles when client data distributions are highly
heterogeneous, leading to biased global models and slow convergence.

FedProx [24] extends FedAvg by adding a proximal term to the local
loss function, discouraging local models from drifting too far from the
global model. This stabilization technique improves convergence in non-
IID environments but still relies on repeated communication rounds and
enforces alignment to a global objective.

In this study, both FedAvg and FedProx are used as baseline methods
for comparative evaluation against our proposed FedSDS framework.
Full algorithmic descriptions of FedAvg and FedProx are provided in
Appendix B.

2.2.2. FedSDS

FL has demonstrated its utility in enabling collaborative model train-
ing across decentralized institutions while preserving data privacy.
However, traditional FL methods, such as FedAvg, encounter signifi-
cant challenges in non-IID settings, where data distributions vary across
nodes. These challenges often lead to imbalanced contributions from
nodes, biased global models, and suboptimal convergence. Extensions
like FedProx attempt to address these issues by constraining local model
updates, improving stability under heterogeneity. Nevertheless, they
still rely on repeated communication rounds and enforce alignment to
a single global model, which may not be ideal in healthcare scenar-
ios where preserving local data diversity is crucial. Recent works have
explored synthetic data generation to alleviate non-IID challenges in
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FL [28]. These approaches typically generate auxiliary data to aid model
generalization or simulate missing distributions across clients. However,
they often lack fine-grained control over how synthetic samples are
selected and integrated across heterogeneous nodes.

To address these issues, we propose FedSDS, an innovative FL strat-
egy that leverages synthetic data generation to overcome the limitations
of parameter-sharing methods in non-IID scenarios. FedSDS introduces
a different paradigm to the state-of-the-art by leveraging synthetic data
generation combined with latent-space-based filtering to selectively
integrate synthetic samples that are most relevant to each local distribu-
tion. This targeted selection mechanism, to the best of our knowledge,
has not been previously introduced in the context of FL. It allows FedSDS
to respect and enhance the diversity of client distributions rather than
forcing alignment toward a global average. Moreover, FedSDS shares
conceptual similarities with one-shot FL [29], particularly in its goal
to minimize communication overhead by exchanging external artifacts
rather than iterative parameter updates. However, unlike one-shot FL,
which aims to produce a global model from a single communication
step, FedSDS focuses on iteratively improving local model performance
through synthetic data augmentation without sacrificing the specificity
of local datasets. Importantly, FedSDS also aligns with decentralized
learning (DL) paradigms, where no central server is required and collab-
oration is achieved through peer-to-peer communication. Classical DL
methods typically involve model sharing among nodes [30-32], whereas
FedSDS departs from this approach by enabling data-centric collabora-
tion. Nodes retain full autonomy over their models and exchange only
synthetic data generated from local distributions, thereby preserving
both model and data locality. This design provides an alternative ap-
proach to personalization and collaboration that eliminates the need for
centralized coordination, potentially enhancing scalability and robust-
ness in settings with stringent privacy or infrastructure constraints. Fig. 2
illustrates an overview of the system architecture.

At the core of FedSDS lies the VAE-BGM model (depicted in Fig. 3),
a state-of-the-art approach for generating high-quality synthetic tab-
ular data [13]. The VAE-BGM refines the latent space of a standard
VAE by integrating a BGM, which models the latent representation as
a mixture of multiple Gaussian components. Unlike traditional Gaussian
priors, the BGM dynamically adjusts the number of components using a
Dirichlet process, enabling the model to capture complex, multi-modal
data distributions effectively. This flexibility allows the VAE-BGM to

NODE 1

Local
Do @—L\ TR

ek
Local
SAVAE Survival
Time

NODE 2

Survival

Time

SAVAE

Survival
Time

NODE 3

Fig. 2. Overview of the FedSDS framework. The best-performing node (Node 1) generates synthetic samples and shares them with the other nodes (Node 2 and
Node 3). Each receiving node augments its local dataset with synthetic samples to improve survival model training.
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Fig. 3. Schematic representation of the two processes followed by the VAE-BGM. (1) VAE Training Process, where the input data % (covariates, time, and event)
is encoded into a Gaussian latent space 2 and reconstructed to match the original data, optimizing the model’s representation capabilities, and (2) Data Generation
Process, where the latent space is refined using a BGM to generate a new latent representation 2 ,,,, enabling the creation of high-quality synthetic data that reflects

the original’s data distributions.

handle mixed data types, including continuous, binary, and categorical
variables, ensuring that synthetic datasets accurately reflect the un-
derlying structure of real-world data. Additionally, in this framework,
the latent space is crucial in enabling diversity and privacy preserva-
tion. Relying on a BGM introduces a more expressive distribution that
captures multi-modal and heterogeneous latent structures, which is par-
ticularly important in medical datasets, where patient characteristics are
rarely unimodal or homogeneous. The latent representations generated
by the VAE-BGM reflect these complex structures. They are later used not
only to reconstruct data but also to evaluate the similarity of synthetic
samples to local data in the aggregation step. This approach brings two
major benefits. First, the BGM enhances generative diversity, reducing
the risk of generating samples that closely replicate real data. Second, it
allows each node to filter incoming synthetic data based on their latent
proximity to the node’s real data, improving both personalization and
robustness while adding a layer of implicit privacy protection. By lever-
aging this latent-space representation for filtering, FedSDS avoids direct
reliance on raw features and instead compares samples in a compressed,
abstracted space less susceptible to re-identification risks. In summary,
this latent-space design not only enhances data utility but also provides
an implicit safeguard against sample memorization, which is critical for
privacy-sensitive applications like healthcare.

FedSDS incorporates the model-averaging technique proposed in
[14] to enhance the model’s robustness. This method leverages multi-
ple training instances of the VAE-BGM, initialized with different random
seeds. Instead of discarding poorly performing seeds, the approach av-
erages the parameters of all trained models to create a robust inductive
bias:

b=~ Y0, @

where S is the number of seeds and 6, represents the model’s parameters
trained with seed s. This computationally efficient strategy ensures that
the final model captures diverse perspectives from all training instances,
significantly improving the quality of synthetic data generated, even in
low-data scenarios.

This study generates synthetic data exclusively at the ‘best’ node, de-
fined as the client with the most complete and representative dataset.
This node is selected based on data availability and quality, ensuring a
sufficiently diverse local distribution for training the VAE-BGM model.
Generating synthetic data from this node helps avoid relying on clients
with few or highly biased samples, which can compromise the stabil-
ity of the generative model and the quality of the synthesized data.
This strategy mirrors principles from FL aggregation schemes, such as
FedAvg, where nodes with more data exercise greater influence. 5,000
synthetic samples are shared with each node from the generated pool
of synthetic samples. This ensures that all nodes, especially those with
limited or skewed data, receive high-quality synthetic data to augment
their local datasets. While synthetic generation is centralized at a sin-
gle node for robustness in this work, future extensions could explore
distributed synthetic generation across multiple clients, provided the
generative models are adapted to operate reliably under data-scarce or
heterogeneous conditions.

FedSDS replaces traditional parameter-sharing in FL by exchanging
synthetic data generated locally at each node. This framework includes
the following key components:

1. Local Synthetic Data Generation: The ‘best’ node indepen-
dently trains a VAE-BGM model according to the model-averaging
technique proposed in [14] and specified in Eq. (1). By leverag-
ing multiple initializations and averaging their parameters, each
node generates high-quality synthetic datasets that capture the
complexity and nuances of their local data. This process ensures
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that the generated synthetic data retains critical patterns and
correlations while preserving privacy.

2. Data Sharing and Aggregation: Once synthetic data are gener-
ated, 5,000 samples are shared with each node in the network.
This number was determined through empirical validation. We
observed that model performance improved with more synthetic
data up to approximately 5000 samples in preliminary exper-
iments. Beyond this point, performance gains plateaued while
computational and memory costs increased. Thus, 5000 samples
offered a good trade-off between model enhancement and compu-
tational efficiency in the considered datasets. To address potential
biases and ensure effective aggregation, FedSDS employs two
distinct strategies:

Random Aggregation (naive case): Synthetic data from other
nodes is randomly combined with the local dataset. This
straightforward approach provides a baseline for comparison
but may introduce biases if the synthetic data significantly
differs from the local data.
Similarity-Based Aggregation (biased case): Synthetic sam-
ples are filtered based on their proximity to the local data in
the latent space, ensuring that only the most relevant samples
are integrated. This approach preserves the inherent charac-
teristics of the local dataset while leveraging the diversity
of the shared synthetic data. A more detailed explanation of
this technique, including its implementation and underlying
methodology, is provided in a subsequent section to highlight
this key contribution.

3. Training with Augmented Data: Each node trains its local SA
model, such as SAVAE [11], using the augmented dataset that
combines real and synthetic data. This process improves the gen-
eralization ability of the local model by leveraging the additional
diversity introduced through data sharing.

A key advantage of FedSDS is its robustness in non-IID scenar-
ios. By sharing synthetic data instead of model parameters, FedSDS
accommodates nodes with varying data distributions, including those
with missing covariates or demographic biases. Synthetic data from one
node can compensate for unavailable features in another, enabling col-
laborative training even in heterogeneous environments. Additionally,
FedSDS significantly reduces communication overhead compared to tra-
ditional FL methods. Unlike FedAvg, which requires multiple rounds of
parameter-sharing to achieve convergence, FedSDS operates in a sin-
gle communication round of synthetic data exchange. This reduction
in communication rounds enhances scalability and efficiency, mak-
ing the framework particularly suitable for bandwidth-constrained and
resource-limited nodes.

Biased Aggregation Strategy

The biased aggregation strategy represents a key technical innova-
tion in the FedSDS framework, addressing the challenge of ensuring
that synthetic data shared between nodes aligns closely with local data
distributions. This alignment is crucial in non-IID settings, where data
heterogeneity can lead to suboptimal updates if irrelevant synthetic sam-
ples are integrated. To achieve this alignment, the following steps are
implemented:

1. Latent Representation Generation: Each synthetic sample gen-
erated at the ‘best’ node is passed through the encoder of the
local SAVAE model at the receiving node. This process maps the
synthetic data into a latent space, resulting in a vector repre-
sentation z,, .. for each sample. Similarly, the local dataset at
each receiving node is encoded into its latent space representation
Zlocal*

2. Proximity Calculation: To evaluate the relevance of each syn-
thetic sample, the distance between z,,, e and zj,., is com-
puted. This metric quantifies the similarity between the synthetic
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sample and the local data. The distance is calculated using the
Euclidean norm as defined below:

i VN L
d(zsynthet[c’ Zlocal) - ”zsyntheric zlocal ”’ (2)

where Zi Jnthetic and z{ow[ represent the latent space vectors of the

i-th synthetic sample and the j-th local sample, respectively. The

norm | - | denotes the Euclidean norm. For each synthetic sam-

ple Zi Jnthetic? the minimum distance to all local samples z/ s
calculated.

3. Relevance Filtering: Based on the calculated distances, only the
most relevant synthetic samples with the smallest distances to
Zj,ca are selected for integration into the local dataset. The syn-
thetic samples are ranked based on their computed d,,;, distances.
To filter the most relevant samples, the synthetic points are sorted
in ascending order of distance, and the top M samples with the
smallest distances are selected. This ensures that the aggregated
synthetic data complements the local data characteristics rather
than introducing noise or misaligned distributions.

4. Dataset Augmentation: The selected synthetic samples are then
integrated into the local dataset, enhancing its size and diversity
while maintaining consistency with its original distribution.

local

By aligning the shared synthetic data with local distributions, the
biased aggregation strategy minimizes the risk of introducing distribu-
tional noise. This alignment accelerates model convergence and en-
hances predictive performance. Additionally, the use of the encoder—de-
coder architecture of the SAVAE model allows nodes to dynamically
filter synthetic data based on latent space proximity, making this ap-
proach adaptable to varying levels of heterogeneity. Moreover, unlike
the naive aggregation, which can be computationally wasteful, the bi-
ased approach optimizes the selection process, ensuring that only the
most relevant samples are used. By implementing this strategy, FedSDS
ensures that the synthetic data exchange preserves the unique character-
istics of each node’s data while benefiting from the diversity introduced
by external samples.

Fig. 4 illustrates the process of biased aggregation in detail, show-
casing the steps from latent space representation to the selection of the
most relevant synthetic samples.

2.3. Survival analysis and federated learning integration

The integration of SA into FL provides a promising framework to ad-
dress the data scarcity challenges that have long hindered the advance-
ment of SA models. This integration offers a scalable, privacy-preserving
solution for learning from scarce, incomplete, or heterogeneous datasets.
To illustrate the workflow of our proposed method, Fig. 5 provides a
detailed overview of the FedSDS system, highlighting the interaction be-
tween synthetic data generation, aggregation, and local model training.

A key advantage of FedSDS over FedAvg lies in its communica-
tion efficiency. Traditional FL methods like FedAvg require multiple
iterative rounds of parameter updates and aggregations to achieve con-
vergence, which can be resource-intensive in bandwidth-constrained
environments. In contrast, FedSDS operates in a single communica-
tion round, wherein nodes can share synthetic data or their generative
models (including decoders and BGM parameters) with others. Sharing
the generative model allows nodes to generate as much synthetic
data as needed locally, enabling greater flexibility in addressing data
scarcity and enhancing local model training. This single-round approach
drastically reduces communication overhead while preserving model
performance, making it particularly advantageous in settings with lim-
ited communication resources. FedSDS accelerates model convergence
and enhances scalability for practical FL deployments by eliminating the
need for iterative exchanges. In addition, FedSDS is particularly effective
in non-IID environments, where nodes may have different covariates or
missing features. By sharing synthetic data tailored to each node’s local
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and z,,.,, are generated using the SAVAE encoder. Relevant synthetic samples are selected based on minimal distance to z,,.,, and integrated into the local dataset.

characteristics, FedSDS allows nodes to integrate data that complement
their own, ensuring robust and unbiased updates to the global model.
For example, synthetic data from one node can help another node pre-
dict unavailable covariates, enhancing its local model’s performance.
FedAvg, by contrast, cannot address these disparities, often resulting in
suboptimal global models in heterogeneous settings.

3. Experiments
3.1. Survival data

This study used two well-established SA medical datasets to evalu-
ate the proposed methodology: METABRIC and GBSG. These datasets
encompass a wide range of disease domains, patient demographics, and
event characteristics, providing a comprehensive framework to assess
the performance and generalizability of the VAE-based models for SA
and SDG, SAVAE, and VAE-BGM, respectively. Each dataset contributes
unique features, including censored and uncensored observations,
follow-up times, and clinical covariates, reflecting the diverse challenges

commonly encountered in SA. The following section highlights the key
attributes of each dataset:

« METABRIC: Derived from the Molecular Taxonomy of Breast
Cancer International Consortium, this dataset includes genomic
and clinical data from 1904 breast cancer patients [33].
Approximately 42.07% of the samples are censored, with an av-
erage event time of 125.03 (ranging from 0.0 to 355.20 days). The
dataset comprises 9 covariates, excluding the survival-specific vari-
ables (event time and event indicator), making it highly suitable
for modeling complex relationships between genetic mutations and
survival outcomes.

GBSG: Combining data from node-positive breast cancer patients
and a chemotherapy trial, this dataset [34,35] includes 2232 sam-
ples and seven covariates. Approximately 43.23% of the samples
are censored, with event times averaging 44.49 months(ranging
from 0.26 to 87.36 months). This dataset is ideal for evaluating
survival models in oncology settings.
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Fig. 5. Overview of the FedSDS workflow. Node 1 (best node) trains a VAE-
BGM model and generates 5000 synthetic samples. These samples are shared
with other nodes (Node 2 and Node 3). Upon reception, nodes perform ei-
ther naive aggregation (random merging) or biased aggregation (latent-space
filtering) to augment their local datasets before training their local SAVAE
models.

These datasets illustrate the common challenges faced in real-world
survival analysis, including data scarcity, heterogeneity, and high pro-
portions of censored observations. Their diversity ensures that the
proposed method’s ability to handle such challenges is rigorously tested.
The datasets’ main characteristics are summarized in Table 1.

In addition to these two datasets, we have further incorporated
an additional evaluation using an open real-world clinical dataset ex-
tracted from the publicly available TCGA Pan-Cancer resource [36], as
described in Appendix D. This dataset includes information about the
tissue source site, which allows us to partition the data across nodes,
simulating a decentralized multi-institutional scenario. This additional
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Table 1

Summary of the SA datasets used in this study. These datasets present
diversity in sample size, number of features, proportion of censored ob-
servations, and data types. This variety ensures a robust assessment of
the proposed methodology across different clinical and demographic set-
tings, addressing key challenges such as data scarcity, heterogeneity, and
censoring.

Dataset Number of Number of Number of Data types

samples features censored
METABRIC 1904 9 801 (42.07%) Binary and continuous
GBSG 2232 7 965 (43.23%) Binary, continuous and

discrete

experiment provides further evidence of the applicability of FedSDS
under heterogeneous and realistic data distributions.

3.2. Experimental design

This study evaluates the proposed methodology using distributed
data across three nodes, simulating IID and non-IID scenarios (Table 2).
The experimental design is structured to assess the performance of the
proposed framework under diverse data distribution settings and vary-
ing degrees of heterogeneity. Given the small sample sizes of the original
datasets, synthetic data was generated using the methodology proposed
in [14] to ensure sufficient data to design the various nodes and sce-
narios. Below, we describe the distribution of data across nodes and the
specific scenarios considered for each case.

Three nodes, each differing in terms of the quantity of data they
possess, are used for the experiments. The study examines two primary
cases: IID and non-IID data distributions. In each case, three distinct
scenarios are defined to reflect varying data allocation strategies and the
introduction of heterogeneity. Additionally, we include a special non-IID
scenario designed to test the ability of the FedSDS framework to handle
missing covariates.

3.2.1. IID data distribution

In the IID setting, the data across nodes follow similar distribu-
tions regarding covariates and event times. Three distinct scenarios are
defined:

« Scenario 1. Equal data distribution across nodes: Each of the
three nodes is allocated 3000 samples, with 2000 samples used for
training and 1000 for validation. This scenario represents the most
balanced and favorable case for FL, ensuring equal contributions
from all nodes.

Scenario 2. Unequal data distribution across nodes: The nodes
have differing quantities of samples: Node 1 has 3000 samples,
Node 2 has 1500 samples, and Node 3 has 1050 samples. Validation
sets of 1000 samples are maintained for all nodes, leaving 2000,
500, and 50 samples, respectively, for training. This scenario in-
troduces imbalances in data quantity between nodes, simulating
real-world conditions.

Scenario 3. Unequal data distribution with missing data: This
scenario builds on Scenario 2’s distribution of samples but in-
troduces missing data in Node 3. Specifically, 50% of the data
is missing. This scenario highlights the challenge of handling
incomplete datasets in FL.

3.2.2. Non-IID data distribution

In the non-IID setting, the data across nodes are heterogeneous re-
garding covariate distributions. Three scenarios analogous to the IID
case are defined but with added heterogeneity in the distribution of a
key covariate, regarding, which is critical for SA.

+ Scenario 4. Equal data distribution with heterogeneous covari-
ates: Each node is allocated 2000 training and 1000 validation
samples. However, heterogeneity is introduced in the age covariate:
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Table 2
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Overview of scenarios defined for the experimental design. Data quantity and quality across nodes under IID and non-IID conditions are detailed. Node 1, Node 2,

and Node 3 refer to training data allocated across the nodes in each scenario.

Case Scenario Data Node 1 Node 2  Node 3 Data

Distribution Quality
11D Scenario 1 Equal 2000 2000 2000 Homogeneous
11D Scenario 2~ Unequal 2000 500 50 Homogeneous
11D Scenario 3~ Unequal with missing data 2000 500 25 (50% missing) ~ Homogeneous
Non-IID  Scenario 4  Equal 2000 2000 2000 Node 2: 95% below median age, Node 3: 95% above median age
Non-IID Scenario 5 Unequal 2000 500 50 Node 2: 95% below median age, Node 3: 95% above median age
Non-IID  Scenario 6  Unequal with missing data 2000 500 25 (50% missing) ~ Node 2: 95% below median age, Node 3: 95% above median age
Non-IID  Scenario7  Two nodes, Node 2 lacks age covariate 3500 3500 N/A Node 2: age covariate predicted from Node 1’s synthetic data

- Node 1: Uniform distribution of age samples.
- Node 2: 95% of samples have ages below the median, with only
5% above the median.
- Node 3: 95% of samples have ages above the median, with only
5% below the median.
Scenario 5. Unequal data distribution with heterogeneous co-
variates: This scenario mirrors Scenario 2 regarding data quantity
across nodes but incorporates the same heterogeneity in the age
covariate as Scenario 4.
Scenario 6. Unequal data distribution with missing data and
heterogeneous covariates: This scenario extends Scenario 3 by
introducing heterogeneity in the age covariate for Nodes 2 and 3,
as defined in Scenario 4. Node 3 also retains 50% missing data,
making this the most challenging non-IID scenario for both FL
techniques.
Scenario 7. Addressing missing covariates: This scenario can-
not be evaluated using traditional parameter-sharing methods like
FedAvg and FedProx, and is designed specifically to test the capa-
bilities of FedSDS. Two nodes are used, each with 3500 training
and 1000 validation samples. However, Node 2 lacks a crucial
covariate—age—significantly impacting SA model performance.
Using FedSDS, synthetic data generated by Node 1 is employed
to train a predictor for the missing age column in Node 2. This pre-
dicted column is then integrated into Node 2’s dataset, allowing
the FedSDS framework to handle this non-IID scenario effectively
and demonstrate its adaptability to situations with fully missing
covariates.

3.3. Network architecture

3.3.1. Local SAVAE model at each node

The architecture of the SAVAE model implemented at each node fol-
lows the design outlined in [11]. The model comprises three different
Deep NNs: one encoder and two decoders. The encoder maps the input
data to a Gaussian latent space while the decoders reconstruct covari-
ates and time parameters. The encoder features a simple architecture
consisting of a single hidden layer with 50 neurons and a rectified linear
unit activation function. The output layer applies a hyperbolic tangent
activation function to generate the Gaussian latent space. The encoder
processes covariate vectors from the training dataset, projecting them
into a latent space of a fixed dimensionality (d, = 5). The latent rep-
resentation generated by the encoder serves as input to both decoders.
Each decoder comprises two linear layers. The first layer employs 50
neurons, a ReLU activation function, and a dropout rate of 20% to miti-
gate overfitting. The second layer features activation functions tailored
to the specific distributions of the covariates or time parameters, en-
suring output suitability. Early stopping is applied during training to
prevent overfitting, with a batch size of 250. Furthermore, due to the
inherent variability in VAE initialization, the SAVAE model is trained
using 10 different random seeds for robustness.

3.4. Synthetic data generation with VAE-BGM

We employ the VAE-BGM model for synthetic data generation as
described in [13]. This model introduces a BGM in the VAE frame-
work, enhancing the flexibility and expressiveness of the latent space.
The VAE-BGM model architecture mirrors that of the SAVAE, fea-
turing an encoder with a hidden ReLU layer of 50 neurons and a
hyperbolic tangent output layer alongside a decoder that adapts activa-
tion functions to match the distributions of the covariates. The latent
space dimensionality is set to d = 5, balancing feature representa-
tion and model complexity. Dropout with a 20% rate is incorporated
to mitigate overfitting, and the model is trained for up to 10,000
epochs with early stopping, using a batch size of 250. A key enhance-
ment of VAE-BGM is its treatment of the latent space as a mixture
of Gaussian distributions. This is achieved using a Dirichlet process
prior with a maximum of 20 components, allowing the model to adjust
to the complexity of the underlying data dynamically. Each Gaussian
component is parameterized with its covariance matrix, enabling the
model to capture intricate dependencies and non-Gaussian structures in
the data effectively. To further refine the VAE-BGM’s performance in
low-data scenarios, we integrate the model-averaging technique pro-
posed in [14]. This approach leverages multiple training runs (10
seeds in our implementation) with different initializations to enhance
robustness.

3.5. Federated learning framework

In the FL framework, the three techniques, FedAvg, FedProx, and
FedSDS, are applied differently:

» FedAvg and FedProx: These techniques involve iterative training
with five federated steps. During each step, nodes share their lo-
cally updated SAVAE model weights for aggregation, followed by
a global update. This process ensures a progressively refined global
model but incurs higher communication costs due to the multiple
rounds of information exchange.

FedSDS: In contrast, in FedSDS, each node trains the VAE-BGM lo-
cally to generate synthetic data. The generated synthetic datasets
are shared only in the first round of FL, eliminating the need for it-
erative communication rounds. This approach significantly reduces
communication overhead, making FedSDS a scalable and efficient
solution for real-world FL applications.

To evaluate the performance of the SA models in each node under
the isolated case and the FL techniques, the final results are averaged
over the three best runs with different random seeds. This approach ac-
counts for the sensitivity of VAEs to initialization, ensuring a robust and
comprehensive evaluation of the models.
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3.6. Evaluation metrics

Each dataset is characterized by triplets D = (x;, ti,di)iz |» Where x;
represents the covariate vector, #; denotes the time-to-event, and d; €
{0, 1} indicates the censoring status.

The Concordance Index (C-index) is a widely used metric in SA for
evaluating a model’s ability to rank predicted risks relative to observed
times. It generalizes the ROC curve by measuring the rank correlation
between predicted risk scores and observed event times. A model is
considered effective if higher predicted risks correspond to shorter
time-to-event. This analysis employs the time-dependent C-index [37],
which extends the original formulation [38] by accounting for dynamic
changes in risk over time. The time-dependent C-index is defined as:

€]

joli =

Cindex = P(F(IIX;) > Ftlxpld, = 1,1, <1,,t; < z),

where F(t]x;) is the CDF estimated by the model at time 7 for covariates
x;. This probability is determined by comparing relative risks pairwise,
emphasizing the model’s ranking performance.

Finally, hypothesis testing was conducted to compare the mean C-
index values of the FL cases against the isolated cases to ensure robust
evaluation. The null hypothesis assumes that isolated training would
yield worse C-index values (indicating worse performance of isolated
training) than FL techniques. The validity of this hypothesis was assessed
using p-values, with a significance threshold set at 0.05. A p-value be-
low this threshold led to the rejection of the null hypothesis, indicating
statistically significant superiority of the FL techniques. Conversely, a
p-value exceeding 0.05 suggested no significant difference between the
cases. This statistical approach ensured a comprehensive evaluation of
model performance by accounting for variations in the metrics across
different experiments.

Given the multiple hypothesis tests conducted, the risk of Type I
errors (false positives) increases with the number of tests, as noted in
[39-41]. To mitigate this, the Holm adjustment of the p-values [42] was
applied, effectively controlling Family-Wise Error Rate (FWER) inflation
and ensuring the reliability of the statistical conclusions.

3.7. Results

This section presents the C-index performance comparisons across
various scenarios for IID and non-IID distributions on each dataset.
Additional results using the Integrated Brier Score (IBS), which eval-
uates calibration and discrimination, are included in Appendix C.
Furthermore, an empirical analysis of convergence behavior during
training is provided in Appendix F, demonstrating the stability and ro-
bustness of the proposed framework across all experiments. The code for
reproducing all experiments is available at https://github.com/Patricia-
A-Apellaniz/fed_savae.

Table 3
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3.7.1. IID scenarios

The results below compare the performance of various approaches:
isolated node training, FedAvg, FedProx, and the proposed FedSDS
framework under both naive and biased synthetic data aggregation
strategies. The results are shown for three distinct scenarios across three
nodes, including centralized and isolated settings. Each cell reports the
C-index values in the format (lower bound - mean - upper bound),
reflecting the variability of results across multiple runs. Additionally,
adjusted p-values are provided to evaluate the statistical significance of
the differences between FL methods. Significant values (less than 0.05)
are highlighted in bold. This analysis is replicated across all datasets
used in the study to ensure a comprehensive evaluation.

The results for the METABRIC and GBSG datasets, presented in
Tables 3 and 4, highlight distinct patterns across scenarios.

In METABRIC, Scenario 1, with equal data distribution, shows no
significant improvement from FL methods. In contrast, in Scenario
2, disadvantaged nodes (Node 2 and Node 3) achieve substantial C-
index gains. Both FedProx and FedSDS biased improve performance
significantly. However, the gains are more pronounced with FedSDS
biased. Scenario 3 highlights significant improvements for Node 2 with
FedProx and FedSDS methods, particularly the biased strategy, and for
Node 3 across all FL techniques, again favoring FedSDS biased.

In GBSG, Scenario 1 reveals significant gains in Node 3, attributed to
using FedAvg and including synthetic data. Scenario 2 sees improve-
ments for Node 2 with FedAvg, FedProx, and FedSDS biased, while
Node 3 benefits from all FL techniques, with FedSDS biased yielding
the strongest results. Scenario 3 follows a similar trend, with Node 2
improving significantly with FedProx and FedSDS methods, and Node 3
showing gains across all techniques, again led by FedSDS biased.

3.7.2. Non-1ID scenarios

The following results are depicted as in the IID scenarios. C-index
values are presented comparing isolated, FedAvg, FedProx, and FedSDS
methods (naive and biased) for the different datasets under non-IID set-
tings. In these scenarios, Nodes 2 and 3 exhibit biased distributions in
the covariate age while maintaining the same number of samples as the
corresponding IID scenarios. Specifically, the age distributions are de-
liberately skewed across nodes to introduce heterogeneity, creating a
realistic challenge for FL techniques.

Tables 5 and 6 present the results for METABRIC and GBSG in non-
IID scenarios, highlighting consistent patterns in the most disadvantaged
nodes.

In METABRIC, Scenario 4, we observe a significant improvement at
Node 3 with FedProx, reflecting its ability to handle mild heterogene-
ity. In Scenarios 5 and 6, Nodes 2 and 3 benefit significantly using
FL techniques. Node 2 improves with FedAvg and FedSDS biased in
Scenario 5, while Node 3 achieves gains across all FL techniques. A
similar trend appears in Scenario 6, where Node 3 significantly improves

C-index comparison of isolated, FedAvg, FedProx, and FedSDS (naive and biased) methods for the METABRIC dataset in IID scenarios. Average C-index results
are shown with confidence intervals. Adjusted p-values below 0.05, indicating significant differences compared to the isolated case, are highlighted in bold.

Scenario Nodes Isolated FedAvg FedProx FedSDS naive FedSDS biased Adjusted p-values

Centralized Node 1 (0.619 -0.647 - 0.673) - - - - -

Scenario1 Node1 (0.606 - 0.637 - 0.666) (0.611 - 0.638 - 0.666) (0.615 - 0.643 - 0.670) (0.613 - 0.641 - 0.668) (0.609 - 0.640 - 0.671) 1.000/0.158/0.442/1.000
Node 2 (0.621 - 0.648 - 0.676) (0.625 - 0.652 - 0.681) (0.624 - 0.653 - 0.682) (0.617 - 0.646 - 0.676) (0.623 - 0.651 - 0.679) 0.238/0.147/1.000/0.570
Node 3 (0.621 - 0.649 - 0.677) (0.620 - 0.648 - 0.677) (0.624 - 0.651 - 0.679) (0.619 - 0.647 - 0.677) (0.620 - 0.652 - 0.681) 1.000/0.691,/1.000/1.000

Scenario 2 Node 1 (0.613-0.641-0.669) (0.608 - 0.635 - 0.662) (0.615 - 0.642 - 0.670) (0.611 - 0.638 - 0.666) (0.612 - 0.640 - 0.669) 1.000,/1.000/1.000/1.000
Node 2 (0.576 - 0.608 - 0.644) (0.589 - 0.621 - 0.658) (0.597 - 0.626 - 0.656) (0.583 - 0.628 - 0.673) (0.611 - 0.640 - 0.673) 0.147/0.023/0.273/0.001
Node 3 (0.587 - 0.621 - 0.651) (0.598 - 0.629 - 0.660) (0.613 - 0.641 - 0.670) (0.595 - 0.634 - 0.675) (0.614 - 0.645 - 0.678) 0.204 /0.003/0.421/0.001

Scenario 3 Node 1 (0.608-0.638-0.666) (0.612-0.640-0.669) (0.616 - 0.644 - 0.671) (0.609 - 0.637 - 0.663) (0.607 - 0.636 - 0.665) 0.771/0.052/1.000/1.000
Node 2 (0.577 - 0.610 - 0.641) (0.589 - 0.622 - 0.659) (0.593 - 0.624 - 0.657) (0.592 - 0.631 - 0.667) (0.614 - 0.644 - 0.673) 0.273/0.019/0.032/0.000
Node 3 (0.492 - 0.542 - 0.580) (0.561 - 0.593 - 0.622) (0.548 - 0.578 - 0.609) (0.557 - 0.590 - 0.623) (0.568 - 0.601 - 0.637) 0.008/0.032,/0.006,/0.002
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C-index comparison of isolated, FedAvg, FedProx, and FedSDS (naive and biased) methods for the GBSG dataset in IID scenarios. Average C-index results are
shown with confidence intervals. Adjusted p-values below 0.05, indicating significant differences compared to the isolated case, are highlighted in bold.

FedSDS naive

FedSDS biased

Adjusted p-values

(0.648 - 0.675 - 0.701)
(0.652 - 0.680 - 0.706)
(0.662 - 0.692 - 0.723)

(0.646 - 0.673 - 0.700)
(0.632 - 0.661 - 0.690)
(0.633 - 0.667 - 0.703)

(0.647 - 0.675 - 0.702)
(0.635 - 0.662 - 0.690)
(0.589 - 0.618 - 0.645)

(0.646 - 0.673 - 0.698)
(0.649 - 0.681 - 0.711)
(0.661 - 0.691 - 0.720)

(0.646 - 0.673 - 0.699)
(0.624 - 0.656 - 0.686)
(0.633 - 0.668 - 0.696)

(0.643 - 0.672 - 0.699)
(0.625 - 0.662 - 0.692)
(0.580 - 0.609 - 0.638)

(0.646 - 0.673 - 0.700)
(0.650 - 0.684 - 0.715)
(0.664 - 0.693 - 0.719)

(0.645 - 0.673 - 0.701)
(0.634 - 0.664 - 0.695)
(0.650 - 0.683 - 0.714)

(0.644 - 0.671 - 0.697)
(0.633 - 0.666 - 0.701)
(0.578 - 0.609 - 0.647)

1.000/1.000/1.000/1.000
0.253/0.399/0.460/0.338
0.021/0.215/0.233/0.019

0.143/0.399/0.360/1.000
0.039/0.009/0.338/0.010
0.000/0.001/0.001/0.000

0.350/0.353/1.000/1.000
0.233/0.010/0.060 /0.015
0.017/0.009/0.012/0.007

Scenario Nodes Isolated FedAvg FedProx
Centralized Node 1 (0.660 - 0.688 - 0.714) - -
Scenario 1 Node1l (0.643-0.673-0.702) (0.648 - 0.674 - 0.699)
Node 2 (0.648 - 0.677 - 0.706) (0.654 - 0.681 - 0.707)
Node 3 (0.658 - 0.686 - 0.714) (0.666 - 0.693 - 0.721)
Scenario 2 Node 1 (0.646 - 0.672 - 0.697) (0.647 - 0.674 - 0.701)
Node 2 (0.620 - 0.650 - 0.680) (0.628 - 0.658 - 0.686)
Node 3 (0.563 - 0.601 - 0.649) (0.627 - 0.666 - 0.710)
Scenario 3 Node 1 (0.646 - 0.673 - 0.698) (0.647 - 0.674 - 0.700)
Node 2 (0.617 - 0.649 - 0.679) (0.625 - 0.656 - 0.685)
Node 3 (0.502 - 0.545 - 0.603) (0.565 - 0.597 - 0.630)
Table 5

C-index comparison of isolated, FedAvg, FedProx, and FedSDS (naive and biased) methods for the METABRIC dataset in non-IID scenarios. Average C-index results
are shown with confidence intervals. Adjusted p-values below 0.05, indicating significant differences compared to the isolated case, are highlighted in bold.

FedSDS naive

FedSDS biased

Adjusted p-values

(0.612 - 0.642 - 0.671)
(0.579 - 0.615 - 0.653)
(0.617 - 0.646 - 0.674)

(0.610 - 0.639 - 0.669)
(0.582 - 0.625 - 0.673)
(0.559 - 0.590 - 0.622)

(0.611 - 0.640 - 0.669)
(0.576 - 0.620 - 0.660)
(0.525 - 0.563 - 0.603)

(0.612 - 0.640 - 0.668)
(0.590 - 0.619 - 0.648)
(0.622 - 0.650 - 0.679)

(0.613 - 0.641 - 0.672)
(0.602 - 0.635 - 0.667)
(0.563 - 0.594 - 0.632)

(0.609 - 0.636 - 0.665)
(0.612 - 0.643 - 0.671)
(0.544 - 0.573 - 0.603)

1.000/0.173/0.334/0.623
1.000/1.000/1.000/1.000
0.564 /0.029/1.000/0.291

1.000/1.000/1.000/1.000
0.005/0.291/1.000/0.005
0.003/0.003/0.007/0.003

1.000/0.167/1.000/1.000
1.000/0.195/1.000/0.002
0.003/0.007/0.007/0.001

Scenario Nodes Isolated FedAvg FedProx

Centralized Node1 (0.619 - 0.647 - 0.673) - -

Scenario 4 Node1l (0.611-0.638-0.664) (0.611 -0.638 - 0.665) (0.613 - 0.641 - 0.669)
Node 2 (0.586 - 0.617 - 0.649) (0.586 - 0.616 - 0.646) (0.586 - 0.614 - 0.643)
Node 3 (0.616 - 0.646 - 0.675) (0.622 - 0.649 - 0.676) (0.626 - 0.654 - 0.680)

Scenario 5 Node 1 (0.612-0.640 - 0.670) (0.610 - 0.638 - 0.665) (0.614 - 0.641 - 0.669)
Node 2 (0.582-0.616 - 0.646) (0.600 - 0.631 - 0.661) (0.595 - 0.622 - 0.649)
Node 3 (0.502 - 0.545 - 0.589) (0.566 - 0.599 - 0.634) (0.566 - 0.600 - 0.632)

Scenario 6 Node 1 (0.607 - 0.638 - 0.667) (0.611 - 0.639 - 0.667) (0.615 - 0.643 - 0.673)
Node 2 (0.589 - 0.620 - 0.653) (0.593 - 0.625 - 0.655) (0.600 - 0.630 - 0.666)
Node 3 (0.496 - 0.533 - 0.567) (0.523 - 0.557 - 0.592) (0.520 - 0.553 - 0.586)

Table 6

C-index comparison of isolated, FedAvg, FedProx, and FedSDS (naive and biased) methods for the GBSG dataset in non-IID scenarios. Average C-index results are
shown with confidence intervals. Adjusted p-values below 0.05, indicating significant differences compared to the isolated case, are highlighted in bold.

FedSDS naive

FedSDS biased

Adjusted p-values

Scenario  Nodes Isolated FedAvg FedProx

Centralize Node1 (0.660 - 0.688 -0.714) - -

Scenario 4 Node 1 (0.647 - 0.674 - 0.701) (0.645 - 0.673 - 0.701) (0.646 - 0.674 - 0.702)
Node 2 (0.666 - 0.693 - 0.720) (0.673 - 0.699 - 0.727) (0.671 - 0.697 - 0.724)
Node 3 (0.657 - 0.686 - 0.712) (0.665 - 0.692 - 0.718) (0.665 - 0.692 - 0.718)

Scenario 5 Node 1 (0.643 - 0.673 - 0.699) (0.646 - 0.675 - 0.701) (0.647 - 0.673 - 0.700)
Node 2 (0.636 - 0.672 - 0.708) (0.660 - 0.686 - 0.711) (0.657 - 0.686 - 0.716)
Node 3 (0.606 - 0.642 - 0.675) (0.638 - 0.668 - 0.698) (0.642 - 0.671 - 0.702)

Scenario 6 Node 1 (0.641 - 0.671 - 0.698) (0.648 - 0.674 - 0.700) (0.645 - 0.673 - 0.699)
Node 2 (0.641 - 0.676 - 0.706) (0.655 - 0.685 - 0.713) (0.656 - 0.684 - 0.713)
Node 3 (0.510 - 0.556 - 0.608) (0.571 - 0.600 - 0.629) (0.555 - 0.588 - 0.622)

(0.645 - 0.673 - 0.700)
(0.659 - 0.689 - 0.719)
(0.651 - 0.684 - 0.713)

(0.648 - 0.677 - 0.704)
(0.648 - 0.680 - 0.710)
(0.623 - 0.663 - 0.699)

(0.642 - 0.671 - 0.697)
(0.635 - 0.670 - 0.699)
(0.581 - 0.611 - 0.638)

(0.644 - 0.675 - 0.703)
(0.665 - 0.691 - 0.718)
(0.663 - 0.691 - 0.717)

(0.644 - 0.672 - 0.702)
(0.648 - 0.681 - 0.711)
(0.632 - 0.663 - 0.694)

(0.645 - 0.672 - 0.700)
(0.653 - 0.682 - 0.709)
(0.581 - 0.616 - 0.651)

1.000/1.000/1.000/1.000
0.017/0.116/1.000/1.000
0.018/0.017/1.000/0.050

0.989/1.000/0.149/1.000
0.222/0.166/0.823/0.662
0.005/0.002/0.050/0.012

0.330/1.000/1.000/1.000
0.254/0.293/1.000/0.517
0.045/0.106 /0.021/0.008

all methods, but FedSDS biased yields the most substantial gain, while
Node 2 improves only with this approach.

For GBSG, Scenario 4 reveals improvements in Node 3 using FedAvg,
FedProx, and FedSDS biased, but Node 2 sees improvement just using
FedAvg. In Scenario 5, Node 3 presents significant gains across FedAvg,
FedProx, and FedSDS biased. Finally, in Scenario 6, the most disadvan-
taged Node 3 benefits from all techniques except FedProx, achieving the
largest performance improvement with FedSDS biased.

3.7.3. Special IID scenario

In Scenario 7, the evaluation focuses on a unique and challeng-
ing non-IID case where one of the two nodes lacks the age covariate.
Due to this limitation, FedAvg and FedProx are not applicable, leaving
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FedSDS-based techniques as the only viable approach. Three distinct
configurations are tested to assess the performance and adaptability of
FedSDS, each leveraging synthetic data to compensate for the missing
information and enhance the model’s performance.

The first approach, labeled Imputation, involves generating synthetic
data at the ‘good’ node (the one with complete information) and train-
ing a predictor to estimate the missing age column for the ‘bad’ node
(the one lacking the age covariate). These imputed data are incorpo-
rated into the ‘bad’ node training process. The second configuration,
Imputation + Synthetic data naive, extends the first by augmenting
the ‘bad’ node’s dataset with synthetic data generated by the ‘good’
node and aggregated using the naive technique. The third configura-
tion, Imputation + Synthetic data biased, further refines the second by



P.A. Apelldniz, J. Parras and S. Zazo

Table 7
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C-index comparison in Scenario 7 of the three different FedSDS settings. Average C-index results are shown with confidence intervals.
Adjusted p-values below 0.05, indicating significant differences compared to the isolated case, are highlighted in bold.

Dataset Isolated Imputation Imputation + Imputation + Adjusted

Synthetic Data naive Synthetic Data biased p-values
METABRIC  (0.544 - 0.572-0.602)  (0.602 - 0.634 - 0.669)  (0.594 - 0.629 - 0.666)  (0.602 - 0.631 - 0.661)  0.000,/0.000,/0.000
GBSG (0.598 - 0.625 - 0.652)  (0.629 - 0.663 - 0.697)  (0.629 - 0.660 - 0.692)  (0.639 - 0.670 - 0.697)  0.000/0.000/0.000

employing the biased aggregation technique to ensure that the syn-
thetic data align closely with the local data distribution of the ‘bad’
node.

The results in Table 7 present the adjusted p-values for the C-
index improvement in the ‘bad’ node across the three configurations.
All datasets—METABRIC and GBSG—demonstrate significant improve-
ments in the C-index for each configuration compared to the isolated
case, with p-values consistently below 0.05. Notably, the datasets
achieve robust improvements, with p-values of 0.000 across all con-
figurations, showcasing the effectiveness of FedSDS even in the most
challenging non-IID scenarios.

3.7.4. Discussion

The results of this study highlight the effectiveness of FL approaches,
particularly the proposed FedSDS framework, in addressing challenges
such as imbalanced data distributions, heterogeneity, and missing crit-
ical covariates. Across both IID and non-IID scenarios, FedSDS con-
sistently outperforms traditional FL methods like FedAvg and also
advanced non-IID methods such as FedProx, especially when using the
biased aggregation strategy, which shows clear advantages over the
naive approach. FedSDS biased consistently performs better than its
naive counterpart due to its ability to align synthetic data more closely
with the local distributions of each node. The naive strategy aggregates
synthetic data randomly, which can introduce noise or misaligned distri-
butions, particularly in nodes with highly skewed or heterogeneous data.
This misalignment may lead to suboptimal model updates and hinder
performance improvement. In contrast, the biased strategy filters syn-
thetic samples based on their similarity to the node’s local data in the
latent space, ensuring that the aggregated synthetic data complements
the node’s unique characteristics. This targeted alignment enhances
model convergence and improves the ability of FedSDS to handle nodes
with extreme data imbalances or biases.

In IID scenarios, where data are assumed to be distributed identically
across nodes, FedSDS shows clear advantages in cases of imbalance.
While not too many significant improvements are observed in scenar-
ios with equal sample distribution across nodes (Scenario 1), FedSDS,
particularly the biased aggregation strategy, consistently improves per-
formance in scenarios where nodes face data scarcity (Scenarios 2 and
3). In these cases, although FedProx also achieves some gains by sta-
bilizing the training dynamics, FedSDS biased leads to more substantial
improvements by augmenting scarce data without altering local data
distributions. These improvements are most pronounced for nodes with
fewer samples, reflecting the framework’s ability to mitigate the impact
of data imbalance by effectively leveraging synthetic data generated
during training.

The performance gap becomes even more evident in non-IID sce-
narios, where nodes exhibit biased distributions in key covariates.
FedSDS biased consistently provides the most significant improvements.
Although FedProx improves performance by reducing client drift and
enforcing proximity to a global model, it still aims for global consen-
sus. In contrast, FedSDS is specifically designed to respect and enhance
local data characteristics by selectively augmenting datasets with rel-
evant synthetic samples. This distinction is crucial in healthcare and
SA contexts, where preserving local data heterogeneity can be more
important than achieving a perfectly aligned global model. In partic-
ular, FedSDS demonstrates notable superiority in the most challenging
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settings (Scenarios 5 and 6), where traditional FL techniques, such as
FedAvg and FedProx, struggle to maintain performance.

Scenario 7, where one node lacks a critical covariate, is particularly
challenging. In this setting, only FedSDS-based techniques are applica-
ble. The results clearly show the effectiveness of leveraging synthetic
data to compensate for missing information, with all configurations of
FedSDS yielding significant improvements in model performance.

While FedSDS demonstrates consistent advantages, it is important
to acknowledge that not all performance improvements observed across
scenarios and clients are statistically significant. As shown in Tables 3-6,
the most notable and statistically robust gains are observed in nodes
with limited data availability, skewed distributions, or missing features.
This behavior aligns with the core motivation of FedSDS: to enhance
model performance precisely in challenging, heterogeneous federated
environments where traditional parameter-averaging techniques strug-
gle. Conversely, clients with ample and well-balanced data may exhibit
more marginal improvements or none at all, a known challenge in FL
under heterogeneity. We highlight this limitation as an opportunity for
further refinement and client-specific adaptation of future FL strategies.

In addition to performance improvements, FedSDS achieves compu-
tational costs that are competitive with or lower than those of traditional
FL methods. This is primarily due to its single-round communication
protocol and lightweight generative models. A detailed comparison of
training times across scenarios and methods is provided in Appendix G.

These findings underscore the importance of advanced FL tech-
niques such as FedSDS for real-world applications, where data is often
imbalanced, heterogeneous, or incomplete. By integrating synthetic
data generation and aggregation tailored to local distributions, FedSDS
provides a robust and scalable solution for FL. In particular, this ap-
proach is well-suited to privacy-sensitive domains such as healthcare,
where sharing raw patient data is highly restricted, and addressing data
heterogeneity is crucial for building effective predictive models.

Nonetheless, privacy concerns remain critical, even when synthetic
data are used. It is well known that generative models such as VAEs
can be prone to memorizing training data, which may pose risks of
indirect information leakage. To mitigate this, FedSDS incorporates spe-
cific safeguards, including using the BGM and the latent-space filtering
during the aggregation process, that promote the generation of diverse
and non-identifiable samples. These mechanisms reduce the likelihood
of synthetic samples replicating real individuals too closely. To empiri-
cally support this claim, Appendix E presents a nearest-neighbor distance
analysis between real and synthetic samples, demonstrating the absence
of duplication or near-duplication. While this work does not provide
formal guarantees, such as Differential Privacy (DP), their integration
is identified as a promising avenue for future research, particularly in
highly regulated settings.

4, Conclusion

This study demonstrates the effectiveness of the FedSDS framework
in addressing the challenges of data scarcity, heterogeneity, and missing
critical covariates in SA. By integrating SDG with FL, FedSDS offers a ro-
bust, scalable, and privacy-preserving approach for collaborative model
training in decentralized settings. Across both IID and non-IID scenar-
ios, FedSDS, particularly the biased aggregation strategy, consistently
outperforms traditional methods such as FedAvg and more advanced
techniques designed for non-IID settings like FedProx. While FedProx
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successfully stabilizes training by preventing local models from drifting
far from the global model, FedSDS biased goes beyond by directly bene-
fiting each local node, augmenting its data without distorting its intrinsic
distribution. This local personalization is crucial in SA and healthcare
contexts, where client-specific heterogeneity carries meaningful clini-
cal implications. The experimental results consistently demonstrate that
FedSDS achieves significant improvements, especially in nodes with lim-
ited data availability, biased distributions, or missing features. Notably,
FedSDS outperforms FedProx even in the most challenging non-IID
scenarios, highlighting the benefits of aligning synthetic data with lo-
cal distributions instead of enforcing rigid global model consensus.
Furthermore, FedSDS achieves competitive or even lower computational
costs compared to traditional FL methods, thanks to its single-round
communication protocol and lightweight generative models.

The potential of FedSDS to transform SA methodologies is evident,
but it also paves the way for further exploration.

A key direction involves enhancing the fidelity of synthetic data,
with future efforts potentially leveraging advanced generative models
to better capture complex distributions in low-data settings. Moreover,
the framework’s flexible architecture allows for experimentation with
alternative SA models. These models must incorporate the latent space
representation characteristic of encoder—decoder architectures, which is
essential for the biased aggregation strategy. By incorporating different
methodologies beyond SAVAE, the generalizability and applicability of
FedSDS could be further validated.

While our study focuses on unimodal tabular data and a single-task
setting (survival estimation), many healthcare applications are inher-
ently more complex. Clinical scenarios often involve multi-task learning
(e.g., jointly predicting survival and disease subtype) and multi-modal
inputs (e.g., imaging, genomics, clinical notes). Extending FedSDS to
handle such data jointly would unlock richer representations and im-
prove its applicability in diverse real-world settings. However, we note
that multi-modal and multi-task SA remains an emerging field, with most
current approaches designed for centralized environments [6]. Initial
efforts such as SAMVAE [43] illustrate the potential of combining sur-
vival objectives with modality fusion, but these solutions have yet to
be extended to federated or privacy-constrained scenarios. We therefore
view the extension of FedSDS to these settings as a promising research
avenue, particularly given the variability of available modalities across
decentralized healthcare institutions.

Another important avenue is adapting FedSDS to dynamic SA envi-
ronments, where real-world data evolves due to changes in demograph-
ics, treatment protocols, or institutional practices. Ensuring adaptability
over time would enable the framework to maintain its relevance in an
ever-changing healthcare landscape.

From a systems perspective, while FedSDS currently operates under a
single-round communication scheme to ensure computational efficiency,
extending it to a multi-round setup represents an interesting future di-
rection. In a multi-shot FedSDS variant, synthetic data generation and
survival model training could co-evolve across multiple communica-
tion rounds, allowing models to refine synthetic datasets based on local
model feedback dynamically. Such an extension could enhance the per-
sonalization and effectiveness of collaborative learning, particularly in
highly heterogeneous environments.

In terms of privacy, although synthetic data sharing inherently im-
proves protection by decoupling model training from raw patient data,
we acknowledge that this does not guarantee formal protection against
potential information leakage. Integrating formal privacy guarantees,
such as DP, is a critical next step in highly regulated domains like
healthcare. Although this work focuses on architectural safeguards (e.g.,
latent-space filtering and BGM-based diversification), future research
should explore how these mechanisms can be combined with DP to
provide provable privacy bounds. For instance, adding noise in the la-
tent space during sample generation or applying DP mechanisms at the
filtering or aggregation stages could strengthen the framework’s robust-
ness. Such extensions would not only ensure regulatory compliance but
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also enhance the trustworthiness and adoption of FedSDS in practical
deployments.

Methodologically, alternative proximity calculation techniques in
the biased aggregation strategy could also be explored, such as using
Kullback-Leibler or Jensen-Shannon divergences. Since these metrics
compare probability distributions, they could be well-suited to the la-
tent space representations used in FedSDS, potentially improving the
alignment of synthetic data with local distributions.

Finally, while this study employed controlled simulations using
publicly available datasets to ensure reproducibility and systematic eval-
uation, we acknowledge that they may not fully reflect the complexity
of real-world federated healthcare environments. In particular, scenarios
involving a larger number of clients or higher-dimensional data distri-
butions, such as those found in intensive care units or multi-department
hospital systems, remain unexplored. Datasets such as MIMIC [44],
where care units could naturally partition data to simulate real-world in-
stitutional decentralization, offer a promising benchmark for validating
FedSDS in institutional-level federated scenarios. Additionally, future
studies should explore deployments involving a larger number of nodes
to better reflect realistic federated networks. This would allow a more
thorough assessment of the scalability and robustness of FedSDS under
complex, real-world conditions. In parallel, integrating FedSDS within
broader DL architectures, potentially leveraging peer-to-peer topologies
or gossip-based protocols to propagate synthetic data across clients. Such
adaptations could enhance resilience, reduce single points of failure, and
enable FedSDS to scale in more dynamic and distributed environments.

In conclusion, FedSDS represents a significant advance in FL for
SA. It addresses the critical limitations of traditional methods while
enabling effective collaboration in privacy-sensitive settings. By contin-
uing to refine and expand its capabilities, FedSDS has the potential to
become a cornerstone methodology for decentralized healthcare ana-
lytics, ultimately improving patient outcomes and advancing precision
medicine.
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Appendix A. Mathematical foundations of SA and SAVAE
An SA dataset, D, consists of N observations represented by triplets
D = (x;,1;,d)N,, where:

* x; € is a covariate vector encompassing all the relevant features for
the i-th individual;
» 1; denotes the observed time-to-event;
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« d; € {0,1} is an indicator variable, where d; = 1 signifies the event
occurrence (uncensored data) and d; = 0 indicates censoring. A
distinct feature of SA models is their ability to handle censored
data cases where the event of interest is not observed within the
study’s time frame.

The primary objective of SA is to model the probability of event
occurrence over time. A survival model typically predicts the survival
function, which represents the probability that the event occurs after a
given time ¢, conditional on the covariates x and is defined as
S(t]x) = P(T > t]x) = 1 — F(t|x), 4)
where F(f|x) is the CDF of the time. Additionally, SA involves related
functions such as:

« The hazard rate function, h(t|x), quantifying the instantaneous
event occurrence rate at time z.

« The time probability density function, p(¢|x), providing the proba-
bility density of event times.

These functions are interconnected as follows:

p(t1x) = h(t|x)S(1]x), (5)
where h(t|x) and S(¢|x) jointly describe the event occurrence dynamics.

SAVAE [11] offers a generative approach to SA by leveraging VAEs
to model time-to-event data. Unlike traditional SA methods, SAVAE does
not assume proportional hazards, enabling a more flexible representa-
tion of survival outcomes, particularly in the presence of censoring and
intricate covariate correlations.

SAVAE aims to estimate the

p (t*lx*, {xit; )il ), where t* is the time-to-event for a given covariate
i=1

predictive  distribution

vector x*. This distribution is expressed as:

p(l*lx*,{xi,ti}ll)=/p(I*lz,{xi,t,-}i]ll)p<z|x*,{x,-,t,-}illl>dz, 6)

where z represents the latent variable that encodes dependencies
within the data. Since direct computation of the true posterior p(z|x)
is intractable, SAVAE employs a variational approximation g4(z|x) to
estimate it.

The model is trained by maximizing the ELBO, defined as:

Z(x,0,¢) = ]Eq(b(dx) [lngg(xa t|z)] - DKL(4¢(Z|X)||P(Z))a 7

where Dy ; denotes the Kullback-Leibler divergence. The joint likeli-
hood py(x,t|z) is factorized as:

Po(x.112) = pg, (x|2)pg, (1]2), @®)

where 6, and 6, parameterize distributions for covariates x and survival
times ¢, respectively. Then, the ELBO can be expanded as:

Z(x,0,,0,,¢) = =Dy (q4(z|x)| |P(Z))+Eq¢(1|x) [Inggl (x|2) + 10gp92(flz) .
9

For censored data, the survival likelihood adapts to incorporate the
hazard A(¢) and the survival S(¢) functions, as defined in [45]:

_ h(t|2)S(t|z)
po, (1]2) = {S(rlz)

if uncensored,
(10)
if censored.

SAVAE models survival times using the Weibull distribution p(t; a, A),
widely validated in [46]. This distribution allows explicit parameteriza-
tion of the survival, hazard, and probability density functions:
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This parameterization enables SAVAE to effectively model both cen-
sored and uncensored data, ensuring an accurate representation of
time-to-event distributions.

Additionally, SAVAE assigns distributions to covariates in the re-
construction term of the ELBO, providing flexibility to capture their
underlying structure. Common distributions include Gaussian for con-
tinuous variables, Bernoulli for binary variables, and Categorical for
discrete variables. This design enhances SAVAE’s adaptability to com-
plex datasets while supporting other differentiable distributions for
broader applicability. By integrating these elements, SAVAE ensures
robust performance in modeling survival outcomes under diverse and
challenging conditions.

Appendix B. Details of FL baselines

FL is a decentralized ML paradigm enabling collaborative model
training across multiple devices or institutions (nodes) without requir-
ing direct real data sharing. Unlike traditional centralized methods that
require aggregating data into a single repository, FL allows participants
to retain their data locally, addressing privacy concerns and ensuring
compliance with strict real data-sharing regulations. This architecture
is particularly beneficial in domains like healthcare, where data sen-
sitivity, privacy requirements, and regulatory constraints significantly
hinder centralized data collection.

The FL framework involves training local models on individual
datasets and aggregating their learned parameters or updates to pro-
duce a global model. This approach is well-suited to handling challenges
such as data heterogeneity (non-IID distributions), limited communica-
tion bandwidth, and scalability in multi-institutional environments. FL
enhances the resulting models’ security and robustness by leveraging
local computation and employing privacy-preserving protocols.

FL has demonstrated considerable promise in healthcare applica-
tions such as disease diagnosis, risk prediction, and SA. It facilitates
collaborative learning among nodes, enabling them to build robust pre-
dictive models while preserving the confidentiality of sensitive patient
data. However, FL still faces several challenges, including communi-
cation inefficiency, difficulties in achieving model convergence, and
reduced performance in environments characterized by non-IID data
distributions.

To evaluate the effectiveness of our proposed technique (FedSDS),
we compare it against two widely used FL baselines: FedAvg [23] and
FedProx [24].

B.1. FedAvg

FedAvg, first introduced by McMahan et al. [23], is a foundational
and widely adopted method in FL. FedAvg enables decentralized collab-
orative model training across multiple nodes, each possessing a portion
of the overall data, without requiring direct real data sharing. The
method operates iteratively, with the following key steps:

1. Initialization: A unified model architecture, such as the SAVAE
model, is designed and shared among all the nodes. While the ini-
tial model weights can differ across nodes, the architecture (e.g.,
number of layers) must remain consistent to ensure compatibility
during the aggregation step. Each node initializes its model and
begins training on its local dataset.

2. Local Training: Each node, denoted as i = 1,2, ..., L, performs
model training using its local dataset D,. The training process
involves optimizing the model weights W; locally, typically over
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multiple epochs, using standard optimization techniques such as
stochastic gradient descent. The resulting weights W, capture the
knowledge learned from each node’s unique data distribution.

3. Model Aggregation: All nodes transmit their update model pa-
rameters W, to a central server after local training. The server
aggregates these parameters through a weighted averaging pro-
cess, where the contribution of each node is proportional to the
number of samples M, in its dataset. The aggregated global model
W is computed as:

~

Ml
w=Y —w,

anN (2

where N = Z[L: | M; represents the total number of samples across
all nodes.

4. Iterative Training Process: The aggregated global model W is
distributed back to the nodes, further refining their local datasets.
This iterative process of local training and global aggregation
continues for a predefined number of iterations or until the
model achieves the desired level of accuracy. Each iteration im-
proves the global model by incorporating knowledge from the
distributed data.

5. Stopping Criteria and Convergence: The FedAvg training pro-
cess finishes after a fixed number of iterations or when the
global model converges, indicated by diminishing improvements
in performance metrics.

FedAvg’s key innovation lies in its aggregation mechanism, which en-
sures that the global model encapsulates distributed knowledge without
compromising the privacy of local datasets. The weighted averaging step
prioritizes contributions from nodes with larger datasets (i.e., higher
M,), balancing the influence of nodes with varying data quantities.
This approach mitigates the risk of overfitting to specific nodes while
promoting robust generalization across the collective data.

B.2. FedProx

FedProx, proposed by Li et al. [24], extends FedAvg by addressing
its limitations under non-IID data. It introduces a proximal term in the
local objective function to limit the divergence between local models
and the current global model.

Specifically, each client solves the following modified local optimiza-
tion problem:
min fi(W) + S -wp, a3
where f;(W)) is the local empirical loss at node i, W is the global model,
and 4 > 0 is the proximal coefficient controlling how strongly local
models are regularized toward the global model.

The training process mirrors FedAvg, with the following differences:

« Local objectives explicitly penalize deviation from the global
model.

« This stabilization mitigates client drift and improves convergence
in heterogeneous settings.

While FedProx improves robustness under non-IID distributions, it
still relies on iterative communication rounds and enforces alignment to
a central model, which can be limiting in highly diverse clinical datasets.

Appendix C. Additional validation metric

We have incorporated an additional validation metric for the pro-
posed experiments and the C-index. Below, we present result tables for
the Integrated Brier Score (IBS), structured in the same format as the
original manuscript, to ensure consistency and facilitate comparison.
This supplementary metric provides further insights into the models’
performance.
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The Brier Score (BS), grounded in predictive accuracy metrics [47,
48], serves as the second evaluation measure in this study. BS cal-
culates the squared prediction error, adjusted for censored data using
Inverse Probability of Censoring Weighting (IPCW) [49]. IPCW assigns
higher weights to uncensored samples, compensating for the presence
of censored data. The BS at a specific time ¢ is defined as:

1 - S(@]x,))*

(
A < t,d; =D+ GO A >0, (14)

1
BS() =+ ; )

< [(Smx,-))2

where G(¢) is the survival function for censoring. The BS assesses both
discrimination (the ability to rank risks accurately) and calibration
(the alignment of predicted risks with observed event probabilities). To
provide a time-agnostic evaluation, the Integrated Brier Score (IBS) is
utilized, calculated as follows:

1 Tmax
/ BS(t)dt.
Lmax Jo

Adjusted p-values for the statistical significance of the differences
between FL methods were calculated based on Holm’s method [42].
This ensures robust comparisons and highlights significant differences
between the evaluated methods and scenarios. Including IBS alongside
C-index enhances the comprehensiveness of the evaluation, providing a
more holistic view of model performance.

IBS(t (15)

max) =

C.1. IID scenarios

The following tables present the IBS results under the IID setting,
where the number of samples and the percentage of missing values
vary between nodes across different scenarios. The IBS provides a com-
plementary perspective to the C-index by evaluating discrimination
and calibration. It makes it more stringent to improve upon due to
its sensitivity to model miscalibrations and errors in ranking survival
probabilities.

In the METABRIC dataset (Table C.1), we observe the consistent pat-
tern of significant improvement in IBS for Node 3 in Scenarios 2 and 3,
corresponding to the nodes with the least data and a high percentage of
missing information. These improvements highlight the ability of feder-
ated approaches to mitigate the impact of data scarcity. Furthermore,
the mean IBS values for Node 3 in Scenario 2 show a greater relative
decrease when using FedSDS methods, particularly the naive approach,
compared to the isolated case.

For the GBSG dataset in Table C.2, the IBS improvements are more
limited under the IID scenarios. In Scenario 1, significant reductions are
observed for Nodes 2 and 3 using the FedAvg technique, similar to the
C-index case. Significant reductions are observed only for Node 3 in
Scenario 2, and for Node 2 in Scenario 3, both achieved using FedAvg.
These results suggest that while federated approaches can enhance IBS
performance, the nature of the dataset, such as its structure and survival
distribution, influences the degree of improvement.

C.2. Non-IID scenarios

In the non-IID case, where heterogeneity has been introduced in the
distribution of the age covariate across Nodes 2 and 3, the IBS results
highlight distinct improvement patterns. These are notably different
from those observed for the C-index, underscoring the complementary
nature of these metrics.

For the METABRIC dataset (Table C.3), significant improvements
for IBS are observed in Scenarios 5 and 6, particularly for Node 2.
This contrasts with the C-index results, where improvements are mainly
concentrated in Node 3. In Scenario 5, FedAvg and FedSDS biased tech-
niques demonstrate improvements, with the latter showing the most
pronounced enhancements. In Scenario 6, significant improvements
are achieved using FedProx and FedSDS biased, the latter demonstrat-
ing its robustness in handling data heterogeneity, achieving better
performance.
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Table C.1
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IBS comparison of isolated, FedAvg, FedProx, and FedSDS (naive and biased) methods for the METABRIC dataset in IID scenarios. Average IBS results are shown
with confidence intervals. Adjusted p-values below 0.05, indicating significant differences compared to the isolated case, are highlighted in bold.

FedSDS naive

FedSDS biased

Adjusted p-values

(0.133-0.153-0.174)
(0.141 - 0.165 - 0.190)
(0.133-0.157 - 0.182)

(0.135-0.154 - 0.176)
(0.144 - 0.170 - 0.200)
(0.131 - 0.154 - 0.180)

(0.134-0.153-0.174)
(0.144 - 0.168 - 0.193)
(0.135-0.161 - 0.188)

(0.133-0.153-0.173)
(0.143 - 0.164 - 0.188)
(0.134-0.154 - 0.177)

(0.134 - 0.153 - 0.175)
(0.152 - 0.172 - 0.195)
(0.139 - 0.160 - 0.184)

(0.133 - 0.153 - 0.175)
(0.151 - 0.172 - 0.195)
(0.149 - 0.173 - 0.198)

0.656/1.000/1.000/1.000
1.000/1.000/1.000/1.000
0.103/1.000/1.000/1.000

1.000/1.000/1.000/1.000
1.000/0.692/1.000/1.000
0.017/0.022/0.001/0.006

0.692/1.000/1.000/1.000
1.000/0.654/0.692/1.000
0.008/0.009/0.002/0.008

Scenario Nodes Isolated FedAvg FedProx

Centralized Node1 (0.127-0.146-0.166) - -

Scenario1 Node1l (0.134-0.153-0.175) (0.132-0.152-0.173) (0.134-0.153-0.174)
Node 2 (0.144 - 0.164 - 0.185) (0.144-0.163 - 0.184) (0.143-0.164 - 0.186)
Node 3 (0.135-0.154-0.175) (0.133-0.153-0.173) (0.135-0.154 - 0.175)

Scenario 2 Nodel (0.133-0.153-0.173) (0.134-0.153-0.174) (0.134-0.153-0.173)
Node 2 (0.151-0.174-0.199) (0.150-0.173 - 0.196) (0.151 - 0.171 - 0.193)
Node 3 (0.161 - 0.190 - 0.223) (0.143 - 0.167 - 0.191) (0.146 - 0.168 - 0.192)

Scenario 3 Node1 (0.134-0.153-0.174) (0.132-0.152-0.173) (0.133-0.152-0.173)
Node 2 (0.151-0.173-0.195) (0.151-0.173 -0.198) (0.150 - 0.171 - 0.193)
Node 3 (0.180 - 0.212 - 0.250) (0.147 - 0.172-0.196) (0.147 - 0.172 - 0.196)

Table C.2

IBS comparison of isolated, FedAvg, FedProx, and FedSDS (naive and biased) methods for the GBSG dataset in IID scenarios. Average IBS results are shown with
confidence intervals. Adjusted p-values below 0.05, indicating significant differences compared to the isolated case, are highlighted in bold.

FedSDS naive

FedSDS biased

Adjusted p-values

(0.165 - 0.186 - 0.209)
(0.155 - 0.177 - 0.201)
(0.148 - 0.169 - 0.194)

(0.166 - 0.187 - 0.209)
(0.165 - 0.186 - 0.210)
(0.156 - 0.177 - 0.200)

(0.165 - 0.186 - 0.209)
(0.154 - 0.183 - 0.209)
(0.183 - 0.206 - 0.229)

(0.166 - 0.187 - 0.210)
(0.160 - 0.183 - 0.211)
(0.150 - 0.172 - 0.199)

(0.165 - 0.186 - 0.209)
(0.171 - 0.197 - 0.229)
(0.161 - 0.189 - 0.217)

(0.164 - 0.186 - 0.211)
(0.165 - 0.191 - 0.220)
(0.187 - 0.217 - 0.246)

(0.165-0.188 - 0.212)
(0.156 - 0.181 - 0.212)
(0.152 - 0.172 - 0.194)

(0.166 - 0.188 - 0.211)
(0.164 - 0.191 - 0.220)
(0.163 - 0.188 - 0.216)

(0.163 - 0.186 - 0.210)
(0.164 - 0.192 - 0.223)
(0.190 - 0.215 - 0.242)

1.000/1.000/1.000/1.000
0.002/0.079/1.000/1.000
0.014/0.413/1.000/1.000

0.536/0.083/0.073/1.000
1.000/1.000/1.000/1.000
0.027/0.021/0.642/0.445

1.000/1.000/1.000/1.000
1.000/1.000/1.000/1.000
1.000/1.000/1.000/1.000

Scenario Nodes Isolated FedAvg FedProx
Centralized Node1 (0.174-0.196-0.219) - -
Scenariol Nodel (0.163-0.186-0.211) (0.163-0.185 - 0.207)
Node 2 (0.159 - 0.181 - 0.204) (0.151 - 0.173 - 0.196)
Node 3 (0.150 - 0.173 - 0.198) (0.145 - 0.166 - 0.188)
Scenario 2 Node1 (0.167 - 0.188-0.211) (0.165 - 0.187 - 0.210)
Node 2 (0.165-0.190 - 0.217) (0.162 - 0.185 - 0.213)
Node 3 (0.172-0.197 - 0.230) (0.158 - 0.180 - 0.204)
Scenario 3 Node 1 (0.166 - 0.187 - 0.210) (0.163 - 0.186 - 0.209)
Node 2 (0.160 - 0.186 - 0.215) (0.162 - 0.187 - 0.210)
Node 3 (0.184 - 0.208 - 0.236) (0.178 - 0.203 - 0.236)
Table C.3

IBS comparison of isolated, FedAvg, FedProx, and FedSDS (naive and biased) methods for the METABRIC dataset in non-IID scenarios. Average IBS results are
shown with confidence intervals. Adjusted p-values below 0.05, indicating significant differences compared to the isolated case, are highlighted in bold.

FedSDS naive

FedSDS biased

Adjusted p-values

(0.134-0.153 - 0.174)
(0.154 - 0.175 - 0.197)
(0.136 - 0.155 - 0.176)

(0.134 - 0.153- 0.174)
(0.148 - 0.170 - 0.193)
(0.133 - 0.158 - 0.185)

(0.134 - 0.153 - 0.174)
(0.147 - 0.169 - 0.192)

Scenario Nodes Isolated FedAvg FedProx
Centralized Node 1 (0.127-0.146 - 0.166) - -
Scenario 4 Node1 (0.133-0.152-0.173) (0.133-0.152-0.174)
Node 2 (0.154 - 0.175-0.197) (0.153 - 0.174 - 0.196)
Node 3 (0.135-0.156 - 0.180) (0.134-0.153-0.174)
Scenario 5 Node1 (0.134-0.154-0.178) (0.133-0.153-0.175)
Node 2 (0.153-0.174-0.198) (0.148-0.168 - 0.190)
Node 3 (0.137 - 0.161 - 0.187) (0.135 - 0.157 - 0.183)
Scenario 6 Node1 (0.134-0.153-0.173) (0.133-0.153-0.174)
Node 2 (0.154 - 0.174 - 0.197) (0.150 - 0.172 - 0.193)
Node 3 (0.142-0.166 - 0.192) (0.169 - 0.198 - 0.230)

(0.140 - 0.168 - 0.194)

(0.134-0.153 - 0.174)
(0.154 - 0.176 - 0.203)
(0.132 - 0.155 - 0.179)

(0.134 - 0.153 - 0.174)
(0.141 - 0.167 - 0.194)
(0.136 - 0.172 - 0.206)

(0.133-0.153 - 0.174)
(0.140 - 0.165 - 0.190)
(0.166 - 0.205 - 0.256)

(0.132-0.153 - 0.173)
(0.154 - 0.175 - 0.197)
(0.134-0.153 - 0.174)

(0.134 - 0.154 - 0.178)
(0.141 - 0.161 - 0.185)
(0.145-0.170 - 0.198)

(0.134-0.154 - 0.174)
(0.142-0.163 - 0.186)
(0.175 - 0.212 - 0.243)

1.000/1.000/1.000/1.000
0.666,/1.000/1.000/1.000
0.603/1.000/1.000/0.784

1.000/1.000/1.000/1.000
0.008/0.088/0.247/0.000
1.000/1.000/1.000/1.000

1.000/1.000/1.000/1.000
0.088/0.020/0.072/0.000
1.000/1.000/1.000/1.000

In the GBSG dataset results from Table C.4, no significant improve-
ments are observed, highlighting the challenging nature of achieving
substantial reductions in IBS, particularly under the complexities of
non-IID scenarios.

C.3. Special non-IID scenario

Table C.5 presents the results of the IBS for Scenario 7, where only
FedSDS-based techniques can be applied due to the removal of the
age column in Node 2. Significant improvements are observed in the
METABRIC and GBSG datasets.

The techniques that demonstrate significant IBS improvements are
those that combine column prediction with the addition of synthetic
data. Among these, the most pronounced improvements are observed
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with the aggregation of synthetic data using the biased method. This
approach aligns synthetic data more closely with the local distributions
of Node 2, thereby enhancing the model’s ability to mitigate the effects
of missing critical covariates.

For METABRIC and GBSG, the biased technique achieves the most sig-
nificant improvements, with adjusted p-values below 0.05. These results
highlight the effectiveness of combining imputation and biased synthetic
data aggregation in addressing data heterogeneity and compensating for
missing information.

C.4. Discussion

Improving IBS proves more challenging than improving the C-index
due to its dual focus on discrimination and calibration. While the C-index
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Table C.4
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IBS comparison of isolated, FedAvg, FedProx, and FedSDS (naive and biased) methods for the GBSG dataset in non-IID scenarios. Average IBS results are shown
with confidence intervals. Adjusted p-values below 0.05, indicating significant differences compared to the isolated case, are highlighted in bold.

Scenario

Nodes

Isolated

FedAvg

FedProx

FedSDS naive

FedSDS biased

Adjusted p-values

Centralized

Scenario 4

Scenario 5

Scenario 6

Node 1

Node 1
Node 2
Node 3

Node 1
Node 2
Node 3

Node 1
Node 2
Node 3

(0.174 - 0.196 - 0.219)

(0.164 - 0.186 - 0.209)
(0.150 - 0.171 - 0.194)
(0.149-0.171 - 0.195)

(0.165 - 0.187 - 0.210)
(0.170 - 0.193 - 0.218)
(0.177 - 0.207 - 0.240)

(0.165-0.188 - 0.212)
(0.171-0.194 - 0.217)
(0.177 - 0.204 - 0.236)

(0.164 - 0.186 - 0.208)
(0.147 - 0.167 - 0.188)
(0.147 - 0.167 - 0.189)

(0.165 - 0.185 - 0.209)
(0.170 - 0.192 - 0.214)
(0.169 - 0.197 - 0.224)

(0.165 - 0.186 - 0.208)
(0.170 - 0.191 - 0.214)
(0.170 - 0.193 - 0.217)

(0.165 - 0.187 - 0.211)
(0.149 - 0.169 - 0.191)
(0.147 - 0.168 - 0.190)

(0.166 - 0.187 - 0.210)
(0.169 - 0.190 - 0.213)
(0.169 - 0.193 - 0.218)

(0.166 - 0.187 - 0.210)
(0.170 - 0.191 - 0.213)
(0.182 - 0.205 - 0.233)

(0.166 - 0.187 - 0.211)
(0.148 - 0.172 - 0.201)
(0.148 - 0.171 - 0.198)

(0.164 - 0.186 - 0.210)
(0.172-0.194 - 0.217)
(0.170 - 0.199 - 0.233)

(0.166 - 0.187 - 0.209)
(0.174 - 0.198 - 0.225)
(0.178 - 0.205 - 0.234)

(0.164 - 0.186 - 0.209)
(0.147 - 0.170 - 0.192)
(0.149 - 0.171 - 0.194)

(0.167 - 0.188 - 0.211)
(0.171 - 0.194 - 0.220)
(0.167 - 0.192 - 0.224)

(0.165-0.188 - 0.212)
(0.167 - 0.193 - 0.218)
(0.177 - 0.201 - 0.229)

1.000/1.000/1.000/1.000
0.079/1.000/1.000/1.000
0.218/1.000/1.000/1.000

0.722/1.000/1.000/1.000
1.000/0.636/1.000/1.000
0.642/0.207/1.000/0.180

1.000/1.000/1.000/1.00
0.057/0.076/1.000/1.000
0.218/1.000/1.000/1.000

Table C.5

IBS comparison in Scenario 7 of the three different FedSDS settings. Average IBS results are shown with confidence intervals.
Adjusted p-values below 0.05, indicating significant differences compared to the isolated case, are highlighted in bold.

Dataset Imputation Imputation

Imputation +
Synthetic Data naive

Imputation +
Synthetic Data biased

Adjusted
p-values

METABRIC (0.154 - 0.176 - 0.199) (0.156 - 0.178 - 0.201)
GBSG (0.175 - 0.197 - 0.220) (0.180 - 0.216 - 0.255)

(0.139 - 0.168 - 0.196)
(0.157 - 0.190 - 0.223)

(0.136 - 0.160 - 0.183) 0.992 / 0.044 / 0.000
(0.169 - 0.192 - 0.218) 0.992 / 0.122 / 0.009

solely evaluates a model’s ability to rank survival probabilities correctly,
the IBS additionally penalizes errors in the predicted probabilities’
calibration relative to actual event outcomes. This makes IBS particu-
larly sensitive to misalignments in survival predictions, especially under
conditions of heterogeneity, censoring, or limited data. Consequently,
achieving significant improvements in IBS requires methods capable of
maintaining ranking accuracy and producing well-calibrated survival
probabilities, such as FedSDS biased, which leverages its alignment of
synthetic data to local distributions to achieve superior performance.

Appendix D. Additional validation on complex real-world data

To further evaluate the proposed FedSDS framework, we performed
an additional experiment using real-world clinical data from the publicly
available TCGA Pan-Cancer clinical resource [36]. This dataset con-
tains information from multiple cancer types alongside metadata such
as Tissue Source Site (TSS), which enables the simulation of an FL sce-
nario by partitioning the data across different nodes according to TSS
identifiers.

For this supplementary analysis, we focused on breast cancer (BRCA)
cases, which represent the largest cohort within the Pan-Cancer dataset,

Table D.1

ensuring sufficient sample size for meaningful evaluation. However, as is
commonly the case with public clinical datasets, the number of samples
per institution remains limited. Therefore, we constructed a two-node
federation based on TSS, where Node 1 includes 250 patients and Node 2
includes 134 patients for training. This configuration simulates a highly
constrained real-world situation with both data scarcity and imbalance
across participating institutions.

In this configuration, Node 1 contains the majority of the samples,
while Node 2 has a smaller cohort, introducing both data scarcity and
distribution imbalance. This setup mimics a realistic real-world sce-
nario in which institutions contribute heterogeneous amounts of data,
reflecting their clinical capacity or data accessibility. As reflected in the
confidence intervals of Tables D.1 and D.2, Node 1 benefits from a more
stable estimation, while Node 2 represents a low-resource node that can
benefit most from collaborative learning.

Following the approach proposed in FedSDS, synthetic data genera-
tion was performed exclusively at Node 1, which possesses more data
to ensure robust generative modeling. This decision aligns with our
methodology rationale, as nodes with very limited or biased data may
lead to poorly trained generative models that could propagate noise or
artifacts to other nodes. This parallels the weighting schemes of classical

C-index comparison of isolated, FedAvg, FedProx, and FedSDS (naive and biased) methods for the BRCA dataset. Average C-index results are shown
with confidence intervals. Adjusted p-values below 0.05, indicating significant differences compared to the isolated case, are highlighted in bold.

Nodes Isolated FedAvg FedProx

FedSDS naive FedSDS biased Adjusted p-values

Node 1 (0.531 - 0.605 - 0.688) (0.534 - 0.594 - 0.649) (0.506 - 0.567 - 0.621) (0.532 - 0.604 - 0.681) (0.560 - 0.621 - 0.677) 0.821/0.990/0.520/0.111
Node 2 (0.481 - 0.552 - 0.654) (0.509 - 0.577 - 0.660) (0.529 - 0.595 - 0.653) (0.513 - 0.607 - 0.700) (0.555 - 0.617 - 0.698) 0.101,/0.020/0.014/0.004

Table D.2

IBS comparison of isolated, FedAvg, FedProx, and FedSDS (naive and biased) methods for the BRCA dataset. Average IBS results are shown with
confidence intervals. Adjusted p-values below 0.05, indicating significant differences compared to the isolated case, are highlighted in bold.

Nodes Isolated FedAvg FedProx

FedSDS naive FedSDS biased Adjusted p-values

Node1 (0.130-0.167 - 0.213) (0.135-0.174-0.216) (0.137 - 0.174 - 0.216) (0.129 - 0.167 - 0.210) (0.130 - 0.166 - 0.207) 0.974/0.973/0.514/0.287
Node 2 (0.159 - 0.200 - 0.261) (0.181 - 0.226 - 0.287) (0.168 - 0.214 - 0.264) (0.141 - 0.192 - 0.249) (0.154 - 0.193 - 0.240) 0.997/0.980/0.153/0.092
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FL methods (e.g., FedAvg), where nodes with more samples have a larger
contribution to the global update.

The experimental results show that Node 2, which suffers from
limited data availability, exhibits statistically significant improvements
when applying both FedProx and FedSDS. However, the benefits of
FedSDS, particularly with the biased aggregation strategy, are more pro-
nounced, as evidenced by stronger gains in C-index (Table D.1). In IBS
(Table D.2), while improvements are less statistically significant, FedSDS
biased consistently achieves lower average values, further supporting its
superior performance. These results highlight the ability of FedSDS to
provide clinically meaningful improvements, even in highly constrained
settings with very limited sample sizes.

Overall, this additional evaluation supports the applicability and ro-
bustness of FedSDS even under highly challenging real-world conditions
with limited open-access clinical data. Despite the data scarcity, FedSDS
demonstrates its ability to effectively leverage limited cross-institutional
data distributions to improve model performance while preserving local
data privacy.

Appendix E. Empirical analysis for synthetic data privacy

To empirically assess the privacy-preserving capabilities of the
FedSDS framework, we evaluated whether the synthetic data generated
by the VAE-BGM model exhibited signs of overfitting or memoriza-
tion of the training data. Specifically, we compared the distributions
of minimum pairwise distances between (i) real-real sample pairs and
(ii) synthetic-real sample pairs. The rationale for this analysis is that if
synthetic samples replicate or closely mimic real observations, the dis-
tances between synthetic and real samples would be comparable to (or
smaller than) those among real samples. In contrast, if the synthetic data
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are sufficiently different, we would expect to observe larger minimum
distances in the synthetic-real case.

Fig. E.1 presents the CDFs of these minimum distances for the
five representative scenarios using the GBSG dataset. In all scenarios,
the minimum distances between synthetic and real samples were con-
sistently larger than those among real samples and strictly positive.
To statistically confirm these observations, we performed one-sided
Wilcoxon signed-rank and Kolmogorov-Smirnov (KS) tests, evaluating
whether the distribution of distances in the real-synthetic case was sig-
nificantly shifted to the right. The resulting p-values, reported in each
panel of Fig. E.1, were below the 0.05 significance threshold, indicating
strong evidence that the distributions differ.

These results demonstrate that the generative process implemented
in FedSDS does not replicate individual data points and avoids memo-
rization, even under scarce data conditions or in the presence of model
biases. Maintaining a meaningful margin between real and synthetic
data distributions ensures a low privacy leakage risk while preserving
statistical resemblance and utility.

Appendix F. Empirical convergence analysis

To provide additional insights into the convergence properties of the
methodology, we tracked the C-index during training across all nodes
and experimental scenarios. Figs. F.1 and F.2 present the evolution of the
validation C-index throughout the training epochs at each node for the
different scenarios using METABRIC and GBSG datasets, respectively.

Across all scenarios, we observe that the C-index curves exhibit a
consistent convergence trend. After an initial increase during the early
training stages, the metric stabilizes for all nodes, indicating that the
models reach a steady performance state. Importantly, no evidence of
divergence or instability is observed, even under the challenging non-IID
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Fig. E.1. Comparison of minimum distance distributions between real and synthetic samples across different scenarios. Significant differences are observed in all

cases, confirming the absence of direct duplication or data leakage.
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Fig. F.1. Validation C-index evolution during training for all nodes with the METABRIC. Each curve represents the mean C-index across three runs per node, with

shaded areas denoting the confidence interval.
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Fig. F.2. Validation C-index evolution during training for all nodes with the GBSG. Each curve represents the mean C-index across three runs per node, with shaded

areas denoting the confidence interval.

and data-scarce conditions simulated in several experimental settings. It
is worth noting that some fluctuations are visible in the curves, partic-
ularly around certain epochs. These correspond to the moments where
synthetic data is exchanged and integrated into the training process.
In FL, such transitions are common and expected, especially when in-
troducing external samples into local training sets. These fluctuations
reflect the adaptation of the local model to newly received information.
Crucially, after these transitions, the metric returns to a stable trend,
confirming that convergence is ultimately preserved. The shaded re-
gions represent confidence intervals across different random seeds, and
their progressive narrowing also reflects increased stability and reduced
variance over the epochs. While occasional fluctuations occur, espe-
cially in low-data nodes, these are typical in federated setups and do
not compromise the overall convergence behavior.

These empirical findings support the convergence of the proposed
FedSDS biased framework when applied to real-world medical datasets,
even in decentralized and heterogeneous environments. A similar con-
vergence dynamics is observed across both datasets, reinforcing the
robustness of the approach.
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Appendix G. Computational resources and training time analysis

To complement our evaluation of communication efficiency and
predictive performance, we compare the computational overhead intro-
duced by each FL strategy. In particular, we measure the total training
time (in seconds) required to complete each experimental scenario for
METABRIC and GBSG. The reported times include the full training
loop for all clients (including model updates and synthetic data gen-
eration where applicable). Experiments were conducted using the same
hardware for all configurations. Table G.1 presents the results.

These results demonstrate that FedSDS achieves competitive or even
lower training times than traditional FL approaches such as FedAvg and
FedProx. This efficiency stems from two design factors: first, FedSDS
requires only a single communication round for synthetic data sharing,
eliminating the iterative parameter exchange that characterizes standard
FL methods; second, the underlying VAE architecture used for synthetic
data generation is deliberately lightweight. While the biased variant of
FedSDS incurs slightly more computation than its naive counterpart due
to the additional latent-space filtering step, both configurations remain
substantially more efficient than FedProx and faster than FedAvg in
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Table G.1
Total training time (seconds) for each FL strategy across scenarios and datasets.

Dataset Scenario  Isolated FedAvg FedProx FedSDS Naive FedSDS Biased
METABRIC centralized 417.75 N/A N/A N/A N/A
scenario_1 348.59 768.80 2905.24 477.43 596.55
scenario_ 2 174.03 464.26 3019.70 324.82 341.99
scenario 3 161.15 481.75 2074.23 316.49 341.85
scenario 4 290.57 655.58 1109.71 438.97 557.68
scenario.5 171.80 514.06 512.07 348.41 332.25
scenario 6 171.34 458.53 505.16 325.26 347.04
GBSG centralized 401.22 N/A N/A N/A N/A
scenario_1 343.54 717.11 576.73 525.45 588.21
scenario 2 178.92 478.56 386.51 317.12 338.05
scenario.3 176.92 488.55 301.31 328.04 337.42
scenario 4 339.25 711.45 591.35 468.33 574.31
scenario 5 169.27 507.60 373.19 326.21 322.84
scenario 6 172.06 513.93 346.13 338.76 317.77
Average - 248.26 529.78 733.18 368.46 404.39

most scenarios. These characteristics reinforce the practical viability of
FedSDS for real-world deployment, particularly in resource-constrained
environments where both communication and computational costs must
be minimized.

Data availability statement

All datasets used in this research are publicly available and can
be found in the repository https://github.com/Patricia-A-Apellaniz/fed_
savae.
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