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Synthetic tabular data generation is increasingly used when real datasets cannot be
shared directly because of privacy, legal, or ethical concerns. However, synthetic
data is useful when it preserves important statistical properties of the real data and
produces reliable results across repeated generations. This thesis investigates the
fidelity metric variability of differentially private (DP) and Non-Differential Private
(Non-DP) synthetic tabular data generators. The main objective is to examine how
closely synthetic data reproduces the univariate distributions of real data and how
much run-to-run dispersion these fidelity measurements show.
The study compares six synthetic data generation methods using three datasets:
Adult, Bank Marketing, and Cardiovascular Disease. The Non-DP synthesizers
include Gaussian Copula, CTGAN, TVAE, and RTVAE, while the DP synthesizers
include AIM and PrivBayes. The experiments are conducted across three sample
sizes, n = 500, n = 5000, and n = 10000. For DP methods, three privacy budget
values are used: ϵ = 1, ϵ = 5, and ϵ = 10. Hellinger distance is used to capture the
geometric difference between probability distributions, while Jensen Shannon distance
is used to capture the information theoretic difference between each distribution and
their shared midpoint distribution.
The results show that the Gaussian Copula model generally achieves high synthetic
data fidelity based on Hellinger and Jensen Shannon distances for categorical variables,
especially for the Adult and Bank datasets. CTGAN and TVAE show moderate
performance, while RTVAE shows higher run-to-run variability for several complex
variables. The Cardio dataset is more difficult for all synthesizers, mainly because of
variables with irregular numerical and clinical distributions. Among the differentially
private synthesizers, AIM generally outperforms PrivBayes by producing lower
distance values and lower-dispersion fidelity scores. Increasing the sample size usually
improves stability, especially from n = 500 to n = 5000. Increasing the privacy
budget from ϵ = 1 to ϵ = 5 generally improves fidelity and stability, although the
improvement from ϵ = 5 to ϵ = 10 did not produce a uniform improvement across
models and variables.

Keywords: Synthetic data, differential privacy, data fidelity, Hellinger distance,
Jensen Shannon distance, privacy budget
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1 Introduction

Data has become a central resource in modern research, digital services, and decision-

making. In fields such as healthcare, finance, public administration, and business,

data is used to identify patterns, develop machine learning models, evaluate the

systems, and support evidence-based decision making. However, many real-world

datasets contain sensitive information, which includes demographic, medical, financial,

or behavioural records. High-dimensional, frequently sparse datasets are intrinsically

susceptible to privacy attacks, as presented by Arvind et.al. where they were

successfully able to locate known users’ Netflix data, revealing their apparent political

inclinations as well as other potentially private information [1]. Another study found

a formula measuring the uniqueness for human mobility by coarsening the data both

physically and temporally, and it revealed that even coarse datasets offer minimal

anonymity [2].

The protection offered by current anonymization methods such as k-anonymity

[3], l-diversity [4], t-closeness [5] are insufficient. This makes it more difficult for us

to share these high variety, high volume, and high velocity datasets, which limits

the advancement and application of data science and machine learning techniques.

As a result, the use and sharing of such data often involves privacy, ethical, legal,

and institutional concerns. This creates an important challenge for researchers and

organisations, they need access to useful data, but this access must only be balanced

with the responsibility to protect the individuals represented in the data [6], [7].
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Synthetic data generation has emerged as one possible response to this challenge.

Instead of directly sharing original records, synthetic data aims to generate artificial

records that are able to preserve useful statistical patterns from the real data. In case

of tabular datasets, this means producing rows and columns that resemble the original

structure, distributions, and relationships of the dataset [6]. However, synthetic data

is not automatically useful or safe simply just because it is artificially created. It is

not intrinsically private to train an off-the-shelf generative algorithm on real data

and then use the trained model to produce synthetic data. Private or objective data

is not produced by standard GANs [8]. Its quality must be evaluated in terms of

how closely it represents the real data, whether it remains useful for analysis, and

whether it reduces privacy risks [7]. Therefore, the evaluation of synthetic tabular

data has become an important area of study, especially when such data is considered

for privacy-aware data sharing and analysis.

Synthetic tabular data generation has been studied as a way to support data

access when real datasets cannot be shared directly. The main idea behind it is to

create artificial records that preserve useful statistical patterns from the original

data, while reducing the need to expose real individual-level records [6], [9]. In case

of tabular data, this task is not very simple because datasets often contain a mixture

of categorical, numerical, binary, ordinal, and imbalanced variables. Therefore, in

any synthetic data generation method, a model must not only be able to keep the

individual variable distributions, but also the structure and relationships with other

variables within the dataset.

Several methods have been proposed for generating synthetic tabular data. Sta-

tistical approaches, such as the Synthetic Data Vault framework and Gaussian

Copula-based models, attempt to learn the distributional structure of tabular data

and generate new records from the estimated model [9]. Classifiers like random

forests, support vector machines, and inverted decision trees were used by early
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generators. Nevertheless, these techniques found it difficult to find a compromise

between the risk of data leakage and classifier accuracy [10], [11]. More recent deep

learning-based methods, such as CTGAN and TVAE, were developed to better

handle the challenges of mixed-type tabular data, including multimodal continuous

variables and imbalanced categorical variables [12]. Using GANs necessitated trans-

forming discrete and categorical columns into a continuous form, either by breaking

them down into a variable number of Gaussian modes or using auto-encoders [12],

[13]. These methods have expanded the practical use of synthetic data, but their

performance can differ depending on dataset structure, sample size, and variable

complexity.

Differential privacy has also become an important direction in synthetic data

generation because it provides a formal privacy framework for limiting the influence

of any single individual in the data [14].The ability to integrate private synthetic data

into the processing of data workflow intended for the real data makes it attractive.

In DP methods such as Private Data Release via Bayesian Networks (PrivBayes)

and Adaptive and Iterative Mechanism (AIM), they generate synthetic records while

adding privacy protection during the modelling process. A key parameter in this

setting is the privacy budget, epsilon, where smaller values usually provide stronger

privacy protection but may reduce the accuracy of the generated data. The precision

that synthetic data may offer under differential privacy, or in any other plausible

definition of privacy, is known to have limitations [15].

The evaluation of synthetic data is commonly discussed through three connected

dimensions: fidelity, utility, and privacy [7], [16], [17]. Fidelity measures how closely

the synthetic data follows the statistical properties of the real data, while utility

examines whether the synthetic data remains useful for analysis or machine learning

tasks. Privacy focuses on the risk that sensitive information from real individuals may

be exposed. In this thesis, the main focus is on fidelity in univariate distributional
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evaluation. In this thesis, run-to-run stability refers to low statistical dispersion of

fidelity scores across repeated synthetic data generations under the same experimental

setting. It is measured using standard deviation, interquartile range, and boxplot

spread. The term is not used in the sense of algorithmic stability or differential

privacy sensitivity. Therefore, variability is not treated as a separate evaluation

concept, but as the statistical dispersion of fidelity scores when the same synthetic

data generation process is repeated under fixed experimental settings.

Although synthetic tabular data generation has received growing attention, exist-

ing studies often focus on whether a generated dataset is close to the real dataset

in terms of fidelity, utility, or privacy risk [6], [7]. Many studies compare different

synthesizers using distributional similarity measures, machine learning utility, or

privacy-related evaluations. However, less attention is given to how much run-to-

run dispersion these fidelity measurements show when the same synthesizer is run

repeatedly under the same experimental setting. This is important because many

synthetic data generation methods are stochastic, meaning that repeated runs may

produce different synthetic datasets and therefore different fidelity scores.

This creates a practical research gap. A synthesizer may achieve a low average

distance from the real data, but if its fidelity scores vary greatly across repeated

runs, the method may be less reliable in practice. In contrast, a method with

slightly higher average distance but lower run-to-run variation may produce more

reproducible results. Therefore, it is not enough to only report a single fidelity score

or compare models based on one generated dataset. The variation of fidelity scores

across repeated runs should also be examined to understand whether the synthesizer

produces stable and reproducible outcomes.

This study addresses this gap by evaluating the run-to-run stability of fidelity

metrics in Differentially Private (DP) and Non-Differentially Private (Non-DP)

synthetic data generation. The distance metrics used in this thesis, including Hellinger



CHAPTER 1. INTRODUCTION 5

distance, and Jensen Shannon distance which are treated as fidelity measures. Their

variation across repeated runs is then used to assess the stability of the synthesizers.

By comparing multiple synthesizers across different datasets, sample sizes, and

privacy budget values, this thesis provides a more detailed view of how model type,

dataset structure, sample size, and differential privacy affect the run-to-run dispersion

of synthetic data fidelity.

The aim of this thesis is to compare the univariate fidelity of DP and Non-DP

synthetic tabular data generation methods and to examine how stable these fidelity

measurements are across repeated runs.

The study uses Hellinger distance which is measuring the overlap between the

probability distributions of each variables, while Jensen–Shannon distance is measur-

ing their information theoretic divergence in a symmetric and bounded form. The

variation of these scores across repeated runs is used to assess run-to-run stability

measured through variability. Based on this, the thesis addresses the following re-

search questions: 1. how much statistical dispersion is observed in the fidelity scores

of synthetic data generation methods across repeated runs, and how do variable types

affect the observed fidelity scores?; 2. how do DP and Non-DP synthesizers differ in

terms of fidelity and run-to-run stability stability?; 3. how the privacy budget affect

the fidelity and run-to-run stability of DP synthesizers? and 4. how does increasing

sample size influence the consistency of fidelity measurements?

This thesis contributes to the evaluation of synthetic tabular data by examining

both the fidelity and run-to-run stability of generated data across repeated runs.

Using both fidelity metrics, the study evaluates how different synthesizers are able to

reproduce data quality under fixed experimental settings. It also compares the DP

and Non-DP synthetic data generation methods across three datasets, three sample

sizes, and three different privacy budgets, including statistical, deep learning-based,

and DP approaches. By analyzing the effects, the study provides insights that can
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help the researchers in future, while selecting synthetic data generation methods

that balance data quality, privacy, and reproducibility.

This thesis consists of five chapters, followed by a Use of AI statement. Chapter 1

introduces the research problem, motivation, research gap, objectives, research ques-

tions, and contributions of the study. Chapter 2 provides the theoretical background

and literature review, covering synthetic tabular data generation, statistical and

deep learning-based synthesizers, differential privacy concepts, and the evaluation

dimensions of fidelity, utility, privacy, and stability. Chapter 3 describes the research

methodology, which incudes the datasets used, preprocessing procedures, experi-

mental setup, privacy budget configurations, sample sizes, and evaluation metrics.

The chapter also explains the repeated-run experimental design used to evaluate the

stability of synthetic data generation.

Chapter 4 presents and discusses the experimental results for both Non-DP

and DP synthesizers, analysing the effects of model type, dataset characteristics,

sample size, variable structure, and privacy budget on fidelity and stability. Finally,

Chapter 5 summarises the key findings, answers the research questions, highlights the

contributions and limitations of the study, and provides recommendations for future

research. Additional experimental details and supplementary results are included in

the appendices.



2 Literature Review

The literature on synthetic tabular data generation mainly focuses on three connected

goals: preserving data fidelity, maintaining practical utility, and reducing privacy

risk. A model that produces synthetic data with strong similarity to the original

data may also increase privacy risk if it memorises individual records. On the other

hand, a model that adds strong privacy protection may reduce the statistical quality

of the generated data. In this chapter we are going to discuss existing approaches

for generating synthetic data.

2.1 Synthetic Tabular Data Generation

Synthetic data generation can be defined as the process of creating artificial data that

is designed to preserve useful statistical patterns from an original dataset [6]. Instead

of directly sharing real records, a synthetic data generator learns patterns from the

real data and produces new records that follow similar distributions and relationships.

In the case of tabular data, this means generating rows and columns that resemble the

structure of the original dataset, including categorical variables, numerical variables,

binary variables, ordinal variables, and target variables. Synthetic tabular data has

gained attention because many real-world datasets cannot be freely shared due to

privacy, ethical, legal, or organisational restrictions [7], [9].

The main motivation for synthetic tabular data generation is to support data

access while reducing direct dependence on sensitive individual-level records. In do-
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mains such as healthcare, finance, public administration, and social science, datasets

often contain personal or sensitive information. These datasets may be useful for

model development, statistical analysis, benchmarking, teaching, or reproducibility

studies, but access to them is often restricted. Synthetic data provides one possible

way to make data-driven work easier by creating artificial records that preserve

important properties of the real data without directly publishing the original records

[9], [18]. However, synthetic data should not be understood as a complete replace-

ment for real data. Its value depends on how well it represents the real data for the

intended purpose and how well it manages possible privacy risks.

Generating synthetic tabular data is a difficult task because tabular datasets

are usually heterogeneous. Unlike image or text data, where the structure is often

more regular, tabular data may contain a mix of continuous, categorical, binary,

ordinal, and highly imbalanced variables. For example, one column may represent

age, another may represent education level, another may represent income group, and

another may represent a disease outcome. A useful synthetic data generator must

therefore learn both the distribution of individual variables and the relationships

between variables. This is important because preserving each column separately does

not guarantee that the generated dataset will preserve the real structure of the data.

For instance, a synthetic dataset may correctly reproduce the distribution of age and

income separately, but still fail to preserve the relationship between age, education,

occupation, and income.

The difficulty of tabular data generation has also been discussed in the context

of deep generative models. Xu et al. [12] explain that tabular data commonly

contains mixed discrete and continuous columns, multimodal continuous variables,

and imbalanced categorical variables. These features make synthetic tabular data

generation more complex than simply sampling from a single distribution. Continuous

variables may not follow a normal distribution and may contain several modes, while
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categorical variables may contain rare categories that are difficult to learn. If these

rare categories are ignored, the synthetic data may look reasonable overall but still

fail to represent important minority groups or less frequent outcomes. Therefore,

both common and rare patterns need to be considered when evaluating synthetic

tabular data.

Synthetic tabular data generation methods can be broadly grouped into statistical,

deep learning-based, and DP approaches. Statistical methods aim to estimate the

distributional structure of the data using probabilistic assumptions. A common

example is the Gaussian Copula-based approach used in the Synthetic Data Vault

framework, where marginal distributions and dependency structures are modelled

before generating new records [9]. Deep learning-based methods, such as CTGAN and

TVAE, attempt to learn more complex patterns from mixed-type tabular datasets

[12].

DP methods add formal privacy protection during the generation process, usually

by introducing controlled noise or limiting the influence of individual records [16],

[19]. These categories are not identical in their goals: Non-DP models often focus

more directly on data fidelity, while DP models try to balance data fidelity with

privacy protection.

A model that produces synthetic data with very high resemblance to the original

data may also increase privacy risk if it memorises training records. In contrast,

a model that adds strong privacy protection may reduce the statistical quality or

analytical usefulness of the synthetic data.

It is therefore important to avoid assuming that synthetic data is automatically

safe just because it is artificial. Stadler et al. [20] show that synthetic data should

not be treated as a simple privacy solution without evaluation. A Non DP generator

trained on sensitive data may still reveal information about the original records,

especially if the model overfits or if the synthetic data contains records that are too
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close to real individuals. This is why synthetic data generation should be evaluated

not only from the perspective of statistical similarity, but also from the perspective of

privacy risk and reproducibility. In privacy-sensitive settings, formal privacy methods

such as differential privacy provide a clearer privacy guarantee, but they may also

reduce fidelity because of the additional noise required during the generation process.

2.1.1 Non-DP Data Generators

The Non-DP synthesizers used in this study represent both statistical and deep

learning-based approaches.

Statistical Methods

• Gaussian Copula: It is a statistical synthetic data generation method used

in the Synthetic Data Vault framework. The main idea behind copula-based

modelling is to separate the marginal distribution of each variable from the

dependency structure between variables. In simple terms, the model first learns

the distribution of each column and then uses a copula to capture how the

columns are related to each other. This makes the method suitable for tabular

data where variables may have different data types and different distributions

[21], [22].

In Data Vault framework, it is used as a practical synthesizer for tabular data.

It estimates the statistical properties of the original table and then samples

new records from the fitted model [9]. Compared with deep learning-based

approaches, Gaussian Copula is generally simpler and less computationally

demanding. However, Gaussian Copula also has limitations. Since it is based

on a statistical approximation of the data distribution, it may struggle when

the real data contains complex non-linear relationships, irregular numerical

distributions, or high-dimensional interactions that are not captured well by
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the estimated dependency structure.

Deep Learning-Based Methods

• CTGAN: Due to their powerful performance and adaptability in data repre-

sentation, generative models beginning with Variational Autoencoders (VAEs)

and then Generative Adversarial Networks (GANs) through their numerous

modifications [23]–[26] have attracted a lot of interest.

CTGAN, or Conditional Tabular Generative Adversarial Network, is a deep

learning-based model developed specifically for synthetic tabular data genera-

tion. It builds on the idea of generative adversarial networks, where two neural

networks are trained together: a generator that creates synthetic samples and a

discriminator that attempts to distinguish synthetic samples from real samples

[27]. Through this adversarial process, the generator learns to produce data

that becomes increasingly similar to the real data distribution. GANs are also

routinely used to generate tabular data, especially in medical records.

For instance, [28] suggested a GAN-based technique for producing discrete

tabular data, whereas [29] employed GANs to produce continuous time-series

medical records. Similarly, medGAN [13] creates heterogeneous, non-time-series

data with continuous and/or binary variables by combining an autoencoder

with a GAN. The goal of ehrGAN [30] is to produce enhanced electronic

health records. TableGAN [22] uses a convolutional neural network to produce

synthetic tabular data and enhances the label column’s quality so that the

generated data can be used to train classifiers. Furthermore, synthetic data in

differential privacy guarantees is produced by PATE-GAN [31].

Tabular data creates specific challenges for standard generative adversarial

networks. Xu et al. [12] explain that tabular datasets often contain a mixture

of discrete and continuous variables, multimodal continuous variables, and
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imbalanced categorical variables. These characteristics make tabular data

harder to model than image-like data. CTGAN addresses these issues using

techniques such as mode-specific normalisation for continuous variables and

conditional training-by-sampling for discrete variables. Mode-specific normali-

sation helps the model handle continuous variables that do not follow a single

normal distribution, while conditional sampling helps the model learn from

minority categories more effectively.

The strength of CTGAN is its flexibility. Since it is based on neural networks,

it can potentially learn complex relationships between variables and handle

different types of tabular data. This makes it useful when the dataset contains

non-linear patterns or mixed variable types. However, adversarial training can

also be unstable. The generator and discriminator may converge differently

across repeated runs, especially when the dataset is small, imbalanced, or

contains rare categories. Because of this, CTGAN may show stronger variation

in fidelity scores across repeated runs compared with simpler statistical models.

• TVAE: It is another deep learning-based method for synthetic tabular data

generation. It is based on the general variational autoencoder framework

proposed by Kingma and Welling [32]. A variational autoencoder learns a

compressed latent representation of the data and then reconstructs or generates

new samples from this latent space. The model consists of an encoder, which

maps the input data into a latent distribution, and a decoder, which generates

data from the latent representation.

In the context of tabular data, TVAE adapts the variational autoencoder

idea to handle mixed data types. Xu et al. [12] introduced TVAE as part

of their tabular data generation study, alongside CTGAN. While CTGAN

uses adversarial training, TVAE uses reconstruction-based learning through a

latent-variable model. This gives TVAE a different training behaviour. It does
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not rely on a discriminator, which may make it less affected by the instability of

adversarial training. At the same time, because it learns a latent representation,

it may smooth the data distribution and may not always preserve rare categories

or sharp categorical boundaries well.

• RTVAE: It is a robust version of the variational autoencoder approach for

tabular data. It is based on the idea that standard variational autoencoders may

be sensitive to outliers, noise, or irregular patterns in the training data. Akrami

et al. [33] proposed a robust variational autoencoder with beta divergence for

tabular data containing mixed categorical and continuous features. The aim

of this approach is to reduce the effect of outlying or corrupted observations

during representation learning. In practical synthetic data libraries such as

SynthCity, RTVAE is provided as a robust VAE-based method for tabular data

generation [34].

The main difference between TVAE and RTVAE is that RTVAE introduces

robustness into the learning objective. Standard VAE-based methods usually

rely on likelihood-based reconstruction and a regularisation term for the latent

distribution. RTVAE modifies this idea by using a robust divergence formulation

so that the model is less influenced by unusual data points. This can be useful

in real tabular datasets where noise, extreme values, or irregular records are

common.

Although robustness can be useful, it does not automatically guarantee better

synthetic data fidelity. If the model treats some rare but valid patterns

as outlying behaviour, it may under-represent them in the generated data .

Similarly, if the model smooths the distribution too strongly, it may preserve

the broad structure of the data but fail to reproduce detailed category-level or

variable-level distributions. Therefore, the behaviour of RTVAE may depend

on the dataset structure and on the type of variables being generated.
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2.1.2 DP Synthetic Data Generators

DP data generators are designed to produce artificial datasets while providing a

formal privacy guarantee for individuals in the original data [16]. Unlike Non-DP

generators, which mainly aim to learn and reproduce the statistical structure of the

real data, these generators must also limit the amount of information that can be

revealed about any single record. This makes them useful in settings where data

contains sensitive personal, medical, financial, or demographic information. However,

the privacy guarantee usually comes with a cost: noise must be introduced during

the generation process, and this can reduce the fidelity of the synthetic data.

Differential privacy provides a mathematical definition of privacy-preserving data

analysis. The main idea is that the output of an algorithm should not change too

much when one individual record is added to or removed from the dataset. In

other words, the presence or absence of one person should have only a limited effect

on the final output. This reduces the risk that an attacker can infer whether a

specific individual was included in the original dataset. Dwork introduced the idea

of calibrating noise to the sensitivity of a query, where sensitivity refers to how much

the output of a function can change because of one record [14]. Dwork and Roth

later provided a broader foundation for differential privacy and described it as a

rigorous framework for privacy-preserving data analysis [35].

Definition 1 (Differential Privacy). A randomized algorithm M with domain N|X |

is (ϵ, δ)-differentially private if, for all subsets S ⊆ Range(M) and for all x, y ∈ N|X |

such that |x − y|1 ≤ 1, the following condition holds:

Pr[M(x) ∈ S] ≤ exp(ϵ) Pr[M(y) ∈ S] + δ. (2.1)

In Equation 2.1, M denotes the randomized privacy mechanism or algorithm.

The set X represents the universe of possible data records, and N|X | represents the
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database domain in histogram form. The terms x and y denote two neighbouring

databases, and the condition |x − y|1 ≤ 1 means that the two databases differ in

at most one individual record. The set S represents any possible subset of outputs

produced by the mechanism, while Range(M) denotes the set of all possible outputs

of M. The probability is taken over the random choices made by the mechanism M.

The parameter ϵ controls the privacy loss. A smaller value of ϵ gives stronger

privacy protection, but it may also reduce the accuracy of the output.

• AIM: This method was proposed by McKenna et al.[16]. It follows a select-

measure-generate approach. First, the method selects useful queries or mea-

surements from the data. Second, it privately measures these queries by adding

noise according to the privacy budget. Third, it generates synthetic data that

is consistent with the noisy measurements. The method is adaptive because

it does not select all measurements at once. Instead, it iteratively chooses

measurements that are expected to be useful for improving the quality of the

synthetic data.

The main strength of AIM is that it is workload-adaptive. A workload refers to

the set of queries or statistics that the synthetic data is expected to preserve.

In many tabular data settings, these queries may include low-dimensional

marginal distributions. AIM uses the available privacy budget to focus on

measurements that are relevant to the workload and useful for approximating

the input data. This is important because the privacy budget is limited. If

the budget is spent on too many unnecessary measurements, the amount of

noise added to each measurement may increase, reducing the quality of the

generated data. By selecting measurements adaptively, AIM attempts to use

the privacy budget more effectively.

• PrivBayes: PrivBayes was proposed by Zhang et al. [19] for private release

of high-dimensional data. The method builds a Bayesian network to represent
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dependencies between attributes in the dataset. Instead of modelling the

full high-dimensional joint distribution directly, it approximates the data

distribution using a set of lower-dimensional conditional distributions. Noise is

then added to these distributions to satisfy differential privacy, and synthetic

records are sampled from the resulting noisy Bayesian network.

The motivation behind PrivBayes was that directly releasing or modelling high-

dimensional data under differential privacy can require a large amount of noise.

When a dataset has many variables, the full joint distribution becomes very

large, and estimating it privately can become inaccurate. A Bayesian network

provides a more compact representation of dependencies between variables.

By decomposing the joint distribution into smaller conditional distributions,

PrivBayes attempts to preserve important relationships while reducing the

dimensionality of the private estimation problem.

PrivBayes has two important stages that can affect its performance. The first

stage is the private construction of the Bayesian network structure. This stage

determines which variables are treated as dependent on which other variables.

The second stage is the private estimation of the conditional distributions used

for sampling synthetic data. Both stages can be affected by the privacy budget,

sample size, and variable cardinality. When the sample size is small or when

variables have many categories, the noisy conditional distributions may become

less reliable. This can lead to higher distance values or greater run-to-run

variability in the generated data.

2.1.3 Evaluation of Synthetic Data Quality

A synthetic dataset is not useful simply because it has the same columns as the

original dataset or because it contains artificial records. Its quality depends on

whether it preserves the important statistical properties of the real data, whether it



2.1 SYNTHETIC TABULAR DATA GENERATION 17

remains useful for analysis, and whether it provides acceptable privacy protection.

For this reason, synthetic data evaluation is very important.

A synthetic dataset with high fidelity may preserve the real data very well, but

this may also increase privacy risk if individual-level patterns are reproduced too

closely. A dataset with strong privacy protection may reduce disclosure risk, but it

may also have lower fidelity or weaker utility due to added noise. Similarly, a dataset

may perform well for a specific prediction task but still fail to preserve some marginal

distributions or minority categories. Therefore, synthetic data quality should not be

judged using only one score. The evaluation should be connected to the purpose of

the synthetic data and the risks involved in its use.

Achieving a perfect match is challenging, though, particularly when privacy

regulations are in place [36], and it may even be undesirable when biases are present

[37]. Examining low-dimensional marginals [13], the syntactical quality of the

synthetic data [38], or the distribution of the other attributes conditional on a feature

which is known to be biased in the original data are some alternatives to looking for

a complete statistical match.

Repeated-run evaluation is therefore useful because it shows whether the quality

of a synthesizer is reproducible across runs. For example, a method may produce

a low average fidelity distance, but if the distance values vary widely across runs,

the method may be less reliable in practice. In contrast, another method may have

slightly higher average distance but much lower variation, meaning that it produces

more predictable results. This distinction matters in practical applications because

researchers and organisations need synthetic data generation methods that are not

only accurate in one run, but also stable across repeated use.
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2.1.4 Fidelity Metrics for Synthetic Data Evaluation

In synthetic tabular data evaluation, fidelity can be assessed at different levels.

Univariate fidelity focuses on individual variables and examines whether each column

in the synthetic data has a distribution similar to the corresponding column in

the real data. Multivariate fidelity focuses on relationships between variables, such

as correlations, conditional distributions, and joint distributions. Since this thesis

focuses on univariate distributional evaluation, the selected fidelity metrics compare

real and synthetic empirical probability distributions at the variable level.

Distance-based fidelity metrics are commonly used because they provide a direct

way to quantify the difference between real and synthetic distributions. In this

setting, a lower distance value indicates that the synthetic distribution is closer to

the real distribution, while a higher value indicates weaker fidelity. For categorical

variables, the empirical distribution can be obtained by calculating the relative

frequency of each category. For binned numerical variables, the same approach can

be used after converting continuous values into discrete intervals. For numerical

variables evaluated through value frequencies or bins, the real and synthetic values

must be aligned before the metric is calculated. This alignment is important because

a category or bin may appear in one dataset but not in the other.

Hellinger Distance

It is a probability distance used to quantify the divergence between two probability

distributions. In this study, it is going to measure how much difference is there

between the empirical distribution of a variable in the synthetic data from the

corresponding distribution in the real data. A lower Hellinger distance therefore

indicates stronger distributional fidelity [39]. Since Hellinger distance is symmetric

and bounded between 0 and 1, and this bound is independent of the distribution

support, it is suitable for comparing fidelity across variables with different numbers
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of categories, bins, or observed values.

For a categorical or discrete variable, let p = (p1, p2, . . . , pk) denote the empirical

probability distribution of a variable in the real data, and let q = (q1, q2, . . . , qk)

denote the corresponding empirical probability distribution in the synthetic data.

Here, k is the number of aligned categories, bins, or observed values. The discrete

Hellinger distance is defined as:

H(p, q) = 1√
2

⌜⃓⃓⎷ k∑︂
i=1

(√pi − √
qi)2 (2.2)

In Equation (2.2), pi and qi represent the probabilities of the ith category, bin, or

observed value in the real and synthetic distributions, respectively.

The value of Hellinger distance lies within the bounded interval shown by the

Equation (2.3).

0 ≤ H(p, q) ≤ 1 (2.3)

In this study, the empirical discrete form in Equation (2.2) is used for categorical

variables and for numerical variables after alignment through observed values or bins.

Therefore, the calculation is based on aligned empirical probability distributions

rather than continuous probability density estimation.

Jensen Shannon Distance

This is another distributional distance used to compare probability distributions. It

is based on Jensen Shannon divergence, which is a symmetric and smoothed form

of Kullback Leibler divergence. The Jensen Shannon divergence was introduced as

an information-theoretic divergence measure based on Shannon entropy [40]. Unlike

direct Kullback Leibler divergence, Jensen Shannon divergence is symmetric and

remains well defined in many cases where the two distributions do not have exactly
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the same support.

For two probability distributions p and q, the midpoint distribution m is defined

as:

m = p + q

2 (2.4)

Using the midpoint distribution from the Equation (2.4), the Jensen Shannon

divergence between p and q is calculated as follows:

JSDdiv(p,q) = 1
2DKL(p ∥ m) + 1

2DKL(q ∥ m) (2.5)

In Equation (2.5), DKL denotes the Kullback Leibler divergence. Based on the

midpoint distribution from Equation (2.4), Equation (2.5) can be rewritten as:

JSDdiv(p,q) = 1
2DKL

(︃
p ∥ p + q

2

)︃
+ 1

2DKL

(︃
q ∥ p + q

2

)︃
(2.6)

The Jensen Shannon distance is obtained by taking the square root of the Jensen

Shannon divergence, as shown in Equation (2.7).

JSD(p, q) =
√︂

JSDdiv(p, q) (2.7)

Endres and Schindelin [41] showed that the square root form in Equation 2.7

defines a metric for probability distributions. This makes Jensen–Shannon distance

suitable for comparing real and synthetic probability distributions in a stable and

interpretable way. When logarithms with base 2 are used, Jensen Shannon divergence

is bounded between 0 and 1. Therefore, Jensen Shannon distance also lies between 0

and 1. A value of 0 indicates identical distributions, while values closer to 1 indicate

larger differences between the real and synthetic distributions.



3 Methodology

In this chapter we will present the experimental procedure used in this study. Here

we will presents the datasets, preprocessing steps, synthetic data generation methods,

experimental settings, and evaluation procedure.

The experiments were carried out using three public tabular datasets: Adult [42],

Bank Marketing [43], and Cardiovascular Disease [44] which will be discussed in

detail later in the chapter.

3.1 Experimental Design Overview

The experimental design followed a fixed pipeline consisting of four main stages:

dataset preprocessing, synthetic data generation, fidelity metric calculation, and

result aggregation. First, each original dataset was cleaned and preprocessed as

a complete dataset. After preprocessing, samples of size n = 500, n = 5000, and

n = 10000 were drawn from the preprocessed data and used to train the synthesizers.

The same overall procedure was applied to all datasets and synthesizers. For

the Non-DP synthesizers, the cleaned preprocessed datasets were used. These

synthesizers included Gaussian Copula, CTGAN, TVAE, and RTVAE. For the DP

synthesizers, the preprocessed dataset was discretised and then it was used. These

synthesizers included AIM and PrivBayes. The DP synthesizers were evaluated using

three privacy budget values: ϵ = 1, ϵ = 5, and ϵ = 10.

For each valid configuration, 100 synthetic datasets were generated using separate



3.2 DATASETS 22

random seeds to make the repeated experiments reproducible. The generated

synthetic datasets were evaluated using Hellinger distance and Jensen Shannon

distance as fidelity metrics. The repeated runs were then used to examine the

run-to-run variation of these fidelity scores.

Some AIM configurations were excluded from the final analysis because they

could not be completed within the available computational resources. These excluded

configurations were AIM with ϵ = 5 for the Bank dataset at n = 10000, AIM with

ϵ = 10 for the Adult dataset at n = 10000, and AIM with ϵ = 10 for the Bank

dataset at both n = 5000 and n = 10000. For all completed configurations, repeated

runs were used to examine the run-to-run variation of the fidelity metrics including

Hellinger distance and Jensen Shannon distance.

3.2 Datasets

The following subsections describe each of the three dataset and its final representation

in the experiments.

Adult Dataset

The Adult dataset was obtained from the UCI Machine Learning Repository [42]. It

contained the demographic and employment-related records and it is commonly used

for income classification for target variable income. The Adult dataset contained

32,561 records and 15 variables. The dataset consisted of 9 categorical variables and

6 numerical variables.

Bank Dataset

The Bank Marketing dataset was obtained from the UCI Machine Learning Repository

[43]. The dataset contained records from direct marketing campaigns of a Portuguese
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banking institution, where the target variable indicates whether a client subscribed

to a term deposit. The target variable was y, with two classes: yes and no. The raw

version of the dataset contained 45,211 records and 17 variables. It consists of 10

categorical and 7 numerical variables.

Cardio Dataset

The Cardiovascular Disease dataset was obtained from Kaggle [44]. The dataset

contained patient-level health and lifestyle information. The target variable is cardio,

which indicated whether cardiovascular disease is present or not. The raw dataset

contained 69,988 records. It had 13 variables out of which 7 were categorical variables

and 5 were numerical variables.

3.3 Data Preprocessing

In the preprocessing, each dataset was converted into a consistent tabular format,

each was checked for missing values, and saved as a preprocessed file.

Data Cleaning

Initial preprocessing was carried out separately for each full dataset before synthetic

data generation. The main steps what were included were: assigning suitable

column names, removing unnecessary identifier columns, checking missing values,

and preparing the datasets in a consistent tabular format.

For the Adult dataset, the column names were assigned manually because the

original data file did not include a header row. After assigning the column names,

the dataset was checked for missing values, and no missing values were found in any

variables except for three variables workclass, occupation, and native_country.

Each had entries represented by unknown marker ?, and they were handled by
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replacing them with the category "Unknown". This avoided removing records to keep

the originality of the dataset.

For the Bank dataset, it was checked for missing values and no missing values

were found except for four variables job, education, contact and poutcome. The

value unknown was retained as a valid category for these variables.

For the Cardiovascular Disease dataset, the identifier column was removed because

it did not provide useful information for synthetic data generation. The age variable

was converted from days to years. The dataset was checked for missing values, and

no missing values were found, and after removing the identifier column, only 12

variables were used for synthetic data generation.

Dataset Versions Used for Synthetic Data Generation:

After data cleaning, two versions of each dataset were created for each dataset. The

first version preserved the cleaned numerical and categorical variables. This version

was used for the Non-DP synthesizers.

The second version was used for DP synthesizers, In this version, numerical

variables were replaced with binned variables as discussed in next section.

Binning

Numerical variables were transformed into binned variables. Discretization is com-

monly used to convert continuous attributes into categorical intervals and is often

required in DP synthetic data generation workflows [45]. Since discretisation was ap-

plied only to the DP dataset versions, the DP and Non-DP synthesizers were trained

on different representations of the same original datasets. Therefore, the comparison

between DP and Non-DP methods should be interpreted with this preprocessing

difference in mind.

Two binning strategies were used. Manual binning was applied when meaningful
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interval ranges could be defined directly. Quantile-based binning was applied when

variables had skewed distributions and required more balanced bin sizes [45], [46].

Several numerical variables in each dataset were discretised using either interval-

based ranges or quantile-based binning. In the Adult dataset, five numerical variables

were binned: age, fnlwgt, capital_gain, capital_loss, and hours_per_week.

In the Bank dataset, seven numerical variables were binned: age, balance, day,

duration, campaign, pdays, and previous. In the Cardio dataset, five numerical

variables were binned: age, height, weight, ap_hi, and ap_lo. All of these variable

were converted into corresponding binned variables. The resulting discretised datasets

were used as the DP dataset versions for AIM and PrivBayes.

3.4 Experimentation

Data generation was carried out separately for each dataset, synthesizer, sample size,

and privacy setting. For each run, a real data sample of size n was first drawn from

the corresponding preprocessed dataset. The synthesizer was then trained on this

sample and used to generate a synthetic dataset of the same size.

The generated datasets were saved directly after generation, without applying

additional post-processing. Some of the python libraries and their versions are

discussed in the Table 3.1.

Gaussian Copula was implemented using the python SDV library and its version

can be seen in the Table 3.1. The model first detected the metadata of the input table,

and categorical variables were specified using the dataset configuration. CTGAN and

TVAE were implemented using the ctgan library. Both models were trained using

the list of discrete columns defined for each dataset. RTVAE was implemented using

the synthcity library, where each real data sample was passed through a generic

tabular data loader before model fitting.

AIM was implemented using the snsynth library. PrivBayes was implemented
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using the synthcity library.

For each valid configuration, 100 synthetic datasets were generated. For CTGAN,

TVAE, and RTVAE, the default number of training epochs or iterations was set to

300, and the batch size was set to 250. Gaussian Copula does not use epochs or

batch size in the same way as neural network-based models.

Library Version Purpose Reference

SciPy 1.13.1
Calculation of distance metrics (Jensen

Shannon)
[47]

CTGAN 0.12.1 Implementation of CTGAN and TVAE. [48]

SDV 1.36.1
Implementation of the Gaussian

Copula.
[49]

SynthCity 0.2.4
Implementation of RTVAE and

PrivBayes.
[50]

SmartNoise

(snsynth)
1.0.8 Implementation of the AIM. [51]

MBI 1.1.0 Supporting package used by AIM. [52]

Table 3.1: Version of libraries used in the experiments

Three sample sizes were used in the experiments: n = 500, n = 5000, and

n = 10000. These sample sizes were applied to each dataset and synthesizer where

computationally feasible. The same sample size was used for both training and

generation, meaning that a model trained on n real records generated n synthetic

records.

Each valid experimental configuration was repeated 100 times. The generated
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synthetic datasets were saved as separate CSV files for each run. In each run, a

different random seed was used. The seed was assigned according to the run index:

seed = run_index -1

For DP synthesizers, three privacy budget values were used and they were passes

as model parameter during the training: ϵ ∈ {1, 5, 10}

Computational Environment

The experiments were executed on the Puhti supercomputer using SLURM job

scripts. The jobs were submitted separately for different combinations of dataset,

synthesizer, sample size, and privacy budget.

3.5 Evaluation Procedure

The evaluation was carried out using univariate distributional comparisons between

real and synthetic data. For each generated synthetic dataset, the corresponding

real sample was recreated using the same sample size and random seed used during

synthetic data generation. This ensured that each synthetic dataset was compared

with the real sample used to train its synthesizer.

Since analysing every variable in detail would make the results section unneces-

sarily long, five representative variables were selected from each dataset for the main

analysis. For the Adult dataset, the selected variables were workclass, education,

relationship, occupation, and income. For the Bank dataset, the selected vari-

ables were job, education, contact, poutcome, and y. For the Cardio dataset, the

selected variables were age, cholesterol, gluc, ap_hi, and cardio. These vari-

ables were chosen to provide examples of categorical, binary, ordinal, and numerical

variables across all three datasets.

For each variable, the real and synthetic columns were converted into empirical
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probability distributions. The categories or bins present in the real and synthetic

data were aligned before calculating the distance metrics. If a category appeared in

one distribution but not in the other, its probability was set to zero for the missing

side.

Aggregation Across Runs

For each synthetic dataset, distance scores were calculated separately for each variable

and the results were stored in a separate file.

For each valid experimental configuration, the distance scores were then aggre-

gated across repeated runs. The mean distance was used to summarise the average

fidelity of a synthesizer for a given variable, while the standard deviation (SD) was

used to describe how much the fidelity scores varied across repeated runs. In addition

to the mean and standard deviation, the median and interquartile range were also

computed. The median provided a summary of the typical fidelity score, especially

when some runs produce unusually high or low distance values. The interquartile

range measures the spread of the middle 50% of the repeated-run scores and is

therefore it is useful for describing variability in a way that is less affected by extreme

values.

The aggregated statistics were also supported by boxplots. Boxplots were used

to visualise the distribution of fidelity scores across repeated runs for each dataset,

synthesizer, sample size, privacy budget where applicable, and selected variable. In

these plots, the central line represents the median, the box represents the interquartile

range, and the whiskers and outlying points show the wider spread of the repeated-

run results. Therefore, the boxplots provide a visual way to compare both fidelity

and run-to-run stability across synthesizers and experimental settings.

For a distance score dr obtained in run r, the mean distance across R runs is

defined as: d̄ = 1
R

∑︁R
r=1 dr
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The standard deviation across runs is defined as: s =
√︂

1
R−1

∑︁R
r=1(dr − d̄)2 where

R is the number of completed runs for the configuration. Lower mean distance

indicates better distributional similarity, while a lower standard deviation indicates

lower run-to-run variability across repeated runs.

Median can be calculated as follows: the distance scores were first arranged from

the smallest to the largest value. If the number of runs was odd, the middle value

was taken as the median. If the number of runs was even, the median was calculated

as the average of the two middle values.

The interquartile range is defined as the difference between the third quartile and

the first quartile: IQR = Q3 − Q1

where Q1 is the first quartile and Q3 is the third quartile of the ordered distance

scores.



4 Results and Discussion

In this chapter, we will present the experimental results of the univariate evaluation.

The analysis is organised by synthesizer type, and it begins with the Non-DP

synthesizers and then proceeds to the DP synthesizers.

The tables report summarises the statistics such as mean, median, standard

deviation, and interquartile range, while the boxplots show the distribution of fidelity

scores across repeated runs.

The analysis in this chapter focuses on a selected set of variables from each

dataset. For the Adult dataset, the selected variables are workclass, education,

relationship, occupation, and income. For the Bank dataset, the selected vari-

ables are job, education, contact, poutcome, and y. For the Cardio dataset, the

selected variables are age, cholesterol, gluc, ap_hi, and cardio. In the DP

analysis, numerical variables are evaluated in their discretised form where applicable,

for example age_bin and ap_hi_bin for the Cardio dataset.

The complete set of variable-level boxplots for all three datasets is provided in

Appendix A.

4.1 Non-DP Synthesizers

This section presents the univariate fidelity results for the Non-DP synthesizers:

Gaussian Copula, CTGAN, TVAE, and RTVAE.



4.1 NON-DP SYNTHESIZERS 31

4.1.1 Adult Dataset

The tables 4.1 and 4.2 show that both of the distances for Gaussian Copula are the

lowest across the selected variables. Its average Hellinger distance decreases from

about 0.044 at n = 500 to 0.014 at n = 5000 and 0.010 at n = 10000. A similar trend

appears for Jensen Shannon Distance, where the average distance decreases from

about 0.052 to 0.017 and then 0.012. For example, for workclass, the mean distance

decreases from 0.042 at n = 500 to 0.015 at n = 5000 and 0.011 at n = 10000. The

box plots 4.1 and 4.2 are also narrow, showing low run-to-run variation.

CTGAN

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

workclass 0.055 0.021 0.025 0.054 0.079 0.028 0.033 0.071 0.083 0.027 0.028 0.077
education 0.094 0.018 0.023 0.093 0.081 0.010 0.010 0.080 0.078 0.008 0.011 0.078
relationship 0.074 0.024 0.033 0.071 0.078 0.022 0.030 0.078 0.076 0.019 0.025 0.074
occupation 0.082 0.014 0.021 0.083 0.105 0.020 0.028 0.104 0.111 0.020 0.024 0.112
income 0.049 0.033 0.046 0.047 0.033 0.023 0.037 0.031 0.029 0.018 0.025 0.029

Gaussian Copula

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

workclass 0.042 0.012 0.017 0.043 0.015 0.005 0.006 0.015 0.011 0.003 0.004 0.011
education 0.062 0.011 0.013 0.063 0.020 0.004 0.005 0.020 0.014 0.002 0.003 0.014
relationship 0.037 0.012 0.020 0.036 0.011 0.003 0.004 0.011 0.008 0.003 0.003 0.008
occupation 0.059 0.012 0.021 0.057 0.019 0.003 0.004 0.020 0.014 0.003 0.004 0.014
income 0.021 0.012 0.018 0.018 0.006 0.004 0.006 0.005 0.003 0.003 0.004 0.003

Note. Values are reported across repeated 100 runs. SD denotes standard deviation, and IQR
denotes interquartile range.

Table 4.1: Hellinger distance summary for selected Adult variables using CTGAN
and Gaussian Copula

CTGAN produces higher distances than Gaussian Copula, but its results remain

relatively controlled. Its average Hellinger distance stays around 0.071–0.075, while

its Jensen Shannon Distance stays around 0.085–0.090 across the three sample

sizes. The CTGAN box plots Figure 4.1, 4.2 show moderate spread, especially for

occupation, but the median and mean values remain fairly close, suggesting no

major skew in most variables.
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CTGAN

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

workclass 0.066 0.025 0.030 0.064 0.094 0.034 0.040 0.084 0.099 0.032 0.034 0.091
education 0.112 0.021 0.027 0.112 0.097 0.012 0.012 0.096 0.093 0.010 0.013 0.093
relationship 0.088 0.029 0.039 0.085 0.094 0.027 0.036 0.093 0.091 0.022 0.030 0.089
occupation 0.099 0.017 0.026 0.099 0.126 0.024 0.033 0.124 0.133 0.024 0.029 0.134
income 0.059 0.039 0.056 0.056 0.040 0.027 0.044 0.037 0.034 0.022 0.030 0.035

Gaussian Copula

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

workclass 0.049 0.015 0.020 0.050 0.018 0.005 0.007 0.017 0.013 0.003 0.004 0.013
education 0.073 0.013 0.018 0.075 0.024 0.005 0.005 0.024 0.017 0.003 0.003 0.017
relationship 0.045 0.015 0.024 0.043 0.013 0.004 0.005 0.013 0.010 0.003 0.003 0.009
occupation 0.069 0.014 0.024 0.067 0.023 0.004 0.005 0.023 0.016 0.003 0.004 0.016
income 0.025 0.015 0.022 0.022 0.007 0.005 0.007 0.006 0.004 0.003 0.005 0.003

Note. Values are reported across repeated 100 runs. SD denotes standard deviation, and IQR
denotes interquartile range.

Table 4.2: Jensen–Shannon distance summary for selected Adult variables using
CTGAN and Gaussian Copula

For the autoencoder-based models in tables 4.3 and 4.4, the Adult dataset shows

larger distances and greater variation. TVAE has relatively high distances at n =

500, with an average Hellinger distance of about 0.286 and Jensen Shannon Distance

of about 0.308. However, its results improve clearly at when the size of is increased,

with the average Hellinger distance falling to 0.107 at n = 5000 and 0.086 at n =

10000. The same pattern appears for Jensen Shannon Distance.

RTVAE has the weakest overall performance in this dataset, with the highest

average distances and the widest box plots. Its average Hellinger distance decreases

from 0.326 to 0.248 and then 0.229, while Jensen Shannon Distance decreases from

0.349 to 0.269 and then 0.248. The largest spreads appear for education and

occupation, showing that these variables are harder to reproduce across runs. In

contrast, income shows lower distances and smaller variation across most synthesizers.

For a more detailed variable-level view of the boxplot distributions for the Adult

dataset, including all variables can be referred to Appendix A, Figures A.1 and A.2.

In addition to the distance values, the stability pattern also differs across the
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TVAE

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

workclass 0.393 0.018 0.026 0.397 0.169 0.048 0.076 0.172 0.114 0.030 0.049 0.112
education 0.317 0.033 0.044 0.317 0.120 0.027 0.030 0.118 0.109 0.026 0.029 0.107
relationship 0.256 0.036 0.058 0.256 0.087 0.021 0.027 0.089 0.081 0.017 0.023 0.080
occupation 0.331 0.035 0.048 0.332 0.150 0.026 0.039 0.147 0.115 0.020 0.027 0.116
income 0.132 0.038 0.049 0.137 0.011 0.009 0.011 0.009 0.013 0.008 0.011 0.011

RTVAE

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

workclass 0.131 0.044 0.067 0.127 0.079 0.033 0.030 0.074 0.055 0.026 0.020 0.050
education 0.651 0.048 0.049 0.640 0.560 0.192 0.306 0.671 0.536 0.176 0.299 0.628
relationship 0.079 0.030 0.035 0.077 0.044 0.020 0.018 0.041 0.038 0.018 0.019 0.037
occupation 0.729 0.055 0.044 0.739 0.531 0.119 0.093 0.584 0.501 0.104 0.109 0.531
income 0.041 0.030 0.045 0.040 0.024 0.017 0.022 0.021 0.014 0.010 0.011 0.012

Note. Values are reported across repeated 100 runs. SD denotes standard deviation, and IQR
denotes interquartile range.

Table 4.3: Hellinger distance summary for selected Adult variables using TVAE and
RTVAE

TVAE

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

workclass 0.404 0.016 0.022 0.407 0.191 0.050 0.081 0.195 0.133 0.033 0.052 0.131
education 0.338 0.032 0.042 0.342 0.141 0.032 0.033 0.140 0.128 0.031 0.035 0.126
relationship 0.282 0.036 0.054 0.283 0.102 0.023 0.031 0.105 0.096 0.019 0.025 0.096
occupation 0.357 0.037 0.047 0.358 0.174 0.029 0.043 0.171 0.136 0.023 0.032 0.138
income 0.157 0.045 0.058 0.163 0.013 0.010 0.013 0.011 0.015 0.010 0.013 0.013

RTVAE

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

workclass 0.150 0.045 0.062 0.146 0.094 0.038 0.036 0.089 0.065 0.031 0.024 0.059
education 0.688 0.054 0.051 0.678 0.607 0.206 0.338 0.723 0.582 0.190 0.339 0.682
relationship 0.094 0.035 0.041 0.092 0.053 0.024 0.022 0.049 0.046 0.021 0.023 0.044
occupation 0.765 0.057 0.048 0.778 0.560 0.118 0.099 0.609 0.529 0.105 0.118 0.557
income 0.050 0.035 0.054 0.047 0.029 0.020 0.026 0.026 0.017 0.012 0.013 0.014

Note. Values are reported across repeated 100 runs. SD denotes standard deviation, and IQR
denotes interquartile range.

Table 4.4: Jensen–Shannon distance summary for selected Adult variables using
TVAE and RTVAE
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Figure 4.1: Hellinger distance results for selected variables in the Adult dataset.
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synthesizers. Gaussian Copula shows the lowest run-to-run dispersion across repeated

runs, with its average Hellinger standard deviation decreasing from about 0.012 at n

= 500 to around 0.003 at n = 10000. This suggests that increasing the sample size

makes its results not only more accurate but also reduces run-to-run dispersion. From

Figure 4.1 and 4.2, the CTGAN shows a different pattern, as its variability changes

only slightly with larger samples, with the average Hellinger standard deviation

moving from about 0.022 at n = 500 to about 0.018 at n = 10000. This indicates that

CTGAN’s variation is not mainly caused by sample size, but may also come from

the random nature of adversarial training. RTVAE shows a clear high-dispersion

issue for education, where the Hellinger standard deviation remains high at larger

sample sizes, around 0.192 at n = 5000 and 0.176 at n = 10000. This means that

repeated RTVAE runs are not able to reproduce the variable across runs. The results

also suggest that income is easier to model because it has only two categories, while

education and occupation are more difficult because they contain more categories

and uneven category frequencies, making rare groups harder to preserve.

4.1.2 Bank Dataset

From the table 4.5, the Gaussian Copula average Hellinger distance decreases from

about 0.032 at n = 500 to 0.009 at n = 5000 and 0.007 at n = 10000. Jensen Shannon

Distance follows the same trend, decreasing from about 0.038 to 0.011 and then

0.008. The box plots 4.3 are very compact across all variables, showing that Gaussian

Copula remains stable across repeated runs.

CTGAN has moderate distances, but unlike Gaussian Copula, its distances do not

decrease with sample size. Its average Hellinger distance increases from about 0.058

at n = 500 to 0.073 at n = 5000 and remains around 0.071 at n = 10000. For job, the

mean distance increases from 0.073 at n = 500 to 0.110 at n = 5000 and remains high

at 0.107 for n = 10000. A similar pattern is observed for poutcome. This suggests
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Figure 4.2: Jensen–Shannon distance results for selected variables in the Adult
dataset.
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CTGAN

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

contact 0.061 0.029 0.041 0.061 0.055 0.025 0.036 0.053 0.058 0.027 0.039 0.053
education 0.058 0.025 0.036 0.052 0.080 0.035 0.050 0.077 0.066 0.025 0.035 0.063
job 0.073 0.016 0.024 0.072 0.110 0.024 0.031 0.111 0.107 0.029 0.043 0.105
poutcome 0.048 0.020 0.024 0.045 0.066 0.013 0.015 0.063 0.064 0.016 0.020 0.061
y 0.047 0.033 0.055 0.047 0.054 0.045 0.066 0.042 0.057 0.045 0.052 0.043

Gaussian Copula

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

contact 0.024 0.013 0.015 0.023 0.007 0.004 0.004 0.006 0.005 0.003 0.004 0.005
education 0.029 0.013 0.018 0.027 0.009 0.004 0.005 0.008 0.007 0.003 0.004 0.006
job 0.055 0.013 0.017 0.054 0.016 0.003 0.004 0.016 0.011 0.002 0.003 0.011
poutcome 0.029 0.013 0.015 0.028 0.008 0.004 0.005 0.008 0.007 0.002 0.003 0.006
y 0.021 0.015 0.021 0.018 0.005 0.004 0.005 0.004 0.004 0.003 0.004 0.004

Note. Values are reported across repeated 100 runs. SD denotes standard deviation, and IQR
denotes interquartile range.

Table 4.5: Hellinger distance summary for selected Bank variables using CTGAN
and Gaussian Copula

CTGAN

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

contact 0.073 0.035 0.049 0.073 0.066 0.030 0.044 0.063 0.070 0.033 0.047 0.063
education 0.069 0.030 0.043 0.062 0.096 0.042 0.060 0.092 0.079 0.029 0.042 0.076
job 0.088 0.020 0.029 0.087 0.132 0.028 0.037 0.132 0.128 0.034 0.051 0.126
poutcome 0.058 0.024 0.029 0.054 0.079 0.015 0.018 0.076 0.077 0.019 0.024 0.073
y 0.057 0.040 0.066 0.056 0.065 0.053 0.079 0.051 0.068 0.054 0.062 0.051

Gaussian Copula

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

contact 0.028 0.016 0.018 0.027 0.008 0.004 0.005 0.008 0.006 0.003 0.004 0.005
education 0.035 0.015 0.022 0.033 0.011 0.005 0.007 0.010 0.008 0.003 0.004 0.007
job 0.066 0.014 0.021 0.064 0.020 0.004 0.005 0.019 0.014 0.003 0.004 0.014
poutcome 0.035 0.015 0.018 0.034 0.010 0.005 0.006 0.009 0.008 0.003 0.004 0.008
y 0.025 0.017 0.026 0.021 0.006 0.005 0.006 0.005 0.005 0.004 0.005 0.004

Note. Values are reported across repeated 100 runs. SD denotes standard deviation, and IQR
denotes interquartile range.

Table 4.6: Jensen–Shannon distance summary for selected Bank variables using
CTGAN and Gaussian Copula
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that larger training samples do not necessarily improve CTGAN’s univariate fidelity

for these categorical variables. The variability of CTGAN’s fidelity scores is generally

moderate, although the target variable y shows wider dispersion, which may be

related to its imbalanced binary distribution. Jensen Shannon Distance follows the

same pattern, increasing from 0.069 to around 0.088 and 0.084. The boxplots show

more spread for job and y, while contact and poutcome remain comparatively more

stable.
TVAE

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

contact 0.200 0.022 0.033 0.199 0.123 0.019 0.023 0.122 0.127 0.017 0.017 0.127
education 0.268 0.042 0.062 0.264 0.132 0.014 0.018 0.133 0.135 0.014 0.019 0.135
job 0.385 0.037 0.050 0.386 0.215 0.021 0.028 0.212 0.203 0.017 0.021 0.201
poutcome 0.199 0.015 0.020 0.198 0.095 0.023 0.028 0.097 0.099 0.019 0.028 0.099
y 0.194 0.032 0.045 0.195 0.039 0.030 0.044 0.033 0.040 0.028 0.046 0.035

RTVAE

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

contact 0.042 0.020 0.025 0.040 0.039 0.014 0.017 0.041 0.037 0.015 0.022 0.033
education 0.062 0.025 0.035 0.060 0.036 0.015 0.019 0.036 0.032 0.012 0.017 0.032
job 0.666 0.051 0.045 0.680 0.379 0.123 0.113 0.368 0.358 0.144 0.160 0.379
poutcome 0.079 0.026 0.039 0.079 0.065 0.027 0.027 0.056 0.052 0.014 0.020 0.052
y 0.053 0.026 0.039 0.051 0.054 0.020 0.030 0.054 0.038 0.016 0.018 0.039

Note. Values are reported across repeated 100 runs. SD denotes standard deviation, and IQR
denotes interquartile range.

Table 4.7: Hellinger distance summary for selected Bank variables using TVAE and
RTVAE

From the table 4.7 and 4.8, for TVAE, it shows a clear improvement from small

to larger sample sizes. At n = 500, TVAE has an average Hellinger distance of

about 0.249 and Jensen Shannon Distance of about 0.271. These values drop to

about 0.121 and 0.136, respectively, at both n = 5000 and n = 10000. The largest

TVAE distances occur for job and education, especially at the smallest sample size.

RTVAE performs better than TVAE on average in the Bank dataset, but it still

shows noticeable variability. Its average Hellinger distance decreases from 0.180 to

0.115 and then 0.103, while Jensen Shannon Distance decreases from 0.196 to 0.130
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and then 0.117.
TVAE

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

contact 0.213 0.023 0.030 0.209 0.143 0.019 0.025 0.142 0.146 0.018 0.020 0.147
education 0.302 0.048 0.072 0.296 0.142 0.011 0.011 0.144 0.147 0.011 0.015 0.148
job 0.414 0.038 0.055 0.417 0.240 0.023 0.028 0.238 0.226 0.018 0.018 0.223
poutcome 0.214 0.014 0.020 0.214 0.111 0.025 0.032 0.113 0.115 0.021 0.030 0.116
y 0.213 0.025 0.037 0.214 0.046 0.036 0.053 0.039 0.048 0.033 0.055 0.042

RTVAE

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

contact 0.050 0.024 0.030 0.048 0.047 0.016 0.020 0.049 0.045 0.018 0.026 0.039
education 0.074 0.028 0.042 0.072 0.043 0.017 0.022 0.043 0.038 0.015 0.020 0.038
job 0.697 0.057 0.050 0.711 0.416 0.137 0.108 0.398 0.393 0.160 0.209 0.401
poutcome 0.094 0.031 0.046 0.094 0.078 0.032 0.032 0.067 0.062 0.016 0.023 0.062
y 0.064 0.031 0.047 0.061 0.065 0.024 0.036 0.065 0.045 0.019 0.021 0.046

Note. Values are reported across repeated 100 runs. SD denotes standard deviation, and IQR
denotes interquartile range.

Table 4.8: Jensen–Shannon distance summary for selected Bank variables using
TVAE and RTVAE

However, RTVAE performs poorly for job, where the mean distance remains

high across all sample sizes, decreasing from 0.666 at n = 500 to 0.358 at n = 10000.

The box plots 4.3 and 4.4 for job also show substantial spread, indicating high

run-to-run variability in the fidelity scores. The Bank results show that job is the

most challenging selected variable, while contact, poutcome, and y are relatively

more stable.

In terms of run-to-run stability, the Bank dataset further shows that Gaussian

Copula benefits the most from larger sample sizes, as its average Hellinger standard

deviation decreases from about 0.013 at n = 500 to 0.003 at n = 10000. CTGAN

does not show the same stability gain, since its average Hellinger standard deviation

remains almost unchanged, around 0.025–0.028 across the three sample sizes. This

indicates that its variation may be linked more to the stochastic adversarial training

process than to the amount of training data alone. For RTVAE, the main instability

is observed for job, where the Hellinger and Jensen Shannon standard deviations
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Figure 4.3: Hellinger distance results for selected variables in the Bank dataset.
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remain high at n = 10000, around 0.144 and 0.160, respectively. This implies that

that job is difficult to reproduce with low run-to-run variability, likely because

it contains several categories with uneven frequencies. The target variable y also

shows noticeable variation for CTGAN, which may be due to the imbalanced class

distribution, where small changes in the minority class proportion can have a visible

effect on the distance scores.

For a more detailed variable-level view of the boxplot distributions for the Bank

dataset, including all variables, can be referred to Appendix A, Figures A.3 and A.4.

4.1.3 Cardio Dataset

From Table 4.9 and Table 4.10, the overall distance values for Cardio dataset are

higher than in Adult and Bank. Gaussian Copula is still the most stable model in

terms of boxplot spread, but its mean distances are higher because variables such as

ap_hi are difficult to reproduce. Its average Hellinger distance is about 0.204 at n =

500, 0.184 at n = 5000, and 0.183 at n = 10000. A similar pattern is observed for age.

These two variables are ordinal variables, which makes their marginal distributions

easier to approximate.

For Jensen Shannon Distance, the average values are about 0.221, 0.201, and

0.200. The boxplots remain narrow, but the distance for ap_hi stays high across all

sample sizes. CTGAN shows some improvement from n = 500 to larger sample sizes.

Its average Hellinger distance decreases from 0.259 to 0.203 and then stays around

0.206, while Jensen Shannon Distance decreases from 0.277 to 0.225 and then 0.230.

However, the CTGAN box plots from the Figures 4.5 and 4.6, it can be observed

that they become wider at larger sample sizes for some variables, especially cardio,

gluc, and cholesterol.

From the Table 4.11 and 4.12, the Cardio dataset shows a decrease in average

distance after increasing the sample size from 500 to 5000. Its average Hellinger
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Figure 4.4: Jensen–Shannon distance results for selected variables in the Bank
dataset.
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CTGAN

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

age 0.331 0.066 0.097 0.312 0.152 0.028 0.035 0.149 0.142 0.023 0.032 0.141
ap_hi 0.816 0.023 0.028 0.814 0.660 0.121 0.219 0.653 0.683 0.129 0.043 0.748
cardio 0.031 0.023 0.028 0.028 0.046 0.030 0.044 0.038 0.054 0.034 0.057 0.053
cholesterol 0.058 0.021 0.025 0.057 0.077 0.038 0.057 0.073 0.072 0.041 0.063 0.070
gluc 0.058 0.017 0.025 0.058 0.079 0.038 0.060 0.076 0.078 0.042 0.065 0.076

Gaussian Copula

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

age 0.150 0.023 0.028 0.147 0.109 0.015 0.014 0.107 0.108 0.018 0.013 0.105
ap_hi 0.812 0.032 0.021 0.806 0.795 0.029 0.039 0.789 0.792 0.019 0.027 0.792
cardio 0.015 0.011 0.015 0.013 0.003 0.002 0.004 0.003 0.003 0.002 0.003 0.003
cholesterol 0.021 0.011 0.018 0.019 0.007 0.004 0.005 0.006 0.005 0.003 0.004 0.005
gluc 0.021 0.012 0.017 0.020 0.007 0.004 0.004 0.007 0.005 0.003 0.003 0.005

Note. Values are reported across repeated 100 runs. SD denotes standard deviation, and IQR
denotes interquartile range.

Table 4.9: Hellinger distance summary for selected Cardio variables using CTGAN
and Gaussian Copula

CTGAN

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

age 0.351 0.070 0.101 0.332 0.174 0.033 0.040 0.170 0.161 0.027 0.037 0.161
ap_hi 0.857 0.021 0.024 0.858 0.710 0.135 0.249 0.699 0.746 0.144 0.048 0.818
cardio 0.037 0.027 0.034 0.034 0.055 0.036 0.052 0.046 0.065 0.041 0.068 0.063
cholesterol 0.070 0.025 0.030 0.069 0.092 0.046 0.069 0.087 0.087 0.050 0.076 0.084
gluc 0.070 0.020 0.030 0.069 0.095 0.046 0.071 0.091 0.094 0.050 0.078 0.091

Gaussian Copula

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

age 0.179 0.028 0.033 0.176 0.130 0.017 0.017 0.128 0.129 0.020 0.016 0.125
ap_hi 0.857 0.027 0.019 0.853 0.855 0.022 0.030 0.851 0.857 0.015 0.021 0.857
cardio 0.018 0.013 0.018 0.015 0.004 0.003 0.004 0.004 0.004 0.002 0.003 0.004
cholesterol 0.026 0.013 0.022 0.023 0.008 0.004 0.006 0.007 0.006 0.003 0.004 0.006
gluc 0.025 0.014 0.020 0.024 0.009 0.004 0.004 0.008 0.007 0.003 0.003 0.006

Note. Values are reported across repeated 100 runs. SD denotes standard deviation, and IQR
denotes interquartile range.

Table 4.10: Jensen–Shannon distance summary for selected Cardio variables using
CTGAN and Gaussian Copula
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distance falls from 0.302 to 0.218, and then remains almost unchanged at 0.217 for

n = 10000. Jensen Shannon Distance follows the same pattern, moving from 0.324

to 0.243 and then staying at 0.243. It improves clearly for cholesterol, where the

mean distance decreases from 0.276 at n = 500 to 0.047 at n = 10000. The plots

Figure 4.5 and 4.6 show that TVAE still has wide variation for ap_hi, especially at

n = 5000 and n = 10000.
TVAE

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

age 0.241 0.048 0.065 0.236 0.211 0.048 0.061 0.208 0.223 0.060 0.078 0.213
ap_hi 0.715 0.057 0.054 0.708 0.588 0.183 0.340 0.593 0.608 0.157 0.185 0.653
cardio 0.019 0.014 0.019 0.016 0.020 0.014 0.019 0.017 0.035 0.019 0.029 0.036
cholesterol 0.276 0.038 0.057 0.279 0.103 0.055 0.080 0.096 0.047 0.039 0.021 0.034
gluc 0.258 0.022 0.028 0.257 0.166 0.025 0.026 0.167 0.174 0.028 0.035 0.182

RTVAE

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

age 0.793 0.020 0.026 0.794 0.692 0.100 0.019 0.718 0.664 0.102 0.023 0.686
ap_hi 0.743 0.102 0.091 0.738 0.842 0.142 0.292 0.895 0.874 0.124 0.225 0.950
cardio 0.029 0.020 0.026 0.025 0.036 0.021 0.033 0.038 0.022 0.013 0.020 0.022
cholesterol 0.073 0.028 0.041 0.067 0.039 0.023 0.036 0.035 0.038 0.021 0.023 0.037
gluc 0.089 0.029 0.043 0.087 0.045 0.026 0.038 0.041 0.031 0.019 0.020 0.026

Note. Values are reported across repeated 100 runs. SD denotes standard deviation, and IQR
denotes interquartile range.

Table 4.11: Hellinger distance summary for selected Cardio variables using TVAE
and RTVAE

RTVAE shows the weakest performance for age and ap_hi. RTVAE has the

highest overall distances in Cardio. Its average Hellinger distance remains high,

moving only slightly from 0.345 to 0.331 and 0.326. Jensen Shannon Distance also

remains high, decreasing only from 0.362 to 0.346 and 0.339. For ap_hi, the mean

distance increases from 0.743 to 0.874, which shows that RTVAE fails to preserve this

numerical distribution. The boxplots 4.5 and 4.6, show that ap_hi and age create

the largest distance values, while cardio, cholesterol, and gluc are comparatively

easier.

Cardio is the most difficult dataset among the three, mainly because some selected
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Figure 4.5: Hellinger distance results for selected variables in the Cardio dataset.
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variables have more complex numerical or clinical distributions.

An additional it can be observed that run-to-run variability and fidelity do not

always move together. Gaussian Copula gives narrow boxplots, but for ap_hi the

distance remains high, which means that the model has low run-to-run dispersion

across runs but still does not approximate this variable well. The variability pattern

is also different from Adult and Bank, as the neural models do not become clearly

more stable with larger sample sizes. For example, the average Hellinger standard

deviation increases from about 0.030 to 0.054 for CTGAN, from 0.035 to 0.061 for

TVAE, and from 0.040 to 0.056 for RTVAE between n = 500 and n = 10000. This

suggests that the difficulty in Cardio is not only due to limited sample size, but also

due to the structure of variables such as ap_hi and age. On the contrary, cardio,

cholesterol, and gluc are comparatively more stable because they are binary or

have fewer discrete levels.
TVAE

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

age 0.275 0.055 0.077 0.271 0.247 0.057 0.070 0.242 0.262 0.071 0.090 0.251
ap_hi 0.746 0.061 0.053 0.736 0.635 0.201 0.375 0.630 0.665 0.173 0.203 0.716
cardio 0.023 0.016 0.023 0.019 0.024 0.017 0.022 0.020 0.042 0.023 0.035 0.043
cholesterol 0.306 0.032 0.046 0.310 0.121 0.062 0.093 0.114 0.056 0.045 0.026 0.040
gluc 0.268 0.018 0.025 0.267 0.186 0.024 0.024 0.185 0.189 0.024 0.022 0.196

RTVAE

Variable 500 5K 10K

Mean SD IQR Median Mean SD IQR Median Mean SD IQR Median

age 0.837 0.021 0.027 0.837 0.730 0.100 0.019 0.754 0.697 0.102 0.025 0.718
ap_hi 0.746 0.102 0.088 0.741 0.855 0.143 0.295 0.927 0.887 0.123 0.223 0.962
cardio 0.035 0.024 0.031 0.031 0.043 0.025 0.039 0.045 0.026 0.016 0.024 0.027
cholesterol 0.087 0.033 0.049 0.080 0.046 0.027 0.043 0.042 0.046 0.024 0.028 0.044
gluc 0.105 0.033 0.051 0.104 0.053 0.030 0.045 0.049 0.037 0.023 0.024 0.031

Note. Values are reported across repeated 100 runs. SD denotes standard deviation, and IQR
denotes interquartile range.

Table 4.12: Jensen–Shannon distance summary for selected Cardio variables using
TVAE and RTVAE

For a more detailed variable-level view of the boxplot distributions for the Cardio

dataset, including all variables can be referred to Appendix A, Figures A.5 and A.6.
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Figure 4.6: Jensen–Shannon distance results for selected variables in the Cardio
dataset.
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4.2 Discussion on Non-DP Synthesizers

Across the three datasets, Gaussian Copula showed the lowest run-to-run dispersion

overall. It produced the lowest average standard deviation across almost every dataset

and metric, indicating that its fidelity scores were less variable across repeated runs

than those of the neural-network-based models. This was also visible in the boxplots,

where Gaussian Copula usually had narrower boxes and smaller interquartile ranges.

For the Adult dataset, its average Hellinger and Jensen Shannon standard deviations

were about 0.006 and 0.007, compared with 0.020 and 0.024 for CTGAN, 0.026 and

0.028 for TVAE, and 0.062 and 0.066 for RTVAE. A similar pattern appeared in the

Bank dataset, where Gaussian Copula had standard deviations of about 0.007 for

Hellinger Distance and 0.008 for Jensen Shannon Distance. In Cardio, the variability

was higher for all models, but Gaussian Copula still remained the most stable, with

standard deviations of about 0.012 and 0.013 for the two metrics.

The broad run-to-run dispersion ranking was Gaussian Copula first, followed by

CTGAN and TVAE, while RTVAE was usually the least stable, with some dataset-

specific differences. In terms of average distance values, Gaussian Copula also gave

the strongest overall fidelity for the Adult and Bank datasets. For example, in Adult,

its average Hellinger Distance was about 0.023, compared with 0.074 for CTGAN,

0.160 for TVAE, and 0.268 for RTVAE. In Bank, Gaussian Copula again had the

lowest average Hellinger distance, at about 0.016. The Cardio dataset behaved

differently because some variables, especially ap_hi, were difficult for all synthesizers.

As a result, Gaussian Copula was still stable in Cardio, but its average distance

values were higher than in Adult and Bank.

When comparing across the sample size, it generally had a positive effect on the

results, but this effect was not equal across all synthesizers. For Gaussian Copula,

the effect was the clearest. In the Adult and Bank datasets, both the mean distance

values and the variability decreased as the sample size increased. This suggested that
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Gaussian Copula estimated the marginal distributions and dependence structure

more reliably when more data was available. TVAE also benefited from larger

sample sizes, especially in the Adult and Bank datasets, where the distance values

decreased as the training data increased. This indicated that TVAE learned more

stable representations with more data, although the improvement was weaker in the

Cardio dataset, particularly for ap_hi.

For CTGAN, the sample-size effect was less uniform. The model did not always

become more stable when the sample size increased, which may be linked to the

instability of adversarial training. This training process is called adversarial training

because the generator and discriminator are trained with opposing objectives. The

generator attempts to create synthetic records that are difficult to distinguish from

real records, while the discriminator attempts to correctly identify whether a record

is real or synthetic. During training, both networks are updated iteratively, and the

generator improves by learning from the discriminator’s feedback. Even with more

data, the generator and discriminator could converge differently across repeated

runs. RTVAE also showed a mixed response to larger sample sizes. Larger sample

sizes reduced the average distance in some cases, but they did not always reduce

variability. In the Adult and Bank datasets, RTVAE remained unstable for variables

with many categories, while in Cardio it remained difficult for ap_hi. This suggests

that sample size influenced the results, but the model architecture had a stronger

role in determining both fidelity and run-to-run dispersion.

When comparing both the Hellinger and Jensen Shannon metrics, both led

to nearly same overall conclusions. The ranking of synthesizers remained mostly

unchanged across Hellinger distance and Jensen Shannon distance. Gaussian Copula

showed the lowest run-to-run dispersion across most settings, while the neural-

network-based models showed higher variability. This indicated that the main

findings were not dependent on only one metric, since both measures captured similar
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differences between the synthesizers across datasets, variables, and sample sizes.

However, Jensen Shannon distance was slightly more variable than Hellinger

distance in most cases. Across all datasets, models, variables, and sample sizes,

Jensen Shannon distance had a higher mean value in all 180 comparisons. It also had

a higher standard deviation in 163 out of 180 comparisons and a higher interquartile

range in 156 out of 180 comparisons. This suggested that Jensen Shannon distance

was slightly more sensitive to run-to-run changes in the generated distributions. The

difference was small for stable models such as Gaussian Copula, but it became clearer

in unstable settings, such as RTVAE on Adult education, RTVAE on Bank job,

and TVAE or RTVAE on Cardio ap_hi.

The architecture of each synthesizer helps explain these differences in fidelity and

stability. Gaussian Copula is a statistical model that directly estimated marginal

distributions and the dependency structure between variables [9]. Since it did not

rely on adversarial training or deep latent optimisation, it was less sensitive to

random initialisation. This explained why it produced narrow boxplots and low

standard deviations across most datasets. However, its limitation became visible

when the variable distribution was more complex, irregular, or clinical in nature, for

example ap_hi in the Cardio dataset. CTGAN, in contrast, was based on adversarial

training. This made it more flexible for complex tabular data, but it also introduced

more instability across repeated runs. The generator and discriminator could learn

differently each time, which could explain why CTGAN often showed moderate

variability and why larger sample size did not always reduce the spread.

TVAE used a variational autoencoder structure, where the model learned a latent

representation and reconstructed samples from that latent space. This helped when

more data was available, which explained why TVAE improved in the Adult and

Bank datasets as the sample size increased. However, the latent representation

could smooth or blur category boundaries, especially for categorical variables with
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many levels. This may have contributed to higher distance values for variables

like for example education, occupation, and job. RTVAE also followed a VAE-

based structure, but in these results it was the least stable overall. It showed high

variability for complex variables, suggesting that its training and sampling process

was more sensitive to variable structure. This was visible in Adult for education

and occupation, in Bank for job, and in Cardio for ap_hi. One possible reason

is that RTVAE’s objective may reduce the influence of unusual observations. This

can be useful when those observations are noise, but it can be harmful when rare

categories or irregular values are valid parts of the real data. Overall, the results

showed that model architecture affected both optimisation stability and the ability

to handle rare categories or irregular numerical distributions.

When we consider patterns across datasets, three main pattersn can be drawn

from the Non-DP results. First, Gaussian Copula had the lowest run-to-run dispersion

across most of the settings. Even when its fidelity was weaker for difficult variables

such as ap_hi in the Cardio dataset, its run-to-run variability remained very low.

This showed that a model could be stable across repeated runs while still having

higher distance values for variables with complex distributions. Second, variables

with simpler distributions were easier to model. Binary or low-cardinality variables

such as Adult income, Bank y, and Cardio cardio generally showed lower variability.

In contrast, variables with more categories, like for example Adult occupation

and Bank job, produced higher variability because their category distributions were

harder to reproduce with low variability. The Cardio dataset also showed that

clinical numerical variables were more difficult than standard categorical variables.

The clearest example was ap_hi, which produced high distance values and high

variability across several models. Finally, Jensen Shannon Distance was slightly

more sensitive than Hellinger Distance, but both metrics supported the same main

conclusion. Therefore, the observed patterns were not caused by one metric only,
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but were consistent across both evaluation measures.

4.3 DP Synthesizers

This section presents the selected-variable results for the DP synthesizers, AIM and

PrivBayes. The results are grouped by privacy budget so that the effect of ϵ can be

compared more clearly across datasets and distance metrics.

4.3.1 Differential Privacy Budget ϵ = 1

Adult Dataset

From Figure 4.7 and Table 4.13, AIM provides stronger univariate fidelity than

PrivBayes for most selected variables, especially at larger sample sizes. At n = 500,

both synthesizers show relatively high distance values for variables with larger

category spaces, such as workclass, education, and occupation. However, AIM

improves sharply when the sample size increases to n = 5000. For example, the mean

Hellinger distance for AIM decreases from 0.3486 to 0.0568 for education, and from

0.2942 to 0.0463 for occupation. This indicates that AIM becomes substantially

more accurate and less variable across runs when more training records are available,

even under a strict privacy budget.

PrivBayes also improves with increasing sample size, but its fidelity scores remain

higher and more variable than AIM for most variables. This is particularly visible

for workclass, where the mean Hellinger distance for PrivBayes remains 0.2939 at

n = 5000 and decreases to 0.1153 at n = 10000, while AIM reaches 0.0500 and 0.0482

for the same sample sizes. The box plots also show wider dispersion for PrivBayes,

especially at n = 500 and n = 5000, indicating less stable fidelity measurements

across repeated runs. The binary variable income is reproduced most accurately

by AIM, with the mean distance decreasing to 0.0043 at n = 5000 and 0.0034 at
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AIM

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

workclass 0.268 0.275 0.127 0.094 0.050 0.049 0.019 0.015 0.048 0.049 0.018 0.012
education 0.349 0.321 0.195 0.124 0.057 0.054 0.017 0.014 0.037 0.037 0.015 0.010
relationship 0.131 0.113 0.085 0.081 0.027 0.021 0.016 0.020 0.048 0.053 0.026 0.018
occupation 0.294 0.258 0.187 0.137 0.046 0.044 0.016 0.014 0.038 0.038 0.010 0.009
income 0.029 0.024 0.032 0.021 0.004 0.003 0.004 0.003 0.003 0.003 0.004 0.003

PrivBayes

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

workclass 0.326 0.399 0.264 0.151 0.294 0.320 0.284 0.156 0.115 0.112 0.089 0.064
education 0.331 0.394 0.179 0.117 0.193 0.182 0.286 0.142 0.074 0.068 0.057 0.048
relationship 0.205 0.254 0.166 0.096 0.132 0.142 0.218 0.104 0.036 0.027 0.037 0.029
occupation 0.206 0.231 0.089 0.067 0.144 0.150 0.176 0.088 0.068 0.063 0.052 0.038
income 0.131 0.168 0.132 0.072 0.081 0.055 0.146 0.072 0.016 0.009 0.018 0.017

Table 4.13: Hellinger distance results for selected Adult with Epsilon 1

n = 10000. This reflects the simpler two-category structure of the variable. In

contrast, variables such as education and occupation remain more challenging,

although AIM still provides comparatively low and stable distance values at larger

sample sizes.

AIM

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

workclass 0.290 0.301 0.132 0.098 0.057 0.055 0.020 0.017 0.055 0.056 0.019 0.013
education 0.377 0.347 0.224 0.131 0.067 0.065 0.018 0.015 0.044 0.044 0.017 0.012
relationship 0.149 0.133 0.097 0.085 0.032 0.025 0.019 0.024 0.057 0.064 0.031 0.021
occupation 0.323 0.284 0.175 0.142 0.054 0.052 0.019 0.016 0.044 0.044 0.012 0.010
income 0.034 0.029 0.039 0.025 0.005 0.004 0.005 0.004 0.004 0.003 0.005 0.003

PrivBayes

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

workclass 0.381 0.468 0.304 0.174 0.333 0.366 0.320 0.177 0.129 0.126 0.097 0.071
education 0.388 0.463 0.207 0.136 0.226 0.215 0.333 0.166 0.087 0.080 0.067 0.057
relationship 0.243 0.302 0.195 0.113 0.156 0.169 0.258 0.123 0.044 0.032 0.045 0.035
occupation 0.241 0.271 0.106 0.077 0.165 0.173 0.199 0.100 0.078 0.072 0.059 0.042
income 0.156 0.201 0.158 0.086 0.097 0.066 0.175 0.086 0.020 0.011 0.022 0.021

Table 4.14: Jensen–Shannon distance results for selected Adult with Epsilon 1

For Jensen Shannon results from Figure 4.8 and Table 4.14, AIM again achieves
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Figure 4.7: Hellinger distance results for selected variables in the Adult dataset with
ϵ = 1.
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lower average distance values and narrower boxplots than PrivBayes for most variables

at n = 5000 and n = 10000. For example, the mean Jensen Shannon distance for

AIM on education decreases from 0.3774 at n = 500 to 0.0670 at n = 5000 and

0.0444 at n = 10000. For occupation, the corresponding values decrease from 0.3227

to 0.0539 and 0.0435. These reductions show that AIM produces more stable fidelity

scores as the sample size increases.

PrivBayes shows the same general direction of improvement, but with higher

distance values and greater run-to-run variability. At n = 5000, its Jensen Shannon

distances remain high for several variables, including 0.3331 for workclass, 0.2262

for education, and 0.1649 for occupation. The large interquartile ranges for these

variables indicate that repeated runs do not produce equally reproducible fidelity

scores. Overall, both metrics shows that AIM provides more reliable preservation of

the Adult marginal distributions, while PrivBayes is more sensitive to sample size

and shows higher variability.

Bank Dataset

For Hellinger Distance from Figure 4.9 and Table 4.15, both AIM and PrivBayes show

higher fidelity distances at n = 500, particularly for variables with more complex or

imbalanced distributions. However, AIM improves substantially when the sample

size increases. For example, the mean Hellinger distance for AIM decreases from

0.2651 to 0.0367 for job, from 0.1360 to 0.0126 for education, and from 0.1429 to

0.0193 for poutcome when the sample size increases from n = 500 to n = 5000.

PrivBayes follows the same general direction but requires a larger sample size

to achieve comparable fidelity. At n = 5000, PrivBayes still shows relatively high

mean Hellinger distances for several variables, including 0.1576 for job, 0.1364 for

contact, and 0.1459 for poutcome. The wide interquartile ranges at this sample size

indicate that repeated runs produce more variable fidelity scores. By n = 10000, the
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Figure 4.8: Jensen–Shannon distance results for selected variables in the Adult
dataset with ϵ = 1.
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AIM

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

job 0.265 0.226 0.211 0.125 0.037 0.036 0.015 0.012 0.029 0.026 0.017 0.011
education 0.136 0.119 0.093 0.080 0.013 0.012 0.007 0.006 0.008 0.007 0.005 0.004
contact 0.106 0.085 0.108 0.064 0.009 0.008 0.007 0.006 0.007 0.006 0.005 0.005
poutcome 0.143 0.135 0.105 0.073 0.019 0.016 0.010 0.014 0.018 0.014 0.013 0.017
y 0.048 0.039 0.049 0.042 0.007 0.005 0.006 0.005 0.005 0.004 0.005 0.003

PrivBayes

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

job 0.243 0.293 0.124 0.091 0.158 0.181 0.203 0.100 0.028 0.024 0.014 0.015
education 0.210 0.248 0.109 0.084 0.092 0.053 0.149 0.092 0.015 0.010 0.009 0.017
contact 0.200 0.248 0.166 0.097 0.136 0.159 0.212 0.101 0.013 0.010 0.011 0.010
poutcome 0.289 0.379 0.285 0.160 0.146 0.080 0.282 0.151 0.017 0.010 0.013 0.017
y 0.183 0.257 0.269 0.131 0.067 0.010 0.142 0.093 0.009 0.006 0.007 0.014

Table 4.15: Hellinger distance results for selected Bank with Epsilon 1

differences between AIM and PrivBayes become much smaller, with both synthesizers

producing low average distances for most variables. This improvement is especially

visible for y, where the binary structure of the target variable makes the marginal

distribution easier to reproduce.

From Figure 4.10 and Table 4.16, the results are consistent with the Hellinger

distance analysis. For instance, the mean Jensen Shannon distance for AIM decreases

from 0.2916 to 0.0439 for job, from 0.1535 to 0.0152 for education, and from 0.1199

to 0.0109 for contact when moving from n = 500 to n = 5000. At n = 10000, AIM

reaches very low values across all selected variables, with particularly small distances

for education, contact, and y.

PrivBayes shows higher Jensen Shannon distances and larger run-to-run variation

at n = 500 and n = 5000. This is most evident for poutcome and y variables, where

the interquartile ranges remain large at n = 5000, suggesting highly variable fidelity

measurements across repeated runs. These variables are affected by distributional

imbalance: poutcome is dominated by the unknown category, while y is an imbalanced

binary target variable. At n = 10000, PrivBayes improves strongly and produces
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Figure 4.9: Hellinger distance results for selected variables in the Bank dataset with
ϵ = 1.
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AIM

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

job 0.292 0.252 0.224 0.130 0.044 0.043 0.018 0.014 0.035 0.032 0.020 0.013
education 0.154 0.139 0.101 0.084 0.015 0.014 0.009 0.007 0.009 0.008 0.006 0.005
contact 0.120 0.102 0.118 0.068 0.011 0.010 0.008 0.007 0.009 0.007 0.006 0.006
poutcome 0.158 0.152 0.101 0.074 0.023 0.020 0.012 0.016 0.022 0.017 0.016 0.021
y 0.057 0.046 0.059 0.048 0.008 0.006 0.007 0.006 0.006 0.005 0.006 0.004

PrivBayes

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

job 0.286 0.344 0.145 0.106 0.187 0.215 0.239 0.118 0.033 0.029 0.017 0.018
education 0.248 0.292 0.127 0.098 0.109 0.063 0.177 0.108 0.018 0.012 0.011 0.020
contact 0.237 0.293 0.195 0.115 0.162 0.189 0.251 0.119 0.016 0.012 0.013 0.012
poutcome 0.341 0.446 0.332 0.187 0.173 0.096 0.334 0.177 0.020 0.012 0.016 0.020
y 0.217 0.305 0.318 0.154 0.080 0.012 0.170 0.110 0.010 0.007 0.008 0.016

Table 4.16: Jensen–Shannon distance results for selected Bank with Epsilon 1

values close to AIM for several variables, especially job and poutcome. AIM reaches

stable fidelity earlier, while PrivBayes shows greater sensitivity to sample size and

produces more variable fidelity scores at smaller training sizes.

Cardio Dataset

From the Figure 4.11 and Table 4.17, AIM achieves lower distance values and more

stable fidelity scores than PrivBayes as the sample size increases. At n = 500, both

synthesizers show noticeable variability, particularly for age_bin, cholesterol, and

gluc. However, AIM improves substantially at n = 5000 and n = 10000. For

example, the mean Hellinger distance for AIM decreases from 0.1076 to 0.0205 for

age_bin, from 0.0820 to 0.0081 for cholesterol, and from 0.0967 to 0.0126 for

gluc when moving from n = 500 to n = 5000.

PrivBayes also improves from n = 500 to n = 5000, but its performance is less

uniform at n = 10000. For instance, the mean Hellinger distance for cholesterol

decreases from 0.1128 at n = 500 to 0.0546 at n = 5000, but increases again to

0.0786 at n = 10000. This suggests that increasing the sample size does not always
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Figure 4.10: Jensen–Shannon distance results for selected variables in the Bank
dataset with ϵ = 1.



4.3 DP SYNTHESIZERS 61

AIM

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

age_bin 0.108 0.083 0.105 0.071 0.021 0.015 0.012 0.015 0.018 0.010 0.021 0.014
cholesterol 0.082 0.065 0.056 0.060 0.008 0.007 0.007 0.005 0.006 0.005 0.005 0.003
gluc 0.097 0.084 0.068 0.062 0.013 0.011 0.011 0.008 0.009 0.008 0.007 0.005
ap_hi_bin 0.064 0.055 0.037 0.043 0.012 0.010 0.007 0.010 0.007 0.005 0.003 0.005
cardio 0.025 0.021 0.019 0.019 0.005 0.004 0.005 0.004 0.003 0.002 0.004 0.003

PrivBayes

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

age_bin 0.121 0.135 0.106 0.064 0.043 0.041 0.016 0.012 0.050 0.050 0.007 0.008
cholesterol 0.113 0.098 0.121 0.072 0.055 0.054 0.014 0.009 0.079 0.078 0.014 0.011
gluc 0.152 0.154 0.180 0.098 0.043 0.043 0.012 0.010 0.065 0.065 0.012 0.009
ap_hi_bin 0.081 0.082 0.077 0.046 0.059 0.058 0.018 0.011 0.081 0.081 0.014 0.011
cardio 0.016 0.013 0.015 0.012 0.028 0.027 0.021 0.013 0.042 0.043 0.020 0.014

Table 4.17: Hellinger distance results for selected Cardio with Epsilon 1

lead to more accurate marginal distribution preservation for PrivBayes under the

strict privacy budget. The binary variable cardio is reproduced accurately by

both synthesizers at n = 500, but AIM becomes clearly stronger at larger sample

sizes, reaching a mean distance of 0.0029 at n = 10000, compared with 0.0419 for

PrivBayes.

From the Figure 4.12 and Table 4.18, AIM again shows a clear reduction in

average distance values when the sample size increases. For example, the mean

Jensen Shannon distance for AIM decreases from 0.1218 to 0.0233 for age_bin, and

from 0.1096 to 0.0151 for gluc between n = 500 and n = 5000. At n = 10000, AIM

reaches very low distances for most variables. The small interquartile ranges and

standard deviations at larger sample sizes indicate that the fidelity scores remain

stable across repeated runs.

PrivBayes shows higher Jensen Shannon distances than AIM for most variables at

n = 5000 and n = 10000. Its results improve from n = 500 to n = 5000, but several

variables show increased distances again at n = 10000. For example, the mean

distance for ap_hi_bin decreases from 0.0971 at n = 500 to 0.0712 at n = 5000, but
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Figure 4.11: Hellinger distance results for selected variables in the Cardio dataset
with ϵ = 1.
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AIM

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

age_bin 0.122 0.100 0.096 0.075 0.023 0.018 0.014 0.016 0.020 0.011 0.024 0.015
cholesterol 0.095 0.078 0.067 0.064 0.010 0.009 0.008 0.006 0.007 0.006 0.006 0.004
gluc 0.110 0.100 0.079 0.063 0.015 0.013 0.013 0.010 0.010 0.009 0.008 0.006
ap_hi_bin 0.076 0.067 0.044 0.048 0.014 0.012 0.009 0.012 0.008 0.007 0.003 0.006
cardio 0.029 0.025 0.023 0.023 0.006 0.005 0.006 0.005 0.004 0.003 0.004 0.003

PrivBayes

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

age_bin 0.142 0.161 0.126 0.074 0.051 0.049 0.018 0.013 0.060 0.059 0.009 0.009
cholesterol 0.135 0.117 0.144 0.086 0.066 0.065 0.017 0.011 0.094 0.093 0.017 0.013
gluc 0.181 0.184 0.214 0.116 0.052 0.052 0.015 0.011 0.078 0.078 0.015 0.011
ap_hi_bin 0.097 0.098 0.093 0.056 0.071 0.070 0.022 0.014 0.097 0.097 0.017 0.013
cardio 0.019 0.015 0.018 0.015 0.034 0.033 0.025 0.016 0.050 0.052 0.024 0.017

Table 4.18: Jensen–Shannon distance results for selected Cardio with Epsilon 1

increases to 0.0974 at n = 10000. Similarly, cholesterol, gluc, and cardio show

higher mean distances at n = 10000 than at n = 5000. This indicates that PrivBayes

does not show the same clear sample-size improvement as AIM under ϵ = 1. Taken

together, both metrics show that AIM provides stronger and more stable univariate

fidelity for the selected Cardio variables, while PrivBayes is more sensitive to sample

size and shows more variable fidelity measurements across repeated runs.

4.3.2 Differential Privacy Budget ϵ = 5

Adult Dataset

For hellinger distance from Figure 4.13 and Table 4.19, AIM achieves lower mean

and median distances than PrivBayes for almost all selected variables and sample

sizes. This difference is already visible at n = 500, where AIM records moderate

distances for workclass, education, and occupation, while PrivBayes produces

substantially higher values for the same variables. For example, the mean Hellinger

distance for education is 0.1049 for AIM compared with 0.3035 for PrivBayes, and

for workclass it is 0.0808 compared with 0.3325. This indicates that AIM preserves
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Figure 4.12: Jensen–Shannon distance results for selected variables in the Cardio
dataset with ϵ = 1.
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the Adult marginal distributions more effectively under this privacy budget.

AIM

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

workclass 0.081 0.070 0.036 0.034 0.033 0.033 0.012 0.008 0.023 0.023 0.007 0.005
education 0.105 0.102 0.032 0.028 0.025 0.024 0.006 0.006 0.016 0.016 0.005 0.004
relationship 0.057 0.050 0.029 0.027 0.031 0.028 0.041 0.021 0.028 0.013 0.044 0.023
occupation 0.089 0.086 0.028 0.020 0.028 0.028 0.009 0.007 0.021 0.021 0.009 0.006
income 0.014 0.012 0.012 0.011 0.004 0.003 0.004 0.004 0.003 0.002 0.003 0.004

PrivBayes

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

workclass 0.333 0.399 0.241 0.146 0.131 0.128 0.094 0.069 0.110 0.117 0.070 0.052
education 0.304 0.363 0.215 0.127 0.097 0.088 0.078 0.055 0.077 0.069 0.055 0.042
relationship 0.182 0.240 0.211 0.106 0.040 0.027 0.036 0.035 0.027 0.019 0.018 0.026
occupation 0.198 0.212 0.090 0.063 0.067 0.058 0.047 0.034 0.047 0.040 0.027 0.024
income 0.129 0.156 0.112 0.072 0.018 0.013 0.018 0.018 0.011 0.006 0.009 0.014

Table 4.19: Hellinger distance results for selected Adult with Epsilon 5

The effect of sample size is also clear. For AIM, the mean Hellinger distance

decreases from 0.0808 to 0.0226 for workclass, from 0.1049 to 0.0164 for education,

and from 0.0893 to 0.0208 for occupation when the sample size increases from

n = 500 to n = 10000. The boxplots become narrower at larger sample sizes, showing

that AIM produces more stable fidelity scores across repeated runs. PrivBayes

also improves as the sample size increases, but its distances remain higher for most

variables. At n = 10000, the mean Hellinger distance for PrivBayes is still 0.1098 for

workclass, 0.0769 for education, and 0.0473 for occupation. The binary variable

income is reproduced most accurately by both synthesizers, especially AIM, which

reaches a mean distance of 0.0032 at n = 10000. In contrast, education, occupation,

and workclass remain more challenging because they contain larger category spaces

and more uneven distributions.

For Jensen Shannon from Figure 4.14 and Table 4.20, the trends are closely

aligned with the Hellinger distance results. AIM again produces lower average

distances and more compact boxplots than PrivBayes for most selected variables.
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Figure 4.13: Hellinger distance results for selected variables in the Adult dataset
with ϵ = 5.
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For example, at n = 500, the mean Jensen Shannon distance for education is 0.1204

for AIM and 0.3553 for PrivBayes, while for workclass it is 0.0942 for AIM and

0.3878 for PrivBayes. These differences indicate that PrivBayes has greater difficulty

preserving the selected Adult categorical distributions at smaller sample sizes.

AIM

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

workclass 0.094 0.083 0.043 0.038 0.038 0.038 0.014 0.009 0.027 0.027 0.008 0.006
education 0.120 0.116 0.038 0.031 0.030 0.029 0.008 0.007 0.020 0.019 0.006 0.005
relationship 0.068 0.060 0.034 0.032 0.037 0.033 0.049 0.025 0.034 0.015 0.053 0.028
occupation 0.105 0.101 0.034 0.023 0.033 0.033 0.010 0.008 0.025 0.024 0.011 0.007
income 0.017 0.015 0.015 0.013 0.005 0.004 0.005 0.005 0.004 0.003 0.004 0.004

PrivBayes

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

workclass 0.388 0.471 0.278 0.168 0.147 0.144 0.104 0.077 0.123 0.131 0.077 0.057
education 0.355 0.427 0.250 0.148 0.115 0.104 0.091 0.064 0.091 0.082 0.065 0.049
relationship 0.216 0.285 0.249 0.125 0.047 0.033 0.043 0.042 0.033 0.022 0.022 0.031
occupation 0.232 0.249 0.104 0.072 0.077 0.067 0.052 0.038 0.055 0.046 0.031 0.027
income 0.155 0.186 0.133 0.086 0.022 0.016 0.021 0.022 0.013 0.007 0.010 0.017

Table 4.20: Jensen–Shannon distance results for selected Adult with Epsilon 5

As the sample size increases, AIM shows a clear reduction in both average distance

and run-to-run dispersion. At n = 10000, the mean Jensen Shannon distances for

AIM are 0.0265 for workclass, 0.0197 for education, 0.0248 for occupation, and

0.0038 for income. PrivBayes improves as well, but remains less competitive for

variables with larger category spaces, with mean distances of 0.1231 for workclass,

0.0913 for education, and 0.0547 for occupation at n = 10000. The only variable

where the difference becomes small is relationship; however, the median values

and boxplot structure suggest that AIM still provides more reproducible low-distance

outcomes, while some outliers affect the mean. Overall, both distances show that,

at ϵ = 5, AIM provides stronger and more stable univariate fidelity for the selected

Adult variables, whereas PrivBayes remains more variable and less effective for

categorical variables with more complex distributions.
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Figure 4.14: Jensen–Shannon distance results for selected variables in the Adult
dataset with ϵ = 5.
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Cardio Dataset

For the Hellinger distance from Figure 4.15 and Table 4.21, AIM produces lower

distances than PrivBayes across all selected variables and sample sizes. This indicates

stronger univariate fidelity, while the narrower boxplots show that these fidelity scores

are also more stable across repeated runs. The improvement with sample size is

clear for AIM. For example, the mean Hellinger distance decreases from 0.0373 to

0.0105 for age_bin, from 0.0207 to 0.0050 for cholesterol, from 0.0266 to 0.0051

for gluc, and from 0.0307 to 0.0049 for ap_hi_bin when the sample size increases

from n = 500 to n = 10000.

AIM

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

age_bin 0.037 0.034 0.024 0.019 0.014 0.011 0.008 0.007 0.011 0.009 0.007 0.005
cholesterol 0.021 0.020 0.016 0.011 0.007 0.007 0.006 0.004 0.005 0.005 0.003 0.003
gluc 0.027 0.024 0.026 0.016 0.007 0.007 0.006 0.004 0.005 0.005 0.003 0.003
ap_hi_bin 0.031 0.030 0.016 0.013 0.008 0.008 0.004 0.003 0.005 0.005 0.003 0.002
cardio 0.013 0.010 0.017 0.010 0.004 0.004 0.004 0.003 0.003 0.002 0.003 0.002

PrivBayes

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

age_bin 0.135 0.143 0.115 0.070 0.045 0.044 0.011 0.013 0.055 0.054 0.011 0.009
cholesterol 0.114 0.104 0.145 0.076 0.063 0.064 0.011 0.010 0.094 0.095 0.011 0.008
gluc 0.164 0.179 0.193 0.099 0.051 0.050 0.014 0.009 0.079 0.079 0.009 0.007
ap_hi_bin 0.085 0.075 0.068 0.049 0.067 0.068 0.015 0.011 0.093 0.096 0.012 0.009
cardio 0.016 0.015 0.014 0.012 0.038 0.037 0.013 0.011 0.054 0.056 0.014 0.011

Table 4.21: Hellinger distance results for selected Cardio with Epsilon 5

PrivBayes shows weaker and less consistent behaviour. Its distances decrease

from n = 500 to n = 5000, but they increase again at n = 10000 for several variables.

For instance, the mean Hellinger distance for cholesterol decreases from 0.1140

at n = 500 to 0.0634 at n = 5000, but increases to 0.0944 at n = 10000. A

similar pattern is observed for gluc and ap_hi_bin. The binary variable cardio is

reproduced accurately by AIM, reaching a mean distance of 0.0029 at n = 10000,

whereas PrivBayes increases from 0.0158 at n = 500 to 0.0540 at n = 10000. This
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suggests that, under ϵ = 5, AIM benefits more clearly from larger sample sizes, while

PrivBayes remains more sensitive to the interaction between sample size and variable

structure.

For Jensen Shannon distance from Figure 4.16 and Table 4.22, AIM achieves

lower mean and median values across the examined settings than PrivBayes, with

compact boxplots at larger sample sizes. For AIM, the mean Jensen Shannon distance

decreases from 0.0442 to 0.0118 for age_bin, from 0.0248 to 0.0061 for cholesterol,

from 0.0319 to 0.0061 for gluc, and from 0.0369 to 0.0059 for ap_hi_bin between

n = 500 and n = 10000. These results show that AIM produces both low average

fidelity distances and low-dispersion fidelity measurements across repeated runs.

AIM

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

age_bin 0.044 0.041 0.029 0.022 0.016 0.013 0.010 0.008 0.012 0.010 0.009 0.006
cholesterol 0.025 0.024 0.020 0.013 0.009 0.009 0.008 0.005 0.006 0.006 0.004 0.003
gluc 0.032 0.029 0.032 0.019 0.009 0.008 0.007 0.005 0.006 0.006 0.004 0.003
ap_hi_bin 0.037 0.036 0.019 0.015 0.009 0.009 0.005 0.004 0.006 0.006 0.004 0.003
cardio 0.016 0.012 0.020 0.012 0.005 0.004 0.005 0.004 0.004 0.003 0.004 0.003

PrivBayes

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

age_bin 0.159 0.168 0.135 0.080 0.053 0.053 0.013 0.014 0.066 0.064 0.012 0.010
cholesterol 0.136 0.125 0.174 0.091 0.076 0.077 0.013 0.012 0.113 0.114 0.013 0.009
gluc 0.195 0.213 0.229 0.118 0.062 0.061 0.017 0.011 0.094 0.095 0.011 0.008
ap_hi_bin 0.102 0.091 0.082 0.059 0.080 0.081 0.018 0.013 0.112 0.115 0.014 0.011
cardio 0.019 0.018 0.017 0.014 0.046 0.045 0.016 0.013 0.065 0.067 0.017 0.013

Table 4.22: Jensen–Shannon distance results for selected Cardio with Epsilon 5

PrivBayes again shows higher distances and a less monotonic sample-size pattern.

Its Jensen Shannon distance values improve from n = 500 to n = 5000, but increase

again at n = 10000 for all selected variables. For example, the mean distance for

gluc decreases from 0.1950 to 0.0616 and then rises to 0.0943. For ap_hi_bin, the

corresponding values are 0.1015, 0.0801, and 0.1119. The same trend is visible for

cardio, where the mean distance increases to 0.0649 at n = 10000. Overall, both
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Figure 4.15: Hellinger distance results for selected variables in the Cardio dataset
with ϵ = 5.
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fidelity metrics indicate that AIM provides stronger and more stable preservation

of the selected Cardio marginal distributions at ϵ = 5. PrivBayes improves at the

medium sample size, but its higher distances and renewed increase at n = 10000

show less stable fidelity behaviour across repeated runs.

4.3.3 Differential Privacy Budget ϵ = 10

Cardio Dataset

Figure 4.17 and Table 4.23 shows that AIM achieves lower Hellinger distances

than PrivBayes across all selected variables and sample sizes. The difference is

already visible at n = 500, where AIM reports lower mean distances for age_bin,

cholesterol, gluc, ap_hi_bin, and cardio. The boxplots for AIM are also more

compact, indicating more stable fidelity scores across repeated runs.

AIM shows a consistent improvement as the sample size increases. For example,

the mean Hellinger distance decreases from 0.0310 to 0.0095 for age_bin, from 0.0213

to 0.0050 for cholesterol, from 0.0260 to 0.0056 for gluc, and from 0.0283 to 0.0049

for ap_hi_bin when moving from n = 500 to n = 10000. The binary target variable

cardio also reaches a very low mean distance of 0.0028 at n = 10000. These results

indicate that AIM benefits clearly from larger sample sizes and produces both low

average fidelity distances and low-variability repeated-runbehaviour.

PrivBayes shows a less uniform sample-size pattern. Although it performs

reasonably at n = 500, its mean Hellinger distances increase at larger sample sizes

for several variables. For instance, the mean distance for cholesterol increases

from 0.0483 at n = 500 to 0.0976 at n = 10000, while ap_hi_bin increases from

0.0481 to 0.0954. A similar increase is observed for gluc and cardio. This suggests

that, for the Cardio dataset, increasing the sample size does not necessarily improve

the marginal fidelity of PrivBayes under ϵ = 10.

For Jensen Shannon metric, from Figure 4.18 and Table 4.24, AIM again produces
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Figure 4.16: Jensen–Shannon distance results for selected variables in the Cardio
dataset with ϵ = 5.
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Figure 4.17: Hellinger distance results for selected variables in the Cardio dataset
with ϵ = 10.



4.3 DP SYNTHESIZERS 75

AIM

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

age_bin 0.031 0.029 0.015 0.014 0.012 0.010 0.006 0.005 0.010 0.008 0.004 0.004
cholesterol 0.021 0.020 0.013 0.010 0.008 0.008 0.005 0.004 0.005 0.005 0.004 0.003
gluc 0.026 0.026 0.015 0.012 0.007 0.007 0.005 0.004 0.006 0.005 0.005 0.003
ap_hi_bin 0.028 0.028 0.014 0.012 0.008 0.007 0.003 0.003 0.005 0.005 0.003 0.002
cardio 0.012 0.012 0.014 0.010 0.004 0.004 0.005 0.003 0.003 0.002 0.003 0.002

PrivBayes

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

age_bin 0.071 0.060 0.044 0.038 0.046 0.042 0.013 0.013 0.058 0.056 0.012 0.010
cholesterol 0.048 0.048 0.044 0.026 0.067 0.067 0.011 0.009 0.098 0.098 0.009 0.006
gluc 0.064 0.061 0.060 0.040 0.055 0.056 0.010 0.009 0.080 0.080 0.007 0.005
ap_hi_bin 0.048 0.046 0.031 0.022 0.069 0.069 0.014 0.009 0.095 0.096 0.009 0.007
cardio 0.019 0.015 0.020 0.013 0.042 0.042 0.013 0.010 0.056 0.057 0.010 0.008

Table 4.23: Hellinger distance results for selected Cardio with Epsilon 10

lower mean and median distances than PrivBayes across the selected variables. For

AIM, the mean Jensen Shannon distance decreases from 0.0366 to 0.0108 for age_bin,

from 0.0256 to 0.0060 for cholesterol, from 0.0312 to 0.0067 for gluc, and from

0.0340 to 0.0059 for ap_hi_bin between n = 500 and n = 10000. The small standard

deviations and interquartile ranges at larger sample sizes show that these fidelity

measurements are show low dispersion across repeated runs.

PrivBayes again shows higher Jensen Shannon distances than AIM, with a non-

monotonic sample-size pattern. For cholesterol, the mean distance increases from

0.0580 at n = 500 to 0.1170 at n = 10000. For ap_hi_bin, it increases from 0.0577

to 0.1146, and for cardio from 0.0222 to 0.0669. This pattern indicates that larger

sample sizes do not always improve PrivBayes fidelity for the selected Cardio variables

in this configuration. Overall, both fidelity metrics show that AIM provides stronger

and more stable univariate fidelity at ϵ = 10, while PrivBayes produces more stable

boxplots at larger sample sizes but with higher average distances, indicating weaker

preservation of the real marginal distributions.



4.3 DP SYNTHESIZERS 76

Figure 4.18: Jensen–Shannon distance results for selected variables in the Cardio
dataset with ϵ = 10.
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AIM

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

age_bin 0.037 0.035 0.017 0.016 0.014 0.012 0.008 0.006 0.011 0.009 0.005 0.005
cholesterol 0.026 0.024 0.015 0.012 0.010 0.009 0.007 0.005 0.006 0.006 0.005 0.003
gluc 0.031 0.031 0.018 0.014 0.009 0.008 0.006 0.005 0.007 0.006 0.006 0.004
ap_hi_bin 0.034 0.033 0.016 0.015 0.009 0.009 0.004 0.004 0.006 0.006 0.004 0.003
cardio 0.015 0.014 0.017 0.012 0.005 0.005 0.006 0.004 0.003 0.003 0.003 0.003

PrivBayes

Variable 500 5000 10000

Mean Med. IQR SD Mean Med. IQR SD Mean Med. IQR SD

age_bin 0.083 0.072 0.052 0.042 0.054 0.051 0.016 0.014 0.068 0.068 0.013 0.010
cholesterol 0.058 0.057 0.053 0.031 0.080 0.080 0.013 0.010 0.117 0.118 0.011 0.007
gluc 0.076 0.074 0.072 0.048 0.066 0.067 0.012 0.010 0.096 0.096 0.008 0.006
ap_hi_bin 0.058 0.056 0.038 0.026 0.083 0.083 0.017 0.011 0.115 0.115 0.010 0.008
cardio 0.022 0.018 0.024 0.016 0.050 0.051 0.015 0.012 0.067 0.069 0.012 0.010

Table 4.24: Jensen–Shannon distance results for selected Cardio with Epsilon 10

4.4 Discussion on DP Synthesizers

For comparing the variability of the synthesizers, the main difference between AIM

and PrivBayes was observed in their run-to-run variability. AIM shows much lower

variability than PrivBayes across almost all datasets, privacy budgets, sample sizes,

and selected variables. In the Adult dataset, the average Hellinger standard deviation

for AIM was about 0.023, while PrivBayes reaches about 0.066. A similar gap

was observed for Jensen Shannon Distance, where AIM has an average standard

deviation of about 0.025 compared with about 0.076 for PrivBayes. From that we

can conclude that PrivBayes varies roughly two to three times more than AIM in

the Adult dataset. The same pattern also appears in the Bank dataset, where AIM

has an average Hellinger standard deviation of about 0.022 compared with 0.056 for

PrivBayes. For Jensen Shannon Distance, the values are about 0.024 for AIM and

0.066 for PrivBayes. The wider boxplots for PrivBayes, especially for variables such

as job, education, contact, poutcome, and y, show that its repeated runs have

higher dispersion, particularly at smaller sample sizes.

In the Cardio dataset, AIM still remains more stable than PrivBayes, although
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the difference between the two models was smaller than in Adult and Bank. AIM

has an average Hellinger standard deviation of about 0.012, while PrivBayes has

about 0.023. For Jensen Shannon distance, AIM has an average standard deviation

of about 0.013 compared with 0.027 for PrivBayes. The Cardio boxplots show that

both models become show lower variability at larger sample sizes, but AIM continues

to produce narrower boxes. The results show a clear stability ranking, where AIM is

more stable than PrivBayes. This suggests that AIM is more reliable when the same

DP synthesis process is repeated multiple times.

While comparing the the influence of data size, it was found that larger sample

size generally reduces run-to-run variability, especially for AIM. This effect was

most visible when the sample size increases from n = 500 to n = 5000, while the

improvement from n = 5000 to n = 10000 was usually smaller. In the Adult dataset,

AIM’s average Hellinger standard deviation decreases from about 0.044 at n = 500

to 0.010 at n = 5000 and 0.009 at n = 10000. Jensen–Shannon Distance followed

the same trend, decreasing from about 0.048 to 0.012 and then 0.011. PrivBayes

also becomes more stable with larger sample sizes, but it remains more variable than

AIM. Its Hellinger standard deviation decreases from about 0.101 at n = 500 to

0.065 at n = 5000 and 0.032 at n = 10000.

The same sample-size effect was also observed in the Bank and Cardio datasets.

In Bank, AIM’s average Hellinger standard deviation decreases from about 0.036

at n = 500 to 0.008 at both n = 5000 and n = 10000. PrivBayes shows a larger

reduction, from about 0.112 at n = 500 to 0.046 at n = 5000 and 0.010 at n = 10000,

which shows that it benefits strongly from larger samples, although it was still less

stable at smaller sample sizes. In Cardio, both models become more stable as the

sample size increases. AIM’s Hellinger standard deviation decreases from about 0.025

to 0.006 and then 0.004, while PrivBayes decreases from about 0.049 to 0.011 and

then 0.009. However, lower variability does not always mean better fidelity. In the
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Cardio dataset, PrivBayes becomes more stable at larger sample sizes, but its mean

distance for some variables still remains higher than AIM.

Another observation about the variability, it differs clearly across variables, which

shows that the synthesizers do not reproduce all variables with the same level of

reproducibility. In the Adult dataset, workclass and education shows the highest

variability overall. For Hellinger distance, their average standard deviations are about

0.063 and 0.056, respectively, while for Jensen Shannon distance they increased to

about 0.071 and 0.064. These variables contain several categories and may include

smaller groups, which makes them harder to reproduce under differential privacy.

In contrast, income was the variable with the lowest run-to-run dispersion, with an

average Hellinger standard deviation of about 0.025 and Jensen Shannon standard

deviation of about 0.030. This was expected because income has fewer categories

and a simpler distribution.

A similar pattern was observed in the Bank and Cardio datasets. In Bank,

poutcome has the highest variability, followed by job. The average Hellinger standard

deviation was about 0.058 for poutcome and 0.043 for job, while the Jensen Shannon

standard deviation was about 0.068 and 0.049, respectively. This suggests that

variables with several categories or uneven category frequencies are more difficult for

DP generation. The target variable y was simpler, but its imbalance can still create

some variability, especially for PrivBayes at smaller sample sizes. In Cardio, the

overall variability is lower because the selected variables are binned or low-cardinality

variables. However, gluc, age_bin, and cholesterol still vary more than cardio.

For example, gluc has an average Hellinger standard deviation of about 0.022 and

Jensen–Shannon standard deviation of about 0.026, while cardio has lower values

of about 0.009 and 0.011. Variables with more categories or uneven distributions

show higher variability, while binary or simpler variables are reproduced with lower

variability.
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When comparing both the metrics, the results show that Jensen Shannon distance

is slightly more variable than Hellinger distance under almost all observed conditions.

This pattern can be observed in both the numerical tables and the boxplots, where

the Jensen Shannon boxplots usually have wider spreads than the Hellinger boxplots.

Across all DP comparisons, the Jensen Shannon mean was higher than the Hellinger

mean in all 250 cases. Its standard deviation was also higher in all 250 cases, while

its interquartile range was higher in 247 out of 250 cases. This indicates that Jensen

Shannon distance reacts more strongly to changes in the generated distributions

across repeated runs.

However, this does not reduce the usefulness of Hellinger Distance. Both metrics

give the same overall model ranking and show the same main trends across Adult,

Bank, and Cardio. The main difference was that Jensen Shannon distance gives

slightly larger changes when the synthetic distribution varies from one run to another.

This difference was small for AIM, especially at larger sample sizes, but it becomes

more visible for PrivBayes, particularly at n = 500 and ϵ = 1, where the boxplots are

comparatively wider. Therefore, in these results, we can say that Jensen Shannon

distance is slightly more sensitive and more variable for almost all settings.

Apart from that, there were several recurring patterns observed across the Adult,

Bank, and Cardio datasets. Firstly, the AIM generally produced lower distance

values and lower run-to-run variability than PrivBayes. This was the strongest overall

pattern in the results, as AIM usually produced lower and narrower boxplots, which

indicates that it preserved the selected univariate distributions more accurately and

with lower run-to-run dispersion. Sample size also had a clear effect. Increasing

the sample size usually reduced variability, especially when moving from n = 500

to n = 5000. The improvement from n = 5000 to n = 10000 was usually smaller,

which suggests that most of the stability gain occurred after increasing the sample

size beyond the smallest setting. This effect was stronger for AIM, while PrivBayes
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also improved but remained more variable in many cases.

We can also notice that the privacy budget also affected the results. Moving from

ϵ = 1 to ϵ = 5 usually reduced both the mean distance and the spread of the boxplots,

while the improvement from ϵ = 5 to ϵ = 10 was smaller. This suggested that the

main benefit came from moving from a strict privacy setting to a moderate privacy

setting. PrivBayes was especially unstable at smaller sample sizes, particularly in

Adult and Bank at n = 500, where variables such as workclass, education, job,

contact, and poutcome showed wider boxplots. At larger sample sizes, PrivBayes

became more stable, but it usually still had higher distance values than AIM. The

Cardio dataset behaved slightly differently, as its selected variables were more stable

overall, especially for AIM. This was likely because the selected Cardio variables

were binned or low-cardinality variables, such as age_bin, ap_hi_bin, cholesterol,

gluc, and cardio, which were easier to reproduce as marginal distributions than

high-cardinality variables such as workclass or job.

The observed behaviour can also be connected to the architecture of the two DP

synthesizers. AIM was designed as a workload-adaptive mechanism, where useful

queries were selected, privately measured, and then used to generate synthetic data

from noisy measurements [16]. This design was suitable for preserving marginal

distributions, especially because the evaluation focused on univariate fidelity scores

such as Hellinger and Jensen Shannon distances. We can relate this and understand

why AIM showed stronger and more reproducible performance in the plots.

PrivBayes, in contrast, was based on DP Bayesian networks. It learned a Bayesian

network structure and used noisy conditional distributions to generate synthetic

data. This approach was useful for modelling dependencies between variables, but it

also introduced more variation across repeated runs, especially when the sample size

was small, the variable had many categories, or the privacy budget was strict [19].

This architecture-level difference matched the observed results: AIM was more direct
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for preserving selected marginal distributions, while PrivBayes depended on private

structure learning and conditional distribution estimation. As a result, PrivBayes

varied more across repeated runs, particularly in Adult and Bank, where variables

such as workclass, education, job, and poutcome had more complex category

structures.



5 Conclusion

This thesis aimed to study the fidelity and run-to-run stability of synthetic tabular

data generation methods. The main objective was to compare how closely DP and

Non-DP synthesizers reproduce the univariate distributions of real data, and how

variable these fidelity results are across repeated runs.

The experiments used three tabular datasets: Adult, Bank Marketing, and

Cardiovascular Disease. The Non-DP synthesizers were Gaussian Copula, CTGAN,

TVAE, and RTVAE, while the DP synthesizers were AIM and PrivBayes. The

models were evaluated across different sample sizes and, for DP models, across

privacy budgets of ϵ = 1, ϵ = 5, and ϵ = 10.

5.1 Answering the Research Questions

The first research question examined how much statistical dispersion is observed

in the fidelity scores across repeated runs, and variable types affect the observed

fidelity scores. The results showed that run-to-run dispersion differed clearly across

synthesizers, datasets, and variables. In the Non-DP setting, Gaussian Copula

produced the lowest dispersion overall, especially for the Adult and Bank datasets,

where it showed low distance values and narrow boxplots. In contrast, CTGAN,

TVAE, and RTVAE showed larger variation across repeated runs, particularly for

variables with larger category spaces or more complex distributions. The Cardio

dataset was comparatively more difficult, mainly because variables such as age,
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ap_hi, and ap_hi_bin produced higher distance values. Binary or low-cardinality

variables such as income, y, and cardio were generally easier to reproduce.

The second research question examined how DP and Non-DP synthesizers differ

in terms of fidelity and run-to-run dispersion. In the Non-DP setting, Gaussian

Copula achieved the strongest overall combination of low distance values and low

dispersion, especially for Adult and Bank. The neural network based models showed

more variable behaviour, with RTVAE producing the weakest results in several

settings. In the DP setting, AIM generally outperformed PrivBayes by producing

lower distance values and smaller run-to-run dispersion across most datasets, sample

sizes, and privacy budgets. PrivBayes improved in some larger sample settings, but it

remained more variable, especially for variables with complex categorical structures.

The third research question examined how the privacy budget affects the fidelity

and run-to-run dispersion of DP synthesizers. Increasing the privacy budget from

ϵ = 1 to ϵ = 5 generally reduced both the mean distance values and the spread of

the repeated-run scores. This improvement was especially clear for AIM. However,

the change from ϵ = 5 to ϵ = 10 did not produce a uniform additional improvement

across all variables, datasets, and synthesizers. In some cases, the distance values

decreased further, while in others the improvement was small or the pattern was

non-monotonic, particularly for PrivBayes on the Cardio dataset. Therefore, the

main improvement came from moving from a strict privacy setting to a moderate

privacy setting.

The fourth research question examined how increasing sample size influences the

fidelity scores and their dispersion across repeated runs. The results showed that

larger sample sizes in some cases reduced both the average distance values and the

run-to-run dispersion, especially when moving from n = 500 to n = 5000. This

pattern was strongest for Gaussian Copula in the Non-DP setting and AIM in the

DP setting. However, the improvement from n = 5000 to n = 10000 was smaller, and
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some synthesizers did not benefit uniformly from larger samples. CTGAN, RTVAE,

and PrivBayes still showed variability in several settings, indicating that sample size

helps but does not fully remove the effects of model architecture, stochastic training,

privacy noise, or difficult variable distributions.

5.2 Conclusions, Limitations and Future Work

The main conclusion of this thesis is that a reliable synthesizer should produce both

low distance values and low variation across repeated runs as observed in Gaussian

Copulas in several of the evaluated datasets. A model with low average distance but

high variability may not be dependable in practice, because its output quality can

change from one run to another. Similarly, a model with low variability but high

distance may have low run-to-run variability, but it may still fail to reproduce the

real data well. This was visible in the Cardio dataset, where some variables remained

difficult even when the model behaviour was stable across runs.

The findings also highlights that binary and low-cardinality variables were gener-

ally easier to reproduce, while variables with many categories, rare groups, imbalance,

or irregular numerical distributions were more difficult. Therefore, synthetic data

evaluation should be carried out at the variable level, not only at the dataset level.

This study has some limitations. First, the evaluation mainly focused on univariate

fidelity. The metrics measured how well individual variables were reproduced, but

they did not fully examine relationships between variables or the overall joint

distribution. Due to time constraint this as not explored, and as a result, the

findings provide only a partial view of synthetic data quality. Future work should

therefore incorporate multivariate fidelity measures, such as correlation analysis and

conditional distribution analysis, to provide a more comprehensive assessment of

how well synthetic data preserves complex relationships within the original dataset.

Another limitation is that the study did not examine machine learning utility
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in detail. While this thesis findings provide important insight into distributional

fidelity, they do not indicate how useful the synthetic data would be for downstream

predictive tasks. Future research should therefore include utility-based evaluations

in which models are trained on synthetic data and tested on real data. This would

be helpful in determining whether the low-dispersion fidelity scores also translate

into practical usefulness for classification and regression tasks or not.

Third, the study did not include a full privacy risk analysis for the Non-DP

models. Differential privacy provides formal protection for AIM and PrivBayes,

but methods such as Gaussian Copula, CTGAN, TVAE, and RTVAE may still

pose privacy risks that were not evaluated. Future work should include privacy risk

analyses, such as membership inference and attribute inference attacks, to better

understand the trade-off between data utility and privacy protection across different

synthesis approaches.



6 Disclosure of AI Assistance in

the Thesis

During the preparation of this thesis, publicly available AI tools such as ChatGPT

(https://www.chatgpt.com) and Perplexity (https://www.perplexity.ai/) were used as

supportive aids for tasks such as organising the thesis, assisting with code development,

preparing computational commands, understanding literature, and refining language.

These tools were used only to assist the process, while all key research decisions,

experimental design, analysis, and final interpretations were carried out independently

by the author.

AI tools supported the development and debugging of Python code used in the

experimental workflow, including dataset handling, experiment setup, and working

with various synthesizers. They were also used to help prepare and refine Puhti

supercomputer commands and SLURM job scripts. All generated code and commands

were carefully reviewed, modified, and validated by the author before use.

Additionally, tools like QuillBot (https://quillbot.com) and ChatPDF (https:

//www.chatpdf.com) were used in understanding research literature and technical

concepts, as well as for language editing and improving clarity. While they helped

in summarising complex topics and refine my writing, the selection of references,

interpretation of findings, and final presentation were completed by the author.
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Appendix A Complete

Non-Private Synthesizers

Variable-Level Boxplots

This appendix presents boxplots for all variables for Hellinger distance and Jensen

Shannon distance. The figures complement the selected-variable analysis in Chapter 4.

The non private synthesizers included are Gaussian Copula, CTGAN, TVAE, and

RTVAE.
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Figure A.1: Hellinger distance results for all variables in the Adult dataset using
non-private synthesizers.
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Figure A.2: Jensen Shannon distance results for all variables in the Adult dataset
using non-private synthesizers.
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Figure A.3: Hellinger distance results for all variables in the Bank dataset using
non-private synthesizers.
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Figure A.4: Jensen–Shannon distance results for all variables in the Bank dataset
using non-private synthesizers.
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Figure A.5: Hellinger distance results for all variables in the Cardio dataset using
non-private synthesizers.
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Figure A.6: Jensen Shannon distance results for all variables in the Cardio dataset
using non-private synthesizers.
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