Chapter 4

Synthetic Data (Generation

4.1 Introduction

The availability of high-quality, diverse, and representative datasets is a cornerstone of medical
research and ML applications in healthcare. However, the sensitive nature of medical data,
strict privacy regulations, ethical considerations, and the scarcity of well-annotated datasets
pose significant barriers to accessing and sharing such data. SDG has emerged as a promising
solution to address these challenges. By generating realistic and privacy-preserving synthetic
datasets, SDG enables researchers to develop and validate ML models without compromising
patient confidentiality:.

Despite its potential, SDG in the medical domain remains nascent and faces several challenges.
Current GMs, such as VAEs, GANs, and their variations, often fail to preserve the complex
joint distributions of high-dimensional medical data. Instead, existing evaluation standards
focus on marginal distributions (e.g., column-wise similarity), neglecting the joint dependencies
critical for downstream tasks such as predictive modeling or causal inference.

This chapter proposes a novel GM, VAE-BGM (Variational Autoencoder with Bayesian
Gaussian Mixture), tailored to generate high-dimensional medical data. VAE-BGM is designed
to capture the intricate joint distributions of medical datasets while ensuring scalability and
privacy preservation. Beyond proposing a model, this chapter also addresses the broader
challenge of evaluation in SDG. We introduce a standardized validation methodology that
leverages divergence approximators to quantify the similarity between synthetic and real
datasets, explicitly accounting for joint distributions. Additionally, considering the scarcity
of data in the medical domain, this chapter explores the application of transfer learning
and meta-learning techniques to enhance SDG for small or limited datasets. By leveraging
knowledge from related domains or tasks, these approaches enable the generation of synthetic
data that faithfully represents the characteristics of limited real-world datasets.

The following contributions and associated publications support the methodologies and frame-
works presented in this chapter:

111



Patricia Alonso de Apellaniz

« VAE-BGM: A. Apellaniz P., Parras J., and Zazo S., An Improved Tabular Data
Generator with VAE-GMM Integration,” in the 32nd European Signal Processing
Conference (EUSIPCO), Lyon, France, 2024, pp. 1886-1890, doi: 10.23919/EU-
SIPCO63174.2024.10715230

» Validation methodology: A. Apellaniz P., Jiménez A., Arroyo Galende B., Parras J.,
and Zazo S., Synthetic Tabular Data Validation: A Divergence-Based Approach,’” in
IEEE Access, vol. 12, pp. 103895-103907, 2024, doi: 10.1109/ACCESS.2024.3434582.

e Enhanced SDG methodology for scarce-data scenarios:

— General-data purpose: A. Apellaniz P., Jiménez A., Arroyo Galende B., Parras
J., and Zazo S., Artificial Inductive Bias for Synthetic Tabular Data Generation in
Data-Scarce Scenarios,” under review in Pattern Recognition journal. Preprint
available: 2407.03080.

— Medical data: A. Apellaniz P.,Arroyo Galende B., Jiménez A., Parras J., and
Zazo S., Advancing Cancer Research with Synthetic Data Generation in Low-Data
Scenarios,” under review in the IEEE Journal of Biomedical and Health Informatics.

This chapter aims to advance the state of SDG in healthcare by addressing key method-
ological and evaluative challenges. The proposed solutions contribute to developing robust,
scalable, and clinically relevant frameworks for SDG, ultimately supporting ML applications
in healthcare. This work aligns with the broader vision of enabling inclusive and equitable
healthcare research and innovation by bridging gaps in generative modeling, evaluation, and
data scarcity.
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4.2 Proposed Synthetic Data Generation Model: VAE-
BGM

4.2.1 Methodology of the Proposed Model (VAE-BGM)

The foundation of the proposed VAE-BGM model is the VAE, whose detailed explanation
can be found in Appendix A.

Gaussian Mixture model

The GMM offers a probabilistic framework for clustering data points based on Gaussian
distributions. Formally, given the same dataset X = {x;}¥, that contains N samples
with C'ov features each, the GMM assumes that the data originate from a mixture of K
Gaussian distributions. Each component within this mixture is characterized by its mean
vector uy, covariance matrix Y, and mixing coefficient 7. These parameters collectively
define the shape of each Gaussian component, location, and contribution to the mixture.
The likelihood of observing a data point x as a weighted sum of the densities of individual
Gaussian components is:

p(r) = ;; TN (@ | i, X (4.1)

where N (z|ur, X1) represents the probability density function of a multivariate Gaussian
distribution with mean pj; and covariance matrix ) .. Estimating the model parameters,
Wi, >k, and mg, is typically achieved by iterative optimization algorithms. The commonly
employed Expectation-Maximization (EM) algorithm provides a widely used approach for
this task.

GMNMs are known to be universal approximators for continuous densities [245], and we will
rely on that property. However, GMMs face the challenge of needing K as a parameter, i.e.,
it has to be predetermined before training. To overcome this issue, K can be estimated using
a Dirichlet process [246] using Variational Inference tools. This approach, called Bayesian
Gaussian Mixture (BGM), has the advantage of automatically adjusting K from the data.

Our Contribution

This work introduces a novel approach to data generation by integrating a BGM into a
standard VAE architecture. This integration leverages the strengths of both models: the
ability of the VAE to learn a latent representation of the data z and the flexibility of the
BGM in modeling complex distributions, potentially non-Gaussian, within this latent space.
Figure 4.1 depicts our model.

State-of-the-art models, such as TVAE [109], implicitly assume that the latent space z aligns
with the prior Gaussian distribution. Therefore, to generate new samples of z, sampling
from the prior distribution, which is isotropic Gaussian, suffices. The reason is the presence
of the Dk, term in the loss function Equation (A.6). However, this assumption may not
hold because of complex dependencies and correlations in real-world data. These factors are
represented by the other term in the loss function, the marginal log-likelihood distributions.
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Figure 4.1: Proposed VAE-BGM model architecture. It is built on a standard VAE. After
training, the latent space z is modeled using a GMM. This creates a new space zgas,
which serves as the basis for generating new distribution parameters and ultimately
sampling new data points.

This term can push the latent space away from a Gaussian distribution. In other words, the
VAE loss in Equation (A.6) has two components: the log-likelihood of the reconstructed data,
which allows the reconstruction of samples from the latent space with high similarity, and
the Dky, which acts as a regularizer in the latent space. The Dgy limits the complexity of
the latent space so that it can be thought of as the allowed latent representation complexity.
As it is typical to use an isotropic Gaussian as prior, due to the KL being analytical, there
is an equilibrium between having a good reconstruction with a low-complexity latent space
representation. In practice, the actual latent space learned need not be an isotropic Gaussian
(as we will show experimentally), and thus, sampling z from the prior may not provide the
best results in generating new samples.

Therefore, our key contribution lies in employing a BGM for the sampling process of new
tabular data. Unlike TVAE, our model does not assume that the actual latent space follows
the isotropic Gaussian prior: instead, we additionally model the already learned latent space
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z as a mixture of K Gaussian distributions, each characterized by its mean, covariance matrix,
and mixing coefficient. Notably, if z is truly an isotropic Gaussian, the BGM could still
effectively approximate it, as it corresponds to the case where K = 1.

4.2.2 Overview of State-of-the-Art Comparative Models

The work in [109] introduces two powerful GMs for tabular data: CTGAN (Conditional
Tabular GAN) and TVAE (Tabular Variational Autoencoder). These models address key
challenges in tabular data generation, including the coexistence of mixed data types, non-
Gaussian distributions, and imbalanced categorical features. Both aim to generate realistic
synthetic data while preserving the statistical properties of the original dataset.

Given a real dataset X, = {x;}¥, containing N samples and Cov features, indexed by
f=1,2,...,Cov, we assume that the dataset consists of N, continuous (C, ...,Cy,) and Ny
discrete features (Dy, ..., Dy,). Each sample z; is a combination of continuous and discrete
features z; = {¢i 1, Ci2, -+ Ci,Nuds 1 i ods v, |+ Where Cov = N+ Ng. The following subsections
describe the working mechanisms of CTGAN and TVAE.

CTGAN

CTGAN introduces multiple innovations to tackle the complexities of tabular data generation.
One of its key features is mode-specific normalization, designed to handle continuous variables
that exhibit multimodal and non-Gaussian distributions. To achieve this, CTGAN applies a
Variational GMM to estimate the modes of each continuous feature. The probability of a
given continuous value ¢; s belonging to a mode 1 is computed as:

Py = pyN (cipimp3 9u), (4.2)

where f1,, is the weight, 7, is the mean, and ¢, is the standard deviation of mode 1. The
value ¢; s is then normalized using the most probable mode 1):
L Cif Ty (4.3)

=g,

while the mode is represented as a one-hot vector:

fBi.; = [one-hot vector indicating mode 1. (4.4)

This mode-specific normalization ensures NNs can effectively process continuous data with
complex distributions.

CTGAN uses a conditional generator that learns the conditional distribution Pgen(x;| Dy = 1),
where Dy is a selected categorical column with value 1. This approach helps address the
issue of imbalanced categorical variables by ensuring that synthetic data accurately represent
minority categories. To enforce this conditioning, CTGAN incorporates a cross-entropy loss
in the objective of the generator:

1Dj

Zzl i,J _k logPGen(d'L] —k) (45)

Jj=1k=1

ECTGANGG,L =
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where m is the batch size, D; is the categorical domain of feature j, 1[-] is an indicator
function and PGen(ch) represents the predicted categorical distribution for feature j. This
formulation ensures that generated samples align with the categorical feature distributions of
the real data.

The discriminator evaluates the quality of the generated data using the Wasserstein GAN
loss with gradient penalty:

Lctaany,.. = EDisc(zy)] — E[Disc(a,)] + AE[(||Vz, Disc(Z,)] — 1)°], (4.6)

where Z, is a linear interpolation between real samples x, and synthetic samples z,,.

TVAE

TVAE, on the other hand, adapts the VAE architecture to tabular data, explicitly modeling
the probabilistic distributions of both continuous and discrete variables. The model consists of
an encoder g,(z|x,) to map rows z; to a latent space z and the decoder py(x,|2) to reconstruct
the rows. The decoder represents continuous variables «; as Gaussian distributions:

Qj ~ N(:uja Uj)v (47)

where p; is the mean and o; is the variance. Categorical variables 3; are modeled using
Softmax distributions:
B; ~ Softmax(h), d; ~ Softmax(h), (4.8)

where h represents the logits (pre-activation values) for the categorical outputs.

The joint distribution for all columns is defined as:

HPa] H P(8) T1 P, (49)

where N, and N, are the numbers of continuous and discrete columns, respectively. The
encoder outputs the mean p and variance o of the latent variables:

Go(212) ~ N (1, diag(0%)). (4.10)
The model optimizes the ELBO to maximize the likelihood of the data:

Lrvag = Eq¢(z\xr)[logp9($r|z)] - DKL(QQS(Z‘xT)Hp(Z))‘ (4.11)

Suitability for Comparative Evaluation

CTGAN and TVAE stand out as robust GMs for tabular data, both offering unique capabilities
that make them highly suitable for comparative evaluation. CTGAN excels in handling the
challenges of mixed data types by employing innovations such as mode-specific normalization
and a conditional generator, enabling it to effectively model non-Gaussian and multimodal
distributions. Its ability to handle highly imbalanced categorical columns is particularly
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noteworthy, as it ensures that all categories are well-represented in the synthetic data. This
feature makes CTGAN a versatile tool across various applications, from medical research to
finance, where data often exhibits such complexities.

TVAE complements CTGAN by taking a probabilistic approach to data generation. By
modeling the joint distribution of continuous and discrete variables explicitly within a latent
space, TVAE achieves competitive performance and has the potential to become a state-of-
the-art solution. Its reliance on VAEs allows it to generate realistic synthetic data while
maintaining scalability. The straightforward architecture of TVAE makes it easier to implement
and integrate with other systems, offering an attractive alternative for practitioners seeking a
balance between performance and simplicity.

However, these models are not without limitations. CTGAN, while capable of handling both
categorical and continuous features, can encounter convergence challenges when generating
continuous data. This issue may arise in cases where the continuous columns exhibit extreme
distributions or sparse coverage in the training dataset, leading to instability during training.
Future work could explore improved optimization strategies or adaptive architectures to
mitigate this issue.

Similarly, the reliance of TVAE on a Gaussian assumption for its latent space and sampling
process, though effective for many datasets, might not generalize well to complex real-world
scenarios with non-Gaussian characteristics. This limitation could reduce similarity in the
generated data when the underlying data distribution significantly deviates from a Gaussian
one. Exploring alternative sampling techniques, such as those based on copulas or non-
parametric methods, could enhance the applicability of TVAE to a broader range of datasets.

In summary, CTGAN and TVAE represent significant advancements in tabular data genera-
tion. Their strengths in addressing the core challenges of tabular data make them excellent
candidates for benchmarking against other methods. However, addressing their respective
limitations would further solidify their positions as state-of-the-art tools for SDG.

4.2.3 Experiments and Results
Evaluation Metrics

Due to the lack of standardized metrics, as explained in Section 2.3.4, evaluating data
generation models requires a multifaceted approach. We used a combination of resemblance
and utility-based evaluations.

We assessed resemblance through multiple metrics to ensure a comprehensive assessment.
First, we used an RF discriminator to measure the similarity of the joint distribution between
real and synthetic data. In an ideal scenario of high model performance, the RF accuracy
should be close to a random guessing rate (around 0.5), indicating that it can not distinguish
between real and synthetic data. Furthermore, we used the technique proposed in [247] to
validate the marginal distributions and the correlation between pairs of columns. Additionally,
we incorporated the MMD to measure the divergence between two probability distributions
without requiring parametric assumptions. Specifically, we used the Radial Basis Function
(RBF) kernel, which is well-suited for capturing non-linear relationships by mapping data into

117



Patricia Alonso de Apellaniz

a high-dimensional feature space, allowing a more fine-grained comparison of distributions.
Recall that given two datasets, MMD is computed as:

MMD2(p, q) = Ep[]%(xrv )] — 2Ep7q[]%(xm z4)] + En[]%(xw z,)], (4.12)

where z, and x, represent real and synthetic data, respectively, and l%(x, y) is the RBF kernel
function:

202

k(z,y) = exp <—W> : (4.13)

Utility evaluation, tailored to the type of task, involved training CoxPH for SA and the RF
discriminator for classification tasks. This evaluation considered training and testing on real
data (benchmark) and training on synthetic data with real data testing. This assessment
ensured that the generated data exhibited high resemblance (capturing feature distributions
and correlations) and utility (supporting robust statistical inference).

To benchmark the performance of our model, we compared it with CTGAN and TVAE, the
current state-of-the-art models for SDG. TVAE and our model were implemented similarly for
a coherent comparison, but we added the BGM sampling to ours. All models were evaluated
using the same methodology for a fair and consistent comparison.

Implementation Details

Our experimental setup involved two models. The VAE architecture comprised a simple
encoder with a hidden layer of ReLU and a hyperbolic tangent output layer. The decoder
mirrored this structure with a ReLU hidden layer, a 20% dropout layer, and an output layer
with activation functions adjusted to the covariate distributions. We fixed the latent space
dimensionality (number of Gaussian distributions) to 5 and the number of hidden neurons to
50. During the training of 1,000 epochs and a batch size of 500, an early stop was configured
based on the validation loss. The GMM employed a Dirichlet process prior with a fixed
maximum number of components set to the dimensionality of the latent space (in this case,
5) and individual general covariance matrices for each component. Data were divided into
80% training and 20% validation sets for training and evaluation. Due to the sensitivity of
VAEs to initial conditions, 15 training runs with different seeds were performed. The final
results were averaged from the three seeds with the best performance.

Results

The code and data to replicate the results are publicly available in https://github.com/
Patricia-A-Apellaniz/vae-bgm_data_generator. The datasets used for these experiments
are Adult, Metabric, and STD, which are described along with their characteristics in
Appendix B. We obtained the Adult dataset from [247] for this study and used 10,000 samples.
Note that the Metabric dataset used in this study is the version preprocessed by [59], where
the dimensionality is reduced from 21 features to 9, plus the two survival features, resulting
in a more compact dataset for these experiments.
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Figure 4.2: Latent space comparison in VAE-BGM experiments. Three hundred samples
from each VAE, TVAE, and the latent space of the proposed model are shown. The
BGM-modeled latent space (orange) closely aligns with z (blue) compared to the latent
space of TVAE (green). This demonstrates the importance of BGM for capturing the
latent space distribution and potentially leading to higher-quality generated samples.

Figure 4.2 verifies our hypothesis that the actual latent space learned by the VAE does not
need to follow the prior distribution, so our choice of BGM is justified. The figure compares
the latent spaces obtained using three different approaches: (1) the original latent space from
VAE, obtained by passing the dataset samples through the encoder, (2) latent space sampled
using a BGM (ours), and (3) latent space sampled using the prior isotropic Gaussian (TVAE).
We can see that the BGM-modeled latent space aligns closely with the original VAE latent
space in all three cases. In contrast, the TVAE latent space exhibits less dispersion, suggesting
that the Gaussian assumption does not accurately capture the underlying distribution of the
real-world data. This visually confirms our hypothesis that the latent space in real-world
datasets often deviates from a Gaussian distribution, which justifies the use of BGM for a
more accurate representation in the sampling process.
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The resemblance results of our model compared to CTGAN and the VAE-based Gaussian
sampling model can be seen in Table 4.1, Table 4.2 and Table 4.3. Table 4.1 reports the
accuracy and its Cls obtained by the RF for each model. For VAE-based models, the table
shows the average of the three best seeds, and the Cls are calculated based on the ones
obtained for each seed. Our model consistently outperformed the other two models by a
significant margin in all datasets, indicating superior generative capabilities and robustness.
In addition, Table 4.2 presents MMD results, which further validate the resemblance between
real and synthetic data distributions. The results demonstrate that our model achieves the
lowest MMD scores across all datasets, significantly outperforming CTGAN and TVAE. This
suggests that VAE-BGM not only preserves marginal distributions but also maintains the
joint feature relationships more effectively. The CIs, estimated using bootstrapping with 10
resamples, reinforce the stability of these findings. Furthermore, the results of the column
analysis in Table 4.3 confirm the superiority of our model in terms of similarity to ground-truth
values.

Dataset CTGAN TVAE Our model

Adult 0.75 (0.74,0.76)  0.78 (0.74, 0.81)  0.68 (0.64, 71)
Metabric | 0.73 (0.70, 0.76) 0.77 (0.74, 0.80) 0.67 (0.62, 0.71)

STD 0.94 (0.91, 0.96)  0.77 (0.70, 0.82) 0.64 (0.57, 0.70)

Table 4.1: Resemblance evaluation using RF in VAE-BGM experiments. Accuracy and
99% CI. Lower is better. The best values are in bold.

Dataset CTGAN TVAE Our model

Adult 0.0004 (0.0002, 0.0005) 0.0570 (0.0349, 0.0895) 0.0002 (0.0000, 0.0008)
Metabric | 0.0103 (0.0077, 0.0126)  0.0159 (0.0084, 0.0318) 0.0022 (0.0005, 0.0043)

STD 0.0611 (0.0441, 0.0903) 0.0314 (0.0188, 0.0470) 0.0042 (0.0005, 0.0075)

Table 4.2: Resemblance evaluation using MMD in VAE-BGM experiments. MMD values
with 99% confidence intervals, computed using bootstrapping with 10 resamples. Lower

values indicate better resemblance between real and synthetic data. The best values are
highlighted in bold.

Table 4.4 presents the validation results for each ML task based on the dataset. For the Adult
dataset, the accuracy is reported, as it is a classification dataset, while the C-index metric is
used for the other two datasets. Similarly to the previous evaluation, we present the average
value for the three best-performing random seeds in the case of TVAE and our proposed
method. The ‘Real-Real’ value represents the benchmark. The benchmark results are the
upper bound in performance, where training and testing are performed using real data. Then,
for each GM, we also show the results for these ML tasks training with synthetic data and
testing with real data to assess whether the generated data are useful for the intended purpose
of the dataset. The results in this validation stage indicate that, in general, the performance
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metrics obtained using data generated by each model (TVAE and ours) are comparable to
the results obtained using real data. This suggests that the generated data exhibit sufficient
utility and quality for practical ML applications.

Dataset CTGAN TVAE Our model

Adult 0.87 0.87 0.93
Metabric 0.89 0.88 0.92
STD 0.86 0.87 0.95

Table 4.3: Resemblance evaluation using column analysis [247] in VAE-BGM experi-
ments. Higher is better: a score of 1 means that the patterns captured for real and
synthetic data are the same. The best values are in bold.

Dataset Benchmark CTGAN TVAE Our approach

Adult 0.80 (0.79, 0.82) 0.79 (0.77, 0.80) 0.80 (0.77, 0.82) 0.79 (0.76, 0.81)

Metabric | 0.58 (0.53, 0.63) 0.57 (0.52, 0.62) 0.60 (0.54, 0.65) 0.60 (0.54, 0.65)

STD 0.64 (0.57, 0.70) 0.54 (0.47, 0.61) 0.54 (0.46, 0.60) 0.65 (0.55, 0.75)

Table 4.4: Utility results comparing CTGAN, TVAE, and VAE-BGM. Accuracy results
for Adult. C-index results for Metabric and STD. Note that all the methods tested
provide useful data for the tasks tested, as the results fall in the CI of the benchmark.

4.2.4 Conclusions

This work proposes a novel approach to generate synthetic tabular data by integrating a BGM
into a VAE architecture. Our experiments demonstrate that the proposed model outperforms
the state-of-the-art models CTGAN and TVAE on several validation criteria. This superior
performance can be attributed to two key strengths. First, our model effectively captures the
diverse distributions in the data at the individual feature level (marginal) and across features
(joint). Unlike many models that struggle with mixed data types, our approach handles
various data types effectively. Second, incorporating the BGM enables high-quality sampling
by approximating the latent space of the VAE. This is crucial, as the assumption of TVAE
of a Gaussian latent space can lead to worse performance with real-world data that often
deviates from this distribution. Looking ahead, several promising lines for future research exist.
One direction involves exploring the privacy implications of data generation, particularly in
sensitive domains like healthcare. Analyzing privacy concerns and developing secure methods
to share synthetic data in medical settings is a valuable area of investigation. Furthermore, we
propose investigating novel FL strategies based on synthetic data sharing rather than trained
model information (addressed in Section 5.3). This approach could improve collaboration and
knowledge sharing among entities while protecting sensitive information.
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4.3 Synthetic Data Validation through Divergence Es-
timation

The evaluation of SDG remains a critical challenge in the field, as there is currently no
standardized validation framework. Existing validation methods often focus exclusively on
assessing marginal distributions, neglecting the joint distributions of the synthetic data. How-
ever, in real-world applications, particularly in healthcare, the relationships and dependencies
between multiple features are crucial for ensuring the utility and fidelity of synthetic data.

This section proposes a novel validation approach that evaluates the joint distributions of the
generated synthetic data relative to the real data. By incorporating the joint distributions,
we aim to provide a more comprehensive measure of the quality of the synthetic data,
ensuring that the complex relationships between features are accurately preserved. This
proposed methodology addresses the limitations of marginal-focused validation techniques
and establishes a more robust evaluation framework for SDG.

4.3.1 Methodology of the Proposed Validation Approach
Divergence definition

Considering two probability distributions, p(x) and ¢(z), for a random variable z, in probability
distributions, divergence quantifies the dissimilarity between p(z) and ¢(z). It measures how
different these distributions are regarding the probabilities assigned to each possible value of
x. Divergences play a crucial role in various fields, including ML, as they provide a way to
compare and analyze the behavior of different probability distributions.

The Dgg, is a common measure in information theory to quantify the discrepancy between
p(z) and ¢(z). Denoted Dy, (p(x)Hq(x)), the Dy, divergence captures the asymmetry of
this difference by measuring the expected penalty incurred by assuming ¢(z) to be an
approximation of the true distribution p(x). Due to its extensive applicability in various fields,
the Dy, divergence remains a dominant metric for comparing probability distributions. The
Dy, divergence between p(x) and ¢(x) is given by

p(x)
DKL( )q(x /p log .(2) da: (4.14)

Unfortunately, this expression is usually intractable. Thus, we must approximate it using
Monte Carlo (MC) simulation, assuming we can draw L samples from p(x):

/p(x) log Zg;dx A izjl log i]) EZ;, x; ~ p(x). (4.15)

To create a symmetric and bounded measure of divergence between p(z) and ¢(x), the Jensen-
Shannon divergence is based on Dgy. Djs between two probability distributions denoted

Dys (p(x)”q(x))), is a true distance defined as the Dyp, average between both distributions

122



Chapter 4. Synthetic Data Generation

and a common reference:
1

Dys(p()lg(x)) = 5 Dt (p(x)lIm(x)) + ;DK]L (q(x)[Im(x)). (4.16)

The common reference distribution, m(x), is typically chosen as the midpoint between the

two original distributions, such as the average: m(z) = (p(:c) + q(x)) /2. Notably, the Dyg is
inherently bounded. When employing a base-2 logarithm, the maximum divergence value is 1.

Similarly to Dgy, the Dys can also be estimated using MC simulation:

Dys(p(x)]lg(x))
p

m (Z;) (4.17)
_ o 2p () 1 & o 2q (7;)
2L 11 s (P(xz) +Q($z‘)> " QLEI s (P(@) +Q(9~0i)> ’

assuming that we can generate L samples from both distributions

=i~ 2le) (4.18)

T ~q(z)

Estimating density ratio using probabilistic classification

Density ratio estimation focuses on estimating the ratio r*(x) of two probability densities,
p(z) and ¢(z), based solely on samples drawn from these distributions. This field has seen
significant theoretical development, particularly regarding complex ratio estimators and their
convergence properties [248]. The ratio is therefore defined as

r(z) = P& (4.19)

where x refers to the exact value. This approach avoids directly estimating individual
densities since errors in the denominator (i.e., ¢(x)) are dramatically amplified during the
ratio calculation. The classical probabilistic classification approach remains popular among the
various methods of estimating the density ratio due to its relative simplicity. This subsection
reviews the method described by [249] for estimating the Dgy,. We also demonstrate its
application to the Djs divergence estimation.

Estimating Equation (4.14) and Equation (4.16) is based on determining the unknown density
ratio r*. This section establishes a connection between the density ratio of two distributions,
p(z) and ¢(z), and a probabilistic classifier that optimally distinguishes samples drawn from
these distributions. Consider a scenario in which we possess samples from both distributions,
p(x) and g(z), with each sample labeled according to its origin. Using a classifier to estimate
the class-membership probabilities for each sample, we can derive an estimator for the density
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ratio. Let X, = oM 2@ 2M) and X, = 3 73 .. M) represent sets of real and
synthetic data samples, respectively, where M, and M, denote the corresponding sample sizes.

We form a combined dataset, denoted as D = (x,,,y,)_;, where My = M, + M, represents
the total number of samples. The label y,, associated with each sample z,, indicates its source
distribution: y, = 1 for samples from p(z) and y, = 0 for samples from ¢(x). Consequently,
we have p(z) = P(z |y = 1) and ¢(z) = P(z | y = 0), where P denotes the probability.

By applying the theorem of Bayes theorem, we can express the density ratio as:

r(x)

@)

q(x)
_Plly=1)

Plz|y=0) (4.20)
_ P@:uxW@»<P@Zwamvl

Ply=1) Py =0)

_Ply=0)Py=1]xz

Ply=1)Py=0]z)

Equal prior probabilities are assumed for the source distributions, specifically P(y = 0) =
P(y = 1). This assumption is strategically made to prevent the estimation process from being
skewed towards any particular class. By setting the prior probabilities to be equal, the ratio
of marginal probabilities effectively cancels out, leaving:

Ply=1]z)

r(x) = Ply=0]2) (4.21)

This expression reveals that r* can be estimated solely based on the posterior probability,
P(y = 1] x), which represents the probability that a sample originates from p(z) given its
features.

To simplify even more, the logit function, denoted by o=, offers a convenient way to transform

the posterior probability into the ratio of the original probabilities. The logit function is
defined as the inverse of the logistic function o:

o~1(z) = In (1 z > , (4.22)

—z
where z represents any probability. The logit function has the property that the log odds of
two probabilities equal the log of their ratio. In our case, applying the logit function to both

the numerator and denominator of the expression for Equation (4.21) results in the log ratio
of the original probabilities:

(Gl ) = Pu=1la) - =0l 2
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Since the prior probabilities are assumed to be equal, the second term cancels out, leaving us
with:

In (r*(2) = o (Py = 1] 2)) (4.24)

Taking the exponent of both sides recovers the original expression for r*(x) but expressed in
terms of the odds of the posterior probability:

r*(z) =exp [0 (Ply=1]1))]. (4.25)

Therefore, by applying the logit function, we can simplify the calculation of the density
ratio. The transformation converts the posterior probability into a log-odds representation,
ultimately leading to the desired log ratio. This establishes a crucial link between the
density ratio and the probabilistic classifier. By training a classifier to effectively distinguish
between samples from p(z) and ¢(x), we can obtain estimates of posterior probabilities and
subsequently derive an estimate of the density ratio using the logit transformation.

Implementation

This research uses an NN classifier, denoted Dy with parameters 6, to approximate the
posterior probability P(y = 1 | ). This network acts as a discriminator to classify input
samples originating from the p(z) or ¢(z) distributions. The network architecture is designed
to capture the discriminative features that distinguish these distributions effectively. This
study aims to understand how input data variations influence the ratio estimation between
distributions. To isolate the impact of input data, we deliberately chose not to fine-tune
the model across different experiments, maintaining a consistent architecture throughout.
This approach allows us to examine the robustness of the estimator across various data
types without the confounding effects of model optimization. The model parameters were
selected to balance interpretability and provide meaningful insights, ensuring that our results
illustrate the practical capabilities of the estimator rather than achieving optimal performance
in each scenario. This strategy emphasizes the versatility and applicability of the estimator in
real-world contexts, offering valuable insights into the challenges of synthetic data validation.

Specifically, Dy employs a three-layer architecture with a decreasing number of neurons per
layer: 256 in the first hidden layer, followed by 64 and 32 neurons in the subsequent hidden
layers, respectively. The Leaky Rectified Linear Unit activation function is used throughout
the hidden layers to introduce nonlinearity into the model. In addition, dropout, batch
normalization, and early stopping techniques are incorporated to prevent overfitting during
the training process.

The estimator for r* can be constructed as a function of the output of the classifier:
ro(z) = exp [0~ (Dy(x)) | ~ exp [0 (P(y = 1| 2))] = r*(2). (4.26)
The optimal class probability estimator is learned by minimizing a suitable loss function, such
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as the binary cross-entropy loss:

£(0) = ~Eyr) [ log Dy ()] — By log(1 — Dy(a))]. (4.27)

Once trained, the class probability estimator can construct MC estimates of Dgr, and Dj.
The Dyg, between p(z) and g(x) can be estimated as

Dia (p()]lg(x))

log 7™ ()]

lilogr (@) & *Zlogrg ;) (4.28)
L i=1 ' L =1 ’
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L

ZO_ 1(D9 (‘TZ))7
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where x; ~ p(z), L is the number of samples used for the estimate.
Similarly, the Djs divergence can be estimated as:

Dis(p()q(x))

L

1L Zz: log (27)9 xl)) + 21L Zz::llog (2 - 2D0(3~5i>) (4.29)

7 22108 (Dol + 57 Slog (1= Do),

where Z; ~ ¢(z) denotes the number of samples used from the second distribution during
divergence estimation.

~

1

Interestingly, the discriminator loss function, £(#), converges to a lower bound of Djys up to a

constant, —2 - Dyg (p(m) ||q(x)) + log 4 [249]. This relation can be established by analyzing the
upper bound of the loss function:

sup Ep(z) {108; De(ﬂf)} + Eyw) [log(l - D9($>)}

= Ep)[logP(y = 1| 2)] + Eq)[log P(y = 0 | )]

=E (a:)[logp(xf(fl(x)} + Ey )[log ( )(f)q(x)}
= Ep@) [log ;:jgﬂ + By [1 ;:1(2)} (4.30)
=E,@) [log :z((?) +Ey [log 51(8)] — 2log 2
=2 Dis(p(a)ll(x)) —log
Then, we can establish:
2 Dys(p()llg(x)) — log4 > sup o [log Dy()] + Eq(oy [ log (1 — D(a))]- (4.31)
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Following this analysis, we can arrive at the desired inequality. However, we can manipulate
the inequality by negating both sides for a more convenient form.

—2- Dys(p(a)lla(x)) + log 4
< — sup Ep@) [108; De(l")] + Eq() [log(l - D"(x))}

= 1%f —Ep(z) {log DQ(LC)} - Eq(z) {108;(1 - Dg((ﬂ))}
= i%fE(G).

(4.32)

The architecture of the divergence estimator proposed between two distributions is depicted
in Figure 4.3. The discriminator network receives two sets of samples: M samples from
the first distribution p(z) labeled class 1 and M samples from the second distribution ¢(x)
labeled class 0. During training, the discriminator aims to distinguish between these two
sets. Subsequently, L samples from each distribution estimate the divergence between the
underlying probability distributions.

[ M —
Z T >
|

! L
—————— —>|
Discriminator | —— Divergence Estimator
F=—————— »
! L
I
M

Figure 4.3: Architecture of the NN-based divergence estimator to assess the dissimi-
larity between samples from two datasets. The discriminator takes two sets of
samples as input: M samples from each set to train and L samples from each to infer
the divergence.

This study evaluates the dissimilarity between real and synthetic data generated by a GM.
Minimizing the divergence between the real and synthetic data distributions is crucial in
this context. Ideally, the divergence should approach zero, indicating that the generated
data become virtually indistinguishable from the real data. This interchangeability allows
synthetic data in various applications where real data might be scarce or sensitive. From the
perspective of the discriminator, achieving minimal divergence implies that it cannot reliably
differentiate between real and synthetic samples, indicating successful data generation. For
GMs, the distributions of interest become:

o pr(x) = p(x), representing the real data distribution.
e pa(z) = q(z), representing the synthetic data distribution generated by the model.
Training data consist of N samples drawn from the real data distribution, denoted x,. ~ pgr(z).

These data are used to train the GM, as illustrated in Figure 4.4. The GM learns to
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approximate the real data distribution as pg(x), allowing us to sample from this distribution
and obtain synthetic data points z, ~ pg(x). Following the architecture described in Figure 4.3,
these synthetic samples are used along with the real data samples to train the discriminator
and estimate the divergence between the real and synthetic data distributions.

| o
r N_, GM > T 1
" 1 | Y L ——— >
| 77 L SO Z Z
! W2z Discriminator — Divergence Estimator
|
[ M
' S
L e o e e e e mm mmE e mmm e e m e m e — >
L

Figure 4.4: GM for divergence estimation between real and synthetic data. The GM
learns an approximation of N samples from real data x,, denoted x,. Subsequently,
M samples are drawn from each distribution to train the divergence estimation
discriminator. Finally, L samples from each distribution estimate the divergence
between real and synthetic data.

4.3.2 Experiments and Results
Experimental Setting

We aim to validate the effectiveness of our proposed divergence estimator for data generation.
We achieve this through an exhaustive experimental evaluation in four different experiments,
described in Table 4.5 designed to assess the performance of the estimator under various con-
ditions. The initial set of experiments focuses on controlled scenarios that involve comparisons
of simple theoretical data distributions. Subsequently, the complexity is gradually increased by
incorporating generative scenarios that reproduce real-world applications. This progression in
complexity tests the ability of the estimator to handle increasingly challenging conditions and
demonstrates its scalability and reliability. The increasing complexity is essential to ensure
that our estimator remains accurate and efficient, even as the distributional assumptions
become less defined and more reflective of the irregularities typically found in real data.

We comprehensively analyze the influence of sample size on the performance of the estimator.
This analysis covers the impact of the training and validation set sizes for the discriminator
network and the number of samples used during the generative process. To gain a deeper
understanding, we evaluated different configurations for each parameter, as the table shows.
For every experiment, all possible combinations of N, M, and L are executed five times with
unique random seeds. This rigorous approach employing multiple random seeds mitigates
the effects of inherent randomness within training processes. Consequently, it provides a
statistically robust evaluation and a more reliable representation of the observed trends.
Ultimately, this comprehensive analysis facilitates identifying the configuration that yields
the most accurate assessment of the divergence between data distributions.
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Experiment Compared Distributions Generative Model N M L
Experiment 1 | Multivariate Gaussian Distributions - - (20, 200, 2000] [20, 200, 2000]
Experiment 2 Gaussian Mixture Distributions - - (20, 200, 2000]  [20, 200, 2000]
Experiment 3 | Gaussian Mixture and Synthetic Data Gaussian Mixture Model [10, 20, 30, ... , 150] 2,000 2,000
Experiment 4 Real and Synthetic Data CTGANJ109], VAE 10,000 7,500 1,000

Table 4.5: Generation methodology experiments configuration summary. Experiments
carried out to assess the effectiveness of the proposed approach. Experiments 1 and
2 investigate the impact of distribution complexity by varying the number of M and
L. Experiments 3 and 4 focus on the application of generative processes. A GM is
introduced to create synthetic data based on N samples, enabling a comparison between
real and synthetic scenarios. Different values of N, M, and L could have been used;
however, we believe that the chosen values are sufficiently illustrative of our aims.
Moreover, we sought a trade-off between simplicity in interpretation and the ability to
produce exemplary results.

The inherent variability in data nature and complexity across different experiments needs
diverse divergence estimation methods. Table 4.6 details the specific techniques employed
for each experiment, allowing for a comparative analysis whenever possible. The level of
complexity of the experiment guides the selection of the validation technique.

o Analytical Divergence: This method, calculated only for Dgp for simplicity, represents
the true divergence value due to the specific distributions used in the experiment.

« MC Estimated Divergence: This is a widely used estimation approach, but it can
be computationally expensive.

e Discriminator Estimated Divergence: This method uses our proposed discriminator
network to learn the density ratio between the two distributions and estimate the

divergence.
Experiment | Validation Technique
Experiment 1 | Analytical, MC and Discriminator Estimations
Experiment 2 MC and Discriminator Estimations
Experiment 3 MC and Discriminator Estimations
Experiment 4 Discriminator Estimation

Table 4.6: Validation procedure for each experiment in the generation methodology.

In the experiments conducted, the parameter values of the different models used were explicitly
chosen to yield illustrative results to analyze the performance of the proposed estimator in
validating SDG. We recognize that alternative parameters could be employed or fine-tuning
could be undertaken to identify optimal settings; however, we intend to observe the effect
of the input data on the models as such and to demonstrate their potential. This approach
allows us to focus on understanding how variations in input data influence the ability of the
estimator to validate synthetic datasets, thereby showcasing the practical applicability and
robustness of the estimator across different data scenarios.
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Results

For complete transparency and reproducibility, the data and code used in this study are publicly
available in https://github.com/Patricia-A-Apellaniz/divergence_estimator. Addi-

tional results can be found in Appendix D.1.

— FExperiment 1

M L Analytical MC Estimated Discriminator Estimated | MC Estimated Discriminator Estimated
Dy Dy Dy Dys Dys

20 1.168 4 0.203 0.802 £ 0.152 0.320 £+ 0.105 0.213 £0.072
20 200 1.026 £ 0.221 0.709 £ 0.248 0.301 £ 0.055 0.200 £ 0.038
2000 1.024 £0.193 0.665 £ 0.084 0.288 £+ 0.047 0.209 £ 0.028
20| 1.221 + 0.422 0.991 £ 0.520 0.320 £ 0.055 0.289 £ 0.053
200 200 1.035 1.114 £ 0.257 1.099 £ 0.227 0.313 £ 0.055 0.294 £ 0.049
2000 1.026 £ 0.191 0.955 4+ 0.101 0.289 4+ 0.038 0.267 £ 0.038
0| 0.841 £ 0.190 0.833 £ 0.229 0.2194+0.113 0.218 £ 0.111
2000 200 1.004 £ 0.190 0.978 £0.185 0.300 £ 0.047 0.290 £ 0.049
2000 1.055 £ 0.212 1.060 £ 0.200 0.299 £+ 0.051 0.293 £ 0.050

Table 4.7: Impact of training and validating samples on Dk, and Djs estimation for
Experiment 1. Analytical Dgy, along with MC Dgy, and Djs estimations, as well
as proposed discriminator estimations for both divergences. Results are displayed for
various combinations of training samples M and validation samples L. There is a clear
correlation between the number of samples used and the estimation error.

Table 4.7 presents the results obtained for Dy, and Djs between random multivariate Gaussian
distributions. A significant advantage of this study is the availability of a closed-form solution
for Dk, which serves as the ground truth value. We use the MC simulation estimate for
the Djg as the ground truth. To ensure the reliability of this experiment, we opted for
multivariate Gaussian distributions with a dimensionality of 10. This allows us to compute
the true divergence values and assess the accuracy of estimating the ratio of the proposed
discriminator. The results reveal a critical relation between sample size and estimation
accuracy, particularly for discriminator-based approaches. When the number of samples is
limited (M = 20, L = 20,200), the estimated divergence from the discriminator deviates
significantly from both the analytical value and the MC estimate. This suggests a potential
overfitting due to insufficient data, leading to underestimating the true divergence. However,
as the number of samples increases, the estimated divergence from the discriminator network
progressively converges towards the ground truth value, followed by improved CI precision.
Figure 4.5 confirms this trend. Both subfigures illustrate how increasing the number of
training samples M and validation samples L reduces the error associated with the estimated
divergence ratio. Further support for the correlation between sample size and estimation
accuracy comes from the discriminator loss curves depicted in Figure 4.6. As detailed in

130


https://github.com/Patricia-A-Apellaniz/divergence_estimator

Chapter 4. Synthetic Data Generation

Dy, Estimation for M = 20 Dy, Estimation for M = 200 Dy, Estimation for M = 2000
0.8
2
o
= 0.64 1 b o
w
c
o
0.4 1 1
£ = o O]
7
w

g o) | B,

001 o —
20 200 2000 20 200 2000 20 200 2000
L values L values L values
(a) DxL
D;s Estimation for M = 20 D;s Estimation for M = 200 Djs Estimation for M = 2000
0.251 ] ] °
0 0.201
—_
e
—
Wo.15
ey
-9 é
©
£ 0.10 %
=
()]
W 0.051 ] ] EEI
° == = —
0.001 ] ]
20 200 2000 20 200 2000 20 200 2000
L values L values L values
(b) Dys

Figure 4.5: Estimation error representation for Dk and Djs in Experiment 1. Results
are shown for different combinations of training sample sizes M and validation sample
sizes L. As expected, a decrease and precision in the error is observed with increasing
values of M and L.

[249], the loss function converges to a constant value approximating the Jensen-Shannon
divergence. The figure visually confirms this concept, as the loss curves flatten with increasing
training M and validation L samples. In contrast, a low number of samples (e.g., M = 20,
L = 20) results in larger fluctuations in the loss function, potentially indicating discriminator
overfitting. These validations demonstrate the effectiveness of our proposed method: with
sufficient training data, the discriminator can accurately learn the density ratio and provide
reliable estimates of the divergences, particularly for the Djs.

Leveraging Experiment 1, we further emphasize the superior robustness of our proposed
approach in estimating the D g, regardless of variations in distribution separation. Figure 4.7
illustrates the relation between estimated divergences and ground truth values as the separa-
tion between two 4-dimensional multivariate Gaussian distributions increases. As observed,
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Dys Discriminator Training and Validation Losses
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Figure 4.6: Discriminator loss curves for Experiment 1. The loss curves show a clear
overfitting due to low sample sizes. Green and red dashed lines represent theoretical
convergence values.
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Figure 4.7: Relation between ground truth and estimated divergences as distribution
separation increases in Experiment 1.

the relation for the D g divergence remains almost linear until it approaches 1. While the
relation appears less linear for values near 1, it is essential to note that the primary application
of this discriminator lies in comparing similar distributions. Therefore, the focus should be on
the performance of low D g divergences. Meanwhile, the Dy exhibits a nonlinear relation
starting from the first comparisons, with the estimated Dy deviating from the ground truth
probably because of bias introduced by the discriminator.

— Experiment 2

This experiment investigates the performance of the proposed divergence estimation method
in Gaussian mixture distributions. These distributions offer a higher complexity level than
those used in Experiment 1. Each Gaussian mixture distribution comprises two independent
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isotropic Gaussian components with distinct mixing probabilities (weights assigned to each
component within the mixture). Unlike the prior case, where analytical ground truth for
divergence was obtainable, we rely solely on MC approximations as ground truth here and in
the following experiment. Similar results were obtained for this experiment compared to the
first.

M I MC Estimated Discriminator Estimated
Dy, Dy,
900 200 2.669 £ 0.118 2.686 4+ 0.294
2000 2.887 £ 0.045 3.037 £0.517
2000 200 2.710 +0.100 2.628 + 0.357
2000 2.850 + 0.071 2.913 +0.129
(a) DxL
M L MC Estimated Discriminator Estimated
Djs Dys
900 200 0.392 £ 0.013 0.374 £ 0.020
2000 0.428 £ 0.009 0.412 £ 0.009
2000 200 0.415 £ 0.020 0.412 £0.019
2000 0.423 £0.014 0.420 £0.013

(b) Dss

Table 4.8: Impact of training and validating samples on divergence estimation for Ex-
periment 2. MC and proposed method divergence estimation for various combinations
of training and validation samples M and L. The results highlight a clear correlation
between the sample number and the estimation error.

Table 4.8 focuses on a practical range for training sample sizes M and validation sample sizes
L (both set to 200,2000) and present the estimated divergences obtained using our proposed
method compared to MC estimates. The results demonstrate that, for both divergences, the
proposed method achieves results comparable to the MC estimates. These findings further
support the previously observed correlation between sample size and estimation accuracy.
Additionally, we observe a narrowing of Cls with increasing sample sizes for both divergence
measures. This trend indicates that the estimation becomes progressively more precise as the
available data increases. Overall, the results of this experiment underscore the effectiveness
of the proposed method in estimating divergences for more intricate distributions, such as
Gaussian mixtures. The remaining analysis can be found in Appendix D.1.1.

— Experiment 3

The following experiments introduce the concept of a generative process, where synthetic
data are generated based on N samples from a particular data distribution. We investigate
the influence of the quality of the GM in terms of the number of samples used to generate.
This experiment uses a Gaussian mixture with two components as the real distribution. We
employ a GMM as the GM. The trained GMM then generates synthetic data that serve as
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an approximation of the real data. Finally, we estimate the divergence using our approach
with sufficient samples to achieve a small CI and compare it to the MC simulation estimation.
We analyze the behavior of the GMM under different training configurations, varying the
number of training samples /N. Since previous experiments demonstrated that a high number
of. samples for both M and L achieve better divergence estimations, we have fixed M = 2000
and L = 2000 for this experiment. We compare the estimated divergence errors for this
combination of training samples M and validation L used by the divergence estimator.

N Influence in Divergences Estimation
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Figure 4.8: Estimated Dkr, and Djs compared to ground truth values for varying sample
sizes of N in Experiment 3. Note the independent y-axes for each divergence
measure due to their inherent scale differences, with Djs exhibiting lower values than
DKIL-

Figure 4.8 shows the estimated divergences as NN increases. The results demonstrate a
clear correlation between the size of the training data for the GMM, N, and the estimated
divergence errors. When the GMM is poorly trained due to a limited number of samples
(N =10), it cannot effectively capture the underlying data patterns. This leads to generated
data that significantly deviate from the real distribution. Consequently, the real divergence
values increase significantly, and a large estimation error occurs, particularly for unbounded
Dgy,. Djs, which is inherently bounded between 0 and 1, exhibits less extreme error values.
As the number of training samples for the GMM increases (N = 200 and N = 2000), the
generated data become more representative of the real distribution. This results in lower
divergence values and reduced estimation errors for Dgp, and Djs. This finding supports
the validity of our proposed validation technique for generative processes involving Gaussian
mixture distributions.

— FExperiment j

This final experiment evaluates the performance of GMs in a more realistic setting by
incorporating a real-world dataset and its synthetic counterpart. Unlike previous experiments
that used purely synthetic distributions, this scenario assesses how well a generative model
can replicate real-world data. The chosen dataset is Adult. As described in Appendix B, it
contains information on 32,561 individuals used to predict their annual income exceeding
$50,000. A subset of 10,000 samples obtained from [247] was used for this study. The dataset
consists of 14 features, including categorical, binary, and integer values. Based on previous
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experiments analyzing sample size influence, we set the hyperparameters at N = 10, 000,
M = 17,500, and L = 1,000.

To assess the GMs, we compared two state-of-the-art approaches: CTGAN [109] and VAE-
BGM, the latter being our proposed method detailed in Section 4.2. VAE-BGM consistently
outperformed other models in previous validation experiments. To further strengthen our
evaluation, we computed MMD with an RBF kernel in addition to divergence measures. This
complementary analysis helps determine whether the estimated divergences align with another
widely used distributional comparison metric, reinforcing the robustness of our evaluation
framework.

CTGAN VAE CTGAN VAE CTGAN VAE
D]K]L D]K]L DJ]S DJS MMD MMD

0.342 £0.016 0.185 £ 0.030 | 0.138 £ 0.002 0.099 £ 0.002 | 0.0013 = 0.000 0.0001 £ 0.000

Table 4.9: Comparison of GMs for real-world data. Similarity comparison between real data
and their synthetic counterparts generated by each model using estimated divergences,
Dg1, and Djs, and computed MMD. Lower values in both metrics indicate a greater
similarity between real and synthetic data.

Section 4.3.2 presents the results, confirming that VAE-BGM achieves the lowest values across
all metrics. The reduced divergence values indicate a closer resemblance between the real and
synthetic distributions, while the MMD results further validate these findings. Given that
MMD assesses probability distribution similarity in a reproducing kernel Hilbert space, its
consistently lower values for VAE-BGM strongly support its superior generative performance.
The agreement between MMD and divergence estimates further reinforces our confidence in
the evaluation methodology, suggesting that VAE-BGM generates more realistic synthetic
data compared to CTGAN.

To explain why the VAE may outperform the CTGAN in our experiments, we refer to
Section 4.2.3, which compares the VAE generator with CTGAN and TVAE using metrics
similar to the ones used in this work. The results support our observations. We suggest
that VAEs perform better due to their stability in managing complex data distributions,
unlike GANs, which struggle with convergence. This stability in VAEs contributes to their
enhanced ability to generate more realistic synthetic data, highlighting significant differences
in model architecture and distribution handling. The inclusion of MMD as an additional
validation metric further substantiates these findings by providing an alternative perspective
on distributional resemblance.

This experiment demonstrates the practical applicability of the proposed evaluation framework,
showing that divergence-based estimates are consistent with MMD in measuring similarity
between real and synthetic data. These findings highlight the effectiveness of VAE-BGM
in generating high-fidelity synthetic data, which is crucial for real-world applications where
ensuring data quality and representativeness is essential.
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4.3.3 Conclusions

This research proposes a novel and practical approach for validating synthetic tabular data
generated by various models. The core of this method lies in using a divergence estimator
based on a probabilistic classifier to capture the discrepancies between the real and synthetic
data distributions. This approach overcomes the limitations associated with traditional
marginal divergence comparisons by considering the joint distribution. While marginal
comparisons assess the similarity of individual features between real and synthetic data, they
can be misleading. Even if the marginal distributions of each feature appear similar, the
joint distribution, which captures the relations between features, may differ significantly.
This can lead to unrealistic synthetic data, where individual features appear plausible, but
their co-occurrences do not represent the real data. By considering the joint distribution,
our proposed method provides a more comprehensive assessment of the quality of synthetic
tabular data.

The efficacy of the proposed method is comprehensively evaluated through a series of ex-
periments with progressively increasing complexity. The initial phase establishes a solid
foundation by analyzing the performance in controlled scenarios with well-defined theoretical
distributions. The results demonstrate that the accuracy of divergence estimates is highly
dependent on the amount of training data available for both the GM and the divergence
estimator network. Subsequent experiments explore more intricate scenarios involving Gaus-
sian mixture distributions and real-world datasets. The findings consistently support the
effectiveness of the proposed method in approximating the true divergences. Our emphasis in
this work has been to show the advantages of using divergences as synthetic data validation
for tabular data.

This research offers significant contributions beyond the specific tabular data validation
domain. The proposed methodology facilitates better validation practices for various fields
dependent on GMs. Its key strength is capturing complex data distribution relations, leading
to more robust and reliable validation processes. In addition to the positive results, the study
also highlights the importance of the quality of the GM. When it is inadequately trained
due to insufficient data, it can significantly impact the accuracy of the divergence estimation.
This emphasizes the need to consider GM training procedures carefully to ensure reliable
validation results.

Several promising avenues exist for future research. One direction involves exploring the
potential to extend the proposed approach to more complex data structures, such as images
or time series data. Additionally, investigating the integration of this validation technique
within GM training pipelines could enable the development of self-improving GMs that
can automatically adjust their parameters to generate data that closely resemble the target
distribution. Moreover, addressing the impact of changing the assumption of prior probabilities
for the source distributions to be compared, where the number of real and synthetic samples
may vary, presents a significant challenge. Techniques to mitigate the effects of unbalanced
classes in the regression framework could be explored. These techniques may include adaptive
sampling strategies, class weighting, or methods specifically tailored to handle imbalanced data
distributions. Implementing such approaches could enhance the robustness and applicability
of the validation technique across diverse datasets and real-world applications. Finally,
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developing a robust methodology to estimate divergences when limited samples are available
presents a crucial challenge (addressed in Section 4.4). Addressing this challenge would further
enhance the versatility and practicality of the proposed validation technique in real-world
scenarios with restricted data availability. Furthermore, it would be beneficial to investigate
alternative density ratio estimation techniques, such as those presented in [250], [251]. These
methods may offer advantages regarding sample size requirements, estimation error, or other
relevant estimator properties.
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4.4 A Novel Synthetic Data Generation Methodology
to Address Data Scarcity

One of the significant challenges in SDG is ensuring the quality and representativeness
of the generated data when working with limited real data. Data scarcity is a prevalent
issue, particularly in healthcare applications, where acquiring large, high-quality datasets is
often constrained by privacy regulations, collection costs, and the rarity of certain medical
conditions. Traditional generative models, such as GANs or VAEs, may struggle to produce
reliable synthetic data in low-data regimes, leading to poor generalization, overfitting, or
under-representative samples.

This section proposes a novel methodology tailored to address data scarcity in SDG. Our
approach focuses on enhancing the generative process when training data are limited, ensuring
that the synthetic data maintains sufficient statistical fidelity and practical utility. By
leveraging strategies such as transfer learning and meta-learning techniques, as well as the
flexibility of VAEs, our proposed method aims to overcome the challenges posed by low-data
scenarios and generate synthetic data that accurately reflect the underlying real distributions.

4.4.1 Generation Methodology

Assuming that we have a tabular dataset composed of N entries {zZ}Y, where N represents
the number of samples available and each entry z‘ has a dimensionality of Cov features. In
other words, C'ov represents the number of attributes associated with each data point. A
Deep Generative Model (DGM) can be defined as a high-dimensional probability distribution
po, where 6 represents the learnable parameters of the model. The objective of the DGM is
to learn a representation, py, that closely approximates the true underlying data distribution,
denoted by p(z,). Once trained, the DGM can generate new synthetic generated samples x,
by drawing from its learned distribution:

Ty ~ Py (4.33)

Ideally, a well-trained DGM should produce synthetic data x, that are statistically indistin-
guishable from real data x,.

In the prevalent big data setting, characterized by many training samples (N > Cov), DGMs
with sufficient complexity can effectively capture the underlying data distribution p(x,). This
is evidenced by the impressive results achieved in recent research, where high-dimensional
synthetic samples are generated using vast amounts of training data [109], [252]-[254]. However,
for scenarios with limited training data, which is common in tabular domains, DGMs struggle.
Consequently, the synthetic samples generated z, deviate significantly from the true data
distribution p(z,), leading to high Dgy, and Dys between real and synthetic data.

We propose an approach that uses artificially generated inductive biases to address this
challenge. Figure 4.9 illustrates the overall architecture. In the standard big data setting, a
DGM py is directly trained using real data x, generating high-quality synthetic data x4 ~ py.
However, when the number of real samples NV is limited, the quality of the generated data z,
deteriorates. To mitigate this issue, we introduce an artificial inductive bias generator. This
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module inputs the initial synthetic data x, and outputs an initial set of weights 6y. These
weights are then used as the inductive bias to train a second DGM p, using real data x,.
This second DGM generates a new set of synthetic samples, ,. Notably, the only distinction
between py and p, lies in the initial weights: p; leverages the inductive bias encoded in 6y
to potentially achieve faster convergence to a distribution that better resembles p(x,). At
the same time, py begins training with random weights. As our simulations will demonstrate,
this seemingly minor difference translates into significant improvements in the quality of the
generated synthetic data.

Ty ~ p(wr)a

Figure 4.9: Block diagram for the proposed architecture for the SDG methodology. In
a standard big data setting, the first GM py generates good enough samples. However,
in cases where large amounts of data are not available (N is limited), we propose
to use the data generated by the first DGM as input to an artificial inductive bias
generator, which in return provides a set of initial weights 6y for a DGM that contains
the artificially generated inductive bias. This initial weight is then used to train a
second DGM p; using real data x,, generating a second set of synthetic data Z,, which
is of higher quality than the synthetic data x,.

The proposed approach (depicted in Figure 4.9) hinges on two key concepts: the importance of
inductive biases and the feasibility of their artificial generation. The importance of inductive
biases in supervised learning is well established. The no-free-lunch theorems state that a
universally optimal learner does not exist. Consequently, specific learning biases can produce
substantial performance gains for particular problem domains (see [255] and the references
therein). CNNs exemplify this principle. Their inherent inductive bias, the fact that the image
information possesses spatial correlation, makes them the preferred architecture for image
processing tasks. Similarly, as highlighted in [256], using inductive biases is a cornerstone of
the success of DL. In scenarios with limited training data, regularizers are commonly employed
as inductive biases to prevent overfitting. This underscores the dual role of inductive biases:
not only do they contribute to the effectiveness of Deep Learning, but they are also crucial in
avoiding overfitting. However, effective use of inductive biases is often contingent on having
specific knowledge about the problem. In the aforementioned example of CNNs, we inherently
understand spatial correlation in images. However, in tabular data, this domain-specific
knowledge is often scarce. Recent efforts have focused on designing large models trained
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on artificially generated data as inductive biases to address this challenge. The underlying
hope is that the actual problem to be solved exhibits similarities to those encountered during
training of the large model (e.g., [257] and [258]).

Therefore, our proposed approach departs from existing methods for incorporating inductive
biases in STDG. Unlike the brute-force approach employed in [258], we use data generated by
a potentially low-quality DGM py. This strategy aims to obtain an initial set of weights 6,
which act as an inductive bias. Ideally, these weights should guide the model to a region of the
parameter space that facilitates convergence towards a high-quality solution. In particular,
we assess our ideas using a state-of-the-art VAE architecture for the DGM, although we
hypothesize that similar results could be achieved with other DGM architectures. Due
to its demonstrated superiority against other leading models, we will use the VAE-BGM
(Section 4.2). VAEs are known to be sensitive to the initial random conditions (seeds) used
during training. This dependence on seeds requires training with multiple seeds and selecting
the one(s) that exhibit the best performance based on a chosen metric, such as minimum
validation loss. The remaining runs, often discarded, may still contain valuable problem-
specific information despite not achieving optimal solutions using traditional metrics. Our
key idea lies in exploiting these potentially informative data from discarded VAE runs to
create an artificial inductive bias for the final DGM trained with real data.

The following subsections explore two distinct paradigms for generating the initial set of
weights, 0y: transfer learning and meta-learning. Transfer learning techniques encompass
pre-training and model averaging, while meta-learning techniques include Model-Agnostic
Meta-Learning (MAML) and Domain Randomized Search (DRS). Pre-training offers a versa-
tile approach applicable to any DGM architecture, regardless of inherent characteristics. In
contrast, model averaging and meta-learning techniques are particularly well suited for VAEs
trained with multiple seeds due to their intrinsic variability in learned representations. Conse-
quently, we will evaluate the two methods within the chosen VAE architecture. Additionally,
to assess the efficacy of pre-training across different DGM architectures, we will compare its
performance on the CTGAN.

Transfer learning

Transfer learning is an ML paradigm that leverages knowledge acquired from a context domain
(also called the source domain) to enhance learning performance in a new target domain [259].
This approach aims to improve the learning process in the target domain by capitalizing on
the knowledge gained from solving related tasks in the context domain. This technique has
demonstrated its efficacy in fields where data scarcity is a common challenge, such as the
medical field [260].

Formally, based on the definition in [259], we can define a domain D by a feature space X
and a marginal probability distribution p(x,). Two domains are considered distinct if their
feature spaces X, Xy or marginal probability distributions p(z1), p(xe) differ, i.e., if X} # X5
or p(x1) # p(x2). The core objective of transfer learning is to leverage the knowledge learned
in a context domain Deoptert to improve learning in a target domain Dygrger. This is typically
achieved when the context and target domains differ, i.e., Deonteat 7 Drarget-
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Our work focuses on a scenario where the context domain Deopteqr consists of data x, generated
by a DGM. On the other hand, the target domain Dy4yge; consists of x,. Our approach leverages
the representational power learned by the DGM py on z,4 to provide a strong starting point
for learning in the target domain with real data x,. This knowledge transfer is achieved by
initializing the model weights for the target domain with the weights learned from the DGM
model trained on the generated data.

Transfer learning can be categorized into homogeneous and heterogeneous settings based
on the feature spaces of the domains [261]. Homogeneous transfer learning applies when
the context and target domains share the same feature space X} = X, while heterogeneous
transfer learning deals with scenarios where feature spaces differ X} £ X,. This work focuses
on homogeneous transfer learning, where the context domain is an augmented version of
the target domain. The key difference between the domains in our case lies in the number
of samples, leading to situations where the empirical distributions of the data differ, i.e.,

po(g) 7# ply)-

Within homogeneous transfer learning, various methodologies exist to improve target task
performance by capitalizing on knowledge from a related source domain. These techniques
encompass instance-based [97], relational knowledge transfer [262], feature-based [263], and,
as employed in this work, parameter-based [264] transfer through shared model parameters
or hyperparameter distributions. This study leverages a two-stage parameter-based transfer
learning approach. The first stage involves pre-training or model averaging, followed by fine-
tuning in the second stage. Subsequent sections will delve deeper into both pre-training and
model averaging techniques. Upon completion of one of these initial phases, fine-tuning serves
to refine the model parameters, ultimately achieving optimal adaptation for the target domain.

— Pre-training

Pre-training is a frequently adopted strategy for introducing an inductive bias into a model.
By leveraging a pre-trained model on a context domain, the target model gains generalizable
features that enhance its performance on a target domain. However, while pre-training is a
standard in computer vision and natural language processing, achieving similar success with
tabular data remains challenging. This disparity arises from the inherent heterogeneity of
the features of the tables, which creates substantial feature space shifts between pre-training
and downstream datasets, hindering effective knowledge transfer. Despite these challenges,
recent efforts like [265] and [266] explore tabular transfer learning with promising results.
Although these studies demonstrate potential, achieving comprehensive parameter transfer in
tabular data requires further research to establish best practices and unlock the full potential
of pre-training in this domain.

In this work, pre-training involves the following steps. First, we train a separate DGM py,,
using synthetic data x, as training data. Since z, is sampled from the initial DGM, z, ~ py,
we can generate a vast amount of synthetic data. This abundance circumvents the limitations
associated with training in small datasets, such as overfitting. Then, the optimal weights 67,
from DGM py,, are used as initial weights 0y to train the GM p, (see Figure 4.9).

In essence, our approach aligns with the well-established concept of data augmentation. We
generate synthetic data x4, which may not perfectly capture the intricacies of the original data
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[ DGM |

T ~ p(Tr)—]

Figure 4.10: Block diagram for the pre-training case. The inductive bias is introduced by
training a DGM pg,, on a large collection of x, samples. The weights learned from
this training process with abundant samples serve as the initial parameters 6 for the
fine-tunning process using the real data z;, to obtain pj.

z,. However, we used these synthetic data to train another DGM py,,. Although py, might
generate lower-quality synthetic samples, our objective is to exploit the information encoded
within this DGM to establish an initial set of weights for the DGM that will eventually be
trained on x,. In other words, we exploit the knowledge of the GM py,,, the context domain,
to obtain a better GM p,, which is our target domain. Figure 4.10 visually represents this
pre-training procedure.

— Model Averaging

The concept of model averaging emerged in the 1960s, primarily within the field of economics
[267], [268]. Traditional empirical research often selects a single ‘best’ model after searching a
wide space of possibilities. However, this approach can underestimate the real uncertainty,
leading to overly confident conclusions. Model averaging offers a compelling alternative. By
combining multiple models, the resulting ensemble can outperform any individual model.
This approach aligns with the core principles of statistical modeling: maximizing information
use and balancing flexibility with overfitting. In essence, model averaging extends the concept
of model selection by leveraging insights from all the models considered.

While pre-training can be incorporated with any DGM, our approach focuses on models
where the training process is sensitive to initial conditions, such as VAEs. In such cases,
it is common to train the DGM py with multiple initial conditions (seeds) and potentially
discard ‘bad’ seeds based on a specific metric. We propose using these discarded seeds to
create an artificial inductive bias. The simplest implementation involves averaging the model
parameters. In this case, our context domains are the different results of each seed, and the
target domain is obtained by averaging across the context domains. If we train S different
seeds for py, resulting in S models with parameters 6, we propose using the average of these
weights as the inductive bias:

0 = ; > s (4.34)
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Figure 4.11: Block diagram for the model averaging case. The inductive bias is introduced
by training a DGM py on z, using S different seeds. The average of the weights
learned from these training processes serve as the initial parameters f for the fine-
tunning process using the real data z, to obtain p;.

This straightforward approach is computationally efficient, requiring only calculating the
average across the precomputed weights. It assumes that the average model may capture a
robust inductive bias, leading to improved performance. Figure 4.11 summarizes this process.

Meta-learning

Traditional ML models often rely on large volumes of data to achieve optimal performance in
specific tasks. In contrast, meta-learning introduces a distinct paradigm by training algorithms
that can ‘learn to learn’ [269], enabling them to adapt to new tasks with minimal data rapidly.
This departure from the conventional requirement of extensive datasets for each new task
allows meta-learning algorithms to leverage knowledge by addressing numerous related tasks.
Through reflective analysis of past experiences, these models dynamically adjust their learning
strategies when confronted with novel situations, making them more efficient learners and
requiring less data to perform well on tasks with similar characteristics.

In this work, we exploit the multi-seed training configuration of certain DGMs. We construct
a meta-learning framework by treating each .S different seeds obtained after training the DGM
as a distinct task.

— MAML

MAML is a prevalent approach within the field of meta-learning [270]. It identifies the initial
set of weights denoted by 0,45/, by leveraging various tasks, enabling rapid and data-efficient
adaptation to new tasks. This efficiency comes from fine-tuning 6y, 45,7, with minimal data
for each new task. However, the successful application of MAML requires access to diverse
tasks for effective learning.

We can frame the problem by starting with a common single-task learning scenario and
transforming it into a meta-learning framework. Consider a task 7 that consists of an input
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x sampled from a probability distribution D. For simplicity, we define a task instance 7T as
a tuple comprising a dataset D and its corresponding loss function £. To solve the task T,
we need to obtain an optimal model parameterized by a task-specific parameter w*, which
minimizes a loss function £ on the data of the task as follows:

w' =argmin E {ﬁ(D; w)} (4.35)

w  x~D

In single-task learning, hyperparameter optimization is achieved by splitting the dataset D into
two disjoint subsets D = D® U D™ which are the training and validation sets, respectively.
The meta-learning setting aims to develop a general-purpose learning algorithm that excels
across a distribution of tasks represented by p(7) [271]. The objective is to use training
tasks to train a meta-learning model 0y 4,7 that can be fine-tuned to obtain w to perform
well on unseen tasks sampled from the same task environment p(7). Meta-learning methods
utilize meta-parameters to model the common latent structure of the task distribution p(7T).
Therefore, we consider meta-learning an extension of hyperparameter optimization, where the
hyperparameter of interest — often called a meta-parameter — is shared across many tasks.

In this work, the distribution of tasks is defined by the set of S training seeds obtained after
training the DGM. Given a set of S training seeds following p(7), each task T ~ p(T) is
therefore formalized as 7 = {D, L}. Each dataset D consists of synthetic data points z;
drawn from the model for the different training seeds. The loss function £ corresponds to the
DGM loss function. The specific £ form depends on the chosen DGM. If the chosen DGM is
a VAE, the loss function £ would be the negative of the ELBO [10]. In contrast, if a GAN
is used, the loss function £ would be the minimax loss function arising from the interplay
between the generator and discriminator networks [32]. It is important to note that both
VAEs and GANs use two neural networks within their architecture, different from the single
network architectures commonly found in state-of-the-art applications [272], [273].

Solving this problem using the MAML approach requires access to B tasks sampled from p(T).
We denote this set of tasks 7, used for training as D, = {(Dgt), Dév))}le, where each task b
has dedicated meta-training and meta-validation data, respectively. The goal of meta-training
is to find the optimal w; for a given task b given Oyrap. This Opran essentially captures
the ability to learn effectively from new data. In this context, the task-related parameter
wp denotes the parameters of the two networks comprising the VAE, i.e., the task-specific
parameters of the encoder and decoder. After meta-training, the learned w; is used to guide
the training of a base model 0y, 4p. This procedure is called meta-testing. This essentially
means that the model leverages the knowledge gained from previous tasks to improve the

efficiency of learning on new tasks. This can be viewed as a bi-level optimization problem
[274]:

GIIVBIIJSL'ENp(T) xéZ)NDé”){ b( b ’wb( MAML))}

(4.36)

s.t: wp (Orranr) = argn}}in (t>E ( {ﬁb(Dét);wb(eMAML))]'

b t)
Tgy N'Db

This equation minimizes the expected loss across all tasks on the meta-validation sets, subject
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to the constraint that the task-specific parameter w is optimized on the corresponding
meta-training data for each task.

Since in our work, we are upgrading the parameters using gradient descent, we can reformulate
Equation (4.36) as follows:

wy < 6 — avwbﬁb(DIEt); wp) (4.37)

B
Ontanir < Oneanvir — YVorans O Lo(Dy”; Oaranis). (4.38)
b—1

Here, o and ~ represent the learning rates for the inner and outer loops, respectively. The
inner loop updates the task-specific parameters w for each task b using the gradient of the loss
function L, in the meta-training data. The outer loop updates the meta-parameters 64571,
based on the accumulated meta-validation loss across all tasks.

Figure 4.12 illustrates the integration of the MAML procedure within the framework of our
proposed methodology. In this context, the task space denoted by p(7T) corresponds to the
various seeds S obtained during the training process. Essentially, the task space encompasses
the different probability distributions py, associated with each training seed. Ultimately, the
meta-training steps lead to identifying the desired parameters, denoted by #3;45/.. Note that
Oranr Tepresents a set of parameters that adapt fast to new data; in our case, the DGM
initial parameters are chosen so that they adapt fast to generate real data.

Ty ~~ p(mr

Figure 4.12: Block diagram for the MAML case. The inductive bias is introduced by training
a DGM py on x, using S different seeds. The synthetic dataset zy generated by each
seed serves as a task for MAML. The starting point to fine-tune using the real data
r, and obtain p, is the MAML solution obtained, 0asanL-

— DRS

Although MAML offers the potential to leverage the underlying structure of learning problems
through a powerful optimization framework, it introduces a significant computational cost.
Therefore, while we should seek a trade-off between accuracy and computational efficiency,
there is no management approach. An understanding of the domain-specific characteristics
inherent to the meta-problem itself is needed.
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DRS presents an alternative meta-learning approach that circumvents the computational
burden of bilevel optimization problems. Unlike MAML, DRS trains a model on the combined
data from all tasks. This eliminates the need for the complex optimization procedures present
in MAML, leading to a more computationally efficient solution. However, it is important to
acknowledge that DRS offers an approximation to the ideal solution [275].

Formally, DRS focuses on the meta-information, denoted by 60,,.., as the initialization of
an iterative optimizer used in a new meta-testing task, 7. In this context of meta-learning
initialization, a straightforward alternative involves solving the following pseudo-meta problem:

0 =argmin _ E L(D*w). 4.39
DRS g ml Tore(T) ( ) ( )

In this context, D* represents the aggregated synthetic data collection, x,, obtained across
all training seeds S. We refer to this approach as Domain-Randomized Search due to its
alignment with the domain randomization method presented in [276] and its core principle of
directly searching over a distribution of domains (tasks).

Figure 4.13 shows the application of the DRS procedure within the framework of our proposed
methodology. we aim to identify 6.
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Figure 4.13: Block diagram for the DRS case. The inductive bias is introduced by training
a DGM pg on z, using S different seeds. The synthetic dataset x, contains data
generated by each seed and serves as input to DRS. The starting point to fine-tune
using the real data x, and obtain p, is the DRS solution obtained, 6pgs.

Both MAML and DRS offer complementary approaches with a trade-off between modeling
complexity and optimization cost [275]. DRS delivers an approximate solution with lower
computational demands, while MAML offers higher precision at the expense of greater
computational resources. DRS is also advantageous when dealing with a limited number of
learning tasks. In our case, where data generated by each seed (s = 1,2, ..., 5) is considered a
task, and S typically takes values around 10, DRS is expected to provide better solutions
than MAML, aligning with the findings of [275]. Finally, note that DRS is similar to the
pre-training approach. While both techniques aim to improve model performance, they utilize
data differently. Pre-training leverages data from the best VAE seed, whereas DRS capitalizes
on data from all VAE seeds. This distinction reflects the core principle of DRS: exploring a

146



Chapter 4. Synthetic Data Generation

wider range of possibilities by searching across a distribution of domains (tasks) represented
by the various seed variations.

4.4.2 Generation Methodology Applied to General-Purpose Datasets
Validation Metrics

To rigorously evaluate the effectiveness of our proposed method in capturing the real data
distribution, we strictly adhere to the validation approach described in Section 4.3. This
approach leverages a probabilistic classifier (discriminator) to estimate the ratio of probability
densities between the real and synthetic distributions, subsequently calculating Dy, and
Dys. Traditional validation methods often focus on individual data points and the marginal
distribution of each separate feature. In contrast, this approach considers the entire data
distribution, including complex relationships between features. Additionally, divergences are
robust to noise and offer clear interpretations, making them ideal for evaluating the effectiveness
of the DGM. This provides a comprehensive approach to measuring the discrepancy between
two probability distributions, making them suitable for assessing the similarity between real
data p(z,) and the distribution of the synthetic data generated by the DGM py.

The discriminator network plays a crucial role in the validation process. This neural network
architecture is trained to distinguish between real and synthetic data samples. The network
receives two sets of samples as input. The first consists of M samples from the real data
distribution p(z,) labeled as class 1. The second consists of M samples labeled as class 0 from
the synthetic data distribution generated by the DGM py or pj, depending on the N number of
samples in the dataset. During training, the discriminator aims to learn a decision boundary
that effectively separates these two sets of samples. This process forces the discriminator
to capture the underlying differences between the real and synthetic distributions. Once
the discriminator network is trained, it is used to estimate Dgr, and Djs between the real
and synthetic probability distributions. This estimation involves using L samples from each
distribution and feeding them to the trained discriminator. The output probabilities of the
discriminator for these samples are then used to compute the divergence metrics.

Figure 4.14 illustrates the overall scheme of the approach. The figure emphasizes the separate
but related components: the inductive bias generator for synthetic data creation and the
validation process with the discriminator network. It also highlights the number of samples
used from each distribution for each process step (N to generate samples, M to train the
discriminator, and L to estimate divergence). By adhering to this rigorous validation approach,
we ensure that our proposed methodology for generating synthetic data from small datasets
is thoroughly evaluated and its effectiveness is quantitatively demonstrated using established
metrics like Dgy, and Djs. Note that M and L need to be large enough to prevent inaccurate
divergence estimations, so we consider this in our experiments.

Beyond divergence estimation for validation, we further assess distributional similarity using
MMD with an RBF kernel. Unlike divergence metrics that rely on probability density
estimations, MMD operates in an RKHS to directly compare distributions through kernel-based
representations. The RBF kernel is particularly suited for this task, as it effectively captures
complex data structures while ensuring smooth similarity estimations. By incorporating
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Figure 4.14: General Scheme of the proposed SDG methodology approach. Overall
scheme of the approach and its validation process. This last one consists of a
discriminator and a divergence estimator. The number of samples used from each
distribution for each step is also highlighted: N to generate samples, M to train the
discriminator, and L to estimate the divergences.

MMD alongside Dk, and Djs, we provide an additional independent measure of resemblance
between real and synthetic data, reinforcing the robustness of our validation framework.

Implementation Details

In terms of the experimental design to evaluate the proposed method, and as described in
the methodology section, we used the VAE-BGM architecture to train ten different seeds.
Subsequently, we applied methodologies based on transfer learning and meta-learning. For
pre-training, we also included results using another state-of-the-art model, CTGAN. It is
important to note that while we maintained the default parameters for CTGAN, we adjusted
the dimensionality of the latent space in the VAE depending on the dataset. This allows
the VAE to capture the specific characteristics of each dataset more effectively. We used a
latent space dimension of 10 for the Adult and Intrusion datasets, 20 for the News dataset,
and 15 for the King dataset. We maintained a consistent hidden size of 256 neurons for all
VAE models. Regarding the configuration of parameters M and L, we defined two different
validation configurations for each methodology: a reliable case and a more realistic case.
The parameter N remains unchanged, reflecting the actual number of samples available to
train the DGM, which is beyond our control. However, we can vary the number of generated
samples for validation, i.e., M and L. Specifically, the results presented for each dataset are
as follows.

« ‘Big data’: First, we present the optimistic scenario with a sufficient N of 10,000
samples, where no methodology is needed to calculate the inductive bias. This provides
results of the divergences that serve as an ‘upper bound’ or reference for the best possible
outcome. For M and L, we maintain high values of the validation samples, 7500 and
1000, respectively.

» ‘Low data’: Next, we show results for a realistic scenario with few samples (N = 300)
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without applying our methodology. This allows us to quantify the gain using the
method and determine its benefits. We use two configurations for parameters M and
L: [M = 7500, L =1000] and [M = 100, L = 100]. The second configuration is more
realistic for few-data scenarios. When limited training data are available, there is also a
limitation on the amount of data that can be effectively used for validation. The first
configuration, with much larger values for M and L, serves as a rigorous evaluation of
the impact of our methodology. However, it is acknowledged that using small values for
M and L can lead to unreliable metric estimations.

e ‘Pre-train’: In this case, we apply the proposed methodology using the pre-training
technique. Results are presented for both CTGAN and VAE. The parameter con-
figurations chosen are: [N = 300, M = 7500, L = 1000] and [N = 300, M = 100,
L = 100].

e ‘AVG,” ‘MAML,” ‘DRS’: These scenarios apply the model averaging (‘AVG’) and
the meta-learning techniques (‘MAML,” ‘DRS’). We solely utilize the VAE architecture
for multiple training runs. The following parameter configurations will be presented:
[N =300, M = 7500, L = 1000] and [N = 300, M = 100, L = 100].

This setup aims to thoroughly evaluate the performance of the proposed methodologies and
robustness in various data availability scenarios and parameter configurations.

Experiments and Results

In this section, we present the results obtained from the experiments, focusing on scenarios
that promote the validation of reliable synthetic data characterized by higher values of M
and L. The experiments were carried out on four public datasets (Adult, News, King and
Intrusio) obtained from the SDV environment [247], which also implements various data
generation models, including the CTGAN implementation we use. Refer to Appendix B
for a more detailed data description. The experiment design prioritized datasets with a
sufficient number of samples. This allows us to create multiple data splits for various training
and validation parametersj configurations. This approach comprehensively evaluates the
proposed method under different parameter settings. The results for scenarios with M = 100
and L = 100, considered unreliable due to their low information content, are presented in
Appendix D.2.1 for comparison purposes. For each database, we present a table summarizing
the scenarios defined previously defined scenarios and their respective Dgy, and Djs values.
The results for each metric are displayed in the following format: mean (standard deviation)
(lower is better). The code to replicate our results and the data used can be found in
https://github.com/Patricia-A-Apellaniz/low_sample_data_generator.

The Adult subtable in Table 4.10 shows the validation results regarding divergence obtained
for the Adult dataset. We focus primarily on the Djs divergence due to its interpretability as
a bounded metric (ranging from 0 to 1). The table shows the upper and lower bounds used
to assess the efficacy of the proposed methodology in the reliable case of higher validation
samples (M = 7500 and L = 1000). These bounds are 0.079 (upper) and 0.331 (lower),
highlighting a significant gap and room for improvement in the base VAE model (without
any techniques applied). A consistent decrease in divergence is observed by examining the
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VAE CTGAN VAE CTGAN VAE CTGAN
Scenario N

Dys Dys Dy, Dy, MMD MMD

Big data | 10000 | 0.079 (0.001)  0.150 (0.002)  0.153 (0.019)  0.420 (0.025)  0.0007 (0.0002)  0.0047 (0.0003)

Low data | 300 | 0.331 (0.004) 0.563 (0.002) 0.697 (0.018) 1.653 (0.015)  0.0032 (0.0004)  0.0148 (0.0007)

Pre-train | 300 | 0.171 (0.004) 0.563 (0.002) 0.427 (0.021) 1.753 (0.040) 0.0013 (0.0003) 0.0174 (0.0007)

AVG 300 | 0.157 (0.004) N/A 0.380 (0.043) N/A 0.0019 (0.0002) N/A
MAML | 300 | 0.300 (0.002) N/A 0.686 (0.037) N/A 0.0007 (0.0001) N/A
DRS 300 | 0.189 (0.006) N/A 0.427 (0.043) N/A 0.0036 (0.0003) N/A

(a) Adult dataset

VAE CTGAN VAE CTGAN VAE CTGAN

Scenario N
Dys Dys Dy, Dy, MMD MMD

Big data | 10000 | 0.253 (0.009)  0.463 (0.003)  0.647 (0.045)  1.506 (0.031) 0.0006 (0.0001) 0.0014 (0.0002)

—

Low data | 300 0.840 (0.003) 0.962 (0.002) 4.582 (0.136)  8.994 (0.909) 0.0024

0.0002) 0.0122 (0.0001)

Pre-train | 300 | 0.746 (0.003) 0.937 (0.003) 3.516 (0.082) 8.603 (0.463) 0.0024 (0.0002) 0.0137 (0.0003)

(
AVG 300 | 0.609 (0.003) N/A 2.596 (0.060) N/A 0.0026 (0.0001) N/A
MAML | 300 | 0.851 (0.001) N/A 5.176 (0.242) N/A 0.0028 (0.0002) N/A
DRS 300 | 0.645 (0.006) N/A 2.449 (0.057) N/A 0.0026 (0.0002) N/A

(b) News dataset

Table 4.10: Resemblance metrics results across scenarios I. ‘Big data’ represents the ideal
case where many samples (N = 10,000) are available to generate reliable synthetic
data. ‘Low data’ represents a more realistic scenario in which a limited number of
samples (N = 300) are available, posing a challenge for SDG. The next rows compare
the divergences and MMD obtained by each methodology (‘Pre-train’, ‘AVG’, ‘MAML’,
and ‘DRS’) applied to the ‘Low data’ scenarios. Bold indicates improvements. Results
are presented as mean (standard deviation), with lower values being preferable.

Djs divergence results for applying different proposed techniques. The worst improvement is
obtained for ‘MAML’ (0.300) and the best for AVG (0.157). This implies that improvement
is always present and, in the best cases, significantly high in Djs for VAE. A similar pattern
is observed for Dk, divergence in VAE: better divergence results are obtained for transfer
learning cases, but improvements are always achieved. However, for the CTGAN model
(where only ‘Pre-train’ results are available), we see no significant improvement in either Dy,
or DJS'

The News subtable in Table 4.10 summarizes the results obtained for the News dataset.
The values demonstrate the effectiveness of the proposed techniques in improving divergence
metrics compared to the established lower bounds. Notably, the VAE model improves
divergence metrics in most methodologies, except the ‘MAML’ technique. We hypothesize
that the ‘MAML’ technique might require a larger number of tasks to achieve comparable
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performance. Consistent with the findings for the previous dataset, model averaging emerges
as the methodology that generally achieves the best results. When considering CTGAN,
pre-training improves Djs metric. While Dygy, results for pre-trained CTGAN do not show
significant worsening compared to the lower bound, they remain within the established Cls.

VAE CTGAN VAE CTGAN VAE CTGAN
Scenario N

D.]IS DJS DK]L D]K]L MMD MMD

Big data | 10000 | 0.862 (0.002) 0.777 (0.003)  4.768 (0.072)  3.124 (0.115)  0.0225 (0.0016)  0.0006 (0.0001)
Low data | 300 | 0.927 (0.002) 0.940 (0.003)  13.763 (0.696)  7.470 (0.392)  0.0029 (0.0003)  0.0109 (0.0009)

Pre-train | 300 | 0.862 (0.002) 0.945 (0.002) 5.286 (0.327) 9.533 (0.453) 0.0020 (0.0003) 0.0137 (0.0010)

AVG 300 | 0.740 (0.002) N/A 3.489 (0.209) N/A 0.0010 (0.0003) N/A
MAML | 300 |0.910 (0.002) N/A 6.436 (0.496) N/A 0.0057 (0.0006) N/A
DRS 300 | 0.809 (0.003) N/A 4.321 (0.215) N/A 0.0028 (0.0003) N/A

(a) King dataset

VAE CTGAN VAE CTGAN VAE CTGAN
Scenario N

Dys Dys Dy, Dy, MMD MMD

Big data | 10000 | 0.760 (0.013)  0.531 (0.033)  2.744 (0.084)  2.623 (0.537)  0.0001 (0.0000)  0.0057 (0.0006)

Low data | 300 | 0.920 (0.003) 0.961 (0.002) 6.216 (0.154) 8.841 (0.710)  0.0644 (0.0011)  0.0793 (0.0020)

Pre-train | 300 | 0.793 (0.004) 0.959 (0.001) 3.831 (0.151) 8.443 (0.630) 0.0600 (0.0017) 0.0682 (0.0022)

AVG 300 | 0.867 (0.007) N/A 5.798 (0.295) N/A 0.0617 (0.0013) N/A
MAML | 300 |0.913 (0.003) N/A 6.359 (0.054) N/A 0.0639 (0.0017) N/A
DRS 300 | 0.835 (0.009) N/A 4.587 (0.166) N/A 0.0612 (0.0026) N/A

(b) Intrusion dataset

Table 4.11: Resemblance metrics results across scenarios II. ‘Big data’ represents the ideal
case where many samples (N = 10,000) are available to generate reliable synthetic
data. ‘Low data’ represents a more realistic scenario in which a limited number of
samples (N = 300) are available, posing a challenge for SDG. The next rows compare
the divergences and MMD obtained by each methodology (‘Pre-train’, ‘AVG’, ‘MAML’,
and ‘DRS’) applied to the ‘Low data’ scenarios. Bold indicates improvements. Results
are presented as mean (standard deviation), with lower values being preferable.

King results in the first subtable in Table 4.11 further reinforce the efficacy of the methodologies
proposed in the King dataset. The VAE model consistently improves on the lower bounds
established for Dy, and Djs across all techniques. For CTGAN, the results for Dy, and Djs
are consistent with the lower bounds. This suggests that while CTGAN does not produce
significant reductions in divergence metrics, it appears to maintain the quality of the data
distribution compared to the lower bounds. However, it should be noted that CTGAN exhibits
consistently lower gains across datasets compared to the VAE. This may be attributed to
inherent GAN framework instabilities.
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The Intrusion dataset results are summarized in the second subtable in Table 4.11. These
values align with the findings for the News dataset, demonstrating consistent improvements in
divergence metrics for reliable cases (M = 7500 and N = 1000) across different methodologies.
Similarly to the News dataset, Intrusion presents a high number of features, resulting in
higher dimensionality. This increased dimensionality poses a greater challenge in generating
synthetic data resembling real-world data distribution. Consequently, the divergence results
for Intrusion either maintain or exhibit smaller improvements compared to lower-dimensional
datasets. Despite the challenges posed by the high dimensionality of Intrusion, the proposed
methodologies still demonstrate their effectiveness in improving divergence metrics, particularly
for reliable cases.

The MMD results presented in Table 4.10 and Table 4.11 further support the findings
obtained through divergence metrics. Across all datasets and scenarios, the VAE-based
models consistently achieve lower MMD values than CTGAN, reinforcing the observation
that VAE-BGM generates synthetic data that more closely resembles the real distribution.
For the Adult, King and Intrusion datasets, the MMD values follow a similar trend to the
divergence results, where some techniques demonstrate significant improvements over the base
VAE model in ‘Low data’ scenarios. In particular, ‘AVG’ and ‘Pre-train’ achieve the lowest
MMD values, indicating that these approaches effectively enhance generative performance.
The CTGAN model, on the other hand, shows significantly higher MMD values, suggesting a
weaker ability to generalize under data scarcity. The King dataset presents an interesting
contrast, where the baseline CTGAN model exhibits a lower MMD value than VAE in the ‘Big
data’ setting. However, as seen in the divergence metrics, CTGAN struggles under low-data
conditions, with its MMD value increasing substantially. Finally, we observe no significant
improvements using the different methodologies for the News dataset, which poses additional
challenges due to its high dimensionality (58 features). While the VAE-based models still
outperform CTGAN, MMD values remain the same as those observed for lower-dimensional
datasets. This suggests that the difficulty in accurately capturing inter-feature dependencies
increases with dimensionality, aligning with the trends seen in divergence metrics. Overall,
the MMD results corroborate the divergence-based evaluations, reinforcing the robustness of
the proposed validation framework. The consistent alignment between MMD and divergence
scores indicates that the improvements in generative performance achieved by VAE-BGM are
well-reflected across multiple validation approaches.

Finally, Table 4.12 summarizes the results of applying various methodologies to generate
synthetic tabular data using the VAE model. Across different methods, the results consistently
show positive gains, except for ‘MAML’. These gains are computed as the difference between the
metric in the lower bound and any of the proposed methods. This indicates that the proposed
techniques generate synthetic data closer to the real-world data distribution than when not
using them. This improvement is particularly evident in the model averaging methodology,
which consistently outperforms other techniques in terms of divergence reduction. The
performance of MAML might be limited in this scenario due to its reliance on a large number
of seeds. Since the results presented do not specify the number of seeds used, MAML might
not have had enough to learn effectively [275]. The consistent improvement in divergence
metrics highlights the robustness and generalizability of the proposed techniques. These
findings suggest that our approach is an effective methodology for generating high-quality
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synthetic tabular data that can be used for various applications.

Pre-train Gain AVG Gain MAML Gain DRS Gain
Dataset
Dy Dy, Dis D, Dss Dy, Dys Dx,

Adult 0.159 (0.482) 0.271 (0.388) 0.173 (0.525) 0.317 (0.455) 0.030 (0.092) 0.011 (0.016) 0.142 (0.430) 0.271 (0.388)
News 0.093 (0.111) 1.065 (0.233) 0.230 (0.274) 1.985 (0.433) -0.011 (-0.013) -0.594 (-0.130) 0.194 (0.231) 2.133 (0.465)
King 0.064 (0.070) 8.477 (0.616) 0.187 (0.202) 10.274 (0.746) 0.017 (0.018) 7.327 (0.532) 0.118 (0.128) 9.442 (0.686)
Intrusion | 0.127 (0.138) 2.385 (0.384) 0.053 (0.057) 0.419 (0.067) 0.006 (0.007) -0.143 (-0.023) 0.085 (0.092) 1.629 (0.262)
Average | 0.111 (0.200)  3.050 (0.405)  0.161 (0.265)  3.249 (0.425)  0.011 (0.026)  1.650 (0.099)  0.135 (0.220)  3.369 (0.450)

Table 4.12: Gains using the proposed methodology for the VAE. Gains are represented
in the following format: absolute gain (relative gain). The methodology achieves
relative gains of up to 50% in Djs divergence, which is bounded, and up to 75% in
Dy, divergence. Bold values indicate positive gain. Higher is better.

It is important to acknowledge the varying computational demands of the compared methods.
Model averaging is the most efficient approach, as inductive bias generation only involves
calculating a mean, resulting in minimal computational overhead. In contrast, MAML exhibits
the highest computational load due to its intricate optimization procedure. Pre-training and
DRS fall between these two extremes, both requiring the training of a DGM to establish
the inductive bias. Considering these findings alongside the results presented in Table 4.12,
we recommend against using MAML. It offers minimal performance gains with significant
computational costs. The other methods, on the other hand, provide a more favorable
trade-off between computational efficiency and performance. Furthermore, as detailed in
Appendix D.2.1, reliably quantifying the benefits of our methodology in a realistic, limited-
data setting is challenging. This implies that validation with a large number of samples is
necessary to definitively assess which of our proposed inductive bias techniques yields superior
results for a specific dataset. However, the experimental results strongly suggest potential
gains that warrant further exploration.

Conclusions

This research proposed a novel approach to generate synthetic tabular data using DGMs
in the context of limited datasets. Our approach leverages four distinct techniques to arti-
ficially introduce an inductive bias that guides the DGM toward generating more realistic
and informative synthetic data samples. These techniques encompass two transfer learning
approaches, MAML and DRS. To facilitate the application of model averaging, MAML, and
DRS, we employ the VAE-BGM proposed in this thesis and train multiple instances with
different random seeds. This allows us to leverage the ensemble properties of the VAE models
for techniques like model averaging and further enables the application of meta-learning
algorithms like MAML and DRS. We also used the CTGAN [109] to assess pre-training
to compare other well-known model architectures for STDG. We used divergence metrics,
in particular Djs and Dy, divergences, and MMD to compare the real and synthetic data
distributions generated. The experimental results consistently demonstrate the effectiveness
of our proposed approach in generating high-quality synthetic tabular data, particularly when
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using transfer learning techniques. These techniques significantly improve the resemblance
metrics, indicating a closer resemblance between the synthetic and real data distributions.
Our approach offers several advantages over existing methods. Firstly, it effectively addresses
the challenge of generating realistic synthetic data from small datasets, a common limitation
in many real-world applications. Secondly, the use of transfer learning and meta-learning
techniques enhances the inductive bias of the DGM, leading to more meaningful and infor-
mative synthetic data samples. However, it is also important to acknowledge the trade-offs
associated with our methodology. Training VAEs with these techniques requires training
multiple VAE models with different random seeds. This can lead to a significant increase in
computational cost compared to simpler DGM training methods. While resemblance metrics
provide a valuable measure of distributional similarity, their ability to reliably assess the
improvement in synthetic data quality for specific downstream tasks can be limited, especially
with small datasets, as detailed in Appendix D.2.1. Our experimental results show that our
methodology may provide significant gains in Djs divergence of up to 50%.

In conclusion, our proposed approach provides a promising solution for generating high-quality
synthetic tabular data from small datasets, particularly when VAEs apply transfer learning
techniques. We believe that this work has the potential to significantly contribute to the field
of SDG and ML applications that rely on small datasets. However, there are several research
lines to be addressed. While the current study focuses on VAEs and GANs, investigating the
applicability of our framework to other DGM architectures could provide valuable insights.
In addition, our current approach does not explicitly incorporate domain knowledge. Future
research could explore mechanisms to integrate domain-specific information from an expert
into the inductive bias generation process, potentially leading to even more realistic and
informative synthetic data. Lastly, although resemblance metrics offer a valuable measure of
distributional similarity, exploring additional evaluation techniques that assess the quality and
usefulness of synthetic data for specific downstream tasks would provide a more comprehensive
understanding of the effectiveness of our methodology, valid also for the case when little
amount of data is available for validation, which is a current limitation of this work.

4.4.3 Generation Methodology Applied to Medical Datasets
Validation Metrics

As with general-purpose datasets, divergence metrics are employed to validate the quality of
synthetic data. These calculations rely on a probabilistic discriminator network to estimate
the density ratio between real and synthetic data distributions. This approach effectively
captures discrepancies, addressing the lack of standardized validation methods in STDG.
Traditional similarity validation techniques often assess variables independently [277], failing
to account for inter-variable correlations and complex non-linear relationships. To overcome
this limitation, our methodology incorporates three key metrics: Dgy,, Djs, and MMD.

Dy, measures the difference between two probability distributions, quantifying the amount of
information lost when one distribution is used to approximate the other. Djs, a symmetrized
and bounded version of Dk, offers advantages in interpretability and robustness. Specifically,
Dys provides a value between 0 and 1, making it easy to interpret, and it effectively considers
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complex correlations between variables, providing a more comprehensive similarity assessment.

Additionally, as in other SDG contributions, we incorporate MMD as a resemblance metric to
further assess distributional similarity. MMD enables a non-parametric comparison between
real and synthetic data distributions using a kernel-based approach. Specifically, we employ
again the RBF kernel, which maps data into a high-dimensional space, allowing for a more
robust evaluation of structural similarities. Lower MMD values indicate a closer match
between real and synthetic datasets, reinforcing the effectiveness of the generative models. By
integrating MMD alongside divergence metrics, we provide a more comprehensive validation
framework for assessing synthetic data quality in medical applications.

However, in medical contexts, where practical application is critical, similarity validation
alone is insufficient. Clinical utility validation is essential to assess whether synthetic data
can perform specific tasks effectively. For this, we validate synthetic data for classification
and SA tasks.

o Classification Tasks: An MLP classifier is used for its flexibility and robustness in
handling diverse classification problems. The accuracy score is the evaluation metric,
measuring the proportion of correctly classified instances.

e« SA Tasks: SAVAE is used for superior performance over classic models like CoxPH
[45] and other DL models. Evaluation metrics include the C-index, which quantifies the
concordance between predicted and observed survival times, and the IBS, which assesses
the precision of survival predictions over time. Additionally, KM curves visualize and
compare survival probabilities, providing an intuitive method to evaluate similarities
between real and synthetic data distributions.

Clinical utility validation is conducted across three cases to compare synthetic data perfor-
mance:

1. Real case: Metrics obtained by training and validating on real data serve as the
upper-bound benchmark.

2. Synthetic case: Metrics calculated by training on synthetic data and validating on
real data.

3. Synthetic Fine-tuned case: Metrics obtained by training synthetic data, fine-tuning
on a separate real dataset, and validating the same real data used in the other cases.

This approach ensures consistent validation using the same real dataset, enabling direct
comparison across cases and assessing the impact of synthetic data on utility tasks.

Clinical utility validation is crucial, but we can also have a better vision of how well the
synthetic data are generated by changing the main task of the dataset. Therefore, to extend
the scope of validation, additional tests are conducted by altering the main tasks of the
datasets:

o Classification Datasets: Target labels are modified to assess the adaptability of
synthetic data to new classification tasks.

o SA Datasets: Variables other than time, selected for their medical relevance, are used
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as targets to explore alternative predictive capabilities.

This comprehensive approach evaluates whether synthetic data can effectively support tasks
beyond its original purpose (e.g., instead of predicting A, we want to predict B). It demonstrates
the flexibility of synthetic datasets in addressing various clinical questions, enhancing their
value and applicability in medical research. This method provides a broader clinical utility
validation and helps accumulate evidence supporting the effectiveness of STDG.

The dual validation strategy—combining similarity and clinical utility—ensures that synthetic
data approximates real data distributions and proves practical for specific medical applications.
Similarity validation assures the similarity of generated data, while clinical utility validation
demonstrates task-specific effectiveness. The inclusion of MMD as a complementary resem-
blance metric strengthens this validation, providing an additional perspective on distributional
similarity. This is crucial in medical settings where synthetic data may need to support
diverse tasks beyond initial expectations. By incorporating both validation approaches, this
methodology establishes the reliability of synthetic data for real-world use and its potential
to adapt to evolving research needs.

Implementation Details

Parameters were configured to balance complexity, computational efficiency, and data quality
to implement the VAE-based model for STDG. The latent space dimensions were tailored to
dataset types: 20 for classification datasets with more features and 10 for SA datasets with
fewer features. Each hidden layer comprised 256 neurons, and the model was trained with ten
different seeds, a batch size of 256, and up to 10,000 epochs, using early stopping to prevent
overfitting. Other parameters for the VAE and the BGM models adhered to defaults outlined
in the original methodology.

For clinical utility validation, the MLP classifier consisted of three dense layers (256, 64, and
32 neurons) with leaky ReLLU activation, batch normalization, and dropout for regularization.
The SAVAE model for SA was implemented with a latent dimension of 10 and hidden layers
of 256 neurons, trained for 5,000 epochs using early stopping and a batch size of 256.

All models were cross-validated with five splits, ensuring robust and unbiased performance
estimates. This is especially important for small datasets. This approach mitigates overfitting
and allows comprehensive evaluation across data splits.

Three key experimental scenarios were designed to evaluate the methodology under varying
data availability conditions:

1. ‘Big data’ Scenario: This optimistic scenario featured sufficient samples to train
the DGM, with N = 10,000 for classification datasets and 80% of the total data for
SA datasets. No inductive bias techniques were applied, establishing an upper-bound
benchmark for divergences.

2. ‘Low data’ Scenario: This realistic scenario featured a limited sample size (N = 100)
to assess baseline performance. The goal was to quantify potential gains from applying
the proposed methodology under data-scarce conditions.
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3. ‘Pre-train,” ‘AVG,’ and ‘DRS’ Scenarios: In the ‘Low Data’ scenario, advanced
methods like pre-training (‘Pre-train’), model averaging (‘AVG’) and DRS were applied
to evaluate their effectiveness in generating high-quality synthetic data with limited
samples.

To calculate divergences, 7,500 samples were used for training, and 1,000 for estimating the
density ratio, consistent with the general-purpose data case. While feasible for classification
datasets with abundant data, this approach is less applicable to SA datasets, which typi-
cally have fewer samples. These experiments provided insights into the performance of the
methodology and divergence estimation under constrained data conditions.

Finally, p-values were used to rigorously assess differences in validation metrics, providing
statistical insights into model performance across varying scenarios. Appendix D.3.3 presents
the p-values obtained for each dataset, comparing the ‘Low-data’ scenario to the different
technique-enhanced scenarios. Given the large number of p-values generated, the adjustment
of Holm [232] was applied to control the family-wise error rate and ensure meaningful
comparisons. The adjusted p-values are also provided in Appendix D.3.3, allowing for a
clearer interpretation of the statistical significance of the results.

The experimental setup assessed the robustness and effectiveness of the methodology, en-
abling SDG for diverse medical applications. Code and datasets are openly available
in https://github.com/Patricia-A-Apellaniz/medical low_sample_generator to pro-
mote replication and further research.

Experiments and Results

In this study, we used four datasets—Heart, Metabric, GBSG, and NWTco—to evaluate the
effectiveness of the proposed methodology for SDG. Detailed explanations of these datasets
are provided in Appendix B. These datasets span diverse tasks, including classification and SA,
and reflect the variability and complexity of medical data, ranging from abundant samples in
the Heart dataset (253,680 samples) to smaller, clinically relevant cancer-related SA datasets
(e.g., Metabric with 1,904 samples). The Heart dataset, characterized by its large size and
binary/discrete features, is a benchmark for assessing performance under optimal conditions.
In contrast, the Metabric, GBSG, and NWTco datasets, sourced from the Pycox package,
focus on SA tasks, capturing real-world challenges like data scarcity and heterogeneity. These
datasets allow for a robust evaluation of the ability of the methodology to generate high-quality
synthetic data that maintain data similarity and practical utility across a range of medical
applications. Additional experiments using other classification and SA datasets, detailed
in Appendix D.3.1, further validate the applicability of the methodology. Through this
evaluation, our study highlights the potential of STDG techniques to address the complexities
of medical data, contributing valuable insights for advancing SDG in healthcare.

— Classification datasets

The classification experiments focus on the Heart dataset. Validation consists of two key
components: similarity validation (using Dk, Dys and MMD) and clinical utility validation
(accuracy results across training and testing configurations). Configurations include training
and validating with real data (Real Acc.), training with synthetic data and validating with
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real data (Synth. Acc.), and training with synthetic data, fine-tuning with real data, and
validating with real data (Synth. Fine-Tuned Acc.).

Sconario SIMILARITY VALIDATION CLINICAL UTILITY VALIDATION

Djs Dy, MMD Real Acc Synth Acc Synth Fine-Tuned Acc
Big data | 0.096 (0.057)  0.171 (0.056) 0.0003 (0.0001)  0.631 (0.018) 0.615 (0.021) 0.629 (0.021)
Low data | 0.852 (0.002)  6.642 (0.463) 0.0161 (0.0004)  0.601 (0.046) 0.640 (0.062) 0.636 (0.022)
Pre-train | 0.788 (0.004) 4.575 (0.242) 0.0073 (0.0002) N/A 0.687 (0.011) 0.692 (0.011)
AVG 0.748 (0.008) 4.300 (0.135) 0.0057 (0.0002) N/A 0.696 (0.024) 0.665 (0.021)
DRS 0.767 (0.017) 3.691 (0.122) 0.0063 (0.0002) N/A 0.649 (0.045) 0.661 (0.035)

Table 4.13: Validation results for the Heart dataset across different scenarios. The ‘Big
data’ scenario represents an optimal condition where many samples (N = 10,000)
are available, facilitating the generation of reliable synthetic data. The ‘Low data’
scenario reflects a more practical situation with a limited sample size (N = 100),
posing a significant challenge for STDG. The similarity validation section presents the
divergences (Djs, Dxr,, and MMD) obtained using various techniques (pre-training,
model averaging, and DRS) applied to the ‘Low data’ scenario. In the similarity
validation, values in bold indicate improvements achieved by the applied techniques.
Lower values are preferable for divergence metrics. The clinical utility validation
section provides accuracy metrics comparing the performance of models trained on
real, synthetic, and synthetic data with fine-tuning on real data. Higher values indicate
better accuracy. In the clinical utility validation, bold denotes that the adjusted
p-value is below the significance threshold of 0.01. All results are expressed as mean
(standard deviation).

Table 4.13 summarizes the results for the Heart dataset. The ‘Big data’ scenario, with
N = 10,000 samples, achieves the lowest Djs divergence (0.096 £ 0.057), representing the
optimal condition. In contrast, the ‘Low data’ scenario, with N = 100 samples, exhibits
a significantly higher Djs divergence (0.852 + 0.002), reflecting the challenges of limited
data. Advanced techniques, such as model averaging and DRS, reduce divergences effectively,
though they still fall short of the ‘Big data’ scenario, highlighting the persistent difficulty of
STDG under data scarcity. A similar pattern is observed for Dy, reinforcing that sample
size significantly influences the quality of generated synthetic data.

Beyond divergence metrics, MMD results provide an additional similarity validation per-
spective. Lower MMD values indicate a higher resemblance between real and synthetic
distributions, complementing the divergence findings. As expected, the ‘Big data’ scenario
achieves the lowest MMD (0.0003 £ 0.0001), confirming that synthetic data closely match
real data when ample samples are available. The ‘Low data’ scenario, in contrast, exhibits a
significantly higher MMD (0.0161 4 0.0004), aligning with the increased divergence values.
‘Pre-train’, ‘AVG’ and ‘DRS’ improve MD scores under low-data conditions, with ‘AVG’
achieving the lowest MMD (0.0057 4 0.0002), further validating its effectiveness in enhancing
synthetic data quality. These findings underscores that similarity validation results heavily
depend on the number of samples used to generate synthetic data.
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In clinical utility validation, three scenarios are analyzed: Real Acc. as the benchmark, Synth.
Acc., and Synth. Fine-Tuned Acc. Results from the ‘Big data’ scenario serve as the upper
bound, while the ‘Low data’ scenario highlights the challenges of the methodology. In the
benchmark scenario, accuracy metrics such as Real Acc. (0.631 4 0.018) are slightly higher
than in the ‘Low data’ scenario (0.601 &= 0.046). In this dataset, we observe in the benchmark
scenario (Real Acc.) that when only a few real data samples are used, the accuracy obtained
(0.601 £ 0.046) overlaps with the ‘Big data’ scenario (0.631 £ 0.018). This pattern persists in
the other two cases where the methodology is not used. The transfer-learning techniques do
not show significant advantages or disadvantages in the Synthetic and Synthetic Fine-tuned
cases compared to the benchmark accuracies obtained in the Real Acc. case.

The methodology yields notable improvements in divergences under low-data scenarios, indi-
cating better alignment between synthetic and real data distributions. However, clinical utility
validation without the methodology often achieves results comparable to the benchmark
scenarios, suggesting that the accurate generation of critical variables for classification can
compensate for discrepancies in the overall distribution. This behavior might be explained
by the accurate generation of key variables, which contain sufficient information for correct
classification even if other variables are not well-represented. Consequently, despite high
divergence values indicating discrepancies in the synthetic joint distribution, utility metrics for
synthetic data can still closely approximate those achieved with real data. In Appendix D.3.2,
we provide further insights into this behavior, discussing how the generation of these critical
variables can suffice for clinical utility validation, even when the joint distribution of the
synthetic data is suboptimal. This underscores the importance of combining similarity and
utility validation to assess synthetic data quality comprehensively.

— SA results

In the previous section, classification data demonstrated that the methodology improves SDG,
particularly regarding divergences. Additionally, we reiterated that divergences are a robust
and reliable metric to validate SDG. Building on this, SA experiments focus on datasets with
limited sample sizes to test the robustness of the methodology in real-world, data-scarce
conditions. These cancer-related datasets, chosen for their scarcity and heterogeneity, present
a challenging but realistic testbed for evaluating synthetic data quality.

Due to the limited sample sizes in SA datasets, accurate calculation of divergences is not
feasible, as inadequate data affects the training of DGMs. Thus, similarity validation is
omitted for SA datasets, and the focus shifts exclusively to clinical utility validation. Clinical
utility metrics, including C-index and IBS, assess the practical applicability of the methodology
under previously defined scenarios.

Table 4.14 presents the C-index and IBS results for the three different cases (Real, Synthetic,
and Synthetic Fine-Tuned) across each scenario. The results highlight two key observations:
(1) there is no significant loss in any metric when comparing the ‘Big data’ scenario to the ‘Low
data’ scenario, aligning with the classification data results in clinical utility validation, and
(2) there is no difference in performance metrics when utilizing the methodologies, consistent
with previous experiments. This confirms that clinical utility validation alone is insufficient
to evaluate the quality of synthetic data. We hypothesize that using the methodology would
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yield better divergence metrics, which is in line with our previous experiment and the findings
in the general-purpose data case; however, it is essential to note that we cannot reliably assess
divergences with a low number of samples.

Scenario Real CI Synth CI  Synth Fine-Tuned CI = Real IBS Synth IBS Synth Fine-Tuned IBS

Big data | 0.633 (0.035) 0.622 (0.035) 0.626 (0.035) 0.183 (0.028) 0.196 (0.028) 0.185 (0.028)

Low data | 0.595 (0.037) 0.589 (0.040) 0.587 (0.041) 0.194 (0.029) 0.199 (0.029) 0.200 (0.029)
Pre-train | N/A 06140037 0617 (0.038) NA O 01s84(0028) 0186 (0028)

AVG N/A 0.613 (0.035) 0.615 (0.036) N/A 0.182 (0.028) 0.183 (0.028)

DRS N/A 0.614 (0.036) 0.604 (0.040) N/A 0.183 (0.028) 0.184 (0.028)

(a) Metabric dataset

Scenario Real CI Synth CI  Synth Fine-Tuned CI = Real IBS Synth IBS Synth Fine-Tuned IBS

Big data | 0.683 (0.032) 0.690 (0.031) 0.685 (0.031) 0.193 (0.026) 0.184 (0.026) 0.192 (0.026)

Low data | 0.638 (0.041) 0.598 (0.053) 0.595 (0.052) 0.208 (0.028) 0.232 (0.034) 0.228 (0.033)
Pre-train | N/A 0656 (0.033) 0657 (0.033) N/A 02130028 0211 (0029)

AVG N/A 0.647 (0.043) 0.641 (0.051) N/A 0.214 (0.028) 0.217 (0.029)

DRS N/A 0.654 (0.036) 0.672 (0.032) N/A 0.198 (0.027) 0.196 (0.027)

(b) GBSG dataset

Scenario Real CI Synth CI Synth Fine-Tuned CI  Real IBS Synth IBS Synth Fine-Tuned IBS

Big data | 0.694 (0.023)  0.682 (0.028) 0.683 (0.025) 0.112 (0.016) 0.111 (0.016) 0.111 (0.015)

Low data | 0.587 (0.044)  0.549 (0.028) 0.542 (0.028) 0.139 (0.023) 0.141 (0.017) 0.136 (0.017)
Pre-train | N/A 0500 (0025) 0506 (0.025)  N/A  0152(0019) 0.6 (0018)

AVG N/A 0.591 (0.026) 0.593 (0.028) N/A 0.138 (0.019) 0.142 (0.017)

DRS N/A 0.611 (0.033) 0.594 (0.037) N/A 0.133 (0.018) 0.131 (0.018)

Table 4.14:

(c) NWTco dataset

Validation results for the SA datasets across different scenarios. The ‘Big
data’ scenario represents an ideal condition with a larger sample size (N = 1,524,
N = 1,786, and N = 3,223, 80% of the data for Metabric, GBSG and NWTco,
respectively), enabling reliable SDG. The ‘Low data’ scenario reflects a more realistic
constraint with a smaller sample size (N = 100), posing challenges for SDG. The
table presents SA metrics (C-index and IBS) comparing models trained on real
data, synthetic data, and synthetic data fine-tuned on real data. Higher C-index
values indicate better predictive performance, while lower IBS values are preferable.
Bold highlights significant improvements using the methodology, while * indicates a
significant disadvantage. Results are reported as mean (standard deviation).

KM estimations were performed to supplement clinical utility validation. With CIs, these
survival curves visually compare survival probabilities for real and synthetic data across
scenarios, offering additional insights into synthetic data quality. Figure 4.15 highlights
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notable trends, particularly in the NWTco dataset. KM curves generated with ‘Big data

b

closely align with those from real data, serving as the benchmark. In the ‘Low data’ scenario,
curves deviate significantly from the benchmark without the methodology, with broader Cls.
Methodology-enhanced scenarios, such as DRS, produce KM curves that converge toward
the upper bound, narrowing the gap between synthetic and real data. The GBSG dataset
exhibits similar trends, particularly in later survival time regions, where methodology-applied
curves diverge less from the benchmark than the ‘Low data’ curves. These results confirm

that the methodology effectively improves synthetic data quality under limited conditions.
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Figure 4.15: KM estimations with Cls using real and synthetic data across different
scenarios for each dataset. The survival functions for the upper bounds are
represented in blue and orange, illustrating the survival probabilities of the real data
and synthetic data generated from many samples. The survival functions for the
synthetic data generated using the proposed methodology, shown in red, purple, and
brown, demonstrate convergence towards the upper bounds. In contrast, the survival
function for the lower bound, depicted in green, shows significant deviation from the
upper bounds.
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— Different data utility results

This section evaluates the robustness of synthetic data generated using STDG by modifying
original tasks for classification and SA datasets. Target labels are altered in classification
datasets, while categorical variables replace survival time in SA datasets, transforming them
into classification problems. This approach assesses the adaptability and reliability of synthetic
data across diverse clinical applications.

One of the primary goals of STDG is to create datasets that can be repurposed for tasks
beyond their original intent. Traditional clinical utility validation focuses on relationships
between covariates and target variables. However, testing whether synthetic data retains
utility when target variables change is critical, as it mirrors real-world scenarios where datasets
are used for different studies.

Heart

Feature Low data DRS Feature Low data DRS

HighBP 0.664 (0.005) 0.695 (0.005) Veggies 0.519 (0.167)  0.609 (0.069)

HighChol 0.603 (0.008)  0.609 (0.004) HvyAlcoholConsump 0.456 (0.294)  0.934 (0.038)

CholCheck  0.665 (0.146)  0.493 (0.199)  AnyHealthcare 0.629 (0.048) 0.755 (0.012)

Smoker 0.599 (0.006)  0.604 (0.008) NoDocbcCost 0.728 (0.047)  0.639 (0.011)

Stroke 0.768 (0.280)  0.664 (0.010) DiffWalk 0.799 (0.019)  0.795 (0.003)

PhysActivity 0.671 (0.017)  0.675 (0.004)  Sex 0.539 (0.016)  0.528 (0.018)

Fruits 0.588 (0.022)  0.585 (0.028)  HeartDiseaseorAttack 0.679 (0.123)  0.671 (0.055)

(a) Classification dataset
Metabric GBSG NWTco

Feature Low data DRS Feature Low data DRS Feature Low data DRS
x4 0.676 (0.012) 0.652 (0.018) | x0 0.595 (0.012)  0.607 (0.021) | in.subcohort 0.678 (0.150) 0.578 (0.216)
x5 0.578 (0.015)  0.579 (0.020) | x1 0.326 (0.071)  0.322 (0.064) | instit_ 2 0.605 (0.034) 0.726 (0.046)
x6 0.748 (0.003)  0.740 (0.023) | x2 0.873 (0.007) 0.890 (0.004) | histol 2 0.714 (0.153)  0.695 (0.037)
x7 0.795 (0.013) 0.724 (0.017)* | event 0.805 (0.006)  0.809 (0.001) | study_4 0.782 (0.008)  0.763 (0.012)
event 0.696 (0.004) 0.701 (0.006) event 0.687 (0.029) 0.788 (0.005)

(b) SA datasets

Table 4.15: Clinical utility validation results for the datasets. Accuracy comparison between
the N = 100 samples without methodology case (‘Low data’) and the DRS technique
applied to the lower bound case (‘DRS’) for each feature used as a classification label.
Higher values indicate better performance. Bold values indicate a significant advantage
in using the methodology, while * values indicate a significant disadvantage in using
the methodology. All results are expressed as mean (standard deviation).

Table 4.15 summarizes the results for each dataset. Accuracy values were compared across
two scenarios: (1) training with N = 100 samples of synthetic data generated without the
methodology (‘Low data’) and (2) training with N = 100 samples of synthetic data generated
using the DRS technique and validating with real data (‘DRS’). The first subtable shows
the Heart dataset results, where different features were used as target labels. These features
were binary or categorical, with fewer than ten classes, ensuring suitability for classification
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tasks. The results show that the DRS technique improves accuracy compared to the ‘Low
data’ scenario. Notable improvements include using ‘HighBP’ and ‘AnyHealthcare’ as target
labels, where accuracy increased significantly. For example, ‘AnyHealthcare’ improved from
0.629 4+ 0.048 to 0.755 £ 0.012 with the DRS technique. These findings suggest that the
methodology effectively models complex relationships between features, enhancing data utility
for classification tasks. Even in scenarios where no significant improvement is observed, the
methodology does not negatively affect performance. In the SA datasets from the second
subtable, categorical variables were used as target labels instead of survival time to assess the
utility of the data in classification tasks. The results align with those from the classification
datasets, with the DRS method consistently improving accuracy for specific features. For
example, in the NWTco dataset, the feature ‘instit 2’ increased accuracy from 0.605 4 0.034
to 0.726 4+ 0.046. Similarly, the feature ‘z2’ from GBSG dataset improved from 0.873 £ 0.007
to 0.890 4+ 0.004. While some features, such as ‘z7’ in the Metabric dataset, experienced
slight decreases, these cases are rare, and the overall trend indicates improved or maintained
performance with the methodology.

By validating our approach through these transformed tasks, we demonstrate that using
the generation methodology either yields benefits in specific scenarios or does not negatively
affect the outcomes. This evidence supports that incorporating an inductive bias for STDG
in low-sample datasets enhances the modeling of complex relationships between variables.
Consequently, this approach improves the generation process, providing better utility and
robustness for diverse clinical applications.

Conclusions

In DL, large amounts of data are ideal, but data are often scarce and heterogeneous in
the medical field. This research applied the methodology proposed for STDG in medical
environments, focusing on cancer-related SA datasets with limited samples. As a preliminary
step, classification datasets with more samples were used to evaluate the performance of the
methodology by comparing results from subsets of data to those obtained using the entire
dataset.

The validation process combined similarity validation using divergences, particularly the
interpretable and bounded Djs divergence, and clinical utility validation. These assessments
demonstrated that transfer learning and meta-learning techniques in STDG environments
enhance model performance, especially under data-scarce conditions. Initially, the methodology
was tested on classification datasets, where its application improved the generation process.
Divergences proved to be robust metrics for comparing real and synthetic datasets, while
clinical utility validation showed limited sensitivity, as metrics like accuracy remained stable
across scenarios. Clinical utility validation metrics (C-index and IBS) showed minimal
variation compared to upper-bound results for cancer-related SA datasets characterized by few
samples. These findings confirmed that the synthetic data were sufficient SA tasks, though
divergences were more reliable than utility metrics for validating STDG. When datasets were
repurposed for alternative tasks, the methodology occasionally generated better synthetic
data, supporting its ability to model complex relationships and produce data usable across
different clinical applications.
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Calculating the Djg divergence can sometimes be challenging due to limited sample sizes.
However, when it is possible to compute it reliably, the observed results suggest that the
methodology effectively aligns the synthetic and real data distributions. Further evidence of
this alignment comes from the repurposing of synthetic datasets for alternative tasks, where
they have demonstrated utility and yielded robust results. Additionally, a more comprehensive
analysis of clinical utility across multiple applications confirms that the generated synthetic
data maintain practical relevance and usability.

This research demonstrated that the methodology significantly improves STDG for medical
applications with limited data. It often makes validation metrics statistically comparable
to those in the ‘Big data’ scenario and outperforms the naive ‘Low data’ approach. Djs
divergence emerged as a reliable tool for comparing real and synthetic datasets, while clinical
utility validation requires further refinement for low-sample scenarios. Despite its limitations,
the methodology enables SDG for broader medical analyses.

Future work should focus on developing more robust validation metrics by combining alter-
native divergence measures with clinical utility assessments for a comprehensive evaluation
framework. Collaboration with clinical experts is essential to refine the STDG process and
ensure that generated data meet medical standards. Establishing public repositories of high-
quality synthetic datasets would facilitate further research while maintaining patient privacy
and data security, promoting innovation in medical research.
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4.5 Chapter Conclusions

This chapter has explored the methodologies, challenges, and validation strategies in SDG,
particularly for tabular data, a format that plays a pivotal role in fields like healthcare.
The collective findings underscore both the progress made and the opportunities for further
advancements in this area.

SDG models, such as VAEs and GANs, have demonstrated significant potential in addressing
challenges posed by real-world datasets, including mixed data types, imbalances, and limited
sample sizes. Innovative techniques, such as integrating Bayesian Gaussian Mixtures into VAE
architectures, enhance the ability to model complex data distributions at both the marginal
and joint levels, setting new benchmarks for synthetic data quality. Similarly, incorporating
transfer learning and meta-learning into GMs highlights the potential for improving data
realism, particularly in data-scarce scenarios.

Validation remains a critical focus, as traditional metrics often fail to capture the nuances of
joint feature relationships. This chapter presented a probabilistic divergence-based framework
as a robust alternative, offering a more comprehensive assessment of synthetic data quality.
However, the effectiveness of any validation approach depends on the quality of the GM and
the adequacy of training data, emphasizing the need for methodological rigor in GM training
and validation design.

The application of these methodologies in medical settings revealed the practical potential of
SDG to replicate complex relationships in sensitive domains like healthcare. Resemblance
metrics, such as Dys and MMD, emerged as reliable tools for validating synthetic data quality,
while clinical utility metrics showed promise but required further refinement for scenarios
involving small datasets. Moreover, the adaptability of synthetic datasets for alternative
clinical tasks underscores the robustness and versatility of the proposed approaches.

Despite these advancements, the chapter also highlights areas for future research. Key
directions include developing comprehensive validation frameworks integrating distributional
similarity with downstream task utility, incorporating domain-specific knowledge to enhance
data realism, and improving computational efficiency to make advanced techniques more
accessible. Additionally, establishing public repositories of high-quality synthetic datasets
would enable broader adoption and collaboration while safeguarding privacy.

In summary, this chapter demonstrates that while significant strides have been made in SDG,
particularly for tabular data, there remains substantial scope for innovation. By addressing
the challenges of data scarcity, complex distributions, and validation limitations, SDG can
play a transformational role in advancing machine learning and fostering collaboration across
diverse domains. The methodologies and findings presented here provide a strong foundation
for future research, emphasizing the potential of synthetic data to drive impactful applications
while ensuring privacy and security.
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Chapter 5

Federated Learning

5.1 Introduction

This chapter presents the contributions of this thesis to advancing FL. methodologies, particu-
larly in non-IID settings where techniques such as FedAvg [182] fail to perform satisfactorily.
We propose Federated Synthetic Data Sharing (FedSDS) as a novel FL technique that
overcomes the limitations of parameter-sharing approaches by leveraging locally generated
synthetic data to collaborate. FedSDS is designed to address the dual challenges of data
scarcity and heterogeneity, which are particularly prevalent in healthcare research scenarios.

Data heterogeneity is a significant challenge in real-world medical contexts due to population
and institutional-specific practices, which lead to disparities in patient demographics, clinical
protocols, and data collection methods. These variations can result in biased models if
not adequately addressed [278], [279], limiting the effectiveness and generalizability of FL
solutions. Consequently, developing techniques capable of handling non-IID data is imperative
for realizing the full potential of FL in medical research. Traditional FL techniques, such
as FedAvg, aggregate model parameters iteratively across institutions to produce a global
model. However, FedAvg assumes that data across participating clients are 11D, which is
rarely the practice case. In non-IID settings, such as SA, the inherent diversity in patient
populations and healthcare settings often results in significant variations in data distributions.
As a result, the reliance of FedAvg on parameter-sharing can lead to biased global models,
poor generalization, and suboptimal convergence. Furthermore, there are non-I1D scenarios
where traditional parameter-sharing FL techniques cannot be applied effectively due to these
challenges.

FedSDS represents a departure from conventional FL paradigms by introducing a data-sharing
mechanism that operates through SDG at each participating node. Using advanced generative
models such as the VAE-BGM model proposed in this thesis (Section 4.2), nodes generate
synthetic datasets that encapsulate the statistical properties of their local data. These
datasets are then shared among institutions, enabling collaborative model training without
compromising patient privacy or data security. Essential to FedSDS is an innovative data
aggregation technique based on similarity to local data distributions. This ensures that
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the shared synthetic data contributes meaningfully to the training process, even in highly
heterogeneous environments.

This chapter explores two key applications of FedSDS:

1. Federated VAE (FedVAE) for Synthetic Data Generation: By deploying the
VAE-BGM model in a federated environment, we demonstrate how FedSDS facilitates
effective SDG across multiple nodes. The framework addresses data scarcity and
heterogeneity by augmenting limited datasets with high-quality synthetic samples. This
approach corresponds to the work presented in the paper:

e A. Apellaniz P., Parras J., and Zazo S., ‘Improving Synthetic Data Generation
through Federated Learning in Scarce and Heterogeneous Data Scenarios,” in Big
Data and Cognitive Computing, vol. 9(2), 18, 2025, doi: 10.3390/bdcc9020018.

2. Federated SAVAE (FedSAVAE) for Survival Analysis: By leveraging the SAVAE
model within the FedSDS framework, we extend the capabilities of FL to Survival
Analysis (SA). This integration enables robust survival modeling across geographically
and demographically diverse institutions, overcoming the challenges of non-IID data
distributions. This contribution is documented in the paper:

o A. Apellaniz P., Parras J., and Zazo S., ‘Enhancing Survival Analysis Through
Federated Learning in Non-IID and Scarce Data Scenarios,” under review in
Computers in Biology and Medicine journal.

The remainder of this chapter is structured as follows. First, we introduce the FedSDS
framework, outlining its methodology, the synthetic data aggregation technique, and key
advantages over existing FL approaches. We then delve into the specific applications of FedSDS
to SDG (FedVAE) and SA (FedSAVAE), presenting detailed methodologies, experimental
results, and discussions. By integrating SDG and SA into the FL paradigm, this chapter
highlights the revolutionary potential of FedSDS in advancing collaborative research while
preserving data privacy and addressing critical challenges in real-world medical datasets.
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5.2 Federated Synthetic Data Sharing (FedSDS)

5.2.1 Definition of the Proposed Aggregation Strategy

FL has demonstrated its utility in enabling collaborative model training across decentralized
institutions while preserving data privacy. However, traditional FL. methods, such as FedAvg,
face significant challenges in non-IID settings, where data distributions vary across nodes.
This variability often leads to imbalanced node contributions, biased global models, and
suboptimal convergence [279], [280]. Differences in data distributions across nodes result in
variations in local models, complicating the aggregation process and making it difficult to
perform the specific task accurately.

To address these challenges, we propose FedSDS, an innovative FL strategy that leverages SDG
instead of parameter-sharing methods to mitigate non-I1ID data limitations. Our approach
aligns with the meta-learning paradigm, particularly DRS [275], which approximates MAML
[270]. Unlike MAML, which requires bi-level optimization over multiple tasks, DRS aggregates
synthetic data across nodes in a single optimization round, making it more computationally
efficient in typical FL environments, where the number of nodes (tasks) is limited. This ability
to aggregate diverse synthetic data enables FedSDS to improve generalization, ensuring better
model convergence in non-1ID FL settings.

The core of FedSDS lies in the VAE-BGM model (Section 4.2), which refines the latent space
of a standard VAE by integrating a BGM model. The BGM models the latent representation
as a mixture of multiple Gaussian components. Recall that, 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 handle mixed data types, including continuous, binary,
and categorical variables, ensuring that synthetic datasets accurately reflect the underlying
structure of real-world data.

Additionally, in cases where the available data are scarce, FedSDS can leverage the data-
scarce generation methodology proposed in Section 4.4, which includes techniques such as
pre-training, model averaging, and meta-learning strategies to enhance synthetic data quality
under limited-data conditions. This approach ensures that synthetic data are representative,
even in resource-constrained settings.

Unlike traditional FL approaches, FedSDS does not rely on model parameter aggregation.
Instead, synthetic data are generated locally at one or multiple nodes, depending on data
quality and quantity. These generated samples are then shared with selected nodes that
require additional data, ensuring fairer and more balanced data distributions across the
federation.

The framework consists of the following key steps:

1. Local Synthetic Data Generation: Each selected node independently trains a
VAE-BGM model using its local data. The generated synthetic data aim to preserve
critical patterns and correlations while preventing privacy leakage. In cases of data
scarcity, the generation methodology in Section 4.4 can be applied to improve data
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representativeness.

2. Data Sharing and Aggregation: Once synthetic data are generated, they are
shared with other nodes needing additional samples. To address potential biases and
ensure effective aggregation, FedSDS employs two distinct strategies:

« Random Aggregation (naive case): Synthetic data from other nodes is ran-
domly 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.

o Similarity-Based Aggregation (biased case): Synthetic samples 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
characteristics of the local dataset while leveraging the diversity of the shared
synthetic data.

3. Training with Augmented Data: Each node trains its local model using the
augmented dataset that combines real and synthetic data. This process improves the
generalization 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 scenarios. By sharing synthetic
data instead of model parameters, FedSDS accommodates nodes with varying data distri-
butions, including those with missing covariates or demographic biases. Synthetic data
from one node can compensate for unavailable features in another, enabling collaborative
training even in heterogeneous environments. Additionally, FedSDS significantly reduces
communication overhead compared to traditional FL methods. FedAvg typically necessitates
multiple iterative rounds of model parameter updates between nodes, which can introduce
significant communication overhead. In contrast, FedSDS has the potential to operate in
a single communication round, drastically reducing bandwidth consumption. The specific
implementation of this strategy varies depending on the study. In FedVAE, multiple rounds
of synthetic data sharing are performed to iteratively improve the quality of the generated
data iteratively, incorporating better representations in each round. In contrast, FedSAVAE
operates with a single communication round, as synthetic data are shared once and directly
integrated into the learning process. The following sections will further detail the rationale
behind these choices and their implications for model performance. Moreover, FedSDS can
share not just synthetic data but also the generative model itself, including the decoder and
the BGM-derived parameters, further enhancing communication efficiency. These features
make FedSDS a more scalable and bandwidth-efficient FL strategy, particularly in real-world
scenarios with communication restrictions.

Figure 5.1 illustrates the FedSDS architecture, where nodes generate and share synthetic data
based on local data availability and quality. This method ensures the effective participation
of all nodes while preserving data privacy.
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Figure 5.1: Architecture of FedSDS leveraging synthetic data sharing. Each node generates
synthetic data locally using VAE-BGM and shares it with others for collaborative
training. Each node uses these data to perform the defined task.

Biased Aggregation Strategy

The biased aggregation strategy represents a key technical innovation 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 samples are integrated.
For this type of aggregation to be feasible, the model performing the specific task must
incorporate the latent space representation characteristic of encoder-decoder architectures,
which is essential for the biased aggregation strategy.

To achieve this alignment, the following steps are implemented:

1. Latent Representation Generation: Each synthetic sample generated at a node is
passed through the encoder of the local model at the receiving node (e.g., the encoders
of VAE-BGM or SAVAE). This process maps the synthetic data into a latent space,
resulting in a vector representation zsy,spetic for each sample. Similarly, the local dataset
at each receiving node is encoded into its latent space representation z,.q.

2. Proximity Calculation: To evaluate the relevance of each synthetic sample, the
distance between zgyniheric and zjcq is calculated. This metric quantifies the similarity
between the synthetic sample and the local data. The distance is calculated using the
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Euclidean norm as defined below:

d(zzynthetiw leocal) - ||Ziynthetic - Zl]ocal“? (51)
where zéynthmc and 2/, 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 sample Ziynthatic? the minimum distance to all local samples leocal is
calculated.

3. Relevance Filtering: Based on the calculated distances, only the most relevant
synthetic samples with the smallest distances to 2., are selected for integration into
the local dataset. The synthetic 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 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.

By aligning the shared synthetic data with local distributions, the biased aggregation strategy
minimizes the risk of introducing distributional noise. This alignment accelerates model
convergence and enhances predictive performance. Additionally, the use of the encoder-decoder
architecture of the SAVAE model allows nodes to dynamically filter synthetic data based on
latent space proximity, making this approach adaptable to varying levels of heterogeneity.
Moreover, unlike the naive aggregation, which can be computationally wasteful, the biased
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 data characteristics in each node while benefiting from the diversity
introduced by external samples.

Figure 5.2 illustrates the process of biased aggregation in detail, showcasing the steps from
latent space representation to selecting the most relevant synthetic samples.
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Figure 5.2: Schematic representation of the biased aggregation process. Node 1 generates
and shares synthetic data with Node 3, where latent representations zgyniheric and
Zlocal are generated using the encoder of the model. Relevant synthetic samples are
selected based on the minimal distance to zj,.q and integrated into the local dataset.
Note: The local model must incorporate an encoder-decoder architecture to enable this
aggregation type, as it relies on latent space representations for filtering and integration.
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5.3 Federated Synthetic Data Generation (FedVAE)

As previously discussed, healthcare research faces persistent challenges related to data scarcity,
privacy constraints, and the heterogeneity of medical datasets. Stringent privacy regulations
often limit traditional approaches to data sharing, while the uneven distribution of data across
institutions exacerbates inequities and hinders collaborative advancements. SDG and FL have
been identified as promising solutions to address these issues.

Building on these foundations, this study leverages the VAE-BGM model within a federated
framework to enable the decentralized generation and sharing of synthetic data. By allowing
each institution to generate synthetic datasets locally, FedVAE facilitates collaborative learning
while preserving privacy and enhancing the quality and diversity of the data available to each
node. This approach is particularly advantageous in non-1ID settings, where traditional FL
techniques often struggle to address disparities in data distributions across institutions.

FedVAE is designed to tackle the dual challenges of data scarcity and heterogeneity by
combining the strengths of FL. and VAE-BGM. The framework not only supports high-quality
SDG in decentralized environments but also ensures that the generated data captures the
critical statistical properties of real-world datasets, making it a powerful tool for advancing
medical research and improving equity in data access.

5.3.1 Federated Learning integration in Synthetic Data Generation

In the proposed FL framework, we explore two techniques to train the VAE-BGM models
across scarce and heterogeneous data environments: FedAvg and FedSDS. Comparing these two

methods aims to clarify their respective advantages in improving SDG under the constraints
of FL.

FedAvg has proven effective in many FL settings but can face challenges when applied to
non-IID data. Our proposal, FedSDS, can address this issue by sharing synthetic patients
generated locally at each node. FedSDS provides the FL. model with a richer and more
diverse dataset, improving the quality and representativeness of the generated synthetic data,
particularly in nodes where the data are scarce or biased.

This approach improves convergence and mitigates the negative impact of non-IID data by
leveraging the diversity of synthetic data from multiple nodes. Sharing synthetic data instead
of generative models further optimizes the system, making FedSDS a highly efficient option
for complex FL scenarios. Figure 5.3 builds upon the framework outlined in Figure 5.1,
specifically adapting it to SDG as the defined task and utilizing VAE-BGM as the generative
model to produce and share synthetic tabular data across nodes.
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Figure 5.3: FedSDS process in FL for SDG. The FedSDS approach generates synthetic data
locally using VAE-BGM at each node and then shares this data across nodes. Nodes
incorporate the aggregated synthetic data from other nodes into their local training.

5.3.2 Experiments and Results
Validation Design

— Data distribution and nodes setup
We employ a federated environment consisting of three nodes to mimic real-world situations
where data availability and quality vary significantly between institutions or locations.

e Node 0 represents an institution with limited data and resources, having only 100
training samples.

e Node 1 represents an institution with moderate resources, using 1, 000 training samples.

o Node 2 represents a well-resourced institution with access to a large dataset of 10,000
training samples.

However, all nodes share the same number of validation samples, each tested on 9,500. This
validation set ensures that performance is measured consistently across all nodes. The datasets
selected allow us to create these divisions without losing the integrity of the data.

Two distinct scenarios are conducted to assess the performance under different data distribu-
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tions: IID and non-IID.

o IID Scenario: In this case, the data are split randomly across the three nodes, ensuring
each node receives a statistically similar distribution of features. This ensures that the
feature distributions are balanced and equal across all nodes.

e Non-IID Scenario: To represent more realistic, complex data conditions, this scenario
reflects non-IID data distributions, where feature distributions vary across nodes. In an
FL context, data might naturally exhibit variability across locations due to differences
in population, local health factors, or socioeconomic conditions. For this scenario,
we simulate distributional variation by selecting a key feature in each dataset with a
substantial impact on the target variable—in this case, the Body Mass Index (BMI)
column, due to its established correlation with diabetes [281] and heart disease [282], as
well as its sensitivity to regional socioeconomic factors like healthcare access and diet
quality [283]. BMI distribution was stratified to create differing distributions across
nodes: one node received a balanced distribution of BMI values (50% above and 50%
below the median), while the other two nodes, Node 0 and Node 1, were provided with
skewed distributions, with 90% of samples having BMI values either below or above
the median, respectively. Maintaining consistent features across nodes (i.e., the same
columns) while introducing distributional differences allows us to model the non-11D
scenario while ensuring compatibility with FedAvg realistically. By preserving identical
feature columns across nodes, FedAvg remains applicable, as it requires the compatibility
of model parameters based on shared input feature sets across nodes. In cases where
nodes differ in feature sets, applying FedAvg would be infeasible, as model parameter
aggregation depends entirely on the alignment of input features across nodes. This
design choice lets us compare FedSDS and FedAvg, underscoring the robustness of our
approach and practical relevance in a realistic FL scenario.

Figure 5.4 illustrates the KDE of the BMI distributions across the three nodes for both 11D
and non-IID scenarios. In the IID scenario, the distributions of BMI are similar across all
nodes, as expected due to random data splitting. However, the distributions differ significantly
across nodes in the non-IID scenario. Specifically, Node 2 retains a distribution similar to the
overall population, while Nodes 0 and 1 distributions are shifted, reflecting the intentional
skew in their data. This variation highlights the challenges posed by non-IID settings in FL
and underscores the importance of techniques like FedSDS to address such disparities.

— Data generation in an FL environment

Each node trains its local VAE-BGM model to generate data based on the locally available
training samples. The critical aspect of this experiment is comparing two different FL
techniques, FedAvg and FedSDS, against isolated, non-federated training. Comparing these
two FL techniques will provide insights into how FL can enhance SDG in data heterogeneity
and imbalance environments.

o FedAvg: This method aggregates the model weights from each node and updates the
local models using a weighted average of these aggregated weights. Each node trains
its local model for 200 epochs, after which the weights are shared, aggregated, and
redistributed for the next training round. This process is repeated for five rounds.
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Figure 5.4: KDE plots for BMI distributions across nodes under IID and non-ITD
scenarios for the Diabetes H and Heart datasets.

o FedSDS: Instead of sharing model parameters, each node shares synthetic data gen-
erated locally. The synthetic data are exchanged across the network, enhancing local
datasets at other nodes. The two aggregation strategies (naive and biased) are applied
to assess their impact on performance. The process is structured as follows:

1. In the first round, each node trains its local VAE-BGM model with its original
dataset, generating synthetic samples.

2. From the second round onward, nodes share their generated synthetic data with
others. The shared data are then integrated using either naive or biased aggregation,
depending on the strategy applied.
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The total number of samples used for training at each node is limited to 10, 000. If
the sum of local and synthetic samples exceeds 10, 000, the node will use only as
many synthetic samples as needed to maintain this maximum training size.

Both methods aim to improve the performance of the nodes with less data or poorer data
quality. In the FedAvg case, we expect that sharing model weights will help align the local
models across nodes. In contrast, in FedSDS, the increase in data volume and diversity from
shared synthetic patients is expected to mitigate the issues related to data scarcity and bias.

Validation Metrics

The primary goal of this study is to generate synthetic data that is indistinguishable from real
data as in Section 4.2, both in terms of statistical properties and practical utility in clinical
settings. We adopt a dual validation approach focused on statistical similarity and clinical
utility to comprehensively evaluate the generated data, following state-of-the-art guidelines

[3].

We estimate the Djg for statistical validation to measure the similarity between the real and
synthetic data distributions. Following the methodology outlined in Section 4.3, a probabilistic
discriminator network is trained to distinguish between real and synthetic data. Using the
output probabilities of this classifier, we approximate the Djs, where lower values indicate
greater similarity between the distributions. This approach ensures a robust statistical
assessment of the quality of synthetic data.

To assess the effectiveness of different scenarios—specifically, isolated learning, FedAvg, and
FedSDS (naive and biased aggregation strategies) on the Dyg values, we calculate the MRR.
In this case, the MRR considers the rank position of the first relevant Djs value within an
ordered list of Djs values derived from each FL technique and the isolated learning scenario.
The RR for each method is calculated as the inverse of the position of the first relevant Djg
result. For example, if the first relevant result appears in the top position, its RR is 1; if
it appears in the second position, the RR is 0.5, and so on. Recall that the MRR is then
computed as the average of the RRs across all situations:

MRR — 1§:1
Q= rank;’

(5.2)
where () denotes the total number of situations under evaluation (isolated, FedAvg, FedSDS
naive, and FedSDS biased), and rank; represents the position of the first relevant Djg for
the i-th scenario. Higher MRR values imply that relevant Djs values appear earlier in the
list, indicating better performance and an advantage of one FL technique over the isolated
approach. This metric thus provides insight into which FL techniques potentially enhance
model performance compared to isolated scenarios.

In addition to statistical validation, evaluating whether the synthetic data can be applied
effectively to real-world clinical tasks is crucial, as confirmed previously. For the clinical
utility validation, we assess the practical applicability of the synthetic data in real-world tasks.
Specifically, we use an RF classifier to predict target features. Two experimental scenarios
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are conducted:

e Training on real data and validating on real data: This is the upper bound
performance we aim to match with the synthetic data.

o Training on synthetic data and validating on real data: This tests the ability
of a classifier trained on synthetic data to generalize to real-world data, indicating the
practical utility of the synthetic samples.

The goal is for the classification accuracy obtained in the second scenario to match that of
the first scenario closely. If the accuracy gap is minimal, synthetic data can be effectively
used in clinical applications.

This dual validation approach comprehensively assesses the quality and applicability of the
generated synthetic data by combining statistical similarity and clinical utility validation.
Statistical validation ensures that the synthetic data closely mimics the real data distribution.
In contrast, clinical validation confirms that the synthetic data retains the necessary infor-
mation to perform well in real-world tasks. These metrics offer a holistic evaluation of the
similarity and utility of the synthetic data.

We conducted hypothesis testing to validate the effectiveness of our proposed approaches
further. For statistical validation, the null hypothesis assumed that isolated training would
yield lower Djg values (indicating better performance) than FL techniques. A significance level
of 0.01 was employed. Rejection of the null hypothesis, based on p-values below this threshold,
indicated that FL techniques significantly outperformed isolated training. Regarding clinical
utility validation, the accuracy achieved using real data for training and validation was
considered the upper bound. The null hypothesis assumed this upper bound would be higher
than the accuracy obtained using synthetic data for training and real data for validation. A
significance level of 0.01 was again applied. Rejection of the null hypothesis implied that the
performance of classification models trained on synthetic data was comparable to or even
exceeded that of the models trained on real data.

Experimental Setting

The proposed network leverages the VAE-BGM model for SDG at each node (Section 4.2).
The VAE learns a latent data representation with an encoder featuring a hidden ReLU layer
of 256 neurons and a hyperbolic tangent output layer. The latent space dimensionality is fixed
at 20, capturing key data features. The decoder mirrors the encoder structure with tailored
activation functions for covariate distributions. Dropout at 20% helps prevent overfitting.
The VAE is trained for 200 epochs in each federated round with a batch size of 1024. The
BGM further models the latent space as a mixture of Gaussian distributions, using a Dirichlet
process prior with a maximum of 20 components. Each Gaussian component has its covariance
matrix, enhancing the ability of the model to represent complex data relationships.

Each node trains its local VAE-BGM model in the FL setup over five federated rounds. After
each round, depending on the technique, either model weights (FedAvg) or synthetic data
(FedSDS) are shared and aggregated across nodes. FedAvg aggregates model weights, while
FedSDS shares synthetic data to enrich local datasets. The performance is averaged over
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three runs with different random seeds to account for the sensitivity of VAEs to initialization.

Results

We used two medical datasets for these experiments, Heart and Diabetes H, whose detailed
descriptions and characteristics are provided in Appendix B. These datasets were chosen
due to their substantial number of samples and diverse feature types, making them ideal for
evaluating the robustness of the proposed approach. Their complexity stems from intricate
relationships between features and the heterogeneous nature of their data types, which are
critical for testing the effectiveness of SDG methods.

For each dataset, we provide a detailed comparison of the Djs and accuracy scores, which
reflect the statistical and clinical utility validations. These results are displayed in tables,
allowing for a clear performance comparison across the different FL techniques and the
isolated case. The analysis is conducted for IID and non-IID data scenarios. Additional
experiments are included in Appendix E.1.2, where we compare key features of real and
synthetic data distributions. The code to replicate the results can be found in https:
//github.com/Patricia-A-Apellaniz/fed_vae.

Note: It is important to note that divergences are estimations, and small negative values
reflect an approximation error, suggesting near-zero divergence.

— IID Scenarios

The results presented in Table 5.1 for Diabetes. H and Heart datasets confirm the advantages
of using FedSDS over isolated training and FedAvg in terms of similarity validation and
clinical utility validation. Across all nodes in both datasets, FedSDS consistently outperforms
FedAvg and the isolated case in reducing Djs values. This demonstrates that sharing synthetic
data significantly enhances the similarity between real and synthetic distributions, leading to
more reliable data generation for FL. The most notable improvement is observed in FedSDS
biased, where the estimated divergences approach zero, indicating an almost perfect alignment
between real and synthetic data distributions. In Nodes 0 and 1, which initially have fewer
samples, the reductions in Djg are particularly substantial, proving that FedSDS can effectively
compensate for data scarcity. For Node 2, where the number of real samples is already high,
the difference compared to the isolated case is less pronounced, as expected. However, the
improvement in FedSDS biased still confirms that even well-resourced nodes benefit from the
refined data-sharing approach. Regarding accuracy in the clinical utility validation, FedSDS
methods consistently match or exceed the performance of FedAvg and isolated training across
both datasets. In Nodes 0 and 1, which are more resource-constrained, FedSDS leads to
the highest accuracy values, confirming that better similarity validation translates directly
into improved model performance. In some cases, FedSDS naive and biased even surpass
the accuracy of models trained on real data, highlighting the potential of synthetic data
augmentation to improve generalization and predictive performance. The results demonstrate
that FedSDS significantly outperforms traditional FL approaches like FedAvg, particularly
when using the biased technique.
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SIMILARITY VALIDATION

CLINICAL UTILITY VALIDATION

Node Technique
Estimated Djg Accuracy (Real-Real) Accuracy (Synthetic-Real)
Tsolated 0.696 (0.026) 0.836 (0.001)¥
FedAvg 0.521 (0.016)* 0.837 (0.000)¥
Node 0 0.844 (0.001)
FedSDS natve 0.269 (0.095)* 0.841 (0.001)*
FedSDS biased -0.001 (0.014)* 0.838 (0.001)¥
Isolated 0.302 (0.001) 0.843 (0.003)*
FedAvg 0.177 (0.007)* 0.845 (0.002)*
Node 1 0.842 (0.000)
FedSDS naive 0.119 (0.017)* 0.846 (0.001)*
FedSDS biased -0.035 (0.076)* 0.845 (0.001)*
Isolated 0.107 (0.021) 0.843 (0.001)*
FedAvg 0.195 (0.036) 0.846 (0.002)*
Node 2 0.842 (0.001)
FedSDS naive 0.208 (0.061) 0.847 (0.002)*
FedSDS biased -0.014 (0.002)* 0.838 (0.002)*
(a) Diabetes_ H dataset
SIMILARITY VALIDATION CLINICAL UTILITY VALIDATION
Node Technique
Estimated Djg Accuracy (Real-Real) Accuracy (Synthetic-Real)
Isolated 0.850 (0.004) 0.898 (0.000)V
FedAvg 0.493 (0.017)* 0.902 (0.001)¥
Node 0 0.909 (0.000)
FedSDS naive 0.297 (0.010)* 0.902 (0.001)¥
FedSDS biased -0.033 (0.007)* 0.899 (0.001)v
Isolated 0.373 (0.018) 0.908 (0.001)*
FedAvg 0.205 (0.039)* 0.910 (0.001)*
Node 1 0.907 (0.001)
FedSDS naive 0.142 (0.016)* 0.912 (0.001)*
FedSDS biased 0.092 (0.003)* 0.910 (0.001)*
Tsolated 0.150 (0.003) 0.909 (0.001)*
FedAvg 0.147 (0.002) 0.914 (0.001)*
Node 2 0.906 (0.001)

FedSDS naive
FedSDS biased

0.152 (0.007)
-0.017 (0.028)*

0.912 (0.001)*
0.910 (0.000)*

(b) Heart dataset

Table 5.1: Diabetes_ H and Heart results in IID scenario. Comparison of Djs and accuracy
for isolated training and three FL techniques. Lower Djs indicates better similarity
between real and synthetic data, while Synthetic-Real accuracy closer to Real-Real
reflects better clinical utility. Results are expressed as mean (standard deviation).
* indicates p-value < 0.01. In particular, for Djs, * denotes statistically significant
improvement over the isolated case. For accuracy, * signifies that the performance of
models trained on synthetic data was comparable to or exceeded that of models trained
on real data. Bold values indicate the best significative performance, and ¥ denotes a
decrease relative to upper bounds.
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— Non-IID Scenarios

The results for the non-IID scenario on the Diabetes_ H dataset in Table 5.2 highlight the
effectiveness of FedSDS in mitigating the impact of data heterogeneity. In terms of similarity
validation, FedSDS, particularly FedSDS biased, significantly outperforms FedAvg and isolated
training in the worst-performing nodes (Node 0 and Node 1), leading to much lower Djg
values, indicating better alignment between real and synthetic data distributions. FedAvg
also improves over the isolated case in Node 0 but remains noticeably less effective than
FedSDS. Regarding clinical utility validation, in the best-performing nodes (Nodes 1 and 2),
no FL technique fully reaches the accuracy obtained when training with real data. However,
FedSDS consistently outperforms isolated training and remains aligned with FedAvg, with
FedSDS biased achieving the highest mean accuracy in Node 1, where the data distribution is
skewed. In Node 2, where real data availability is high, FedSDS naive exhibits the best mean
accuracy, slightly surpassing FedAvg. Despite not fully matching real-data accuracy, both
FedSDS techniques achieve remarkably close results. In Node 0, the most challenging case, all
FL techniques achieve the accuracy of the real-data scenario, demonstrating the advantages
of collaborative training in data-scarce environments. Notably, FedSDS biased achieves the
highest mean accuracy, reinforcing its effectiveness in leveraging synthetic data to enhance
classification performance.

The results presented in Table 5.2 for the Heart dataset under non-IID conditions follow the
same trend observed in the Diabetes H dataset. Regarding similarity validation, FedSDS
significantly improves Djs in Nodes 0 and 1 compared to isolated training and FedAvg.
This improvement is particularly evident in Node 1, where FedAvg fails to provide any
significant reduction in divergence compared to the isolated case, while FedSDS achieves
a substantial decrease. In Node 2, only FedSDS biased improves the similarity validation
results over the isolated and FedAvg cases, which is expected since Node 2 already possesses
the largest dataset. Across all nodes, the FedSDS biased approach consistently yields the
lowest divergences, reinforcing its effectiveness in mitigating the challenges posed by data
heterogeneity. Regarding clinical utility validation, the results follow a similar pattern to
those observed in the Diabetes H dataset. In Nodes 1 and 2, none of the FL techniques fully
match the accuracy obtained when training with real data. However, FedSDS consistently
outperforms isolated training and FedAvg, coming very close to real-data accuracy, with
differences of only one or two decimal places. Notably, in Node 0, the most challenging
case, FedSDS techniques successfully achieve the same accuracy as real-data training, while
FedAvg falls short. These findings confirm that FedSDS provides a superior approach in
non-IID settings, particularly in resource-limited nodes, by effectively aligning synthetic data
distributions with real data and preserving the clinical utility of synthetic datasets.

182



Chapter 5. Federated Learning

SIMILARITY VALIDATION CLINICAL UTILITY VALIDATION
Node Technique
Estimated Djg Accuracy (Real-Real) Accuracy (Synthetic-Real)

Tsolated 0.829 (0.006) 0.887 (0.000)¥
FedAvg 0.463 (0.003)* 0.898 (0.001)*

Node 0 0.898 (0.000)
FedSDS natve 0.328 (0.011)* 0.897 (0.001)*
FedSDS biased 0.148 (0.039)* 0.901 (0.001)*
Isolated 0.382 (0.019) 0.788 (0.001)v
FedAvg 0.215 (0.062) 0.789 (0.001)¥

Node 1 0.899 (0.001)
FedSDS naive 0.174 (0.001)* 0.789 (0.003)¥
FedSDS biased 0.092 (0.029)* 0.794 (0.001)¥
Isolated 0.173 (0.007) 0.853 (0.002)v
FedAvg 0.260 (0.006)¥ 0.856 (0.001)¥

Node 2 0.899 (0.001)
FedSDS naive 0.172 (0.003) 0.860 (0.001)¥
FedSDS biased -0.030 (0.004)* 0.856 (0.001)v

(a) Diabetes_ H dataset

SIMILARITY VALIDATION CLINICAL UTILITY VALIDATION
Node Technique
Estimated Djg Accuracy (Real-Real) Accuracy (Synthetic-Real)

Isolated 0.807 (0.002) 0.906 (0.001)v
FedAvg 0.526 (0.011)* 0.919 (0.001)¥

Node 0 0.925 (0.001)
FedSDS naive 0.243 (0.013)* 0.923 (0.000)*
FedSDS biased 0.043 (0.002)* 0.925 (0.001)*
Isolated 0.371 (0.005) 0.886 (0.001)¥
FedAvg 0.294 (0.030) 0.884 (0.000)¥

Node 1 0.926 (0.001)
FedSDS naive 0.179 (0.003)* 0.886 (0.002)v
FedSDS biased 0.022 (0.005)* 0.889 (0.002)v
Tsolated 0.169 (0.015) 0.918 (0.001)¥
FedAvg 0.164 (0.012) 0.917 (0.001)¥

Node 2 0.924 (0.001)
FedSDS naive 0.170 (0.004) 0.918 (0.001)v
FedSDS biased -0.013 (0.019)* 0.919 (0.001)v

(b) Heart dataset

Table 5.2: Diabetes_ H and Heart results in non-IID scenario. Comparison of Djs and
accuracy for isolated training and three FL techniques. Lower Djg indicates better
similarity between real and synthetic data, while Synthetic-Real accuracy closer to Real-
Real reflects better clinical utility. Results are expressed as mean (standard deviation).
* indicates p-value < 0.01. In particular, for Djs, * denotes statistically significant
improvement over the isolated case. For accuracy, * signifies that the performance of
models trained on synthetic data was comparable to or exceeded that of models trained
on real data. Bold values indicate the best significative performance, and ¥ denotes a
decrease relative to upper bounds.
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— Discussion

The results presented in Table 5.3 emphasize the exceptional robustness of FedSDS across both
ITID and non-IID scenarios. Regardless of the data distribution setting, FedSDS consistently
outperforms isolated training and FedAvg, demonstrating its effectiveness in improving model
performance. However, the FedSDS biased strategy stands out overwhelmingly, delivering the
best results in every scenario.

Scenario Dataset ‘Isolated FedAvg FedSDS naive FedSDS biased

1D Diabetes H 0.333 0.333 0.417 1.000
Heart 0.333 0.389 0.500 1.000
Diabetes H 0.333 0.333 0.500 1.000
Non-IID
Heart 0.278 0.389 0.417 1.000

Table 5.3: MRR values across different scenarios (IID and Non-IID) and datasets for
isolated, FedAvg and FedSDS (naive and biased) approaches. Higher MRR
values indicate superior performance. Bold values denote best performances.

The FedSDS biased approach dominates in every case, achieving perfect MRR values (1.000)
across all datasets and scenarios. This demonstrates that, by strategically selecting the most
relevant synthetic samples, FedSDS biased optimally aligns the generated synthetic data with
real data distributions, maximizing its effectiveness in federated settings. Even FedSDS naive
surpasses FedAvg and isolated training, reinforcing that synthetic data sharing is inherently
more beneficial than parameter aggregation in FL environments. However, the biased approach
far surpasses all others, proving to be the most robust and effective method for tackling
data heterogeneity. The advantages of FedSDS become even more pronounced in non-I11D
settings, where data distribution imbalances introduce significant challenges. While FedAvg
provides some improvements over isolated training, it fails to fully address data heterogeneity,
particularly in more challenging nodes. In contrast, FedSDS effectively mitigates the negative
effects of non-IID data by leveraging diverse synthetic data distributions, allowing models to
generalize better and achieve superior performance across varying conditions.

Beyond improving model performance, we emphasize the security and privacy-preserving
benefits of synthetic data generation within the FL framework. As outlined in Appendix E.1.1,
we conducted a rigorous evaluation of privacy preservation by analyzing minimum distances
between real and synthetic samples. In this analysis, we compared the distributions of
pairwise distances between real-real samples and synthetic-real samples across Node 2 under
both IID and non-IID scenarios. The results, visualized through histograms and KDE
plots, demonstrate that while the distance distributions are statistically similar, they are
not identical, and minimum distances are consistently non-zero. This finding is significant
because our VAE-BGM architecture generates synthetic data by sampling from the latent
space rather than directly replicating real samples. Consequently, synthetic data avoid exact
duplication of real data points, effectively mitigating privacy risks. This outcome underscores
a key advantage of SDG: unlike raw or encrypted data, synthetic data inherently reduce the
risk of privacy breaches during sharing, such as those associated with man-in-the-middle
attacks or key compromises. These properties make SDG a robust solution for data privacy
preservation, particularly when compared to sharing raw datasets, encrypted data, or even
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trained model parameters, which may still leak sensitive information through model inversion
or membership inference attacks.

In summary, FedSDS not only enhances performance in FL. environments under both 11D
and non-IID conditions but also offers significant security advantages by reducing the risks
associated with sharing real or encrypted data. By leveraging synthetic data, institutions can
collaborate effectively while ensuring data privacy, thereby fostering trust and enabling more
widespread adoption of FL frameworks in healthcare and other sensitive domains.

5.3.3 Conclusions

This research underscores the effectiveness of FL for SDG in healthcare, particularly in
addressing the challenges posed by heterogeneous and scarce data distributions. By employing
VAE-BGM models across diverse medical datasets, this study demonstrates that FedSDS,
particularly FedSDS biased, consistently outperforms traditional approaches like FedAvg and
isolated training in both IID and non-IID scenarios. The results show significant advantages in
FedSDS for generating high-quality synthetic data, as reflected in lower D ;g values. Clinical
utility validation confirms the practicality of synthetic data generated using FedSDS, achieving
comparable accuracy to real data in downstream tasks. In non-IID environments, FedSDS
proves particularly robust, addressing the challenges of unevenly distributed data among
institutions by leveraging the diversity of synthetic samples to enhance representativeness
and mitigate the negative effects of heterogeneity. In contrast, FedAvg demonstrates limited
improvements in these scenarios, often failing to match the effectiveness of FedSDS, particularly
in nodes with constrained data availability or skewed distributions. These findings highlight
the potential of sharing synthetic data within FL frameworks. FedSDS enables improved
model generalization and supports collaborative research without exposing sensitive patient
information by fostering data diversity and reducing disparities between data-rich and data-
poor nodes. This approach not only bridges gaps in data accessibility and quality but also
sets a foundation for advancing medical research and innovation in under-resourced regions.

Future research should explore optimizing FL architectures for even more complex data types
and more extensive networks of institutions and further refining the integration of SDG
with FL to maximize efficiency and scalability. In particular, exploring SDG in low-sample
settings could be highly beneficial. This approach, which integrates meta-learning (like DRS)
and transfer learning techniques to SDG, could be adapted to augment FL environments,
where leveraging knowledge from previously trained models or similar tasks could significantly
enhance the quality of synthetic data in low-sample nodes. This would ensure that even
nodes with minimal data could generate synthetic datasets with robust statistical similarity
and practical utility, further improving the performance of FL in heterogeneous healthcare
settings. In addition, addressing privacy risks must be a future line of research on this topic.
Investigating techniques to mitigate privacy risks associated with FL, such as DP [284] or HE
[285], can help protect sensitive patient data while enabling collaborative training. By pursuing
these research directions, we can continue advancing the FL field for SDG in healthcare and
develop more robust and effective methods for generating high-quality synthetic data.
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5.4 Federated Survival Analysis (FedSAVAE)

By now, it has already been explained several times that SA is a critical tool in healthcare for
understanding time-to-event outcomes, such as patient survival or disease progression. How-
ever, real-world SA datasets often suffer from limitations, including data scarcity, heterogeneity,
and high levels of censoring, which hinder the development of robust and generalizable predic-
tive models. These challenges are further compounded by privacy regulations and institutional
barriers, which restrict the centralization of patient data for collaborative research.

To address these limitations, we propose FedSAVAE, an FL framework that integrates
the advanced generative capabilities of SAVAE into a decentralized training environment.
FedSAVAE leverages the latent space representation of SAVAE to perform survival modeling
across multiple nodes, enabling collaboration between institutions without sharing sensitive
patient data. By exchanging synthetic data tailored to the characteristics of the dataset in
each node, FedSAVAE ensures that local models can benefit from the diversity and richness
of external data while preserving privacy.

This framework is particularly designed to address non-1ID scenarios, where data distributions
vary significantly across institutions. Traditional FL techniques often struggle in such
environments, leading to biased models or suboptimal performance. By incorporating synthetic
data sharing and utilizing the encoder-decoder architecture of SAVAE, FedSAVAE overcomes
these limitations, enabling accurate and scalable survival modeling in decentralized and
privacy-sensitive settings. This approach addresses the challenges of data scarcity and
heterogeneity and ensures the equitable advancement of SA methodologies across diverse and
resource-constrained institutions.

5.4.1 Federated Learning integration in Survival Analysis

In line with the approach outlined for FedVAE, this section evaluates the integration of SA
into an FL framework by comparing two techniques: FedAvg and FedSDS. Both methods
are applied to survival modeling using the SAVAE architecture, leveraging its latent space
representation for handling censored and non-linear data relationships.

The comparison aims to assess the effectiveness of these techniques in addressing the unique
challenges posed by non-I1D datasets, which are common in real-world SA scenarios. Figure 5.5
compares both setups.

As mentioned, a key advantage of FedSDS over FedAvg is its communication efficiency.
Traditional FL. methods like FedAvg require multiple iterative rounds of parameter updates
and aggregations to achieve convergence, which can be resource-intensive in bandwidth-
constrained environments. In this research, FedSDS operates in a single communication 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 limited communication resources. FedSDS accelerates model convergence and enhances
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Figure 5.5: Comparison of FL techniques for SA. FedAvg (Top) aggregates local model

parameters from each node into a global model through iterative communication rounds.
FedSDSD (bottom) enables nodes to share locally generated synthetic data, reducing
communication overhead. In FedSDS, it is assumed that Node 1 is the ‘best’ node,
which shares synthetic samples with the other two nodes. Both approaches use SAVAE
models trained locally for survival time prediction and covariate reconstruction.

187



Patricia Alonso de Apellaniz

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 the local
characteristics of each node, 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 predict unavailable covariates, enhancing the
performance of its local model. FedAvg, by contrast, cannot address these disparities, often
resulting in suboptimal global models in heterogeneous settings.

5.4.2 Experiments and Results
Validation Design

This study evaluates the proposed methodology using distributed data across three nodes,
simulating IID and non-IID scenarios. The experimental design is structured to assess the
performance of the proposed framework under diverse data distribution settings and varying
degrees of heterogeneity. Given the small sample sizes of the original datasets, synthetic data
was generated using the methodology proposed in Section 4.2 to ensure sufficient data to
design the various nodes and scenarios. Below, we describe the distribution of data across
nodes and the specific scenarios considered for the different cases.

Case Scenario Data Distribution Node 1 Node 2 Node 3 Data Quality
IID Scenario 1 Equal 2000 2000 2000 Homogeneous
IID Scenario 2 Unequal 2000 500 50 Homogeneous
IID 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

Node 2: 95% below median age,

Non-IID Scenario 5 Unequal 2000 500 50
Node 3: 95% above median age
Node 2: 95% below median age,
Non-IID Scenario 6 Unequal with missing data | 2000 500 25 (50% missing)
Node 3: 95% above median age
Two nodes, Node 2: age covariate predicted
Non-IID Scenario 7 3500 3500 N/A
Node 2 lacks age covariate from the synthetic data in Node 1

Table 5.4: Overview of scenarios defined for the experimental design in FedSAVAE.
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.

Three nodes, each differing in 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
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ability of the FedSDS framework to handle missing covariates. Table 5.4 provides a structured
summary of all defined scenarios, detailing data distribution and quality across nodes.

— IID Data Distribution
In the IID setting, the data across nodes follow similar distributions regarding covariates and
event times. Three distinct scenarios are defined:

e Scenario 1. Equal data distribution across nodes: Each of the three nodes is
allocated 3,000 samples, with 2,000 samples used for training and 1,000 for validation.
This scenario represents the most balanced and favorable case for FL, ensuring equal
contributions from all nodes.

e Scenario 2. Unequal data distribution across nodes: The nodes have differing
quantities of samples: Node 1 has 3,000 samples, Node 2 has 1,500 samples, and Node
3 has 1,050 samples. Validation sets of 1,000 samples are maintained for all nodes,
leaving 2,000, 500, and 50 samples, respectively, for training. This scenario introduces
imbalances in data quantity between nodes, simulating real-world conditions.

e Scenario 3. Unequal data distribution with missing data: This scenario builds
on distribution of samples from Scenario 2 but introduces missing data in Node 3.
Specifically, 50% of the data are missing. This scenario highlights the challenge of
handling incomplete datasets in FL.

— Non-IID Data Distribution

In the non-IID setting, the data across nodes are heterogeneous regarding covariate distribu-
tions. 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.

e Scenario 4. Equal data distribution with heterogeneous covariates: Each
node is allocated 2,000 training and 1,000 validation samples. However, heterogeneity is
introduced in the age covariate:

— 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.

e Scenario 5. Unequal data distribution with heterogeneous covariates: This
scenario mirrors Scenario 2 regarding data quantity across nodes but incorporates the
same heterogeneity in the age covariate as Scenario 4.

e 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.

e Scenario 7. Addressing missing covariates: This scenario cannot be evaluated
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using traditional parameter-sharing methods like FedAvg and is designed specifically
to test the capabilities of FedSDS. Two nodes are used, each with 3,500 training and
1,000 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 predicted
column is then integrated into the dataset from Node 2, allowing the FedSDS framework
to handle this non-IID scenario effectively and demonstrate its adaptability to situations
with fully missing covariates.
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Figure 5.6: KDE plots for AGE distributions across nodes under IID and non-IID
scenarios for the Metabric and GBSG datasets.

Figure 5.6 illustrates the KDE plots for the age distributions in both IID (Scenario 1) and
non-IID (Scenario 6) settings for the Metabric and GBSG datasets. In the IID scenario, shown
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in subfigures (a) and (b), the distributions of the age variable across nodes are relatively
similar, as expected, since data are split randomly across the three nodes. However, in
the non-I1ID scenario (subfigures (¢) and (d)), the distributions vary significantly between
nodes, reflecting the intentional skew in the dataset. Specifically, Nodes 1 and 2 exhibit clear
shifts in age distribution, aligning with the experimental design where one node contains
predominantly younger individuals (below the median age), and another consists mainly of
older individuals (above the median age).

Validation Metrics

As defined in Section 2.2.5 and used in Chapter 3, the C-index is a key metric in SA that
evaluates the ability of a model to rank predicted risks relative to observed event times,
measuring the probability that higher predicted risks correspond to shorter time-to-event.
These experiments are validated using the time-dependent C-index version to account for
dynamic changes in risk over time.

Additionally, 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 below 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 [229]-[231]. To mitigate this, the Holm
adjustment of the p-values [232] was applied, effectively controlling FWER inflation and
ensuring the reliability of the statistical conclusions.

Experimental Setting

—Local SAVAE Model at Each Node

The architecture of the SAVAE model implemented at each node follows the design outlined
in Section 3.2. The model comprises three different DNNs: one encoder and two decoders.
The encoder maps the input data to a Gaussian latent space while the decoders reconstruct
covariates 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 representation 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
mitigate overfitting. The second layer features activation functions tailored to the specific
distributions of the covariates or time parameters, ensuring output suitability. Early stopping
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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 ten random
seeds for robustness.

—Synthetic Data Generation with VAE-BGM

We employ the VAE-BGM model for SDG as described in Section 4.2. This model introduces
a BGM in the VAE framework, enhancing the flexibility and expressiveness of the latent space.
The VAE-BGM model architecture mirrors that of the SAVAE, featuring an encoder with a
hidden ReLU layer of 50 neurons and a hyperbolic tangent output layer alongside a decoder
that adapts activation functions to match the distributions of the covariates. The latent
space dimensionality is set to d = 5, balancing feature representation 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 enhancement 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 performance of the
VAE-BGM in low-data scenarios, we integrate the model averaging technique proposed in
Section 4.2. This approach leverages multiple training runs (10 seeds in our implementation)
with different initializations to enhance robustness.

— Federated Learning Framework
In the FL framework, the two techniques, FedAvg and FedSDS, are applied differently:

o FedAvg: This technique involves iterative training with five federated steps. During
each step, nodes share their locally 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.

o FedSDS: In contrast, in FedSDS, each node trains the VAE-BGM locally to generate
synthetic data. The generated synthetic datasets are shared only in the first round of FL,
eliminating the need for iterative 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 both
FL techniques, the final results are averaged over the three best runs with different random
seeds. This approach accounts for the sensitivity of VAEs to initialization, ensuring a robust
and comprehensive evaluation of the models.

Results

This section presents the C-index performance comparisons across various scenarios for IID
and non-IID distributions using two datasets: Metabric and GBSG, which are described
in detail in Appendix B. Additional results using the IBS, which evaluates calibration and
discrimination, are included in Appendix E.2. The code for reproducing all experiments is
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available at https://github.com/Patricia-A-Apellaniz/fed_savae.

— IID Scenarios

The results below compare the performance of various approaches: isolated node training,
FedAvg, 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 Table 5.5 and Table 5.6, high-
light distinct patterns across scenarios. In Metabric, Scenario 1, with equal data distribution,
shows no significant improvement from FL methods. In contrast, Scenario 2 demonstrates
that the disadvantaged Nodes 2 and 3 achieve substantial C-index gains exclusively with the
FedSDS biased approach, matching centralized upper-bound results. Scenario 3 highlights
significant improvements for Node 2 with 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 improvements for Node 2 with FedAvg 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 exclusively with FedSDS methods and Node 3
showing gains across all techniques, again led by FedSDS biased.

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

Centralized Node 1 | (0.619 - 0.647 - 0.673)

Node 1 | (0.606 - 0.637 - 0.666) (0.611 - 0.638 - 0.666) (0.613 - 0.641 - 0.668) (0.609 - 0.640 - 0.671) | 1.000 / 0.386 / 1.000
Scenario 1  Node 2 | (0.621 - 0.648 - 0.676) (0.625 - 0.652 - 0.681) (0.617 - 0.646 - 0.676) (0.623 - 0.651 - 0.679) | 0.214 / 1.000 / 0.494
Node 3 | (0.621 - 0.649 - 0.677) (0.620 - 0.648 - 0.677) (0.619 - 0.647 - 0.677) (0.620 - 0.652 - 0.681) | 1.000 / 1.000 / 1.000

Node 1 | (0.613 - 0.641 - 0.669) (0.608 - 0.635 - 0.662) (0.611 - 0.638 - 0.666) (0.612 - 0.640 - 0.669) | 1.000 / 1.000 / 1.000
Scenario 2 Node 2 | (0.576 - 0.608 - 0.644) (0.589 - 0.621 - 0.658) (0.583 - 0.628 - 0.673) (0.611 - 0.640 - 0.673) | 0.122 / 0.244 / 0.000
Node 3 | (0.587 - 0.621 - 0.651) (0.598 - 0.629 - 0.660) (0.595 - 0.634 - 0.675) (0.614 - 0.645 - 0.678) | 0.185 / 0.371 / 0.001

Node 1 | (0.608 - 0.638 - 0.666) (0.612 - 0.640 - 0.669) (0.609 - 0.637 - 0.663) (0.607 - 0.636 - 0.665) | 0.712 / 1.000 / 1.000
Scenario 3  Node 2 | (0.577 - 0.610 - 0.641) (0.589 - 0.622 - 0.659) (0.592 - 0.631 - 0.667) (0.614 - 0.644 - 0.673) | 0.244 / 0.025 / 0.000
Node 3 | (0.492 - 0.542 - 0.580) (0.561 - 0.593 - 0.622) (0.557 - 0.590 - 0.623) (0.568 - 0.601 - 0.637) | 0.006 / 0.004 / 0.001

Table 5.5: C-index comparison of isolated, FedAvg, and FedSDS (naive and biased)
methods for the Metabric dataset in IID scenarios. Average C-index results
are shown with Cls. Adjusted p-values below 0.05, indicating significant differences
compared to the isolated case, are highlighted in bold.
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Scenario Nodes Isolated FedAvg FedSDS naive FedSDS biased Adjusted p-values

Centralized Node 1 | (0.660 - 0.688 - 0.714)

Node 1 | (0.643 - 0.673 - 0.702) (0.648 - 0.674 - 0.699) (0.646 - 0.673 - 0.698) (0.646 - 0.673 - 0.700) | 1.000 / 1.000 / 1.000
Scenario 1 Node 2 | (0.648 - 0.677 - 0.706) (0.654 - 0.681 - 0.707) (0.649 - 0.681 - 0.711) (0.650 - 0.684 - 0.715) | 0.190 / 0.402 / 0.248

Node 3 | (0.658 - 0.686 - 0.714) (0.666 - 0.693 - 0.721) (0.661 - 0.691 - 0.720) (0.664 - 0.693 - 0.719) | 0.016 / 0.181 / 0.015

Node 1 | (0.646 - 0.672 - 0.697) (0.647 - 0.674 - 0.701) (0.646 - 0.673 - 0.699) (0.645 - 0.673 - 0.701) | 0.107 / 0.262 / 1.000
Scenario 2 Node 2 | (0.620 - 0.650 - 0.680) (0.628 - 0.658 - 0.686) (0.624 - 0.656 - 0.686) (0.634 - 0.664 - 0.695) | 0.030 / 0.248 / 0.008

Node 3 | (0.563 - 0.601 - 0.649) (0.627 - 0.666 - 0.710) (0.633 - 0.668 - 0.696) (0.650 - 0.683 - 0.714) | 0.000 / 0.001 / 0.000

Node 1 | (0.646 - 0.673 - 0.698) (0.647 - 0.674 - 0.700) (0.643 - 0.672 - 0.699) (0.644 - 0.671 - 0.697) | 0.248 / 1.000 / 1.000
Scenario 3 Node 2 | (0.617 - 0.649 - 0.679) (0.625 - 0.656 - 0.685) (0.625 - 0.662 - 0.692) (0.633 - 0.666 - 0.701) | 0.181 / 0.045 / 0.012

Node 3 | (0.502 - 0.545 - 0.603) (0.565 - 0.597 - 0.630) (0.580 - 0.609 - 0.638) (0.578 - 0.609 - 0.647) | 0.014 / 0.010 / 0.005

Table 5.6: C-index comparison of isolated, FedAvg, and FedSDS (naive and biased)
methods for the GBSG dataset in IID scenarios. Average C-index results
are shown with Cls. Adjusted p-values below 0.05, indicating significant differences
compared to the isolated case, are highlighted in bold.

— Non-IID Scenarios

The following results are depicted as in the IID scenarios. C-index values are presented
comparing isolated, FedAvg, and FedSDS methods (naive and biased) for the different
datasets under non-IID settings. In these scenarios, Nodes 2 and 3 exhibit biased distributions
in the covariate age while maintaining the same number of samples as the corresponding I1D
scenarios. Specifically, the age distributions are deliberately skewed across nodes to introduce
heterogeneity, creating a realistic challenge for FL techniques.

Table 5.7 and Table 5.8 present the results for Metabric and GBSG in non-IID scenarios,
highlighting consistent patterns in the most disadvantaged nodes. No significant improvements
are observed in Scenario 4 of Metabric despite the biased age distributions in Nodes 2 and 3.
However, in Scenarios 5 and 6, both nodes benefit significantly. Node 2 improves with FedAvg
and FedSDS biased in Scenario 5, while Node 3 achieves gains across all FL techniques, with
FedSDS biased delivering the strongest results. A similar trend appears in Scenario 6, where
Node 3 significantly improves all methods, but FedSDS biased yields the most substantial gain,
while Node 2 improves only with this approach. For GBSG, Scenario 4 shows gains in Node 3
using FedAvg and FedSDS biased, but Node 2 sees improvement just using FedAvg. Scenarios
5 and 6 display significant improvements in Node 3 with all FL. methods, particularly in the
most challenging Scenario 6, where FedSDS biased again achieves the most pronounced results.
These findings reinforce the effectiveness of FedSDS biased in addressing non-IID challenges.
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Scenario Nodes Isolated FedAvg FedSDS naive FedSDS biased Adjusted p-values
Centralized Node 1 | (0.619 - 0.647 - 0.673) - - - -
Node 1 | (0.611 - 0.638 - 0.664) (0.611 - 0.638 - 0.665) (0.612 - 0.642 - 0.671) (0.612 - 0.640 - 0.668) | 1.000 / 0.298 / 0.550
Scenario 4 Node 2 | (0.586 - 0.617 - 0.649) (0.586 - 0.616 - 0.646) (0.579 - 0.615 - 0.653)  (0.590 - 0.619 - 0.648) | 1.000 / 1.000 / 1.000
Node 3 | (0.616 - 0.646 - 0.675) (0.622 - 0.649 - 0.676) (0.617 - 0.646 - 0.674) (0.622 - 0.650 - 0.679) | 0.501 / 1.000 / 0.262
Node 1 | (0.612 - 0.640 - 0.670) (0.610 - 0.638 - 0.665) (0.610 - 0.639 - 0.669) (0.613 - 0.641 - 0.672) | 1.000 / 1.000 / 1.000
Scenario 5 Node 2 | (0.582 - 0.616 - 0.646) (0.600 - 0.631 - 0.661) (0.582 - 0.625 - 0.673) (0.602 - 0.635 - 0.667) | 0.004 / 1.000 / 0.004
Node 3 | (0.502 - 0.545 - 0.589) (0.566 - 0.599 - 0.634) (0.559 - 0.590 - 0.622) (0.563 - 0.594 - 0.632) | 0.002 / 0.005 / 0.002
Node 1 | (0.607 - 0.638 - 0.667) (0.611 - 0.639 - 0.667) (0.611 - 0.640 - 0.669) (0.609 - 0.636 - 0.665) | 1.000 / 1.000 / 1.000
Scenario 6 Node 2 | (0.589 - 0.620 - 0.653) (0.593 - 0.625 - 0.655) (0.576 - 0.620 - 0.660) (0.612 - 0.643 - 0.671) | 1.000 / 1.000 / 0.001
Node 3 | (0.496 - 0.533 - 0.567) (0.523 - 0.557 - 0.592) (0.525 - 0.563 - 0.603) (0.544 - 0.573 - 0.603) | 0.002 / 0.005 / 0.000

Table 5.7: C-index comparison of isolated, FedAvg, and FedSDS (naive and biased)
methods for the Metabric dataset in non-IID scenarios. Average C-index results
are shown with ClIs. Adjusted p-values below 0.05, indicating significant differences

compared to the isolated case, are highlighted in bold.

Scenario Nodes Isolated FedAvg FedSDS naive FedSDS biased Adjusted p-values
Centralized Node 1 | (0.660 - 0.688 - 0.714) - - - -
Node 1 | (0.647 - 0.674 - 0.701) (0.645 - 0.673 - 0.701) (0.645 - 0.673 - 0.700) (0.644 - 0.675 - 0.703) | 1.000 / 1.000 / 1.000
Scenario 4 Node 2 | (0.666 - 0.693 - 0.720) (0.673 - 0.699 - 0.727) (0.659 - 0.689 - 0.719) (0.665 - 0.691 - 0.718) | 0.013 / 1.000 / 1.000
Node 3 | (0.657 - 0.686 - 0.712)  (0.665 - 0.692 - 0.718) (0.651 - 0.684 - 0.713) (0.663 - 0.691 - 0.717) | 0.013 / 1.000 / 0.037
Node 1 | (0.643 - 0.673 - 0.699) (0.646 - 0.675 - 0.701) (0.648 - 0.677 - 0.704) (0.644 - 0.672 - 0.702) | 0.777 / 0.117 / 1.000
Scenario 5 Node 2 | (0.636 - 0.672 - 0.708) (0.660 - 0.686 - 0.711) (0.648 - 0.680 - 0.710) (0.648 - 0.681 - 0.711) | 0.180 / 0.658 / 0.538
Node 3 | (0.606 - 0.642 - 0.675) (0.638 - 0.668 - 0.698) (0.623 - 0.663 - 0.699) (0.632 - 0.663 - 0.694) | 0.004 / 0.037 / 0.009
Node 1 | (0.641 - 0.671 - 0.698) (0.648 - 0.674 - 0.700) (0.642 - 0.671 - 0.697) (0.645 - 0.672 - 0.700) | 0.275 / 1.000 / 1.000
Scenario 6 Node 2 | (0.641 - 0.676 - 0.706)  (0.655 - 0.685 - 0.713)  (0.635 - 0.670 - 0.699) (0.653 - 0.682 - 0.709) | 0.204 / 1.000 / 0.426
Node 3 | (0.510 - 0.556 - 0.608) (0.571 - 0.600 - 0.629) (0.581 - 0.611 - 0.638) (0.581 - 0.616 - 0.651) | 0.034 / 0.016 / 0.006

Table 5.8: C-index comparison of isolated, FedAvg, and FedSDS (naive and biased)
methods for the GBSG dataset in non-IID scenarios. Average C-index results
are shown with ClIs. Adjusted p-values below 0.05, indicating significant differences
compared to the isolated case, are highlighted in bold.

The impact of different synthetic data-sharing strategies is further examined in Figure 5.7,
which presents histograms and KDEs of the normalized age distributions for Node 1 in
Scenario 6 of the Metabric dataset. These visualizations allow for a direct comparison between
real and synthetic data, highlighting how different sharing techniques influence the alignment
of distributions. The differences between the real and synthetic data distributions in the first
subfigure, which displays histograms, are not clearly distinguishable. While some variation
can be observed, the overlap between real and synthetic data remains ambiguous, making it
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Age distribution for real and synthetic data in node 1 (scenario 6 ).
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Figure 5.7: Histogram plots and KDEs for AGE real and synthetic data distributions
in Scenario 6 for Metabric.
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difficult to assess how well the shared synthetic data align with the real distribution. However,
the second subfigure, which presents just KDEs, provides a much clearer picture. Here, the
KDE of the biased synthetic data more closely follows the trend of the real data, aligning
with its skewness. In contrast, the KDE of the naive synthetic data remains more similar to
the overall synthetic dataset, reinforcing that randomly selecting synthetic samples does not
account for local data biases. Although the histogram comparison does not make the effect
immediately evident (due to representation issues), the KDE plots clearly demonstrate that
the biased synthetic data-sharing approach better preserves local data characteristics. This
translates into significant improvements in similarity metrics and FL performance, highlighting
the advantage of using biased synthetic data sharing in non-IID settings.

— Special IID Scenario

In Scenario 7, the evaluation focuses on a unique and challenging non-I1ID case where one
of the two nodes lacks the age covariate. Due to this limitation, FedAvg is not applicable,
leaving 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 performance of the model.

The first approach, labeled Imputation, involves generating synthetic data at the ‘good’ node
(the one with complete information) and training a predictor to estimate the missing ‘age’
column for the ‘bad’ node (the one lacking the ‘age’ covariate). These imputed data are
incorporated into the ‘bad’ node training process. The second configuration, Imputation +
Synthetic data naive, extends the first by augmenting the dataset in the ‘bad’ node with
synthetic data generated by the ‘good’ node and aggregated using the naive technique.
The third configuration, Imputation + Synthetic data biased, further refines the second by
employing the biased aggregation technique to ensure that the synthetic data align closely
with the local data distribution of the ‘bad’ node.

The results in Table 5.9 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 improvements 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 configurations, showcasing the effectiveness of FedSDS even
in the most challenging non-IID scenarios.

Imputation + Imputation + Adjusted
Dataset Isolated Imputation
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

Table 5.9: C-index comparison in Scenario 7 of the three different FedSDS settings.
Average C-index results are shown with Cls. Adjusted p-values below 0.05, indicating
significant differences compared to the isolated case, are highlighted in bold.
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— 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 critical covariates. Across both IID and non-IID scenarios, FedSDS
consistently outperforms traditional FL. methods like FedAvg, 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 distributions, 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
synthetic samples based on their similarity to the local data in the node in the latent space,
ensuring that the aggregated synthetic data complements the unique characteristics of the
node. 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 no significant improvements are observed
in scenarios with equal sample distribution across nodes (Scenario 1), FedSDS, particularly
the biased aggregation strategy, consistently improves performance in scenarios where nodes
face data scarcity (Scenarios 2 and 3). These improvements are most pronounced for nodes
with fewer samples, reflecting the ability of the framework 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 scenarios, where nodes exhibit
biased distributions in key covariates. FedSDS biased consistently provides the most signifi-
cant improvements, effectively addressing data heterogeneity. Nodes with skewed covariate
distributions, particularly those with fewer samples, benefit from the tailored alignment of
synthetic data with local distributions. This aligns with the design of FedSDS, which is
explicitly aimed at handling heterogeneity through its advanced aggregation strategies.

Scenario 7, where one node lacks a critical covariate, is particularly challenging. In this setting,
only FedSDS-based techniques are applicable. 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.

These findings underscore the importance of advanced FL techniques such as FedSDS for
real-world applications, where data are often imbalanced, heterogeneous, or incomplete.
FedSDS provides a robust and scalable solution for FL by integrating SDG and aggregation
tailored to local distributions. This is particularly relevant in privacy-sensitive domains such
as healthcare, where data sharing is restricted, and addressing data heterogeneity is crucial
for building effective predictive models.

5.4.3 Conclusions

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
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with FL, FedSDS offers a robust, scalable, and privacy-preserving approach for collaborative
model training in decentralized settings. Across both IID and non-IID scenarios, FedSDS,
particularly the biased aggregation strategy, consistently outperforms traditional methods
such as FedAvg, highlighting its capacity to mitigate data imbalances and align synthetic
data with local distributions. The results consistently demonstrate that FedSDS, particularly
when employing the biased aggregation strategy, outperforms traditional methods like FedAvg,
effectively addressing issues related to imbalanced and heterogeneous data distributions.
Furthermore, the ability of the framework to align synthetic data with local distributions
enhances convergence and ensures significant improvements, even in the most challenging
scenarios.

The potential of FedSDS to transform SA methodologies is evident, but it also paves the way
for further exploration. Enhancing the similarity of synthetic data remains a critical area for
improvement, with future efforts potentially leveraging advanced generative models to better
capture complex distributions in low-data settings. Additionally, the flexible architecture of
the framework allows for the experimentation of alternative SA models. These models must
incorporate the latent space representation characteristic of encoder-decoder architectures,
essential for the biased aggregation strategy. By combining different methodologies beyond
SAVAE, the generalizability and applicability of FedSDS could be further validated. Moreover,
expanding the framework to accommodate multi-modal data, such as imaging, represents
an exciting direction for research, given the growing prominence of multi-modal analytics
in healthcare. Another important avenue for future work is adapting FedSDS to dynamic
SA environments, where real-world data evolves due to changes in demographics, treatment
protocols, or institutional practices. This adaptability would ensure the framework remains
relevant and effective in ever-changing healthcare landscapes. Lastly, while synthetic data
sharing inherently enhances privacy, integrating formal privacy guarantees, such as DP,
would strengthen the appeal of the framework in highly sensitive domains like healthcare.
These guarantees could ensure that FedSDS complies with stringent privacy regulations while
maintaining the quality of collaborative model training. In addition, in future work, 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 latent space representations used in
FedSDS, potentially improving the alignment of synthetic data with local distributions.

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 continuing to refine and expand its capabilities, FedSDS has the potential to
become a cornerstone methodology for decentralized healthcare analytics, ultimately improving
patient outcomes and advancing precision medicine.
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5.5 Chapter Conclusions

This chapter has explored the integration of SDG and FL in healthcare, focusing on addressing
challenges such as data scarcity, heterogeneity, and privacy concerns. The findings demonstrate
the effectiveness of frameworks like FedSDS in generating high-quality synthetic data while
enabling collaborative and privacy-preserving model training across decentralized nodes. By
leveraging advanced techniques, including VAEs and aggregation strategies, the research
highlights the transformative potential of combining SDG and FL for healthcare analytics.

The studies consistently show that FedSDS outperforms traditional methods such as FedAvg
and isolated training across both IID and non-IID scenarios. Notably, FedSDS effectively
mitigates issues related to imbalanced and heterogeneous data distributions, ensuring that
synthetic data closely aligns with local real-world distributions. This alignment is evidenced
by improved metrics, such as lower values of Djs and enhanced clinical utility validation,
confirming the practical applicability of synthetic data in downstream machine learning tasks.
The robustness of FedSDS in non-IID scenarios, especially in data-scarce and underrepresented
settings, underscores its scalability and adaptability in diverse healthcare environments.

Future research directions include enhancing synthetic data similarity by incorporating
advanced generative models to capture complex distributions in low-data settings. Adapting
the FedSDS framework to handle multi-modal data, such as imaging or genomic sequences, is
a promising avenue, given the increasing emphasis on multi-modal healthcare analytics. The
flexibility of FedSDS also invites experimentation with alternative survival analysis models,
potentially improving its generalizability and expanding its use cases. Given the increasing
emphasis on multi-modal healthcare analytics, adapting the FedSDS framework to handle
multi-modal data, such as imaging or genomic sequences, is a promising avenue.

Moreover, integrating formal privacy guarantees, such as DP or HE, could further bolster
the utility of the framework in privacy-sensitive domains. These enhancements would ensure
compliance with stringent privacy regulations while maintaining robust collaborative training
across institutions. Alternative proximity metrics, such as Kullback-Leibler or Jensen-Shannon
divergences, could also be explored within the biased aggregation strategy to refine the
alignment of synthetic data with local distributions.

In conclusion, integrating SDG and FL through frameworks like FedSDS marks a significant
step forward in healthcare analytics. By addressing critical challenges in decentralized
environments, such frameworks enable effective collaboration, improve data diversity, and
enhance model generalization, all while safeguarding patient privacy. These advancements not
only pave the way for broader applications in healthcare research but also lay the foundation
for precision medicine, ultimately improving patient outcomes and fostering equitable access
to advanced analytics in under-resourced regions.
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Discussion

This thesis advances the field of healthcare analytics by addressing critical challenges through
the innovative use of generative Al. The research spans SA, SDG, and FL, each contributing
to the overarching goal of reducing healthcare inequities. These contributions are grounded in
a robust methodological framework and supported by empirical validation, underscoring their
relevance to modern healthcare challenges. This chapter critically examines the presented
contributions, explores their broader implications for research and clinical practice, acknowl-
edges inherent limitations, and discusses the ethical considerations essential for responsible
and equitable implementation in this domain.

6.1 Overview of Key Findings and Contributions to the
Field

This section synthesizes the principal contributions of this thesis and contextualizes their
significance within the existing literature presented in Chapter 2. Rather than reiterating
conclusions, this section critically analyzes how our findings address key challenges in SA,
SDG, and FL, shedding light on their impact on clinical and data-centric applications.

By situating these results against state-of-the-art methodologies, we highlight how our
proposed models advance the field, overcome existing limitations, and provide innovative tools
for real-world problems.

6.1.1 Swurvival Analysis Models: SAVAE and CR-SAVAE

SA plays a fundamental role in healthcare, providing critical insights into time-to-event
outcomes such as patient survival, disease progression, or treatment efficacy. Traditional
SA models, including the KM estimator and the Cox-PH model, have long served as gold
standards. However, these methods rely on strong assumptions—such as proportional hazards
and linear relationships—that limit their ability to handle complex, high-dimensional, and
heterogeneous medical datasets. Contemporary ML methods like DeepSurv and DeepHit
have addressed some limitations, yet challenges remain, particularly in handling censoring,
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non-linear relationships, and CR.

In response to these challenges, this thesis introduces two novel frameworks for SA: SAVAE
and its extension, CR-SAVAE. These models leverage VAEs to combine flexibility, robustness,
and interpretability, addressing key barriers outlined in Section 2.2.6.

Addre ed

Handling Complex Data
(High-Dimensional and Incomplete 9 7 4 /
Data, Complex Relationships, Flexibility Competing Risks
Censoring)

. Parametric .
AE . . . Anal IF
Using VAEs Distributions alytical CIFs

Figure 6.1: Overview of the key challenges addressed in SA. This figure connects the
key challenges previously identified in Section 2.2.6 with the solutions proposed in
SAVAE and CR-SAVAE, demonstrating how each methodological improvement directly
addresses specific limitations in SA.

As illustrated in Figure 6.1, SAVAE and CR-SAVAE specifically tackle three fundamental
challenges in SA:

1. Flexibility and Robustness in SA: SAVAE introduces significant improvements
over traditional and contemporary methods. Unlike the Cox-PH model, which assumes
proportional hazards and struggles with non-linear covariate relationships, SAVAE
leverages VAEs for greater flexibility. By analytically modeling continuous or discrete
time-to-event data with differentiable parametric distributions, SAVAE avoids rigid
assumptions, adapting to diverse datasets.

This design addresses the challenge of designing models capable of handling non-linear
relationships and high-dimensional data without overfitting. Our results demonstrate
competitive performance against state-of-the-art methods across multiple benchmarks
(C-index and IBS), offering a robust alternative for clinical applications. Furthermore,
unlike models trained with C-index optimization, the ability of SAVAE to optimize
likelihood-based training ensures statistical consistency.

2. Handling Censoring and Incomplete Data: One of the persistent limitations
in SA lies in the effective handling of censored data. SAVAE excels in incorporating
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right-censored observations during training, ensuring unbiased predictions. Compared
to DeepHit, which discretizes time and is limited by the requirement for large datasets,
SAVAE efficiently models survival times under continuous and discrete settings. This
capacity is particularly valuable in medical research, where sample sizes are often small,
and censoring is prevalent.

By introducing this flexibility and robustness, SAVAE positions itself as a practical
solution for complex healthcare datasets, addressing key challenges in model adaptability
and censorship handling.

3. CR with CR-SAVAE: While significant progress has been made in SA, handling CR
remains an unresolved challenge. DeepHit offers non-parametric estimates of CIFs, but
its numerical nature lacks interpretability and statistical rigor. CR-SAVAE overcomes
these limitations by providing parametric, analytical CIF estimates, enabling accurate
risk prediction and robust statistical analyses such as Cls and hypothesis testing.

The results confirm that CR-SAVAE achieves performance comparable to DeepHit
on key metrics like the C-index and IBS despite the computational advantages of its
parametric nature. By seamlessly handling both continuous and discrete time while
remaining free from the assumption of proportional hazards, CR-SAVAE addresses the
major research gaps that have been identified. Its application in real-world clinical
settings, where competing events (e.g., multiple causes of mortality) are prevalent,
demonstrates its utility for precision medicine.

In conclusion, the introduction of SAVAE and CR-SAVAE represents a substantial advance-
ment in SA, offering flexible, robust, and interpretable solutions that effectively address the
limitations of existing methods and meet the challenges outlined in Section 2.2.6, thereby
paving the way for improved clinical decision-making and precision medicine.

6.1.2 Synthetic Data Generation

Given the multiple contributions of this work to SDG, this section first delineates the specific
advancements made in each component. Subsequently, it connects them to the challenges
identified in Section 2.3.5. By addressing model limitations, data validation gaps, and
challenges of data scarcity, these contributions provide robust and practical solutions for SDG,
particularly in healthcare contexts.

Variational Autoencoder with Bayesian Gaussian Mixture (VAE-BGM)

o Improved Generative Capabilities: The proposed VAE-BGM model overcomes the
limitations of existing approaches, such as TVAE, which rely on Gaussian assumptions
in the latent space. The model effectively captures complex, non-Gaussian data distri-
butions by incorporating a BGM into the latent space of the VAE. Empirical results
demonstrate superior performance over state-of-the-art models like CTGAN and TVAE
across various datasets, including real-world medical applications.

o Joint Distribution Preservation: VAE-BGM explicitly models both marginal and
joint feature distributions, ensuring that feature interdependencies—critical for clinical
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tasks—are preserved. This is particularly relevant for healthcare datasets, where
relationships such as age-disease interactions are essential for downstream predictive
modeling.

o Practical Validation Through Machine Learning Utility: The generated synthetic
data were validated using RF classifiers, demonstrating that VAE-BGM preserves the
statistical and predictive properties of real data. Accuracy metrics comparable to real-
world benchmarks highlight the practical utility of the model for tasks like classification
and prediction.

Divergence-Based Validation for Synthetic Data

« A Robust Framework for Data Quality Assessment: A divergence-based validation
framework is proposed, leveraging Djs and Dgp, to evaluate the similarity between real
and synthetic data. Unlike traditional methods focusing on individual attributes, this
approach captures joint probability distributions, offering a more holistic validation
metric.

« Probabilistic Discriminator for Density Ratio Estimation: To estimate diver-
gences efficiently, we proposed a probabilistic discriminator network that approximates
density ratios between real and synthetic data distributions. This method improves
computational efficiency and enhances the interpretability of the results.

e Practical Impact: Our framework sets a standard for validating SDG models,
ensuring that generated data not only mimic marginal distributions but also retain
complex interdependencies. Adopting Djs as a bounded, symmetric metric facilitates
easier comparison and interpretation of results.

Inductive Bias Techniques for Scarce-Data Scenarios

1. General-Purpose Data:

¢ Addressing Small Dataset Challenges: We tackled the limitations of DGMs in
scenarios with limited data by introducing inductive bias techniques. These include
pre-training, model averaging, MAML, and DRS. Results show that incorporating
inductive biases significantly improves the quality of synthetic data under low-data
conditions.

e Performance Gains and Trade-offs: Experimental results highlight that model
averaging achieves the largest improvements in Djs and Dy, across datasets, with
up to 50% gains in Djs. Pre-training is also effective, particularly when applied to

VAEs and CTGANSs. In contrast, MAML exhibits limited benefits, likely due to
its reliance on larger task variability and higher computational overhead.

« Broader Applicability: The proposed methodology provides a robust solution
for SDG in resource-constrained environments, broadening its applicability to
healthcare and finance, where small datasets are common.
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2. Medical Data:

o Tackling Data Scarcity in Medical Tabular Data: Healthcare datasets,
particularly those for rare diseases and SA, are often limited in size and highly
heterogeneous. The proposed methodology addresses this challenge by introducing
inductive biases, enabling the synthetic generation of small, complex datasets
without compromising quality.

e Clinical Utility Validation and Real-World Applicability: Experiments on
medical classification datasets (e.g., Heart) and cancer-related survival datasets
(e.g., Metabric, GBSG, NWTco) demonstrated that synthetic data generated using
the proposed approach achieve performance comparable to real data. Clinical
utility metrics like accuracy, C-index, and IBS confirm that synthetic data are
reliable for downstream tasks, such as diagnosis or prognosis modeling.

« Kaplan-Meier Estimations for Survival Data: KM survival curves further
validated the methodology, showing that synthetic data closely replicate real-world
survival probabilities, narrowing deviations under data scarcity. This ensures
applicability to realistic clinical studies, where patient privacy and limited data
availability are major challenges.

» Reusability Across Tasks: By repurposing datasets for alternative tasks (e.g.,
transforming survival time into classification labels), the proposed methodology
proved its versatility in modeling complex relationships and generating synthetic
data adaptable to varying clinical applications.

The contributions outlined above address the key challenges identified in Section 2.3.5 for
SDG, as illustrated in Figure 6.2:

1. Complex Data Structures and Heterogeneity: The VAE-BGM model improves
generative performance by effectively handling complex, heterogeneous tabular data
distributions.

2. Lack of Robust Validation Techniques: The introduction of the divergence-based
framework with Djs and Dgy, ensures reliable assessment of synthetic data quality,
extending validation beyond marginal statistics to capture joint feature relationships.

3. Data Scarcity in Healthcare: Using inductive bias techniques and tailored SDG
methodologies significantly enhances model performance in low-data scenarios, enabling
reliable SDG for small, resource-limited medical datasets.

4. Clinical Utility in Healthcare Applications: By validating synthetic data through
downstream tasks (e.g., classification, SA) and clinical metrics (e.g., C-index, IBS,
KM curves), this work ensures that generated data maintain their utility in critical
healthcare applications.

The contributions to SDG presented in this thesis represent a significant step forward in
overcoming key challenges in the state-of-the-art. By improving generative architectures,
establishing robust validation frameworks, and addressing data scarcity through inductive
biases, this work delivers reliable solutions for SDG. Focused on healthcare applications, it
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Challenges Addressed in Synthetic Data
Generation
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Figure 6.2: Overview of the key challenges addressed in SDG. This figure connects the key
challenges previously identified in Section 2.3.5 with the solutions proposed, demon-

strating how each methodological improvement directly addresses specific limitations
in SDG.

ensures that synthetic data can serve as a practical alternative to real data for critical tasks,
advancing research while preserving patient privacy and mitigating data limitations.

6.1.3 Federated Learning

The proposed research introduces significant advancements to address the key challenges of FL
in healthcare, as identified in Section 2.4.4. These challenges include statistical heterogeneity,
data scarcity, communication bottlenecks, and privacy preservation. The contributions of
this work are summarized below, highlighting how each challenge is systematically tackled
through the proposed FedSDS framework.

As illustrated in Figure 2.12, the FedSDS framework systematically addresses these challenges:

1. Addressing Statistical Heterogeneity: Statistical heterogeneity arises due to the
non-IID nature of healthcare data, where different institutions capture datasets with
varying distributions influenced by demographics, diseases, and regional conditions.
Traditional FL techniques like FedAvg struggle to converge in diverse environments.

The proposed FedSDS framework introduces a novel approach to mitigate statistical
heterogeneity by replacing model parameter sharing with synthetic data exchange. Key
innovations include:

e SDG using the VAE-BGM model, which captures complex, multi-modal data
distributions and generates high-quality synthetic tabular data.
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Challenges Addressed in Federated
Learning
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Figure 6.3: Overview of the key challenges addressed in FL. This figure connects the key
challenges previously identified in Section 2.4.4 with the solutions proposed, demon-
strating how each methodological improvement directly addresses specific limitations
in FL.

» Bias-Aware Aggregation (biased technique): Synthetic data shared among
nodes are filtered based on their proximity to local datasets in the latent space. This
ensures that only the most relevant synthetic samples are integrated, aligning local
models with the global representation and minimizing the impact of heterogeneity.

The results demonstrate that FedSDS significantly reduces divergence metrics like
Djs and improves model performance, even under extreme non-IID conditions. The
framework balances data contributions across institutions by leveraging tailored synthetic
data sharing, ensuring robust and fair global models.

2. Mitigating Data Scarcity: Healthcare datasets, particularly for rare diseases, are
often small, incomplete, or imbalanced, hindering effective training of AI models.

The integration of SDG into FL addresses data scarcity by augmenting local datasets
with synthetic samples:

« VAE-BGM with Artificial Inductive Bias: The framework generates realistic
synthetic patient data even in low-data scenarios by incorporating model averaging
and latent space refinements.

e Decentralized Data Augmentation: Nodes with limited or biased datasets
benefit from high-quality synthetic data shared from other nodes, improving their
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ability to train local models effectively.

Through extensive experiments, FedSDS demonstrates significant gains in both
statistical similarity (measured via Dys) and clinical utility (accuracy and C-index
scores). Nodes with the scarcest data experience the most notable improvements,
confirming the efficacy of the proposed method in resource-constrained settings.

3. Efficient Communication: Communication bottlenecks are a significant challenge in
FL, especially in large-scale, resource-constrained healthcare environments with limited
bandwidth.

FedSDS minimizes communication overhead by replacing iterative parameter exchanges
with a single round of synthetic data sharing. Key benefits include:

« Reduced Communication Rounds: Unlike traditional methods such as FedAvg,
which require multiple rounds of updates, FedSDS achieves convergence in fewer
iterations.

e Scalability: The framework is well-suited for deployments across geographically
distributed institutions with varying network capacities.

This design ensures that FedSDS remains efficient and scalable while maintaining
performance improvements, even in non-IID and low-data environments.

4. Privacy Preservation: FL inherently enhances privacy by training models locally with-
out sharing raw data. However, privacy remains a concern, especially when considering
risks such as model inversion attacks or auxiliary information leakage.

The FedSDS framework prioritizes privacy preservation by exchanging synthetic data
instead of model parameters or raw patient records. Synthetic data generated via
VAE-BGM are not exact duplicates of real patient data. Sampling from the latent
space ensures that sensitive information is not directly replicated. Additionally, privacy
risks are further mitigated through evaluations of minimum distances between real and
synthetic samples, confirming that synthetic data remain statistically distinct while
preserving utility.

This approach reduces vulnerabilities associated with traditional FL techniques and
aligns with privacy regulations like GDPR and HIPAA, fostering trust among institu-
tions.

The proposed FedSDS framework combines SDG and FL to provide a robust solution to
the critical challenges of FL in healthcare. It effectively addresses statistical heterogeneity,
data scarcity, communication bottlenecks, and privacy concerns, making it a promising tool
for collaborative, privacy-preserving Al in healthcare. By leveraging advanced aggregation
techniques and high-quality synthetic data, FedSDS ensures improved model performance
and generalizability, even in heterogeneous and low-data environments.
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6.2 Limitations of the Work

While the proposed methodologies and findings presented in this thesis demonstrate significant
advancements in SDG, SA, and FL for healthcare applications, it is essential to analyze their
limitations critically. This section reflects on the constraints associated with the datasets,
computational complexity, validation, and the proposed SDG approaches.

6.2.1 Limitations of the Datasets

The availability and diversity of datasets remain a critical limitation in the healthcare domain.
Despite employing benchmark medical datasets, such as Metabric, GBSG, and NWTco, the
scope of experiments is confined to a finite set of publicly available data. SA, in particular,
relies on longitudinal datasets with time-to-event information, yet such datasets are scarce,
especially when censoring and CR are included. This restricts the generalizability of the
proposed approaches to broader clinical scenarios.

In FL experiments, statistical heterogeneity was introduced artificially to simulate non-
IID conditions, primarily by skewing specific feature distributions, such as age covariates.
While this controlled setting provides a valuable approximation, it may fail to fully reflect the
complexity of real-world heterogeneity in clinical institutions, where variations in demographics,
disease prevalence, and regional practices influence data distributions in far more intricate
ways. Additionally, datasets for rare diseases, often small, incomplete, or highly imbalanced,
pose significant challenges. Although the SDG techniques presented in this work address
data scarcity to some extent, extremely small datasets limit the ability of models to learn
representative latent distributions, leading to a decline in synthetic data quality and utility.

6.2.2 Computational Complexity

While the proposed models, such as VAE-BGM and SAVAE, are computationally efficient
for state-of-the-art deep generative approaches, certain challenges remain when applied in
resource-constrained environments. The training times for these models are not excessive
under standard computational setups; however, their deployment in FL scenarios introduces
additional considerations. In FL, where models are trained locally across multiple institutions,
nodes with limited computational resources, such as small healthcare clinics or low-power
devices, may face challenges in efficiently training generative models or performing iterative
updates.

This limitation becomes particularly relevant in large-scale federated networks with significant
heterogeneity in hardware capabilities among participating nodes. Institutions with older
infrastructure or reduced access to high-performance computing resources may struggle to
keep pace with nodes equipped with more advanced systems. This disparity can result in
imbalanced contributions to the global model or delays in the FL process, affecting overall
performance and scalability.

Furthermore, while the FedSDS framework reduces communication overhead by sharing syn-
thetic data instead of model parameters, generating high-quality synthetic data—particularly
when incorporating techniques like model averaging or inductive biases—still requires a
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baseline level of computational capacity. Although this requirement is not prohibitive for most
modern systems, it may limit the applicability of the proposed methodologies in environments
where access to computational infrastructure is minimal.

Addressing these challenges in future work could involve exploring model compression,
lightweight generative architectures, or adaptive FL strategies that account for hardware
disparities across nodes, ensuring broader accessibility and scalability of the proposed frame-
works.

6.2.3 Validation in Clinical Settings

The evaluation and validation of the proposed methodologies have primarily been conducted
using publicly available datasets and simulated FL environments. While promising results,
additional validation in real-world clinical settings remains necessary. The experiments rely
on solid statistical metrics, such as the C-index, IBS, and Djs, providing robust performance
evidence. However, these evaluations do not capture the complexities and nuances of real
clinical workflows or patient populations.

The lack of clinical deployment prevents a thorough assessment of the models’ impact on
clinical decision-making processes, such as diagnosis, prognosis, or treatment planning. Real-
world implementation would require collaboration with healthcare institutions to test the
methodologies on real patient data under operational conditions. Additionally, while the
proposed frameworks demonstrate robustness in controlled settings, their ability to handle
real-world noise, missing values, and inconsistencies within medical datasets has not been fully
explored. Validation incorporating these challenges would further strengthen the practical
applicability and reliability of the methods.

6.2.4 Synthetic Data Generation Quality

Although significantly improved through VAE-BGM and inductive bias techniques, the quality
of the generated synthetic data presents certain limitations. In extremely low-data scenarios,
where the available real data are highly scarce or biased, the quality and diversity of the
synthetic data may deteriorate. The ability of the model to capture sufficient information
from very small datasets is inherently constrained despite introducing artificial inductive
biases, such as model averaging, pre-training, and domain randomization techniques. This
limitation may impact downstream tasks, such as classification, SA, or model generalization,
particularly in rare disease studies.

Another important consideration relates to potential biases within the synthetic data. Since
the generation of synthetic samples depends on the quality and representativeness of the
original dataset, biases or gaps in the real data can propagate into the synthetic data,
reinforcing pre-existing disparities. This issue highlights the need to carefully evaluate fairness
and diversity in the generated datasets, particularly in clinical applications where biases may
have ethical implications.

Finally, while synthetic data reduces privacy risks compared to raw data sharing, this work does
not incorporate formal privacy guarantees such as DP. Although the proposed methodology
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ensures that synthetic samples are not exact replicas of real patient data, future enhancements
could integrate DP mechanisms to provide quantifiable privacy assurances. This would further
align the SDG approach with strict privacy regulations, such as GDPR and HIPAA ensuring
broader trust and adoption in healthcare settings.

6.2.5 Summary of Limitations

In conclusion, the primary limitations of this work include constraints in the availability and
diversity of datasets, the computational complexity of the proposed models, the need for
real-world clinical validation, and challenges associated with synthetic data quality under
extreme scarcity. While the presented methodologies successfully address key challenges in
SA, FL, and SDG, further efforts are needed to enhance their scalability, applicability, and
robustness in operational clinical environments. By addressing these limitations in future
research, the proposed frameworks can be refined to unlock their full potential for advancing
collaborative, privacy-preserving Al in healthcare.

6.3 Ethical Considerations

The ethical implications of this research are particularly pertinent due to its focus on healthcare
and FL, where sensitive patient information, fairness, and trust play a central role. Although
this work provides privacy-preserving frameworks and SDG methodologies, several ethical
concerns must be critically examined to ensure their responsible adoption in clinical and
collaborative Al environments.

6.3.1 Privacy of Patient Data

FL and SDG offer promising approaches to preserving patient privacy by avoiding centralized
data aggregation and replacing raw data with generated alternatives. However, residual
privacy risks remain, particularly in scenarios involving small and unique datasets. Even
when models, such as VAE-BGM, generate synthetic data that are statistically distinct from
real patient data, there remains a possibility of reidentification when auxiliary information
or advanced inference attacks are leveraged. This risk is heightened in rare disease datasets,
where limited sample sizes and unique patient features may unintentionally reveal sensitive
information. Ensuring compliance with privacy regulations such as GDPR and HIPAA
requires further integration of formal privacy guarantees, such as DP, to protect against these
vulnerabilities rigorously.

6.3.2 Bias and Fairness in Models

Bias in Al models remains a significant ethical concern, particularly in the healthcare domain,
where model outputs can directly influence patient diagnoses, prognoses, or treatment plans.
The heterogeneity of real and synthetic data used in this work introduces the potential for
bias, especially when datasets are skewed toward majority populations. For instance, models
trained on data that disproportionately represent specific demographics, such as age groups,
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ethnicities, or geographic regions, may perform poorly for underrepresented populations.
This limitation could exacerbate health disparities, leading to less accurate predictions and
potentially inequitable clinical outcomes. While the proposed FL methodologies, such as
FedSDS, aim to mitigate data scarcity and heterogeneity, achieving fairness across diverse
healthcare settings requires careful evaluation of model biases and deliberate strategies to
ensure representativeness in the training data.

Future work should prioritize fairness-aware techniques, such as bias correction methods and
fairness metrics, to systematically address inequities in model performance across subpopula-
tions.

6.3.3 Clinical Implications of Synthetic Data

The use of synthetic data for training AI models raises important questions about the reliability
and safety of these models in clinical practice. While this research demonstrates that synthetic
data can closely replicate real data distributions, achieving comparable performance in
downstream tasks such as classification, SA, and risk prediction, the potential risks associated
with synthetic data remain. Synthetic datasets, particularly those generated from limited real
data, may fail to capture rare events, subtle correlations, or the full complexity of clinical
conditions. Deploying models trained on synthetic data without thorough validation in
real-world clinical environments could lead to inaccurate predictions, impacting patient care
and decision-making.

To address these concerns, extensive clinical validation must accompany the adoption of
synthetic data-driven models. Validation processes should involve healthcare professionals,
incorporate real patient outcomes, and assess the safety of the model safety, accuracy, and
robustness across diverse and unseen populations. Ensuring that synthetic data do not distort
clinical insights is essential to building trust among clinicians, patients, and institutions.

6.3.4 Transparency and Accountability

Given the high stakes of Al in healthcare, transparency in model design, data generation,
and evaluation processes is crucial. Healthcare practitioners and stakeholders must clearly
understand the methods used to generate synthetic data, the limitations of the resulting
models, and the risks associated with their deployment. Transparency also extends to
accountability frameworks that ensure models can be audited, explained, and validated to
prevent misuse or misinterpretation of Al predictions.

This research advocates for the responsible deployment of FL. and synthetic data methodologies
by adhering to transparency, fairness, and privacy principles. Ensuring the ethical use of these
models in clinical settings requires ongoing collaboration between Al researchers, ethicists,
and medical practitioners to address emerging challenges and uphold patient-centric values.
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6.4 Final Remarks

This thesis highlights the critical role of generative Al and FL in addressing some of the
most pressing challenges in modern healthcare analytics. At a time when technological
advancements are reshaping the landscape of medical research and clinical practice, the
presented work contributes meaningfully to overcoming key barriers such as data scarcity,
privacy preservation, and data heterogeneity. By advancing methodologies for SA, SDG, and
FL, this research provides practical tools that empower institutions to collaborate securely,
generate high-quality insights from limited datasets, and develop models capable of generalizing
across diverse patient populations.

The proposed frameworks offer innovative solutions that address long-standing issues while
aligning with evolving ethical and regulatory considerations. These contributions are particu-
larly relevant in healthcare, where privacy concerns, limited data availability, and heterogeneity
across institutions often hinder the development of robust predictive models. By leveraging
synthetic data and decentralized learning, this work not only advances the state of the art but
also ensures that innovations remain accessible and equitable, especially for under-resourced
environments.

Looking ahead, integrating these solutions into real-world clinical workflows can transform
healthcare systems by enabling more accurate, privacy-preserving, and scalable analytics.
Ultimately, this thesis reaffirms that generative Al and FL are not just tools of technological
progress but catalysts for addressing critical inequities in healthcare, paving the way for
improved patient outcomes, better resource allocation, and a more inclusive approach to
personalized precision medicine.
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Conclusions

This thesis addresses some of the most pressing challenges in modern healthcare analytics,
focusing on reducing inequities through advanced Al-driven methodologies. Inspired by the
need to bridge healthcare disparities, this work explored how generative Al, particularly VAEs,
can mitigate data scarcity, privacy concerns, and statistical heterogeneity. By centering on
SA, SDG, and FL, the research aligned with improving access to equitable and inclusive
healthcare solutions.

In the domain of SA | the development of SAVAE and CR-SAVAE models represents a significant
advancement over traditional and contemporary approaches. By relaxing assumptions such as
proportional hazards and incorporating CR analysis, these models provide greater flexibility
and robustness in handling censored and complex survival data. This ensures more accurate
predictions of time-to-event outcomes, critical for personalized patient care and clinical
decision-making.

SDG emerged as a revolutionary tool for overcoming data scarcity, particularly in resource-
limited environments and rare disease research. By integrating a BGM into the latent space
of VAESs, this work demonstrated the ability to generate high-quality synthetic tabular data
while preserving the underlying statistical and clinical relationships. Such synthetic datasets
enable broader participation in AI model development and ensure that healthcare innovation
is not restricted to regions with abundant data resources.

The FedSDS framework highlights the potential of FL to foster decentralized collaboration
among institutions. By leveraging synthetic data instead of raw records, this work introduced
a novel method for mitigating statistical heterogeneity and communication bottlenecks while
preserving patient privacy. FedSDS offers a scalable, privacy-aware solution for collaborative
research, bridging the gap between data-rich and resource-constrained institutions.

Ultimately, this thesis demonstrates that integrating generative Al techniques can overcome
critical barriers to equitable healthcare innovation. The synergy between SA, SDG, and FL
underscores the versatility of VAEs in solving complex healthcare challenges. By focusing
on real-world applications and aligning with global priorities, this work contributes to the
ongoing efforts to reduce disparities, empower underrepresented communities, and ensure that
no one is excluded from the benefits of Al-driven healthcare advancements.
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7.1 Future Research Directions

While this thesis presents significant contributions, it also opens several avenues for future
research to advance Al-driven healthcare solutions further:

1. Frailty Models in SA: Future work can integrate frailty models into SA frameworks
to account for unobserved patient heterogeneity. Frailty models enable the inclusion of
random effects, improving the precision of predictions by capturing latent risk factors
that may vary across individuals. This extension would be particularly valuable for
modeling complex healthcare scenarios involving diverse patient populations.

2. Privacy Validation in SDG: Although this thesis addresses privacy concerns through
synthetic data, further research is needed to develop robust privacy validation frameworks.
Techniques such as DP or HE could provide formal privacy guarantees, ensuring synthetic
datasets remain trustworthy and secure for use in sensitive medical applications.

3. Expansion to Multi-Modal Data: The methodologies proposed primarily focus on
tabular data. Future research should explore the integration of multi-modal datasets,
including medical imaging, genomic sequences, and clinical text. Combining multi-
modal data with generative models would enable a more comprehensive understanding
of patient health, aligning with the increasing emphasis on precision medicine.

4. Adaptive FL Strategies: Exploring adaptive FL strategies for dynamic healthcare
environments represents another promising direction. As data distributions evolve
over time due to demographic changes, treatment innovations, or institutional shifts,
adaptive learning techniques will ensure that FL. models remain robust, efficient, and
generalizable.

5. Establishing Public Repositories for Synthetic Data: A critical step toward
broader adoption of SDG involves the creation of publicly accessible repositories of
high-quality synthetic datasets. Such repositories would enable collaboration among
institutions, facilitate benchmarking of AI models, and promote innovation while
maintaining patient privacy and regulatory compliance.

Addressing these research directions, future studies can build on the contributions of this
thesis to further enhance the scalability, fairness, and reliability of Al solutions in healthcare.
The continued evolution of generative Al, coupled with collaborative frameworks like FL,
holds the potential to transform healthcare systems worldwide, ensuring equitable access to
advanced medical tools and fostering meaningful improvements in patient outcomes.

In conclusion, this thesis contributes to a growing body of research demonstrating how Al
can be harnessed to address systemic healthcare inequities. Through innovative methods for
survival modeling, SDG, and federated collaboration, this work paves the way for Al-driven
solutions that are not only technologically advanced but also ethically sound, equitable, and
globally inclusive. Moving forward, integrating these approaches into real-world clinical
workflows and their continued refinement will help realize the vision of a future where
healthcare is accessible, fair, and personalized for all.
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Appendix A

Variational Autoencoder

A.1 Vanilla Variational Autoencoder

The original VAE, introduced in 2013 by [10], provides a robust approach for performing
Bayesian inference using DNNs. This method addresses the problem of modeling a dataset
consisting of N IID samples z; of a continuous or discrete variable, where ¢ € 1,2,..., N.
The data are assumed to be generated through the following random process (depicted in
Figure A.1):

4

q¢(z|:13) p9($|2)

Figure A.1: Bayesian VAE vanilla model. The shaded circle represents the latent variable
z, while the white circle denotes the observable variable x. The probabilities pg(z|z)
and gg(z|x) refer to the generative model and the variational approximation to the
posterior, respectively, as the true posterior py(z|x) is unknown.
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1. A latent variable z; is sampled from a prior probability distribution p(z).

The original research [10] assumes a form py(z), i.e., the prior depends on some param-
eters 0, but its main result drops this dependence. Therefore, a simple prior p(z) is
assumed in this research.

2. A conditional distribution, py(z|z), with parameters 6 generates the observed values, z;.
A generative model governs this process. Certain assumptions are made, including the
differentiability of pdfs, p(z), and pe(z|z), regarding 6 and z.

The latent variable z and the parameters 6 are unknown. Without simplifying assumptions,
evaluating the marginal likelihood py(z) = [ p(2)pe(x|2)dz is infeasible. The true posterior
density pg(z|z), which serves as the target for approximation, can be defined as Equation (A.1)
using the theorem of Bayes:

po(|2)p(2) ‘

po() (A

po(2|7) =

However, since the marginal likelihood py(x) is often intractable, directly computing the true
posterior pg(z|x) becomes impractical.

Variational methods offer a solution by introducing a variational approximation, ¢,(2|z), to
the true posterior. This approximation involves optimizing the best parameters for a chosen
family of distributions. The quality of the approximation depends on the expressiveness of
this parametric family.

A.1.1 Evidence Lower BOund Derivation

To effectively address the optimization problem, developing a comprehensive target function
is essential. Assuming the data points x; are IID, the marginal likelihood of a set of points
{z;}¥, can be written as

N
log pg(1, 2, ..., TN) :Zlogpﬁ(mi)a (A.2)
i=1

where each term can be expressed as

qs(%|7) po(z, 2)
px:/p ZB,ZdZ:/p X,z dz =K, 21z [ : A3
o(0) = ool )2 = J bl 2 gy = B |l A
Using Jensen’s inequality, the following lower bound can be derived:
]()gp9<g;-) = log E%(Z‘x) [p0($7 Z) > Eq¢(z|m) |}Og p@(l‘; Z)] _ (A4)
qs(2|7) qs(2|7)
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Rearranging Equation (A.4), the bound becomes

£ s (223 |

_/q z|x) logpg (x> )p(z) dz
)

qs(2|2

p(2)
qs(2|x)
= —/q z|z) log (( |) dz+/q¢ z|z) log pe(x|2)dz

= —Dxrw(qs(2]2)|[p(2)) + Eq, (210) [log pa(x|2)]
= L(z,0,9),

dz+/q¢ (z|x) log pe(z|2)dz (A.5)

where Dxy,(p||q) is the Dgr, between distributions p and ¢, and L(z, 6, ¢) represents the ELBO.
The ELBO is derived from Equation (A.4) and is given as:

log po(x) = —Dxw(qs(2|2)||p(2)) + Eq, z1r) log po(2(2)] = L(z,0, ), (A.6)

where the ELBO is a lower bound for the marginal log-likelihood of the data; thus, maximizing
the ELBO maximizes the log-likelihood, framing the optimization problem that must be
solved.

Implementation

The ELBO derived from Equation (A.6) can be effectively implemented using a DNN-based
architecture. However, challenges arise when computing its gradient with respect to ¢,
primarily due to the presence of ¢ within the expectation term (the second part of the
ELBO in Equation (A.6)). To address this issue, the original research [10] introduced the
reparameterization trick, a method that transforms the latent space sampling process to
make it differentiable. This transformation enables the use of gradient-based optimization
techniques. Instead of directly sampling from the latent space distribution, VAEs sample
e from a simpler distribution, typically a standard normal distribution. Subsequently, a
deterministic transformation g, is applied to €, resulting in z = g,(z, €), where z ~ g4(z|x)
and € ~ p(e). This approach allows the ELBO to be estimated as follows:

1 N

L0 = 3 32 ( - DrlaClodlol) +oemialastone)). (A7)

i=1
This reformulation simplifies the calculation of the ELBO gradient with respect to both 6

and ¢, enabling the application of standard optimization methods.

Equation (A.7) is implemented using DNNs, where functions are parameterized by ¢ and 6.
Gradients are conveniently computed using the Backpropagation algorithm, which various
programming libraries automate. The term VAE derives from the fact that Equation (A.7)
resembles the architecture of an AE [286], as illustrated in Figure A.2. In this implementation,
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the variational distribution g, is modeled using a DNN with parameters ¢. This DNN takes
an input sample z; and outputs parameters for the deterministic transformation g;. The
latent space of the VAE comprises the latent variable z distribution, which is a deterministic
transformation g4 of the output of the encoder combined with random ancillary noise e. A
sampled value z; from the latent distribution is passed to a second DNN, parameterized by 6,
which acts as the decoder. This decoder generates the parameters for the distribution pg(z|z),
ultimately reconstructing the input data.

®
|

{ DNN ¢ 0——» z=g4(x,€)

X

DNN 6 — py(z|2)

Figure A.2: VAE vanilla model implementation using DNNs.

Two key observations highlight the uniqueness of VAEs:

1. The ELBO loss in Equation (A.7) consists of a regularization term, which penalizes
deviations from the prior in the latent space, and a reconstruction error term, which
enforces similarity between generated samples and original inputs.

2. Unlike standard AEs, VAEs incorporate intermediate sampling, making them inherently
non-deterministic. This property is particularly beneficial for applications requiring
the estimation of output variable distributions, as it allows the derivation of input
distribution parameters.
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Appendix B

Data

This appendix provides a comprehensive overview of all datasets used in this thesis to evaluate
and benchmark the proposed models. By centralizing this information, the goal is to enhance
clarity and minimize redundancy in the main chapters. Each dataset is described alongside
its corresponding experimental sections to facilitate cross-referencing.

B.1 Survival Analysis Datasets

SA datasets capture whether an event of interest occurred during a study period, categorizing
patients as censored or uncensored while recording their follow-up times. Although these
datasets are primarily designed for SA tasks, they have been repurposed for additional analysis
in this thesis, highlighting their versatility.

The datasets vary widely in size, number of covariates, censoring proportions, and CR
settings, ensuring thorough evaluation across diverse real-world scenarios. Preprocessing was
conducted according to established methodologies to ensure fairness and comparability with
state-of-the-art benchmarks.

The selection includes datasets from various domains, such as cardiovascular disease, oncology,
hematological disorders, and infectious diseases, providing a comprehensive foundation for
systematic model evaluation across different contexts.

B.1.1 Dataset Descriptions

Each dataset is described below, highlighting its characteristics, original purpose, and integra-
tion into this research. A detailed summary of their properties is provided in Table B.1.

« WHAS [287]: The Worcester Heart Attack Study (WHAS) focuses on patients with
acute myocardial infarction, providing demographic and clinical data.

o Support [288]: The Study to Understand Prognoses Outcomes and Risks of Treatment
(Support) captures data from seriously ill hospitalized adults, including demographics,
comorbidities, and physiological measurements.
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Event (or CR)

Dataset # Samples # Covariates CR (#/no) Data Types Used In
Proportions (%)
WHAS 1,638 7 No 57.78 Continuous, categorical SAVAE
Support 9,104 16 No 31.89 Continuous, categorical SAVAE
SAVAE,
GBSG 2,232 9 No 43.23 Binary, continuous SDG Methodology
(medical data)
FLChain 6,524 10 No 69.92 Binary, continuous SAVAE
SAVAE,
NWTco 4,028 8 No 85.82 Binary, discrete SDG Methodology
(medical data)
SAVAE,
Metabric 1,980 23 No 56.18 Binary, continuous
VAE-BGM
PBC 418 19 No 61.48 Continuous, categorical SAVAE
STD - - No 6043 Categorical, integer, SAVAE
binary VAE-BGM
Pneumon 3,470 15 No 97.9 Binary, continuous SAVAE
Melanoma 205 9 2 0.65/0.28/0.07 Continuous, categorical CR-SAVAE
MGUS2 1,348 7 2 0.29/0.08/0.63  Continuous, categorical CR-SAVAE
0.63/0.13/0.09/
EBMT 8,966 7 6 0.02/0.02/0.01 Continuous, categorical CR-SAVAE
0.1

Table B.1: Summary of SA datasets used in this thesis. For each dataset, the table provides
key statistics, data types, and the corresponding experimental sections where the
dataset was used.

« GBSG [289], [290]: The Rotterdam & German Breast Cancer Study Group (GBSG)
combines data from node-positive breast cancer patients and chemotherapy trials with
genomic and clinical information.

o FLChain [291]: Examines the relationship between serum immunoglobulin-free light
chains (FLChains) and mortality in haematological disorders.

« NWTco [292]: The National Wilms Tumor Study (NWTco) focuses on Wilms tumors
in children with binary and discrete covariates.

o Metabric [293]: The Molecular Taxonomy of Breast Cancer International Consortium
(Metabric) dataset includes genomic and clinical data from breast cancer patients.

« PBC [294]: Focuses on Primary Biliary Cholangitis (PBC), a chronic liver disease
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with survival outcomes and various clinical covariates.

« STD [42]: Provides information on Sexually Transmitted Diseases (STD) with categor-
ical, integer, and binary data types.

o Pneumon [42]: Examines infant pneumonia with highly censored observations.

« Melanoma [295]: Contains data on patients with malignant melanoma, with two CR:
death from melanoma and death from other causes.

« MGUS2 [296]: Tracks patients with the Monoclonal Gammopathy of Unknown
Significance (MGUS2), with two competing risks: progression to plasma cell malignancy
or death from other causes.

« EBMT [297]: The European Society for Blood and Marrow Transplantation (EBMT)
records six competing post-transplant complications or death risks.

B.2 Other-Task Datasets

This section describes datasets that are not specifically designed for SA. Instead, these datasets
come from various tasks, including classification and regression, spanning a wide range of
domains, feature types, and complexities. Their inclusion enables a comprehensive evaluation
of models across diverse experimental scenarios.

The datasets address tasks such as income prediction, network intrusion detection, and heart
disease classification, showcasing the broader applicability of the thesis contributions beyond
SA. The selection incorporates both medical and non-medical datasets, ensuring a robust
assessment of the versatility of the model.

B.2.1 Dataset Descriptions

Each dataset is described below, highlighting its characteristics, original purpose, and integra-
tion into this research. A detailed summary of their properties is provided in Table B.2.

o Adult [298]: The Adult Census Income dataset is extracted from the 1994 U.S. Census
[299]. The dataset is used to predict whether the annual income of an individual exceeds
$50,000.

o News [300]: The News Popularity Prediction dataset contains information about
articles published on the Mashable news blog over two years. The objective is to predict
the popularity of an article, measured by the number of social media shares.

« King!: The King County House Sales dataset is a regression dataset containing house
sale prices for King County, Washington, including Seattle.

o Intrusion [301]: The KDD Cup 1999 Data was used for The Third Knowledge
Discovery and Data Mining Competition to classify connections in a military network
environment.

ISource: King Dataset (Accessed on December 81, 2024)
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« Heart?: The Heart dataset sourced from [302] originates from the cleaned Behavioral
Risk Factor Surveillance System (BRFSS) 2015 survey and focuses on binary classification
of heart disease presence. BRFSS is an annual health-related telephone survey designed
to gather information on health conditions and risk factors.

o Diabetes_ H3: This dataset comprises survey responses collected by the Centers for
Disease Control and Prevention from the BBRFSS 2015. The target variable includes
three classes: 0 for no diabetes or diabetes during pregnancy, 1 for prediabetes, and 2
for diabetes.

Dataset # Samples # Features Data Types Original Task Used In
VAE-BGM,
Categorical, binary, Divergence Estimation,
Adult 32,561 14 Classification
integer SDG Methodology

(general-purpose data)

SDG Methodology

News 39,644 58 Categorical, continuous Classification
(general-purpose data)
SDG Methodology
King 21,613 20 Integer, continuous Regression
(general-purpose data)
Categorical, binary, SDG Methodology
Intrusion 494,021 39 Classification
integer (general-purpose data)
SDG Methodology
Heart 253,680 39 Categorical, binary Classification

(medical data)

Categorical, binary,
Diabetes_ H 253,680 22 Classification FedVAE

integer

Table B.2: Summary of other-purpose datasets used in this thesis. For each dataset,
the table provides key statistics, data types, the original task of the dataset, and the
corresponding experimental sections where the dataset was used.

2Source: Heart Dataset (Accessed on December 81, 2024)
3Source: Diabetes H Dataset (Accessed on December 87 2024)

248


https://www.kaggle.com/datasets/kamilpytlak/personal-key-indicators-of-heart-disease
https://www.kaggle.com/datasets/alexteboul/diabetes-health-indicators-dataset

Appendix C

Survival Analysis

C.1 SAVAE

C.1.1 Sensitivity Analysis

In AT models, particularly in complex DL architectures, sensitivity and robustness analyses are
essential to understand how variations in input data influence the model predictions. These
analyses play a crucial role in assessing the stability and reliability of the output of the model,
providing insight into whether small changes in input features could significantly impact the
results. This is especially important in SA tasks, where accurate and stable predictions are
critical for applications in healthcare and other fields.

We have implemented two strategies to ensure the robustness of our proposed model, SAVAE.
First, we trained the model on each dataset using ten different random seeds, followed by a 5-
fold cross-validation. This approach allows us to evaluate the variability in model performance
across different training-test splits and random initializations, minimizing the dependence
on a single set of conditions. By averaging results across multiple runs, we provide more
reliable and stable performance metrics that account for the inherent variability in the data
and model training process.

In addition to these measures, we conducted a Shapley value-based sensitivity analysis to
explore how input features impact predicted survival times. Shapley values [303], originating
from cooperative game theory, offer a mathematically grounded method to determine the
contribution of each input feature to the final prediction. By computing Shapley values, we
can assess the relative importance of each feature in influencing the output of the model.
This analysis enhances the transparency and interpretability of the model, providing a clear
understanding of how specific features drive survival time predictions.

These combined methods ensure a thorough sensitivity and robustness assessment, confirming
that the model performs consistently across different conditions while offering insight into the
role of input features in shaping predictions. These analyses strengthen the overall validity
and interpretability of our model. The detailed results of the sensitivity analysis are presented
below.

249



Patricia Alonso de Apellaniz

Specifically, our analysis focuses on quantifying the importance of each input feature. For this
purpose, we used SHAP (SHapley Additive exPlanations) [304], an approach that enables
global interpretability analyses for each dataset and the model. Using the Shap module
from Python, we computed the importance of features following the official documentation,
guaranteeing rigorous and consistent evaluation across datasets.

High
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bmi
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chf

Feature value

miord
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—~20000 0 20000 40000
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(a) WHAS dataset

High
x4
X3
X5

X6

Feature value

X2

x1

x0

T T T T T T Low
—60 —40 =20 0 20 40 60
SHAP value (impact on model output)

(b) GBSG dataset

Figure C.1: Feature Importance using SHAP in SAVAE datasets I (WHAS and GBSG.

Figure C.1 and Figure C.2 depict the feature importance for four selected datasets, chosen for
their relatively small number of features to enhance visualization and analysis. To evaluate
the robustness and generalizability of our model, we computed SHAP values using the training
set of each dataset. The study presented corresponds to a single fold from one training seed.
Recall that the model was trained for each dataset using ten different random seeds and
employed a K-Fold cross-validation technique, where the data was divided into five subsets.
Thus, the SHAP analysis shown here represents only a fraction of the complete robustness
assessment.
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Figure C.2: Feature Importance using SHAP in SAVAE datasets II (FLChain and
NWTco.

Each violin plot in Figure C.1 and Figure C.2 ranks features from highest to lowest based on
their contribution to the predicted survival times. The horizontal axis represents SHAP values,
indicating the magnitude of the influence of each feature on the prediction. The individual
dots within the plots correspond to specific observations, while the color gradient reflects
whether the value of a feature is high or low relative to the dataset. This visual representation
facilitates the interpretation of how each feature affects survival predictions in the training
set. For example, in the GBSG dataset, lower values of the ‘X/’ feature positively impact the
survival time.

Furthermore, beyond providing an analytical perspective, this approach enables the evaluation
of consistency between the interpretation of the model and established clinical knowledge. As
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observed, the age feature emerges as one of the most influential factors in survival predictions
across all datasets, which is an expected outcome given its well-documented significance in
SA [305]-[307]. This alignment between model interpretation and clinical understanding
reinforces the trustworthiness and applicability of the predictions of the model in real-world
healthcare scenarios.

Interpretability is particularly critical in the medical domain, where understanding the
correlation between clinical features and predicted survival times provides valuable insights
for practitioners. For example, certain features, such as age, comorbidities, and treatment
variables, may strongly influence survival predictions, as reflected in their SHAP values. These
insights enable healthcare professionals to assess how specific features impact individual
patient outcomes, leading to better-informed decisions.

Thus, this analysis serves as an additional validation step, demonstrating that the model
is both accurate and interpretable while offering valuable insights consistent with clinical
expectations. The ability to explain the predictions of the model further reinforces its
robustness and enhances its applicability in high-impact domains such as healthcare.

C.1.2 Ablation Study

To evaluate the contribution of each component in the proposed SAVAE model and justify
their inclusion, we conducted a comprehensive ablation study. This analysis aims to assess
the impact of various architectural choices on model performance by systematically modifying
key elements and measuring their effects on performance metrics, specifically the C-index and

the IBS.

The SAVAE architecture consists of three DNNs: one encoder and two decoders, each
responsible for inferring covariates and time parameters. The ablation study focused on the
following key components:

o Latent Space Dimensionality: The default latent space dimensionality was set to 5.
To examine its impact, we varied the dimensionality (e.g., reducing to 3 or increasing
to 10) and analyzed its effect on the ability of the model to capture underlying data
patterns.

e Neurons: Each module includes two hidden layers with 50 neurons. We examined
whether reducing or increasing the number of neurons negatively influenced the perfor-
mance of the model, particularly in capturing complex non-linear relationships between
covariates and survival times.

o Dropout Rate: A dropout rate of 20% is applied in the first hidden layer of each
decoder. To assess its role in preventing overfitting and enhancing generalization, we
examined the impact of removing dropouts and experimented with an increased dropout

rate (50%).

The Metabric dataset was selected for this study due to its high-dimensional feature space,
particularly relevant for latent space generation in the VAE framework. Performance was
measured using C-index and IBS values, obtained through 5-fold cross-validation for each
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Latent Space  Number of Dropout Rate | C-index IBS
Dimension Neurons

0 0.594 0.186

10 0.2 0.590 0.185

0.5 0.589 0.187

0 0.598 0.184

3 50 0.2 0.596 0.188

0.5 0.590 0.187

0 0.595 0.186

500 0.2 0.593 0.185

0.5 0.592 0.185

0 0.596 0.185

10 0.2 0.593 0.186

0.5 0.588 0.188

0 0.604 0.185

5 50 0.2 0.598 0.185

0.5 0.594 0.185

0 0.598 0.185

500 0.2 0.595 0.185

0.5 0.599 0.187

0 0.587  0.187

10 0.2 0.582 0.189

0.5 0.575 0.189

0 0.604 0.187

50 50 0.2 0.602 0.186

0.5 0.589 0.190

0 0.602 0.185

500 0.2 0.606 0.184

0.5 0.598 0.186

Table C.1: Ablation study results for Metabric with SAVAE. The impact of latent space
dimensionality, number of neurons, and dropout rate on C-index and IBS.
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Latent Space - Number of Dropout Rate | C-index IBS
Dimension Neurons

0 0.575 0.213

10 0.2 0.570 0.212

0.5 0.571 0.213

0 0.576 0.210

3 50 0.2 0.573 0.210

0.5 0.573 0.212

0 0.573 0.213

500 0.2 0.573 0.211

0.5 0.568 0.211

0 0.574 0.210

10 0.2 0.566 0.212

0.5 0.584 0.211

0 0.579 0.208

5 50 0.2 0.585 0.209

0.5 0.571 0.212

0 0.585 0.209

500 0.2 0.581 0.212

0.5 0.576 0.209

0 0.566 0.213

10 0.2 0.570 0.212

0.5 0.584 0.212

0 0.581 0.209

50 50 0.2 0.577  0.211

0.5 0.562 0.212

0 0.584 0.208

500 0.2 0.588 0.208

0.5 0.574 0.208

Table C.2: Ablation study results for STD with SAVAE. The impact of latent space dimen-
sionality, number of neurons, and dropout rate on C-index and IBS.
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of the ten training seeds, ensuring robust and reliable results. The findings, summarized in
Table C.1, indicate minimal variation in performance across different configurations. Given
this stability, a latent space dimensionality of 5 was chosen as it exhibited the least variability
and provided a balanced trade-off between model complexity and performance. Similarly, a
moderate number of neurons (50) in the hidden layers was selected, resulting in low variability
and competitive performance across both metrics. Notably, these final settings maintain
a relatively low model complexity, leading to faster execution times without compromising
accuracy, thereby enhancing the practical usability of the model model.

As observed in the Metabric results, no significant differences concerning the dropout rate
were found. To investigate its impact further, we extended the analysis to the dataset with
the fewest samples, STD, to determine whether dropout helps control overfitting in smaller
datasets. Table C.2 presents the results using the same format as the Metabric table.

Overall, the findings for the STD dataset follow a similar pattern to those observed in
Metabric, with performance remaining relatively consistent across different hyperparameter
configurations. An intermediate latent space dimension (5) consistently yields higher C-index
values and lower IBS values, indicating better model performance. A similar trend is observed
for the number of neurons in the hidden layers, where intermediate values provide optimal
results. While dropout does not significantly impact overall performance, slightly improved
results are obtained when included.

Based on these findings, the component values specified in Section 3.2.3 were selected. However,
it is essential to highlight the robustness of the model, as it maintains stable performance
across various hyperparameter settings, demonstrating its resilience and adaptability. These
decisions align with our goal of balancing model complexity and performance, ensuring that
the final architecture remains computationally efficient while delivering robust and reliable
predictions.

C.1.3 Computational Runtime Comparison

To comprehensively assess the computational complexity of our proposed model, SAVAE,
we compared the execution times for training and validation across different models. This
comparison encompasses the entire process, from training to validation on the test set, ensuring
consistency in evaluating computational demands.

Two key factors motivated the decision to treat training and validation as a single process: (1)
performance metrics for the test set are computed after each epoch to monitor model behavior
over time, and (2) the computation of the C-index and IBS, the evaluation metrics used
in this study, is independent of the model architecture. By considering the entire workflow
together, we ensure that all models undergo an equivalent evaluation process.

To maintain a fair comparison, we trained all models without Early Stopping mechanisms,
allowing each model to run for the full number of epochs. This approach ensured that all
models were evaluated under identical training conditions. While the final results presented
in Section 3.2.3 were obtained using Early Stopping with identical patience values, different
models converged at varying points based on various optimization criteria (e.g., maximizing
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a performance metric or minimizing a loss function). Running all models without Early
Stopping ensures a standardized training environment for comparison purposes.

All models were trained for consistency using the same number of epochs (3,000) and batch
size (64). To provide a clear comparison, we report the average execution time for each
fold, using a 5-fold cross-validation setup across all models. Although execution times are
expected to remain relatively stable across folds, averaging provides a more robust measure of
computational demands.

For SAVAE, given the stochastic nature of VAEs, we ran ten seeds for each fold to ensure
reliable results. Therefore, the reported average runtime for SAVAE corresponds to a single
fold and a single seed. It is important to note that the total runtime for SAVAE can vary
depending on the parallelization strategy and computational resources available. Nonetheless,
this comparison method ensures that execution time differences are attributed solely to model
complexity rather than external environmental factors.

Dataset CoxPH DeepSurv DeepHit SAVAE
WHAS 165.21 250.07 204.85 294.80
Support 18.26 24.52 48.58 123.44
GBSG 93.83 141.25 265.49 558.46
FLChain 305.18 442.95 933.32 1880.55
NWTco 236.73 325.04 638.76 922.92
Metabric 76.52 110.50 225.07 1058.42
PBC 28.14 38.58 118.53 198.13
STD 40.02 58.89 115.63 397.00
Pneumon | 188.09 273.14 382.50 1860.52
Average 128.00 184.99 325.86 810.47

Table C.3: Average execution times (in seconds) for training and validating different
models, including CoxPH, DeepSurv, DeepHit, and SAVAE, across various
datasets. The total time reflects the duration of a single fold in a 5-fold cross-validation
setting.

Table C.3 presents the average execution times in seconds for each model, providing insights
into their computational efficiency. These times reflect the total duration required to train and
validate a model on a single fold. As expected, the execution times for SAVAE are generally
higher than those of other models due to its inherent architectural complexity. Including a
VAE latent space and additional decoders increases computational demand, particularly when
modeling complex non-linear relationships in survival data. However, while SAVAE requires
longer runtimes, its enhanced flexibility and capacity to model intricate data patterns more
effectively justify the increased computational cost. Importantly, execution times remain
within reasonable limits, with all datasets requiring only a few minutes to complete a full
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training and validation cycle. This balance ensures that the improved performance of SAVAE
does not come at the expense of excessive computational costs, making it practical for
real-world applications.

C.1.4 Statistical Significance and Multiple Testing Adjustment

To enhance the statistical rigor of our performance evaluation, we conducted multiple hypoth-
esis tests to compare the mean C-index and IBS values of SAVAE against state-of-the-art
models across various folds in a 5-fold cross-validation setup. Specifically, we tested the
null hypothesis that the benchmark models outperform SAVAE regarding these performance
metrics. Statistical significance was assessed using p-values, with a conventional significance
threshold of 0.05. However, conducting multiple hypothesis tests increases the FWER, the
probability of making one or more Type I errors (false positives) when the null hypotheses are
true. As noted in the statistical literature [229]-[231], the FWER increases with the number
of tests, inflating the likelihood of incorrectly rejecting true null hypotheses.

To address this issue and control the FWER, we applied the Holm-Bonferroni method [232], a
step-down procedure that adjusts p-values to maintain the overall significance level. Compared
to the traditional Bonferroni correction [308], the Holm method offers greater statistical power
and does not require the assumption of test independence, making it well-suited for our
analysis. This adjustment was implemented using the statsmodels package in Python, which
provides robust tools for multiple testing corrections.

The adjusted p-values for both the C-index and IBS metrics are presented in Table C.4,
respectively. This table compares the original and Holm-adjusted p-values for each dataset.
By applying these adjustments, we account for multiple comparisons and prevent inflation
of the FWER. Each subtable reports results as pairs of original p-value - adjusted p-value,
where the Holm method has been applied across all model comparisons within each dataset.
The comparison allows us to assess whether the adjusted p-values differ significantly from the
original values and whether the adjustments substantially impact statistical significance. As
expected, the adjusted p-values are higher due to the correction applied for multiple testing.
However, the overall conclusions remain unchanged, confirming the robustness of our findings.
As indicated by the bold entries in the tables, several instances still show p-values below the
threshold of 0.05, reinforcing that SAVAE significantly outperforms state-of-the-art models in
these cases.

These findings demonstrate that applying the Holm adjustment preserves the conclusions
drawn from the original p-values. In particular, the results confirm that SAVAE outperforms
existing models across multiple datasets, as evidenced by consistently low p-values. This
further highlights the effectiveness of our model and its ability to generalize well across diverse
datasets.
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Model WHAS Support GBSG FLChain NWTco Metabric PBC STD Pneumon
CoxPH 0.579 - 1.000  0.058 - 0.058  0.000 - 0.000 0.000 - 0.000 0.268 - 0.536 0.003 - 0.006 0.450 - 0.683 0.887 - 1.000 0.003 - 0.009
DeepSurv | 1.000 - 1.000 0.020 - 0.040 0.149 - 0.149  0.000 - 0.000 0.135 - 0.406  0.549 - 0.549  0.280 - 0.683 0.927 - 1.000  0.382 - 0.765
DeepHit | 1.000 - 1.000 0.000 - 0.001 0.000 - 0.000 0.001 - 0.001 0.644 - 0.645 0.000 - 0.000 0.228 - 0.683 0.727 - 1.000  0.935 - 0.935
(a) C-index
Model WHAS Support GBSG FLChain NWTco Metabric PBC STD Pneumon
CoxPH 1.000 - 1.000  0.470 - 1.000 0.998 - 1.000 1.000 - 1.000 0.000 - 0.000 0.995 - 1.000 0.888 - 1.000 0.575 - 1.000 0.000 - 0.000
DeepSurv | 0.000 - 0.000 0.341 - 1.000 0.561 - 1.000 1.000 - 1.000 0.000 - 0.000 1.000 - 1.000 0.868 - 1.000 0.746 - 1.000 0.000 - 0.000
DeepHit | 0.000 - 0.000 0.950 - 1.000 1.000 - 1.000 1.000 - 1.000 0.000 - 0.000 1.000 - 1.000 1.000 - 1.000 0.995 - 1.000 0.000 - 0.000

(b) IBS

Table C.4: Comparison of original and Holm-adjusted p-values to assess whether the
mean validation metrics values for SAVAE are better than those of state-
of-the-art models across cross-validation folds. The results are presented as
original p-value - adjusted p-value. Bold indicates a p-value below the threshold of
0.05, confirming that SAVAE performs significantly better than the other models.
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Synthetic Data (Generation

D.1 Divergence Estimation in Synthetic Data Valida-
tion

D.1.1 Experiment 2 Additional Analysis

Experiment 2 follows the same methodology and validation process as Experiment 1. This
section presents additional analyses that further support the findings of Experiment 2.

Table D.1 extends the results from the previous experiment by evaluating the performance of
the proposed divergence estimation approach with a limited number of training and validation
samples. The results indicate a convergence trend towards the known ground truth divergence
values as the number of training and validation samples increases.

The estimation errors for Dgy, and Djg are presented in Figure D.1. These subfigures illustrate
how errors decrease as training and validation samples increase, confirming the expected
convergence trend.

Additionally, Figure D.2 examines the behavior of the loss function of the discriminator across
different sample size configurations. This analysis provides insights into how the training
process is affected by sample size constraints and the potential impact on the accuracy of
divergence estimation.

These additional analyses confirm the robustness of the proposed divergence estimation
method. The results demonstrate a consistent trend of convergence toward ground truth
values as the number of training and validation samples increases. Furthermore, the behavior
of the discriminator underscores the importance of sample size in preventing overfitting and
ensuring accurate divergence estimation.
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M L MC Estimated Discriminator Estimated | MC Estimated Discriminator Estimated
Dy, Dy, Dy Dy
20 3.245 + 0.820 1.832 £0.912 0.490 + 0.083 0.371 £0.078
20 200 2.699 £ 0.095 1.193 +0.430 0.439 £0.017 0.328 £ 0.058
2000 2.833 +0.032 1.512 £ 0.381 0.423 + 0.006 0.331 = 0.039
20 2.639 £ 0.404 3.101 £ 0.779 0.405 £ 0.066 0.340 £0.114
200 200 2.669 £+ 0.118 2.686 + 0.294 0.392 £ 0.013 0.374 £+ 0.020
2000 2.887 £ 0.045 3.037 £ 0.517 2.887 £ 0.045 3.037 £0.517
20 2.974 + 0.626 2.771 £0.751 0.481 £ 0.090 0.474 £ 0.096
2000 200 | 2.710£0.100 2.628 + 0.357 0.415 £ 0.020 0.412 £ 0.019
2000 2.850 £ 0.071 2.913 £ 0.129 0.423 £0.014 0.420 £ 0.013
Table D.1: Impact of training and validation samples on Dk, and Djs estimation for

Experiment 2. Analytical Dk, along with MC Dgp, and Djs estimations, as well
as proposed discriminator estimations for both divergences. Results are displayed for
various combinations of training samples M and validation samples L, showing a clear
correlation between the number of samples and the estimation error.
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Figure D.1: Estimation error representation for Dgkp and Djs in Experiment 2. Results
are shown for different combinations of training sample sizes M and validation sample
sizes L. As expected, a decrease and precision in the error is observed with increasing
values of M and L.
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Figure D.2: Discriminator loss curves for Experiment 2. The loss curves show a clear
overfitting due to low sample sizes. Green and red dashed lines represent theoretical
convergence values.

D.2 Synthetic Data Generation in Scarce-Data Settings

D.2.1 Impact of Sample Size on Divergence Metrics

To further analyze the impact of sample size on divergence metric performance, we conducted
an additional validation experiment using a reduced number of samples for both M and L.
Specifically, we set M = 100 and L = 100, representing a scenario with severely limited
data availability. As highlighted several times in this thesis, sufficient samples are crucial for
accurate distribution comparisons. Therefore, this low-sample setting was expected to lead to
less reliable divergence estimations.

The results of this validation experiment are presented in Table D.2 and Table D.3. Under
these constrained conditions, the improvements observed in previous experiments do not hold
consistently across all datasets. Furthermore, the obtained divergences and MMD values
are significantly lower than expected, suggesting that the underlying distributions are not
adequately captured when the number of samples is insufficient. This, in turn, leads to an
underestimation of the actual divergence between distributions.

These findings highlight the critical role of sample size in evaluating SDG methods. When
data is scarce, metrics may not accurately reflect distributional differences, potentially leading
to misleading conclusions about the quality of synthetic data. Therefore, it is essential to
account for sample size when interpreting divergence and MMD results to ensure meaningful
and reliable evaluations.
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VAE CTGAN VAE CTGAN VAE CTGAN
Scenario N M L

Dys Dys Dy, Dyy, MMD MMD
Big data 10000 7500 1000 | 0.079 (0.001) 0.150 (0.002) 0.153 (0.019) 0.420 (0.025) 0.0007 (0.0002)  0.0047 (0.0003)
Low data 300 7500 1000 | 0.331 (0.004) 0.563 (0.002) 0.697 (0.018) 1.653 (0.015) 0.0032 (0.0004)  0.0148 (0.0007)
Low data 300 100 100 0.030 (0.012) 0.333 (0.027) 0.084 (0.101) 2.197 (0.257) 0.0051 (0.0020)  0.0157 (0.0046)

Pre-train | 300 7500 1000 | 0.171 (0.004)  0.563 (0.002) 0.427 (0.021) 1.753 (0.040) 0.0013 (0.0003) 0.0174

0.0007

z =

Pre-train | 300 100 100 |-0.002 (0.004) 0.237 (0.014) 0.056 (0.103) 0.978 (0.307) 0.0020 (0.0010) 0.0137 (0.0024
AVG 300 7500 1000 | 0.157 (0.004) N/A 0.380 (0.043) N/A 0.0019 (0.0002) N/A
AVG 300 100 100 | 0.002 (0.002) N/A 0.049 (0.107) N/A 0.0041 (0.0028) N/A
MAML 300 7500 1000 | 0.300 (0.002) N/A 0.686 (0.037) N/A 0.0007 (0.0001) N/A
MAML 300 100 100 | 0.002 (0.008) N/A 0.054 (0.116) N/A 0.0029 (0.0012) N/A
DRS 300 7500 1000 | 0.189 (0.006) N/A 0.427 (0.043) N/A 0.0036 (0.0003) N/A
DRS 300 100 100 | 0.015 (0.008) N/A 0.089 (0.051) N/A 0.0040 (0.0013) N/A

(a) Adult dataset

Seemmrio | N M L VAE CTGAN VAE CTGAN VAE CTGAN
Dys Dys Dy, Dz, MMD MMD
Big data | 10000 7500 1000 | 0.253 (0.009)  0.463 (0.003)  0.647 (0.045)  1.506 (0.031) 0.0006 (0.0001) 0.0014 (0.0002)
Low data | 300 7500 1000 | 0.840 (0.003)  0.962 (0.002)  4.582 (0.136)  8.994 (0.909) 0.0024 (0.0002) 0.0122 (0.0001)
Low data | 300 100 100 | 0.003 (0.004)  0.482 (0.093)  -0.062 (0.113)  2.290 (1.100) 0.0054 (0.0017) 0.0132 (0.0017)
Pre-train | 300 7500 1000 | 0.746 (0.003) 0.937 (0.003) 3.516 (0.082) 8.603 (0.463) 0.0024 (0.0002) 0.0137 (0.0003)
Pre-train | 300 100 100 | 0.010 (0.006)  0.843 (0.013)  0.061 (0.051)  4.599 (0.629) 0.0048 (0.0011) 0.0149 (0.0017)
AVG 300 7500 1000 | 0.609 (0.003) N/A 2.596 (0.060) N/A 0.0026 (0.0001) N/A
AVG 300 100 100 | -0.001 (0.004) N/A 0.073 (0.088) N/A 0.0047 (0.0014) N/A
MAML 300 7500 1000 | 0.851 (0.001) N/A 5.176 (0.242) N/A 0.0028 (0.0002) N/A
MAML 300 100 100 | 0.179 (0.071) N/A 2.256 (0.927) N/A 0.0047 (0.0013) N/A
DRS 300 7500 1000 | 0.645 (0.006) N/A 2.449 (0.057) N/A 0.0026 (0.0002) N/A
DRS 300 100 100 | 0.002 (0.004) N/A -0.010 (0.114) N/A 0.0046 (0.0015) N/A

(b) News dataset

Table D.2: Resemblance metrics results across scenarios IIl. ‘Big data’ represents the ideal
case where many samples (N = 10,000) are available to generate reliable synthetic data.
‘Low data’ represents a more realistic scenario in which a limited number of samples
(N = 300) are available, posing a challenge for SDG. Two low-data configurations
are tested: a more reliable case (M = 7,500, L = 1,000) and a highly constrained
case (M = 100, L = 100). The next rows compare the divergences obtained by
each methodology (‘Pre-train’, ‘AVG’, ‘MAML’, and ‘DRS’) applied to the ‘Low data’
scenarios. Bold indicates improvements. Results are presented as mean (standard
deviation), with lower values being preferable.
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Scenmio | N M L VAE CTGAN VAE CTGAN VAE CTGAN
Dy Dys Dy, Dx, MMD MMD
Big data | 10000 7500 1000 | 0.862 (0.002)  0.777 (0.003)  4.768 (0.072)  3.124 (0.115)  0.0225 (0.0016)  0.0006 (0.0001)
Low data | 300 7500 1000 | 0.927 (0.002)  0.940 (0.003) 13.763 (0.696)  7.470 (0.392)  0.0029 (0.0003)  0.0109 (0.0009)
Low data | 300 100 100 | 0.533 (0.062)  0.682 (0.029)  3.264 (0.555)  3.731 (0.279)  0.0021 (0.0011)  0.0110 (0.0046)
Pretrain | 300 7500 1000 | 0.862 (0.002)  0.945 (0.002) 5.286 (0.327) 9.533 (0.453) 0.0020 (0.0003) 0.0137 (0.0010)
Pre-train | 300 100 100 | 0.228 (0.018)  0.622 (0.070) 0.698 (0.197)  3.455 (0.426)  0.0028 (0.0025)  0.0127 (0.0050)
AVG 300 7500 1000 | 0.740 (0.002) N/A 3.489 (0.209) N/A 0.0010 (0.0003) N/A
AVG 300 100 100 | -0.001 (0.002) N/A 0.020 (0.108) N/A 0.0015 (0.0010) N/A
MAML 300 7500 1000 | 0.910 (0.002) N/A 6.436 (0.496) N/A 0.0057 (0.0006) N/A
MAML 300 100 100 | 0.322 (0.046) N/A 1.030 (0.127) N/A 0.0089 (0.0048) N/A
DRS 300 7500 1000 | 0.809 (0.003) N/A 4.321 (0.215) N/A 0.0028 (0.0003) N/A
DRS 300 100 100 | 0.068 (0.006) N/A 0.447 (0.093) N/A 0.0071 (0.0026) N/A
(a) King dataset
Scemario | N M L VAE CTGAN VAE CTGAN VAE CTGAN
Dys Dys D Du MMD MMD
Big data | 10000 7500 1000 | 0.760 (0.013) 0.531 (0.033) 2.744 (0.084)  2.623 (0.537)  0.0001 (0.0000)  0.0057 (0.0006)
Low data | 300 7500 1000 | 0.920 (0.003) 0.961 (0.002) 6.216 (0.154)  8.841 (0.710)  0.0644 (0.0011)  0.0793 (0.0020)
Low data | 300 100 100 | 0.050 (0.009) 0.681 (0.052) 0.182 (0.150)  4.365 (0.175)  0.0121 (0.0052)  0.0088 (0.0016)
Pre-train | 300 7500 1000 | 0.793 (0.004) 0959 (0.001) 3.831 (0.151) 8.443 (0.630) 0.0600 (0.0017) 0.0682 (0.0022)
Pre-train | 300 100 100 | 0.067 (0.004) 0.604 (0.039) 0.286 (0.091) 3.818 (0.189)  0.0185 (0.0038)  0.0023 (0.0010)
AVG 300 7500 1000 | 0.867 (0.007) N/A 5.798 (0.295) N/A 0.0617 (0.0013) N/A
AVG 300 100 100 | 0.055 (0.003) N/A 0.167 (0.132) N/A 0.0117 (0.0024) N/A
MAML | 300 7500 1000 | 0.913 (0.003) N/A 6.359 (0.054) N/A 0.0639 (0.0017) N/A
MAML | 300 100 100 | 0.049 (0.002) N/A 0.261 (0.093) N/A 0.0118 (0.0037) N/A
DRS 300 7500 1000 | 0.835 (0.009) N/A 4.587 (0.166) N/A 0.0612 (0.0026) N/A
DRS 300 100 100 | 0.066 (0.005) N/A 0.310 (0.173) N/A 0.0128 (0.0022) N/A
(b) Intrusion dataset
Table D.3: Resemblance metrics results across scenarios IV. ‘Big data’ represents the ideal

case where many samples (N = 10,000) are available to generate reliable synthetic data.
‘Low data’ represents a more realistic scenario in which a limited number of samples
(N = 300) are available, posing a challenge for SDG. Two low-data configurations
are tested: a more reliable case (M = 7,500, L = 1,000) and a highly constrained
case (M = 100, L = 100). The next rows compare the divergences obtained by
each methodology (‘Pre-train’, ‘AVG’, ‘MAML’, and ‘DRS’) applied to the ‘Low data’
scenarios. Bold indicates improvements. Results are presented as mean (standard
deviation), with lower values being preferable.
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D.3 Synthetic Data Generation in Medical Scarce-Data
Settings

D.3.1 Additional Results with Other Medical Datasets

This section presents supplementary experiments conducted to further validate our findings
using additional medical datasets. The results follow the same format as the main experiments
in Section 4.4.3 to maintain consistency and facilitate comparison.

To test the methodology under varying data availability conditions, we first used two large
classification datasets related to diabetes: Diabetes H and Diabetes 130. These datasets
provided sufficient samples to assess model performance under both optimal and data-scarce
conditions.

Subsequently, we extended our research to SA datasets with significantly fewer samples,
reflecting real-world data constraints better. Unlike previous cancer-related datasets, these
new publicly available datasets focus on other medical conditions: WHAS (heart attack cases),
PBC (autoimmune liver disease), and STD (sexually transmitted diseases).

Table D.4 summarizes the additional datasets used in these experiments, highlighting their
key characteristics. By incorporating these datasets, we comprehensively evaluate the SDG
methodology, ensuring its robustness and generalizability across different medical domains
and data availability conditions.

Number of Number of
Dataset Data types Task
samples features

Diabetes_ H 253,680 22 Binary and discrete Classification
Diabetes_ 130 101,766 45 Binary and discrete Classification
WHAS 1,638 7 Binary, continuous and discrete Survival Analysis
PBC 418 19 Binary, continuous and discrete Survival Analysis
STD 877 23 Binary and discrete Survival Analysis

Table D.4: Additional medical datasets for scarce-data SDG. Overview of supplementary
datasets used to assess the methodology under different data availability conditions.
Classification datasets (Diabetes_ H and Diabetes_130) contain a large number of
samples, while SA datasets (WHAS, PBC, and STD) have fewer samples, reflecting
real-world constraints. The table provides details on the number of samples, features,
data types, and associated tasks.

Classification datasets

The results for the Diabetes_ H dataset are presented in the subtable (a) in Table D.5. In
the ‘Big data’ scenario (N = 10,000), Djs reaches an upper bound of 0.278 £ 0.094, while in
the ‘Low Data’ scenario (N = 100), the divergence increases significantly to 0.860 & 0.001,
indicating substantial room for improvement. Consistent with the findings from the Heart
dataset, ‘AVG’ and ‘DRS’ techniques achieve the lowest Djs, demonstrating their effectiveness.
Similarly, Dgy, improves across all techniques, with ‘DRS’ yielding the most significant decrease.
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Regarding clinical utility validation, the classification accuracy obtained with limited real
data (0.500 £ 0.114) closely aligns with that of the ‘Big data’ scenario (0.606 £ 0.016).
This trend, which is observed consistently across all cases, suggests that SDG does not
degrade classification performance. Instead, maintaining accuracy might depend on correctly
generating a few critical variables, even if some variables are not as accurately represented.

Seonario SIMILARITY VALIDATION CLINICAL UTILITY VALIDATION
Dys Dy, MMD Real Acc Synth Acc Synth Fine-Tuned Acc
Big data | 0.258 (0.122)  0.724 (0.267) 0.0002 (0.0000)  0.605 (0.018) 0.598 (0.023) 0.621 (0.016)
Low data | 0.841 (0.005)  7.094 (0.936) 0.0068 (0.0002)  0.529 (0.143) 0.634 (0.113) 0.607 (0.067)
Pre-train | 0723 (0.015) 3.765 (0.075) 0.0054 (0.0002)  N/A 0540 (0274) 0602 (0.049)
AVG 0.697 (0.013) 3.833 (0.192) 0.0030 (0.0001) N/A 0.548 (0.046) 0.571 (0.050)
DRS 0.709 (0.010) 3.611 (0.148) 0.0051 (0.0002) N/A 0.528 (0.060) 0.532 (0.055)
(a) Diabetes_H dataset
5 . SIMILARITY VALIDATION CLINICAL UTILITY VALIDATION
conane Diys Dx1, MMD Real Acc Synth Acc Synth Fine-Tuned Acc
Big data | 0.469 (0.054)  0.968 (0.181)  0.0003 (0.0000)  0.452 (0.019) 0.452 (0.014) 0.455 (0.019)
Low data | 0.979 (0.002) 16.217 (2.972)  0.0086 (0.0004)  0.298 (0.160) 0.252 (0.160) 0.256 (0.156)
Pre-train | 0.953 (0.002) 2153 (1550) 0.0064 (0.0002)  N/A 035 (0051) 0381 (0031)
AVG 0.943 (0.002) 15.335 (2.071) 0.0061 (0.0002) N/A 0.279 (0.153) 0.292 (0.155)
DRS 0.944 (0.003) 19.544 (1.908) 0.0048 (0.0002) N/A 0.444 (0.103) 0.438 (0.098)

(b) Diabetes 130 dataset

Table D.5: Validation results for the Diabetes datasets across different scenarios. The
‘Big data’ scenario (N = 10,000) represents an ideal condition with abundant samples,
enabling reliable synthetic data. The ‘Low data’ scenario (N = 100) reflects a more
realistic constraint setting. The similarity validation section reports Djs, Dkr,, and
MMD values for different techniques (‘Pre-train’, ‘AVG’, and ‘DRS’) applied to the
‘Low data’ scenario, where lower values indicate better similarity. Bold indicates
improvements. The clinical utility validation section compares classification accuracy
between models trained on real, synthetic, and fine-tuned synthetic data, where higher
values indicate better performance. Bold denotes that the adjusted p-value is below the
significance threshold of 0.01. All results are expressed as mean (standard deviation).

The MMD results for the Diabetes H dataset align with the divergence metrics, where
higher MMD values correspond to higher divergences. In the ‘Big data’ scenario, MMD is
0.0002 +£ 0.0000, reflecting a strong alignment between real and synthetic data distributions.
However, in the ‘Low data’ scenario, MMD increases significantly to 0.0068 +0.0002, consistent
with the sharp rise observed in Djs and Dgp.. The applied techniques reduce MMD, with ‘AVG’
achieving the lowest value (0.0030 £ 0.0001), reinforcing its capacity to enhance synthetic
data quality under low-data constraints.
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The Diabetes 130 dataset results, shown in subtable (b) in Table D.5, reveal higher divergences
across all scenarios. This is likely due to the increased complexity and higher dimensionality (45
variables) of the dataset. Despite this, the Djs divergence improves with the applied techniques,
confirming their effectiveness even in challenging cases. Conversely, no improvement is observed
in Dgp, highlighting the inherent difficulty of generating high-quality synthetic data when
dataset dimensionality increases. Capturing complex inter-variable dependencies becomes
increasingly challenging. The MMD values follow a pattern similar to the divergence metrics.
The ‘Big data’ scenario achieves the lowest MMD (0.0003 + 0.0000), while the ‘Low data’
scenario presents a much higher MMD (0.0086 £ 0.0004), mirroring the increased Dys and Dy,
values. Techniques such as DRS achieve the most substantial MMD reduction (0.0048+0.0002),
reinforcing its role in improving synthetic data resemblance. Clinical utility validation results
align with those from the Diabetes_H, indicating no significant difference between classifiers
trained on real or synthetic data. Accuracy metrics remain consistent across all scenarios,
reinforcing the idea that Djs is a reliable metric for similarity validation, while clinical utility
validation alone does not suffice to assess synthetic data quality.

Survival Analysis data

The additional SA datasets used in this study preserve the heterogeneity observed in the
previously analyzed datasets in Section 4.4.3. Specifically, the WHAS, PBC, and STD datasets
were sourced from the SAVAE experiments. This dataset selection aligns with the common
challenges in SA research, which typically involve limited sample sizes and complex variable
interactions.

Table D.6 presents the C-index and IBS results across different settings (Real, Synthetic, and
Synthetic Fine-Tuned), following the same structure as previous experiments. The findings
indicate no significant difference in performance metrics when applying the SDG methodologies
compared to baseline models. Moreover, performance remains consistent regardless of whether
a larger or smaller sample size is used, reinforcing the notion that clinical utility validation
alone is insufficient to assess the effectiveness of SDG in scarce-data settings.

To further evaluate the fidelity of the generated synthetic data, we provide KM estimations
with Cls in Figure D.3. These plots compare survival functions for real and synthetic data
under varying sample sizes. Notably, while the survival curves appear more similar in the PBC
and STD datasets, this is likely due to their inherently small sample sizes. However, in all
cases, the synthetic survival functions generated using our methodology closely approximate
the upper-bound survival functions obtained from larger sample sizes, whereas the lower-
bound curves (green) deviate more significantly. This supports the conclusion that our SDG
methodology enhances the accuracy of time-to-event estimations in SA, even under data-scarce
conditions.
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Scenario Real CI Synth CI  Synth Fine-Tuned CI = Real IBS Synth IBS Synth Fine-Tuned IBS

Big data | 0.731 (0.035) 0.715 (0.037) 0.714 (0.036) 0.178 (0.030)  0.179 (0.030) 0.185 (0.030)

Low data | 0.703 (0.036) 0.698 (0.036) 0.696 (0.038) 0.177 (0.030)  0.180 (0.030) 0.182 (0.030)
Pretrain | N/A 0689 (0057) 0675 (0.037) N/A 0183(0.030) 0185 (0.030)

AVG N/A 0.725 (0.036) 0.720 (0.037) N/A 0.175 (0.030) 0.174 (0.030)

DRS N/A 0.710 (0.037) 0.708 (0.036) N/A 0.178 (0.030) 0.179 (0.030)

(a) WHAS dataset

Scenario Real CI Synth CI  Synth Fine-Tuned CI = Real IBS Synth IBS Synth Fine-Tuned IBS

Big data | 0.815 (0.069) 0.815 (0.065) 0.826 (0.063) 0.174 (0.062) 0.156 (0.058) 0.159 (0.058)

Low data | 0.541 (0.063) 0.521 (0.055) 0.530 (0.054) 0.242 (0.051) 0.246 (0.046) 0.249 (0.046)
Pretrain | N/A 0820 (0063 0834 0059) N/A 0153 (0060) 0136 (0.054)

AVG N/A 0.817 (0.062) 0.836 (0.059) N/A 0.153 (0.058) 0.147 (0.056)

DRS N/A 0.826 (0.063) 0.840 (0.061) N/A 0.163 (0.058) 0.157 (0.060)

(b) PBC dataset

Scenario Real CI Synth CI  Synth Fine-Tuned CI = Real IBS Synth IBS Synth Fine-Tuned IBS

Big data | 0.544 (0.055) 0.577 (0.057) 0.608 (0.052) 0.224 (0.046) 0.215 (0.044) 0.214 (0.044)
Low data | 0.733 (0.079) 0.789 (0.072) 0.804 (0.066) 0.176 (0.061) 0.159 (0.060) 0.191 (0.069)
Pre-train N/A 0.540 (0.057) 0.536 (0.058) N/A 0.229 (0.045) 0.234 (0.046)
AVG N/A 0.553 (0.060) 0.553 (0.057) N/A 0.225 (0.045) 0.230 (0.045)
DRS N/A 0.530 (0.057) 0.523 (0.054) N/A 0.227 (0.045) 0.232 (0.045)

(c) STD dataset

Table D.6: Validation results for the additional SA datasets across different scenar-
ios. The ‘Big data’ scenario represents an ideal condition with a larger sample size
(N = 1,311, N = 335, and N = 702, 80% of the data for WHAS, PBC and STD,
respectively), enabling reliable SDG. The ‘Low data’ scenario reflects a more realistic
constraint with a smaller sample size (N = 100), posing challenges for SDG. The
table presents SA metrics (C-index and IBS) comparing models trained on real data,
synthetic data, and synthetic data fine-tuned on real data. Higher C-index values
indicate better predictive performance, while lower IBS values are preferable. Bold
highlights significant improvements using the methodology, while * indicates a signifi-
cant disadvantage. Results are reported as mean (standard deviation).
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Figure D.3: KM estimations with CIs using real and synthetic data in additional
datasets. The survival functions for the upper bounds (blue and orange) illustrate
the survival probabilities of real data and synthetic data generated from a large
number of samples. The survival functions of synthetic data generated using the
proposed methodology (red, purple, and brown) show convergence toward these upper
bounds. In contrast, the lower-bound survival function (green) deviates significantly,
highlighting the challenges of generating reliable survival estimates with limited data.
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Different data utility results

Finally, Table D.7 and Table D.8 additional clinical utility validation results for the supple-
mentary classification and SA. In this validation, we modified the final predictive task by
selecting different target variables for classification datasets and using alternative variables
(not time) for prediction in SA datasets.

Diabetes H Diabetes 130
Feature Low data DRS Feature Low data DRS
HighBP 0.710 (0.011)  0.708 (0.006) | race 0.179 (0.206)  0.343 (0.279)
HighChol 0.646 (0.005) 0.598 (0.011)* | gender 0.444 (0.132)  0.476 (0.017)
CholCheck 0.697 (0.209)  0.445 (0.070) | num__procedures 0.258 (0.049)  0.153 (0.066)
Smoker 0.530 (0.035)  0.540 (0.015) | metformin 0.056 (0.082)  0.064 (0.069)
Stroke 0.514 (0.063) 0.761 (0.032) | repaglinide 0.632 (0.379)  0.016 (0.019)
HeartDiseaseorAttack 0.635 (0.026)  0.638 (0.030) | nateglinide 0.552 (0.060)  0.417 (0.180)
PhysActivity 0.679 (0.010)  0.625 (0.049) | chlorpropamide 0.392 (0.234)  0.335 (0.107)
Fruits 0.384 (0.008)  0.388 (0.014) | glimepiride 0.166 (0.194) 0.692 (0.197)
Veggies 0.706 (0.090)  0.635 (0.030) | glipizide 0.216 (0.221)  0.157 (0.242)
HvyAlcoholConsump  0.757 (0.166)  0.534 (0.194) | glyburide 0.342 (0.237)  0.107 (0.063)
AnyHealthcare 0.471 (0.093) 0.668 (0.022) | tolbutamide 0.787 (0.112)  0.867 (0.025)
NoDocbcCost 0.741 (0.210)  0.630 (0.062) | pioglitazone 0.446 (0.393)  0.340 (0.304)
DiffWalk 0.783 (0.015)  0.785 (0.004) | rosiglitazone 0.218 (0.144)  0.505 (0.391)
Sex 0.531 (0.045)  0.529 (0.043) | acarbose 0.444 (0.263)  0.199 (0.335)
Diabetes 0.545 (0.029)  0.494 (0.087) | miglitol 0.123 (0.212)  0.240 (0.365)
tolazamide 0.938 (0.027)  0.941 (0.014)
insulin 0.284 (0.023) 0.345 (0.020)
glyburide-metformin 0.235 (0.250)  0.480 (0.321)
change 0.575 (0.007) 0.615 (0.007)
diabetesMed 0.560 (0.045)  0.555 (0.047)
readmitted 0.379 (0.149)  0.308 (0.165)

Table D.7: Different clinical utility validation results for the additional classification
datasets. Accuracy comparison between the ‘Low data’ (N = 100) scenario and
the ‘DRS’ technique applied to the lower bound case for each feature used as a
classification label. Higher values indicate better performance. Bold indicates a
significant improvement with the methodology, while * indicates a significant decline.
Results are reported as mean (standard deviation).
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Whas Pbc Std

Feature Low data DRS Feature Low data DRS Feature Low data DRS

sex 0.532 (0.060 0.642 (0.006) | treatment 0.626 (0.027) 0.579 (0.072) | race 0.439 (0.101) 0.600

chf 0.645

S
o
o
3

0.680 (0.009) | sex 0.448 (0.173) 0.617 (0.106) | marital 0.641 (0.027) 0.622

(0.060)
(0.007)

miord  0.552 (0.031)  0.574 (0.067) | ascites 0.414 (0.363) 0.533 (0.363) | iinfct 0.370 (0.112)  0.282
(0.015)

event 0.736 (0.015

spiders  0.681 (0.056) 0.714 (0.023) | 0s30d 0.537 (0.209) 0.613

edema 0.457 (0.072) 0.517 (0.034) | rs12m 0.674 (0.075)  0.651

stage 0.362 (0.012

(0.027)
(0.173)
(0.363)
0.754 (0.001) | hepatom  0.588 (0.012) 0.621 (0.028) | os12m  0.501 (0.059) 0.581
(0.056)
(0.072)
(0.012) 0.367 (0.030) | rs30d 0.754 (0.162) 0.712
(0.009)

event 0.836 (0.009) 0.833 (0.011) | abdpain  0.790 (0.086) 0.622

discharge 0.512 (0.011) 0.507 (0.015
dysuria 0.539 (0.033) 0.651 (0.195
condom 0.339 (0.056) 0.259 (0.149
itch 0.690 (0.251) 0.567 (0.299
lesion 0.600 (0.045) 0.634 (0.033
rash 0.552 (0.207) 0.639 (0.234
lymph  0.659 (0.203) 0.486 (0.271
vagina 0.658 (0.146) 0.647 (0.136
dchexam 0.493 (0.233) 0.518 (0.292
event 0.561 (0.035) 0.565 (0.025

Table D.8: Different clinical utility validation results for the additional SA datasets.
Accuracy comparison between the ‘Low data’ (N = 100) scenario and the ‘DRS’
technique applied to the lower bound case for each feature used as a classification label.
Higher values indicate better performance. Bold indicates a significant improvement
with the methodology, while * indicates a significant decline. Results are reported as
mean (standard deviation).

These results align with previous findings, indicating that while the ‘DRS’ technique does not
consistently yield substantial improvements, it enhances feature generation and inter-variable
relationships in specific cases. In particular, several features exhibit improved performance
when using the ‘DRS’ methodology, suggesting its potential for refining synthetic data quality
in data-scarce scenarios. Across all datasets, improvements outnumber declines, reinforcing
the viability of applying this approach to small datasets for enhancing data utility.
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D.3.2 Discrepancy Between Similarity and Clinical Utility Valida-
tion

This section explores a potential explanation for the observed divergence between similarity
validation and clinical utility validation outcomes.

Proposed Analysis

To investigate this discrepancy, we experimented using classification datasets to examine the
relationship between feature importance and classification performance. Specifically, we assess
how removing less important features impacts classification accuracy. This analysis employs
the same MLP classifier used for clinical utility validation in this study (Section 4.4.3).

Unlike decision tree-based models, such as RFs, which inherently provide feature importance
measures, MLP classifiers do not offer this information directly. To address this limitation,
we utilize the SHAP framework, an interpretability tool based on cooperative game theory
principles (already explained in Appendix C). SHAP assigns Shapley values to features,
quantifying their contribution to model predictions. This enables us to estimate feature
importance even in black-box models like MLP.

The analysis follows these steps:

1. Baseline classification: Train the classifier using the complete dataset, including all
available features.

2. Feature importance estimation: Compute feature importance using the SHAP
framework.

3. Iterative feature removal: Identify and remove the feature with the lowest absolute
SHAP value.

4. Reclassification: Retrain the classifier using the reduced feature set.

5. Repetition: Repeat steps 2—4 iteratively, eliminating one feature at a time until only
the most critical feature remains.

This experiment aims to demonstrate that classification accuracy remains stable or does not
decline significantly even as many features are removed until only the most critical features
are left. This finding suggests that only a subset of features is crucial for achieving high
classification performance, while many features contribute minimally to the task.

This behavior provides a plausible explanation for the discrepancy between similarity validation
and clinical utility validation results:

o Similarity validation: This method assesses the statistical fidelity of the entire dataset,
evaluating how well all features and their dependencies are preserved in synthetic data.
It considers the dataset holistically, treating all features equally important for generative
quality.

e Clinical utility validation: This method evaluates synthetic data based on its
performance in specific tasks (e.g., classification or SA). In these scenarios, a subset of
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features (those with high SHAP values) must be well-represented for the synthetic data
to perform adequately. Features with low SHAP values contribute minimally to the
task, meaning their poor generation has little impact on classification outcomes.

Thus, synthetic data may not perfectly replicate the statistical properties of all features (as
indicated by higher Djg or other similarity validation metrics). However, if the critical task-
relevant features are accurately generated, synthetic data can still achieve strong performance
in clinical utility validation.

This distinction underscores the importance of aligning validation methods with task-specific
requirements. It also highlights why clinical utility validation may yield favorable results
even when similarity validation reveals deficiencies in feature generation. Understanding this
relationship is crucial for accurately assessing synthetic data quality across different evaluation
frameworks.

Results

This proposed analysis provides empirical evidence explaining the observed discrepancy
between similarity and clinical utility validation results. We examine the Heart dataset, a
binary classification problem to achieve this. Unlike the other two datasets, which involve
three-class classification, the Heart dataset offers a simpler structure, making interpreting
SHAP values more intuitive. This focused approach ensures clarity while maintaining the
methodological robustness of the study.

Table D.9 presents the classification accuracy of MLP models as features are removed iteratively
based on their SHAP importance scores. The initial model, trained on all 22 features, achieves
an accuracy of 0.643. As less important features are gradually removed, accuracy remains
relatively stable, with only minor variations until a significant reduction in the number of
features occurs. Notably, even after eliminating 12 features, accuracy remains around 0.650,
comparable to the initial performance of the model. A noticeable drop in accuracy emerges
only when fewer than five features remain, with the final two-feature model reaching 0.560.
These findings suggest that while all features contribute to the dataset, most have minimal
impact on classification accuracy.

These results confirm that only a subset of features is essential for classification performance.
Despite the removal of many features, the stable accuracy highlights that the accurate
generation of key features with high SHAP importance primarily influences clinical utility
validation. This aligns with the hypothesis that while similarity validation metrics may
indicate poor overall feature generation (e.g., high divergence scores), clinical utility validation
can still yield favorable results if the critical features for the task are accurately reproduced.

This behavior reinforces the distinct objectives of the two validation approaches:

o Similarity validation: Assesses the generation of all features and their dependencies,
making it sensitive to overall dataset discrepancies.

o Clinical utility validation: Prioritizes task-specific performance, where the accurate
generation of critical features compensates for deficiencies in less impactful ones.
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Feature removed Number of features Acc
None 22 0.643
AnyHealthcare 21 0.637
MentHIth 20 0.630
Education 19 0.616
CholCheck 18 0.632
Veggies 17 0.638
HvyAlcoholConsump 16 0.634
NoDocbcCost 15 0.645
BMI 14 0.650
Fruits 13 0.645
PhysActivity 12 0.655
Stroke 11 0.640
PhysHlth 10 0.608
Diabetes 9 0.619
DiffWalk 8 0.612
Smoker 7 0.593
Income 6 0.640
Sex 5 0.630
HighBP 4 0.635
HighChol 3 0.650
GentHIth 2 0.560

Table D.9: MLP classification accuracy on the Heart dataset with feature reduction.
The initial model is trained on the complete dataset, and subsequent models are
retrained after iteratively removing the least important feature based on SHAP feature
importance rankings.

These findings emphasize the importance of integrating both validation approaches for
comprehensively evaluating synthetic data. While similarity validation ensures overall dataset
fidelity, clinical utility validation confirms the effectiveness of synthetic data in specific
downstream tasks, particularly in data-scarce scenarios. Together, they provide a balanced
assessment of SDG methodologies.

D.3.3 Statistical Significance and Multiple Testing Adjustment

To enhance the statistical rigor of our validation results, we conducted hypothesis testing across
all similarity and clinical utility validation tables in this study. Specifically, we formulated
the null hypothesis (Hy): The performance metrics in the ‘Low data’ scenario are better
than those of the scenarios where the methodology is applied. To test this hypothesis, we
calculated p-values as a measure of statistical significance and set a threshold of 0.01, a
standard practice in hypothesis testing. A p-value below this threshold indicates sufficient
evidence to reject Hy, suggesting a significant performance improvement when applying the
methodology. Conversely, if the p-value exceeds 0.01, no statistically significant difference is

274



Appendix D. Synthetic Data Generation

observed between the methodology-applied and ‘Low data’ scenarios.

SIMILARITY VALIDATION

CLINICAL UTILITY VALIDATION

Scenario
JS Dxy, Real Acc Synth Acc Synth Fine-Tuned Acc
Big data N/A N/A N/A N/A N/A
Low data N/A N/A N/A N/A N/A
Pre-train | 0.000/0.000 0000 /0.000  N/A  0.012/0083  0.010/0080
AVG 0.000 / 0.000  0.000 / 0.001 N/A 0.006 / 0.057 0.032 / 0.192
DRS 0.000 / 0.001 0.000 / 0.000 N/A 0.130 / 0.520 0.050 / 0.249
(a) Heart dataset
Sconario SIMILARITY VALIDATION CLINICAL UTILITY VALIDATION
JS Dk, Real Acc Synth Acc Synth Fine-Tuned Acc
Big data N/A N/A N/A N/A N/A
Low data N/A N/A N/A N/A N/A
Pre-train | 0000 /0.000 0001 /0.005  N/A  0938/1000  0328/1000
AVG 0.000 / 0.000  0.001 / 0.005 N/A 0.785 / 1.000 0.558 / 1.000
DRS 0.000 / 0.000 0.001 / 0.005 N/A 0.991 / 1.000 0.960 / 1.000
(b) Diabetes_ H dataset
Scenario SIMILARITY VALIDATION CLINICAL UTILITY VALIDATION
JS Dxr, Real Acc Synth Acc Synth Fine-Tuned Acc
Big data N/A N/A N/A N/A N/A
Low data N/A N/A N/A N/A N/A
Pre-train | 0.000/0.000  0012/0.048  N/A  0210/1000  0235/1000
AVG 0.000 / 0.000 0.603 / 0.603 N/A 0.839 / 1.000 0.952 / 1.000
DRS 0.000 / 0.000 0.074 / 0.170 N/A 0.084 / 0.757 0.092 / 0.757

(c) Diabetes_ 130 dataset

Table D.10: Statistical validation for the classification datasets across different scenarios.
The tables present p-values for similarity and clinical utility validation metrics, reported
as original p-value / adjusted p-value after applying the Holm correction for multiple
testing. Bold indicates cases where Hy was rejected, signifying statistically significant
differences from the ‘Low data’ scenario. N/A denotes metrics that were not applicable
or calculated for a given scenario.

Since multiple hypothesis tests were conducted across different validation scenarios, we
recognized the need to control the FWER-—the probability of making one or more Type I
errors (false positives). As the number of tests increases, the likelihood of incorrectly rejecting
a true null hypothesis also rises. This issue, extensively documented in statistical literature
[229]-[231], needs multiple testing corrections to maintain statistical validity.

To mitigate this problem, we applied the Holm-Bonferroni correction [232], a step-down
adjustment method designed to control the overall significance level while preserving statistical
power. Unlike the traditional Bonferroni correction [308], which is overly conservative, the
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Holm method offers greater sensitivity and does not assume independence among tests. This
makes it particularly suitable for datasets with interdependent features and metrics, as in our
study.

The Holm adjustment was implemented using the statsmodels package in Python, a well-
established library for multiple testing corrections. The original and adjusted p-values for
all hypothesis tests are presented in Table D.10. By applying this correction, we ensure that
statistical significance thresholds remain consistent across multiple comparisons, reducing the
risk of false-positive results and improving the reliability of our conclusions.

Our analysis confirms that after applying the Holm adjustment, the adjusted p-values for
Dys in similarity validation consistently fall below the 0.01 threshold in scenarios where the
methodology was applied. This result provides strong statistical evidence that the method
significantly improves over the ‘Low data’ scenario regarding data similarity. However, as
previously observed, no significant differences emerge in clinical utility validation, indicating
that the methodology does not yield substantial advantages in downstream predictive per-
formance. This reinforces the earlier findings that similarity validation and clinical utility
validation capture distinct aspects of synthetic data quality, with the former evaluating global
data fidelity and the latter focusing on task-specific utility.
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Federated Learning

E.1 Extended Evaluation of FedVAE

E.1.1 Privacy Concerns

To ensure that the proposed SDG process is privacy-preserving, we conducted an empirical
evaluation by analyzing the similarity between real and synthetic data. This analysis aims to
confirm that the generated synthetic data maintain sufficient statistical similarity to the real
data for utility while avoiding direct replication of real samples, thereby protecting sensitive
information. Such privacy assurance is particularly critical in federated environments where
synthetic data are shared across nodes.

We designed the study as follows:

1. Real data were input to our proposed VAE-BGM generative framework to produce
synthetic data.

2. These synthetic data were shared with a specific node within the federated framework.

3. To quantify the similarity and verify privacy preservation, we calculated the minimum
pairwise distances between:

o Real samples and other real samples.
e Synthetic samples and real samples.

4. The minimum distances were visualized using histograms and KDE plots for both
comparisons.

5. To statistically validate the differences between these minimum distances, we applied
one-sided Wilcoxon and KS tests to compare the two distance distributions.

The results of the privacy evaluation are presented in Figure E.1. This evaluation was
specifically performed on Node 3 in both IID and non-IID scenarios for the two datasets
used in the study (Heart and Diabetes H), resulting in four distinct plots. These analyses
comprehensively evaluate privacy preservation under different data distributions and experi-
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Figure E.1: Comparison of minimum pairwise distances between real-real samples and

synthetic-real samples. The histograms and KDE plots show similar distributions,
ensuring statistical resemblance while maintaining privacy.

mental settings. The histograms and KDE curves of the minimum distances between real-real
samples (blue) and synthetic-real samples (pink) exhibit high similarity. However, they are
not identical, which is a desirable outcome. Specifically:

e Non-zero minimum distances: Since the VAE-BGM framework generates synthetic

data by sampling from the latent space rather than directly reconstructing the real
samples, the minimum distances are never zero. This ensures that no synthetic sample
exactly replicates any real data point, mitigating privacy risks.

Larger distances for synthetic-real comparisons: The p-values obtained through
the Wilcoxon and KS tests (both lower than 107%) confirm that the minimum distances
between synthetic and real samples are statistically larger than those observed between
real samples themselves. This outcome aligns with our expectations, as synthetic data
are generated from a latent space and are not direct copies of the real data.

o Similarity, not equality: While the distributions of the distances are similar, the
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histograms and KDEs demonstrate slight deviations, reflecting the stochastic nature of
the latent space sampling process. This confirms that the synthetic data preserve the
statistical properties of the real data without compromising privacy.

These results demonstrate that the synthetic data provide sufficient privacy protection.
Specifically, even in the event of an attack such as man-in-the-middle during the federated
data sharing process, the exposure of synthetic data would present a far lower risk than raw
data transmission, as the synthetic data are inherently different from the real samples. The
minimum distances provide further assurance, as the largest values consistently arise in the
synthetic-real comparisons, reinforcing that the synthetic data do not overlap with real data
points.

This study validates the privacy-preserving nature of our SDG process. The proposed
framework effectively mitigates privacy risks such as re-identification by ensuring that the
generated synthetic data do not replicate real data points while retaining statistical similarity.
Furthermore, the statistical tests confirm that the synthetic data maintain an appropriate level
of separation from real data, making them robust to adversarial attacks within a federated
learning environment. These findings underscore the utility of the VAE-BGM architecture in
generating high-quality, privacy-preserving synthetic data suitable for FL environments.

E.1.2 Comparison of Feature Distributions

To evaluate the performance of SDG techniques in capturing the underlying distributions of
critical features, we focused on the worst-performing node (Node 0) in both IID and non-IID
scenarios for the Heart dataset. We identified the most important features for classification
tasks using an RF classifier trained on real data. The distributions of these key features were
then compared between real data and synthetic data generated using FedAvg and FedSDS
(naive and biased aggregation strategies), aiming to assess the quality of the synthetic data
generated by each technique.

Figures E.2 and E.3 show the KDEs and histograms of the selected features for both 11D
and non-IID scenarios. These comparisons provide insights into how effectively each SDG
technique captures the distributions of the real data. We can confirm that FedSDS captures
critical continuous features more accurately. FedSDS better approximates the real data
distribution for features such as Age and BMI compared to FedAvg. This suggests that
FedSDS can model complex continuous variables more effectively. In addition, FedSDS
demonstrates a superior ability to generate realistic distributions for categorical features such
as Fducation. In contrast, FedAvg overemphasizes the most predominant category, resulting
in less representative synthetic data distributions. Finally, consistency across I[ID and non-I11D
scenarios since the ability of FedSDS to generate accurate feature distributions remains evident
in both of them.
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Figure E.2: Normalized distribution plots of selected features. Comparison based on
features from the real data, synthetic data generated by FedAvg, and synthetic data
generated by FedSDS in the IID scenario for the Heart dataset.
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Figure E.3: Normalized distribution plots of selected features. Comparison based on
features from the real data, synthetic data generated by FedAvg, and synthetic data
generated by FedSDS in the non-IID scenario for the Heart dataset.
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E.2 Extended Evaluation of FedSAVAE: Integrating
IBS

We introduce in this approach an additional validation measure, the IBS, to complement the C-
index metric used in our primary analysis. The following tables present IBS results in the same
structured format as in Section 5.4.2 to ensure consistency and facilitate direct comparison.
This supplementary metric offers deeper insights into model performance, particularly in
terms of predictive accuracy.

Recall that the BS, a widely recognized measure of predictive accuracy [309], [310], is the
foundation for this evaluation. BS quantifies the squared prediction error, incorporating
IPCW [75] to account for censored data. [IPCW assigns greater weights to uncensored samples,
ensuring that censored observations do not bias the estimation. To provide a time-independent
evaluation, we use the IBS, defined as:

1

iBS(bmar) = — [ " BS () dt. (E.1)

thLSB

In addition, to ensure robust statistical comparisons, the Holm method [232] was applied to
adjust p-values when evaluating the statistical significance of differences across FL. methods.
This correction mitigates the risk of false positives when performing multiple hypothesis tests.

By integrating IBS alongside the C-index, this extended analysis provides a more compre-
hensive assessment of model performance, capturing both predictive accuracy and survival
estimation quality across different scenarios.

E.2.1 IID Scenarios

The following tables present IBS results under IID scenarios, where nodes vary in both sample
size and the percentage of missing data across different settings. The IBS is a complementary
metric to the C-index, providing a more stringent evaluation of model performance by assessing
both discrimination and calibration. Unlike the C-index, which focuses primarily on ranking
survival probabilities, IBS is highly sensitive to miscalibrations and prediction errors, making
it a more challenging metric for improvement.

Key findings are:

« In Metabric (first subtable in Table E.1), significant IBS improvements are observed in
Node 3 for Scenarios 2 and 3, which correspond to the nodes with the smallest sample
size and the highest proportion of missing data. These results highlight the ability of
federated approaches to mitigate data scarcity effects. Notably, in Scenario 2, FedSDS
methods—particularly the naive approach—demonstrate a greater relative decrease in
IBS compared to isolated training.

o The IBS improvements are more limited under IID scenarios for GBSG in the second
subtable in Table E.1. In Scenario 1, significant IBS reductions are observed for Nodes
2 and 3 using FedAvg, similar to the pattern seen with the C-index. In Scenarios 2
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and 3, notable reductions occur for Node 3 (Scenario 2) and Node 2 (Scenario 3), both
driven by FedAvg.

Scenario Nodes Isolated FedAvg FedSDS naive FedSDS biased Adjusted p-values
Centralized Node 1 | (0.127 - 0.146 - 0.166) - - -
Node 1 | (0.134 - 0.153 - 0.175) (0.132 - 0.152 - 0.173)  (0.133 - 0.153 - 0.174) (0.133 - 0.153 - 0.173) 0.504 / 1.000 / 0.834
Scenario 1  Node 2 | (0.144 - 0.164 - 0.185) (0.144 - 0.163 - 0.184)  (0.141 - 0.165 - 0.190) (0.143 - 0.164 - 0.188) | 0.945 / 1.000 / 1.000
Node 3 | (0.135 - 0.154 - 0.175)  (0.133 - 0.153 - 0.173)  (0.133 - 0.157 - 0.182) (0.134 - 0.154 - 0.177) | 0.078 / 1.000 / 1.000
Node 1 | (0.133 - 0.153 - 0.173)  (0.134 - 0.153 - 0.174)  (0.135 - 0.154 - 0.176) (0.134 - 0.153 - 0.175) | 1.000 / 1.000 / 1.000
Scenario 2 Node 2 | (0.151 - 0.174 - 0.199) (0.150 - 0.173 - 0.196)  (0.144 - 0.170 - 0.200) (0.152 - 0.172 - 0.195) | 1.000 / 0.970 / 1.000
Node 3 | (0.161 - 0.190 - 0.223) (0.143 - 0.167 - 0.191) (0.131 - 0.154 - 0.180)  (0.139 - 0.160 - 0.184) | 0.012 / 0.001 / 0.005
Node 1 | (0.134 - 0.153 - 0.174) (0.132 - 0.152 - 0.173) (0.134 - 0.153 - 0.174) (0.133 - 0.153 - 0.175) | 0.530 / 1.000 / 1.000
Scenario 3 Node 2 | (0.151 - 0.173 - 0.195)  (0.151 - 0.173 - 0.198)  (0.144 - 0.168 - 0.193) (0.151 - 0.172 - 0.195) 1.000 / 0.527 / 1.000
Node 3 | (0.180 - 0.212 - 0.250)  (0.147 - 0.172 - 0.196) (0.135 - 0.161 - 0.188) (0.149 - 0.173 - 0.198) | 0.005 / 0.001 / 0.006
(a) Metabric dataset
Scenario Nodes Isolated FedAvg FedSDS naive FedSDS biased Adjusted p-values
Centralized Node 1 | (0.174 - 0.196 - 0.219) - - - -
Node 1 | (0.163 - 0.186 - 0.211) (0.163 - 0.185 - 0.207) (0.166 - 0.187 - 0.210) (0.165 - 0.188 - 0.212) | 1.000 / 1.000 / 1.000
Scenario 1 Node 2 | (0.159 - 0.181 - 0.204) (0.151 - 0.173 - 0.196) (0.160 - 0.183 - 0.211) (0.156 - 0.181 - 0.212) | 0.001 / 1.000 / 1.000
Node 3 | (0.150 - 0.173 - 0.198)  (0.145 - 0.166 - 0.188) (0.150 - 0.172 - 0.199) (0.152 - 0.172 - 0.194) | 0.010 / 1.000 / 1.000
Node 1 | (0.167 - 0.188 - 0.211) (0.165 - 0.187 - 0.210)  (0.165 - 0.186 - 0.209) (0.166 - 0.188 - 0.211) | 0.436 / 0.055 / 1.000
Scenario 2 Node 2 | (0.165 - 0.190 - 0.217) (0.162 - 0.185 - 0.213) (0.171 - 0.197 - 0.229) (0.164 - 0.191 - 0.220) | 0.919 / 1.000 / 1.000
Node 3 | (0.172 - 0.197 - 0.230) (0.158 - 0.180 - 0.204) (0.161 - 0.189 - 0.217) (0.163 - 0.188 - 0.216) | 0.021 / 0.518 / 0.366
Node 1 | (0.166 - 0.187 - 0.210) (0.163 - 0.186 - 0.209) (0.164 - 0.186 - 0.211) (0.163 - 0.186 - 0.210) | 1.000 / 1.000 / 1.000
Scenario 3 Node 2 | (0.160 - 0.186 - 0.215) (0.162 - 0.187 - 0.210) (0.165 - 0.191 - 0.220) (0.164 - 0.192 - 0.223) | 1.000 / 1.000 / 1.000
Node 3 | (0.184 - 0.208 - 0.236) (0.178 - 0.203 - 0.236)  (0.187 - 0.217 - 0.246) (0.190 - 0.215 - 0.242) | 0.988 / 1.000 / 1.000

(b) GBSG dataset

Table E.1: IBS comparison of isolated, FedAvg, and FedSDS (naive and biased) meth-
ods for Metabric and GBSG in IID scenarios. The tables present mean 1BS
values along with CIs. Adjusted p-values below 0.05, indicating statistically significant
differences compared to the isolated training scenario, are highlighted in bold.

These findings suggest that while FL techniques can enhance IBS performance, the degree
of improvement depends on dataset characteristics, including its structure and survival
distribution. The Metabric dataset, with its greater heterogeneity and missing data challenges,
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exhibits more substantial benefits from federated approaches than GBSG.

E.2.2 Non-IID Scenarios

In non-IID settings, where heterogeneity is introduced in the distribution of the age covariate
across Nodes 2 and 3, the IBS results reveal distinct improvement patterns that differ notably
from those observed with the C-index. This contrast underscores the complementary nature
of these two evaluation metrics.

Key findings are:

« In Metabric (first subtable in Table E.2), significant IBS improvements are observed in
Scenarios 5 and 6, primarily in Node 2, whereas C-index improvements were predomi-
nantly concentrated in Node 3. In Scenario 5, both FedAvg and FedSDS biased methods
exhibit performance gains, with FedSDS biased demonstrating the most substantial
enhancements. In Scenario 6, FedSDS biased is the only method to yield significant IBS
improvements, highlighting its robustness in handling data heterogeneity.

« In GBSG (second subtable in Table E.2), the FedAvg technique is the only approach
associated with IBS improvements, particularly in Node 2 of Scenario 6. No additional
significant gains are observed, emphasizing the challenges of reducing IBS in non-1ID
settings, where discrepancies in data distribution introduce additional complexity.

These results suggest that FL methods (particularly FedSDS biased) can effectively mitigate
the impact of non-IID data, although the degree of improvement varies across datasets and
scenarios. While C-index captures ranking consistency, IBS provides a more nuanced measure
of model calibration, making it a crucial complementary evaluation metric.

E.2.3 Special IID Scenario

Table C.5 presents IBS results for Scenario 7, where only FedSDS-based techniques can be
applied due to the removal of the age column in Node 2. This scenario provides insight
into how federated approaches handle missing critical covariates while maintaining model
performance.

Key findings are:

o Significant IBS improvements are observed in both the Metabric and GBSG datasets,
demonstrating the effectiveness of FedSDS methods in mitigating missing data effects.

o Methods that combine column prediction with synthetic data augmentation yield the
most substantial performance gains.

e The biased synthetic data aggregation method produces the biggest improvements,
aligning the synthetic data distribution more closely with local data in Node 2 and
reducing the impact of missing covariates.

The biased FedSDS approach achieves the most significant improvements for both datasets,
with adjusted p-values below 0.01. These findings underscore the effectiveness of integrating
imputation with synthetic data aggregation in addressing data heterogeneity and compensating
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Scenario Nodes Isolated FedAvg FedSDS naive FedSDS biased Adjusted p-values

Centralized Node 1 | (0.127 - 0.146 - 0.166) - - - R

Node 1 | (0.133 - 0.152 - 0.173) (0.133 - 0.152 - 0.174) (0.134 - 0.153 - 0.174) (0.132 - 0.153 - 0.173) | 1.000 / 1.000 / 1.000
Scenario 4 Node 2 | (0.154 - 0.175 - 0.197) (0.153 - 0.174 - 0.196) (0.154 - 0.176 - 0.203) (0.154 - 0.175 - 0.197) | 0.493 / 1.000 / 1.000

Node 3 | (0.135 - 0.156 - 0.180) (0.134 - 0.153 - 0.174) (0.132 - 0.155 - 0.179) (0.134 - 0.153 - 0.174) | 0.452 / 1.000 / 0.573

Node 1 | (0.134-0.154 - 0.178) (0.133 - 0.153 - 0.175) (0.134 - 0.153 - 0.174) (0.134 - 0.154 - 0.178) | 1.000 / 1.000 / 1.000
Scenario 5  Node 2 | (0.153 - 0.174 - 0.198) (0.148 - 0.168 - 0.190) (0.141 - 0.167 - 0.194) (0.141 - 0.161 - 0.185) | 0.006 / 0.187 / 0.000

Node 3 | (0.137 - 0.161 - 0.187) (0.135 - 0.157 - 0.183) (0.136 - 0.172 - 0.206) (0.145 - 0.170 - 0.198) | 1.000 / 1.000 / 1.000

Node 1 | (0.134 - 0.153 - 0.173)  (0.133 - 0.153 - 0.174) (0.133 - 0.153 - 0.174) (0.134 - 0.154 - 0.174) | 1.000 / 1.000 / 1.000

Scenario 6 Node 2 | (0.154 - 0.174 - 0.197) (0.150 - 0.172 - 0.193) (0.140 - 0.165 - 0.190) (0.142 - 0.163 - 0.186) | 0.068 / 0.054 / 0.000

Node 3 | (0.142 - 0.166 - 0.192) (0.169 - 0.198 - 0.230) (0.166 - 0.205 - 0.256) (0.175 - 0.212 - 0.243) | 1.000 / 1.000 / 1.000

(a) Metabric dataset

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

Centralized Node 1 | (0.174 - 0.196 - 0.219) - - - -

Node 1 | (0.164 - 0.186 - 0.209) (0.164 - 0.186 - 0.208) (0.166 - 0.187 - 0.211) (0.164 - 0.186 - 0.209) | 1.000 / 1.000 / 1.000
Scenario 4 Node 2 | (0.150 - 0.171 - 0.194) (0.147 - 0.167 - 0.188) (0.148 - 0.172 - 0.201) (0.147 - 0.170 - 0.192) | 0.061 / 1.000 / 1.000

Node 3 | (0.149 - 0.171 - 0.195) (0.147 - 0.167 - 0.189)  (0.148 - 0.171 - 0.198) (0.149 - 0.171 - 0.194) | 0.169 / 1.000 / 1.000

Node 1 | (0.165 - 0.187 - 0.210) (0.165 - 0.185 - 0.209) (0.164 - 0.186 - 0.210) (0.167 - 0.188 - 0.211) | 0.561 / 1.000 / 1.000
Scenario 5 Node 2 | (0.170 - 0.193 - 0.218) (0.170 - 0.192 - 0.214) (0.172 - 0.194 - 0.217)  (0.171 - 0.194 - 0.220) | 1.000 / 1.000 / 1.000

Node 3 | (0.177 - 0.207 - 0.240)  (0.169 - 0.197 - 0.224) (0.170 - 0.199 - 0.233) (0.167 - 0.192 - 0.224) | 0.505 / 1.000 / 0.136

Node 1 | (0.165 - 0.188 - 0.212) (0.165 - 0.186 - 0.208) (0.166 - 0.187 - 0.209)  (0.165 - 0.188 - 0.212) | 1.000 / 1.000 / 1.000
Scenario 6 Node 2 | (0.171 - 0.194 - 0.217) (0.170 - 0.191 - 0.214) (0.174 - 0.198 - 0.225) (0.167 - 0.193 - 0.218) | 0.043 / 1.000 / 1.000

Node 3 | (0.177 - 0.204 - 0.236) (0.170 - 0.193 - 0.217)  (0.178 - 0.205 - 0.234) (0.177 - 0.201 - 0.229) | 0.169 / 1.000 / 1.000

(b) GBSG dataset

Table E.2: IBS comparison of isolated, FedAvg, and FedSDS (naive and biased) methods
for Metabric and GBSG in non-IID scenarios. The table presents mean 1BS
values along with ClIs. Adjusted p-values below 0.05, indicating statistically significant
differences compared to the isolated training scenario, are highlighted in bold.

for missing variables, further supporting the robustness of FedSDS techniques in federated
survival analysis.
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Imputation + Imputation + Adjusted
Dataset Imputation Imputation

Synthetic Data naive Synthetic Data biased p-values

Metabric (0.154 - 0.176 - 0.199) (0.156 - 0.178 - 0.201)  (0.139 - 0.168 - 0.196) (0.136 - 0.160 - 0.183) 0.992 / 0.044 / 0.000

GBSG  (0.175-0.197 - 0.220) (0.180 - 0.216 - 0.255)  (0.157 - 0.190 - 0.223) (0.169 - 0.192 - 0.218) 0.992 / 0.122 / 0.009

Table C.5: IBS comparison in Scenario 7 across different FedSDS settings. Average
IBS results with ClIs are presented. Adjusted p-values below 0.05 indicate statistically
significant differences from the isolated case and are highlighted in bold.

E.2.4 Discussion

Improving IBS is inherently more challenging than enhancing the C-index due to its dual
emphasis on discrimination and calibration. While the C-index solely measures the ability of
a model to rank survival probabilities correctly, IBS also penalizes miscalibration, assessing
the alignment of predicted probabilities with actual event outcomes. This enhanced sensitivity
makes IBS particularly vulnerable to model misalignments in scenarios involving heterogeneous
data distributions, censoring effects, or limited sample sizes. As a result, achieving significant
IBS improvements requires methodologies that preserve ranking accuracy while ensuring well-
calibrated survival probabilities. FedSDS biased consistently delivers superior IBS performance
among the tested approaches. This technique aligns synthetic data distributions more closely
with local node characteristics, reducing the impact of heterogeneity and missing critical
covariates and ultimately leading to better-calibrated survival probability estimations.
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Appendix F

Code Availability

This appendix provides direct links to the repositories containing all the necessary code
and resources to ensure full reproducibility of the experiments conducted in this thesis.
These repositories include implementations of the proposed methodologies, experimental
configurations, and validation frameworks used throughout this research. By making these
materials available, we aim to facilitate transparency, foster collaboration, and enable further
advancements in the field. Each repository contains a comprehensive README.m file detailing
the execution process, available scripts, trained models, and the results obtained. Additionally,
a requirements file specifying the necessary packages is included to facilitate the installation of
dependencies. All experiments were conducted using Python 3.8 or 3.9, ensuring compatibility
with the provided code.

e Survival Analysis:

— SAVAE (Section 3.2): https://github.com/Patricia-A-Apellaniz/savae

— CR-SAVAE (Section 3.3): https://github.com/Patricia-A-Apellaniz/cr-savae
e Synthetic Data Generation:

— VAE-BGM (Section 4.2): https://github.com/Patricia-A-Apellaniz/vae-bgm_
data_generator

— Divergence Estimation (Section 4.3): https://github.com/Patricia-A-Apellaniz/
divergence_estimator

— Generation Methodology (Section 4.4): For general-purpose data, the code is avail-
ablein https://github.com/Patricia-A-Apellaniz/low_sample_data_generator.
For medical data, the code is available in https://github.com/Patricia-A-Apellaniz/
medical_low_sample_generator.

o Federated Learning:
— FedVAE (Section 5.3): https://github.com/Patricia-A-Apellaniz/fed_vae

— FedSAVAE (Section 5.4): https://github.com/Patricia-A-Apellaniz/fed_
savae

287


https://github.com/Patricia-A-Apellaniz/savae
https://github.com/Patricia-A-Apellaniz/cr-savae
https://github.com/Patricia-A-Apellaniz/vae-bgm_data_generator
https://github.com/Patricia-A-Apellaniz/vae-bgm_data_generator
https://github.com/Patricia-A-Apellaniz/divergence_estimator
https://github.com/Patricia-A-Apellaniz/divergence_estimator
https://github.com/Patricia-A-Apellaniz/low_sample_data_generator
https://github.com/Patricia-A-Apellaniz/medical_low_sample_generator
https://github.com/Patricia-A-Apellaniz/medical_low_sample_generator
https://github.com/Patricia-A-Apellaniz/fed_vae
https://github.com/Patricia-A-Apellaniz/fed_savae
https://github.com/Patricia-A-Apellaniz/fed_savae




