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A crescente adoc¢do da geracdo de dados tabulares sintéticos em aplicacdes de
aprendizado de maquina levanta questbes importantes sobre as implicacdes de in-
justica dos dados gerados. Este trabalho examina se os modelos de geracao de dados
sintéticos preservam, ampli cam ou reduzem a injustica dos conjuntos de dados origi-
nais, e avalia a e cacia de algoritmos de mitigacao de injustica em dados gerados
sinteticamente. Para isso, seis modelos de geracdo de dados sintéticos foram avalia-
dos em quatro conjuntos de dados de referéncia da area de injustica em aprendizado
de maquina. Para avaliar a e cacia dos experimentos de mitigacdo de injusti¢ca, dois
algoritmos foram selecionados. Os resultados mostram que os conjuntos de dados
sintéticos aumentam sistematicamente a injustica do classi cador em comparacao
com os dados originais, com aumentos de injustica variando de modestos a subs-
tanciais, dependendo do modelo utilizado. Os algoritmos de mitigacdo de injustica
permaneceram e cazes em dados sintéticos, alcancando desempenho comparavel a
sua aplicacdo em dados reais. Modelos capazes de gerar dados sintéticos de alta
utiidade demonstraram as melhores redu¢des de injustica apds a mitigacdo. Esses
resultados indicam que os dados sintéticos ampli cam a injustica, mas que isso pode
ser abordado através de técnicas padrao de mitigacao de injustica quando aplicadas
a conjuntos de dados sintéticos de alta qualidade.
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The increasing adoption of synthetic tabular data generation in machine learning
applications raises essential questions about the fairness implications of the gener-
ated data. This work examines whether synthetic data generation models preserve,
amplify, or reduce unfairness from original datasets, and evaluates the e ective-
ness of fairness mitigation algorithms on synthetically generated data. For this,
six synthetic data generation models were evaluated across four fairness benchmark
datasets. To assess the e cacy of fairness mitigation experiments, two algorithms
were selected. Results show that synthetic datasets systematically increase classi-
er unfairness compared to original data, with unfairness increases ranging from
modest to substantial depending on the model used. Fairness mitigation algorithms
remained e ective on synthetic data, achieving comparable performance to their ap-
plication on real data. High-utility synthetic models demonstrated the best fairness
improvements after mitigation. The ndings indicate that synthetic data ampli-
es unfairness but that this can be addressed through standard fairness mitigation
techniques when applied to high-quality synthetic datasets.
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Chapter 1

Introduction

1.1 Contextualization

The recent emergence and widespread adoption of large language models (LLMSs)
and image generation models have popularized the term Generative Al. This ter-
minology distinguishes Al models trained to generate new content, such as text,
images, videos, sound, or other data types, from traditional Al and ML models
designed for predictive tasks such as classi cation or regression (FEUERRIEGEL
et al., 2024). While image and text generation currently drive the generative Al
trend, an important question arises regarding the potential role of generative mod-
els in the context of tabular data, one of the most widespread data types in practical
applications.

Currently, one of the most prominent applications of generative Al in tabular
data is synthetic tabular data generation (STDG). In this context, synthetic tabu-
lar data refers to data created using machine learning models trained to learn the
underlying distribution and relationships from an original dataset. Once trained,
these models are able to generate new, realistic data instances that maintain the
statistical properties of the original dataset. An illustrative image of this process is
presented in Figure 1.1.

This has been particularly explored for privacy-preserving data sharing in sensi-
tive industries such as healthcare and nance (ASSEFA et al., 2020; HERNANDEZ
et al., 2022). Additionally, it can be used for augmenting existing datasets in cases
involving small or imbalanced data, imputing missing values, among other analytical
purposes (FONSECA e BACAO, 2023).

These applications expands beyond research contexts, demonstrating commer-
cial viability across multiple sectors with some signi cant investments being made
in startups in the area. This is exemplied by Mostly Al's $25 million funding
round in 2022 (MOSTLY Al, 2022) and NVIDIA's recent acquisition of Gretel for



approximately $320 million (SILICONANGLE, 2025).

This theme also has been discussed in the news and courtrooms. A case involving
the startup Frank, acquired by JP Morgan for $175 million, underscores potential
ethical and legal concerns of the use of synthetic tabular data generation. Post-
acquisition, JP Morgan discovered that instead of the claimed four million customers,
Frank had only 300,000 real clients. The remaining entries in the database were
synthetic data points, generated with assistance from a data science professor, based
on the actual customer data (DUNNE et al., 2024).

Generating high-quality synthetic tabular data, however, presents challenges not
encountered in image or text generation, particularly in preserving complex inter-
column dependencies and ensuring the practical utility of the generated data. These
challenges are compounded by the diverse nature of tabular data types, ranging from
categorical and numerical to temporal features, each requiring speci ¢ consideration
in the generation process (XU et al., 2019; ZHAO et al., 2021).

Another common challenge when working with tabular data is the fairness of
machine learning models, especially when these models are employed towards au-
tomated decision making. Machine learning models can treat in a disparate way
individuals from distinct demographical groups, ocasionally incurring in prejudices
for individuals that belongs to groups with less privileges in society.

While some research attempts to generate fairer data by introducing modi ca-
tions in the STDG models training (XU et al., 2018; RAJABI e GARIBAY, 2022;
VAN BREUGEL et al., 2021), this approach presents signi cant challenges. One of
the main issues is ensuring that downstream models trained in the synthetic data
will behave similarly when evaluated in real data (EITAN et al., 2022).

On the other side, there is evidence that the conventional generation of synthetic
tabular data, i.e., without fairness constraints or modi cations to generate fairer
data, could led to downstream models that show worst fairness behavior than those
trained on real data (BHANOT et al., 2021; GANEV et al., 2022; LIU et al., 2025).
This is a serious and yet overlooked aspect in the STDG literature that could amplify
existing biases in the datasets or even introduce new ones.

This theme has multiple implications across distinct domains where synthetic
tabular data is increasingly being adopted. For instance, in healthcare, where syn-
thetic patient data is used for research while protecting privacy, understanding fair-
ness implications is important to prevent the ampli cation of existing healthcare
disparities. In nancial services, synthetic data for credit scoring model develop-
ment must maintain fairness to avoid discriminatory lending practices.

In this context, this research aims to address existing gaps in the STDG literature
by conducting an empirical analysis of fairness in state-of-the-art STDG models and
exploring potential strategies to mitigate identi ed biases.



Figure 1.1: lllustrative example of Al-driven synthetic tabular data generation.

1.2 Objectives and Research Questions

The primary objective of this work is to investigate the fairness of machine learning
classi ers trained on synthetic datasets.

To achieve this, three fundamental research questions were formulated:

RQ1: Do synthetic datasets preserve the unfairness present in the original data?

RQ2: Do synthetic data generation models potentially exacerbate unfairness
compared to the original datasets?

RQ3: Can fairness mitigation algorithms e ectively reduce unfairness when
applied to classi ers trained on synthetic datasets?

These questions address gaps in our understanding of fairness implications in
synthetic tabular data generation and will guide the development of this work.

1.3 Contributions

This research makes the following contributions to the eld of synthetic tabular data
generation:

" A rigorous evaluation framework for assessing fairness in synthetic tabular
data generation across six STDG models and four benchmark datasets.

" Empirical evidence that synthetic datasets frequently amplify unfairness
present in original data.

" Demonstration that fairness mitigation algorithms e ectively reduce unfairness
in classi ers trained on high-quality synthetic data.

"~ Practical guidance for selecting STDG models and applying fairness interven-
tions in fairness-sensitive applications.

1.4 Results Summary

The evaluation of fairness in machine learning classi ers trained on synthetic tab-
ular datasets highlights important implications for fairness-sensitive applications.

3



Across datasets, most synthetic data generation models led to notable increases in
unfairness for at least one fairness measure.

Despite this, applying fairness mitigation algorithms proved e ective in reducing
these disparities while maintaining competitive performance. Models with stronger
predictive performance also tended to show the greatest reductions in unfairness
after mitigation.

Overall, these ndings suggest that in fairness-sensitive scenarios, a practical
strategy is to select synthetic data generation models that produce data closely
aligned with the original distribution, and then apply fairness mitigation techniques
to address residual bias.

1.5 Document Structure

This Dissertation is structured as follows: Chapter 2 provides a literature review
covering synthetic tabular data generation, including main model architectures and
evaluation procedures; fairness in machine learning systems, including common fair-
ness measures and mitigation algorithms with emphasis on group fairness concepts in
binary classi cation settings; and the intersection of fairness and synthetic data gen-
eration, reviewing both works that attempt to generate fairer datasets and studies
indicating fairness implications of synthetic tabular data use. Chapter 3 presents the
research motivations, describes the most closely related works, provides an overview
of the datasets employed, and concludes with a detailed description of the method-
ology and experimental setup. Chapter 4 presents the experimental results and their
analysis. Chapter 5 concludes with a summary of key ndings and recommendations
for future research directions



Chapter 2

Literature Review

2.1 Synthetic Tabular Data Generation

In the past decade, the emergence of Generative Adversarial Networks (GANS)
(GOODFELLOW et al., 2014) has revolutionized the domain of image generation
due to their remarkable ability to produce high-quality and faithful images. This
advancement has served as a catalyst for the STDG community to explore the de-
velopment of machine learning and deep learning techniques for STDG applications.
Initially, this exploration focused on GANs and Variational Autoencoders (VAES)
and subsequently expanded to include di usion models, transformer-based methods,
and other new approaches.

2.1.1 STDG Models

One of the pioneering techniques in successfully utilizing GANs for generating syn-
thetic tabular data is known as Conditional Tabular GAN (CTGAN) (XU et al.,
2019). The authors of this study addressed several challenges associated with gener-
ating synthetic tabular data using GANSs, including the presence of both numerical
and categorical data types within tabular datasets, learning from sparse one-hot-
encoded vector representations, and handling non-Gaussian and multimodal data
distributions commonly found in such datasets.

To overcome these challenges, the authors make some contributions, such as
introducing mode-speci ¢ normalization to overcome the non-Gaussian and multi-
modal distribution, adding a conditional generator and training-by-sampling to deal
with the imbalanced discrete columns, and also introducing some changes to the net-
work structure. The architecture adopted consisted of two fully-connected hidden
layers in both the generator and the critic.

The generator utilized batch normalization and the ReLU activation function.
After the two hidden layers, the synthetic row representation was generated using a



combination of activation functions. The scalar values; were generated using the
tanh function, while the mode indicator ; and discrete values dwere generated
using the Gumbel softmax. In the critic, the leaky ReLU function and dropout were
applied to each hidden layer. To prevent mode collapse, the authors utilized the
PacGAN framework with 10 samples in each pac. The model was trained using the
WGAN loss with gradient penalty.

In this paper, the authors also introduced TVAE, a modi cation of VAEs for
tabular data generation. TVAE uses a conventional VAE architecture, with an
encoder to map inputs to a latent distribution and a decoder to reconstruct data from
latent samples. Unlike standard VAEs which typically handle continuous data with
uniform loss treatment, TVAE employs a modi ed ELBO loss with a modi cation
on the reconstruction term, where it di erentiates between categorical features and
continuous features, adopting a speci c loss for each of those types. Additionally,
TVAE's architecture includes the same preprocessing used for CTGAN.

In ZHAO et al. (2021) while proposing a new GAN based method named CTAB-
GAN, the authors explore further the complexities associated with various data
types in the synthetic tabular data generation and proposed the introduction of a
new category in variable modeling: the mixed data type. This novel category can
be interpreted as a fusion of categorical and continuous variables. For illustrative
purposes, the authors presented an instance of a 'mortgage loan holder' variable.
This variable could either possess a categorical value of '0', indicating a lack of a
loan, or a continuous value representing the presence of a loan.

Additionally, they examined the previous methods capacity for handling skewed
continuous variables and imbalanced categorical variables, and provided an enhanced
methodology for dealing with these issues. For skewed continuous variables, they
utilized a log transformation, asserting that despite its simplicity, it yielded positive
outcomes. To manage imbalanced categorical variables and their co-occurrence with
skewed continuous variables, they introduced a novel encoding technique for the
conditional vector.

The same authors latter expanded their work in ZHAO et al. (2022) with CTAB-
GAN-+, in which they introduce a couple novelties to their previous work such as
adding downstream losses to conditional GANs for higher utility synthetic data,
using Wasserstein loss with gradient penalty for better training convergence, in-
troducing novel encoders targeting mixed continuous-categorical variables and vari-
ables with unbalanced or skewed data and adding the possibility of training with
DP stochastic gradient descent to impose strict privacy guarantees.

In recent years, the machine learning community has witnessed the emergence
and success of di usion models within the domain of image generation, an area pre-
viously dominated by GANs. This inspired the authors of TABDDPM (KOTEL-



NIKQV et al., 2023) to investigate the application of di usion models to the gener-
ation of synthetic tabular data. As in other di usion models, TABDDPM operates

by gradually adding noise according to a xed schedule in the forward process and
then learning to reverse this process by predicting the noise components. To ad-
dresses challenges of heterogeneous data types in tabular data, TABDDPM employs
a hybrid architecture that combines Gaussian di usion for continuous features and
multinomial di usion for categorical variables.

Meanwhile, since 2017 the deep learning community has witnessed the success of
transformer based architectures in many elds, particularly, Large Language Mod-
els (LLMs) became the state-of-art for natural language processing. In this context,
BORISOV et al. (2023) developed GReaT (Generation of Realistic Tabular data), a
model that exploits an auto-regressive generative LLM to generate synthetic tabular
data. To adapt this model to be successful for tabular data generation, their method-
ology, comprise of two main parts, the netuning of a pretrained auto-regressive
LLM on a textual representation of the tabular dataset and the sampling from this
netuned model.

The textual encoding of the tabular dataset is done by transforming the infor-
mation stored in the rows and columns to a textual representation of each row. For
example, an instance of a tabular dataset with a feature named Age with value of
39, a feature named Education with value 'Bachelors’, and a feature named Gender
with value 'Male’, would be represented in this work with the phrase "Age is 39,
Education is Bachelors, Gender is Male". Also, random permutations of this textual
representation are used to make the model invariant to the order of the features. For
the ne-tuning phase, two di erent pretrained transformer decoder LLM models of
various sizes were used, GPT-2 and it smaller distilled version DistilGPT2.

Building on transformer-based architectures for tabular data synthesis, RealTab-
Former (Realistic Relational and Tabular Transformer) (SOLATORIO e DUPRIEZ,
2023) represents another signi cant advancement in the eld as it was designed for
the generation of singular tabular synthetic datasets and also for relational data.
For generating synthetic tabular data, the data is encoded in the same way as in
GReaT and the ne-tuning is done in a similar way. One notable di erence to GReat
Is that RealTabFormer uses target masking in the training phase for prevent data
copying and uses a early stopping criteria based on quantiles values distance betwen
synthetic and real features. For generating relational data, rst, a parent table is
rst generated and then a sequence-to-sequence (Seq2Seq) model is used to generate
the relational tables.

Despite the recent focus in deep learning models for synthetic tabular data gen-
eration, other approaches also have been explored. One example, is ARF (Adver-
sarial Random Forests) (WATSON et al., 2023), a synthetic tabular data generation



model based on the classical machine learning ensemble model random forests. ARF
employs an adversarial framework inspired by GANs where the joint density distri-
bution of a dataset is learned by recursively tting a random forest model to classify
between synthetic and real samples untill a convergence criteria is met. For gen-
erating synthetic data, the trees structures of the model are explored with another
algorithm named FORests for GEnerative modeling (Forge).

2.1.2 STDG Evaluation

Evaluation of synthetic generated data is a critical aspect in the use and development
of STDG methods, as it's quality is essential for any practical downstream use of
this data. This evaluation can be done with relation to multiple aspects of the data
with utility, resemblance and privacy being the most common aspects evaluated
(HERNADEZ et al., 2023).

Resemblance, also referred to as delity or quality evaluations, measures the de-
gree to which the synthetic data resembles the original data. Evaluation methods in
this area range from basic checks, such as comparing numerical ranges and categor-
ical frequencies, to more sophisticated statistical tests and distances calculations to
compare the similarity between synthetic and real data. Visualization techniques,
like distribution plots and dimensionality reduction, also support qualitative com-
parison between real and synthetic datasets.

Notably, both CTABGAN+ (ZHAO et al., 2022) and Tabddpm (KOTELNIKOV
et al., 2023) adopts Jensen Shannon Divergence and Wasserstein Distance to mea-
sure distribution similarity for categorical and continuous features, respectively.
Also, in these works, a measure of distance between correlation matrices of synthetic
and real data is also used. RealTabFormer and GReaT (BORISOV et al., 2023) uses
visualizations of joint distributions for qualitative evaluation of the generated data.

Machine Learning Utility (or e cacy) is one of the most prevalent measures of
evaluation in the recent STDG literature. This measure is based on the performance
of machine learning models trained on the synthetic data and evaluated in a test
set of the original data. Once calculated, the performance of this machine learning
model is compared to the performance of the same model trained on the original
data. The closer the performance of the synthetic data-trained model is to its
original data-trained counterpart, the higher is the utility of the synthetic data and
consequently, of the STDG model itself.

A common approach for calculating this measure is to calculate the mean perfor-
mance gap across multiple distinct downstream machine learning models. CTGAN,
CTABGAN+, GrEAT, and others follow this methodology. In Tabdppm, how-
ever, the authors compare this approach to an alternative that uses only Catboost



(PROKHORENKOVA et al., 2018) to evaluate the performance gap. They adopt
this single-model approach because they believe it better re ects real-world scenarios
faced by researchers and practitioners, as gradient boosting models are standard in
most tabular data applications. After comparing these two approaches, they argue
in favor of the single-model method, noting that discrepancies in model complexity
within the multi-model approach can lead to misleading conclusions about perfor-
mance gaps. Furthermore, the model used in this single-model approach had its
hyperparameters tuned on a real data validation set, which contrasts with previous
approaches that used models with default hyperparameters. In Realtabformer, the
authors build upon this approach but instead of relying on a real data validation set,
they generate a synthetic validation set for tuning the hyperparameters, as it is a
scenario closer to what practitioners would face in real scenarios using the synthetic
data.

Privacy evaluation is the third critical aspect in assessing synthetic data quality,
ensuring that the generated data does not inadvertently disclose sensitive informa-
tion from the original dataset. This aspect is fundamental for cases where the main
goal of synthetic data generation is to facilitate data publishing or to address privacy
concerns. However, even when this is not the primary purpose, and synthetic data
is generated for augmentations, imputation, and other objectives, privacy-related
evaluations can serve valuable purposes such as detecting over tting (SOLATORIO
e DUPRIEZ, 2023).

Distance to Closest Record (DCR) is one of the most common privacy-related
measures in the STDG literature. It calculates the distance between synthetic and
real records using metrics such as L1 or L2 distances to assess how close the synthetic
samples are to the real ones. DCR values close to zero indicate that models might
be memorizing records from the real data, while higher DCR values suggest better
generalization. However, high DCR could also indicate excessive noise, which is why
it should be evaluated alongside other measures such as Machine Learning Utility
(KOTELNIKOQV et al., 2023).

2.2 Machine Learning Fairness

With the rapid adoption of machine learning systems governing diverse applications
that a ect people's daily lives, such as automated decision-making systems in credit
approval processes, e-commerce recommendations, and social media content cura-
tion, concerns regarding ethical implications and potential biases in these systems
have attracted signi cant attention from media outlets, industry stakeholders, and
academic researchers.

The study of biases in machine learning systems that can prejudice some un-



privileged group represented in the data is known in the academic literature as
"Fairness", "Algorithmic Fairness" or "Machine Learning Fairness", among others
common terms. Multiple concepts exist regarding what de nes a fair machine learn-
ing system, which can vary according to the speci ¢ context, cultural aspects, among
others. Considering this, a variety of measures have been proposed to align with
di erent fairness concepts.

Overall, this phenomenon is typically studied by de ning one or more sensitive
classes. These classes include unprotected (also known as unprivileged) groups,
which usually represent socio-demographical groups with less power or representa-
tion in society, and a non-sensitive (also known as privileged) class, which represents
a group with more privileges in society. After de ning these groups, the fairness of
a machine learning model is evaluated by comparing the model's results on these
groups on an evaluation set.

There can be many di erent sources of unfairness in machine learning models,
such as biases present in the data due to historical societal biases, inequalities in
the data acquisition process, or even from the optimization process of the model
(MEHRABI et al., 2021).

While the majority of existing research in this eld focuses on binary classi -
cation settings with a single sensitive variable, signi cant work has also emerged
addressing regression problems, multi-class classi cation, and scenarios involving
multiple sensitive variables.

2.2.1 Fairness Measures

Existing de nitions and respective measures can be categorized into group, individ-
ual or counterfactual fairness measures. Group fairness concepts focus on treating
di erent groups equally based on each group statistics, individual fairness de nitions,
also know as similarity-based criteria, aims to give similar predictions to similar in-
dividuals, causal de nitions, for instance, are related to individual de nitions but
are based on the use of counterfactual scenarios for dealing with causal relationships.

Among the group fairness de nitions, Demographic Parity, Equalized Odds, Pre-
dictive Equality and Equality of Opportunity, are the most used. These measures
aims for di erent objectives and may be non-compatible between themselves. De-
mographic Parity 2.1 is one of the most commonly adopted in the fairness literature,
the concept around it is about giving the same rate of positive predictions among
distinct groups. As can be noted, Demographic Parity measures depends only on
the predictions ¢ and the sensitive variable S and does not depends on the true
labels y.

Predictive Equality, Equality of Opportunity and Equalized Odds, for instance,
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are based on the disparities in error rates between distinct groups. This distinction
Is crucial because it highlights a fundamental trade-o in fairness metrics. While De-
mographic Parity ensures equal representation in positive predictions across groups,
it may inadvertently penalize a model that accurately re ects legitimate di erences

in base rates between groups. In contrast, error-rate-based metrics like Predic-
tive Equality, Equality of Opportunity, and Equalized Odds incorporate the ground
truth labels, allowing them to assess whether a model's mistakes are distributed
fairly while still maintaining predictive accuracy. Predictive Equality 2.2 speci -
cally focuses on equal false positive rates across groups, Equality of Opportunity
2.3 ensures equal true positive rates, and Equalized Odds 2.4 requires both false
positive and true positive rates to be equal across groups.

Demographic Parity =Pr(¢ =1jS=1) Pr¢=1]S=0) (2.1)

Predictive Equality =Pr(¢=1jS=1;y=0) Pr(¢=1jS=0;y=0)=
I:F)RSensitive FPR Non-Sensitive

(2.2)

Equality of Opportunity =Pr(¢=1jS=1;y=1) Pr¢=1jS=0;y=1) =

TPRSensitive TPR Non-Sensitive
(2.3)

Equalized Odds = zrfrgfilijr(y =1jS=1y) Pr¢=1]S =0;y) (2.4)
y2iUilg

2.2.2 Fairness Mitigation Techniques

Over the past two decades, researchers have developed various methods to mitigate
fairness-related issues as research on algorithmic fairness has evolved and gained
attention from both media and academia. These methods are typically catego-
rized into pre-processing, in-processing, or post-processing based on the stage of
the prediction pipeline where they are applied. Pre-processing algorithms perform
transformations on the data before it reaches a machine learning model to ensure
fair outcomes. In-processing algorithms modify the training of machine learning
models, while post-processing algorithms modify the outputs of a model that has
already been trained (MEHRABI et al., 2021).

One of the earliest fairness pre-processing methods is the Massaging algorithm,
developed by KAMIRAN e CALDERS (2009). In this algorithm, a biased ranker is
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learned to predict the class attribute without considering the sensitive attribute. It
identi es two groups of objects in the training data, candidates for promotion and
demotion for the target class, and uses the ranker to select the best candidates for
both. The training data is modi ed until discrimination is eliminated, and a new
classi er is trained on the modi ed data. Other pre-processing methods include fair
clustering, fair dimensionality reduction, fair feature selection, among others.

In-processing methods are one of the most studied in the fairness literature.
Most of the works about in-processing methods are based on the addition of fairness
constraints or regularization terms to the optimization process of machine learning
models to achieve fairer outcomes. In many cases, these constraints or regularization
terms can be the fairness metrics themselves or a proxy variable for them.

An early work in this eld is Fairness Through Awareness (DWORK et al.,
2012), which formulates a fair classi er as a constrained optimization problem. This
problem minimizes classi cation loss while ensuring that similar individuals have
similar outcomes, promoting individual fairness. Another early method is the work
of KAMISHIMA et al. (2011), which quanti ed the degree of prejudice based on
mutual information and added this as a regularizer in a logistic regression model.
Similarly, ZEMEL et al. (2013) introduced the concept of fair representation. They
used demographic parity as a regularizer to learn data representations that adhere
to speci c fairness criteria, ensuring that these representations would satisfy these
criteria when used by a classi er.

Building on this line, distinct methods have also explored the concept of fair
representation, particularly using neural network models such as Autoencoders and
VAEs LOUIZOS et al. (2016) trained with fairness loss terms to learn these represen-
tations. Neural networks have also been used with fair loss terms employed directly
from the model predictions, as in PADALA e GUJAR (2020), where distinct fair-
ness notions are expressed in terms of fair loss functions that are added to the usual
training of a two-layer MLP. Adversarial approaches also have been explored, as
in MADRAS et al. (2018) for example, where a discriminator tries to learn from a
latent representation if an instance belongs to the protected group or not, and uses
the results of this discriminator a loss term in an adversarial framework similar to
the ones used in GANs (GOODFELLOW et al., 2014).

Post-processing methods by the other side are less explored, with signi cantly
fewer research studies conducted on this topic compared to pre-processing or in-
processing methods. A remarkable example of post-processing methods is the
Threshold Optimizer method (HARDT et al., 2016) where the algorithm adjusts
the decision threshold after the model to achieve a desired fairness condition. This
method allows for exibility in modifying the performance of the classi er without
altering the underlying model. In particular, it can be used to meet speci c fairness
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criteria such as demographic parity or equalized odds. Another noteworthy post-
processing technique is the Reject Option Classi cation (KAMIRAN et al., 2012),
which focuses on instances where the classi er is uncertain. By favoring decisions
that promote fairness in these ambiguous cases, this method helps improve overall
equity without signi cantly compromising accuracy.

While there is a great variety of fairness mitigation methods published in the
literature, most of these methods are not agnostic to the model choice and to the
fairness de nition. This is a serious limitation for practical applications as it restricts
the exibility and generalization of fairness interventions. In real-world scenarios,
organizations often work with diverse datasets, models, and fairness requirements
that evolve over time. Furthermore, most methods in the fairness literature require
neural networks, while the most adopted and most performative models for tabular
problems are still Gradient Boosting variants (BORISOV et al., 2022).

Two examples of methods that can be applied to distinct classi ers and fairness
measures are the Threshold Optimizer method (HARDT et al., 2016) and the re-
ductions method (AGARWAL et al., 2018), both available on the Python fairness
library Fairlearn (WEERTS et al., 2023).

The reduction algorithms (AGARWAL et al., 2018) treat any standard classi-
cation or regression algorithm as a black box, and iteratively re-weight the data
points and retrain the model after each re-weighting. The algorithm transforms the
complex fair classi cation problem into a sequence of standard cost-sensitive clas-
si cation problems and formulates fair classi cation as a constrained optimization
problem where fairness constraints are expressed as linear inequalities on conditional
moments. The algorithm iteratively alternates between nding optimal classi ers
given current fairness penalty weights and updating these weights based on con-
straint violations, ultimately converging to a randomized classi er that achieves the
optimal accuracy-fairness trade-o .

2.3 Fairness in Synthetic Tabular Data

The intersection between STDG methods for tabular data and fairness has been ex-
plored in two main directions, one that attempts to mitigate fairness issues by using
STDG models to modify the original dataset and another that focus on studying the
fairness issues of synthetic generated data. In the rst case, in studies that attempt
to mitigate fairness through the use of synthetic data, it usually can be done in two
ways, by adopting fairness constraints in the data generation process or by using
synthetic generated data to augment original datasets to make then fairer.
One of the rst approaches for mitigating fairness by using a entirely synthetic

dataset generated by a model trained on real data was FairGAN (XU et al., 2018).
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In this work, the authors employ a GAN framework with one generator conditional
on the sensitive variable and two discriminators, one for distinguishing between syn-
thetic and real samples, as usual in the GAN framework, and another to distinguish
if the synthetic generate data is from the protected group or not. The result is a
generator whose synthetic generated data cannot have it's sensitive variable distin-
guished from the others variables in the dataset.

Another relevant work in this area is DECAf (VAN BREUGEL et al., 2021), a
causal GAN-based framework that generates synthetic data using multiple genera-
tors (one for each variable) to learn causal conditionals from observed data, with
variables synthesized topologically from root to leaf nodes in the causal graph. The
method enables bias removal through targeted edge removal at inference time, al-
lowing for the creation of datasets that satisfy various fairness de nitions.

Other related work is TabFairGAN (RAJABI e GARIBAY, 2022) where the au-
thors employ a fair loss penalty on the generator based on the disparities between the
relative frequencies of the target variable for the sensitive and non-sensitive groups.
By doing this, the models are able to generate synthetic data that is balanced in
respect to the sensitive variable.

In this context of fair data generation, a very important and challenging aspect
is that training a downstream model on fair synthetic data does not necessarily
lead to fair models, as stated in EITAN et al. (2022). In this work, the authors
use TabFairGAN and show empirically that even thought the data generated by
the model is mostly fair when judged by the demographic parity of the data, the
models trained on this data do not necessarily exhibit a fair demographic parity
when evaluated on the real test data.

Addressing this challenge would require the development of methods to generate
fair datasets that, when used to train classi ers without explicit fairness constraints,
would produce fair predictions when applied to original test data, despite the inher-
ent distribution shift between synthetic and real data. This represents a complex,
ill-posed problem that remains inadequately understood in current literature.

Although synthetic data has been used to tackle fairness challenges, it has also
been shown that synthetic generated datasets can maintain or even exacerbate exist-
ing biases in the real data when these datasets are generated in the usual generation
setting, i.e. without considering fairness in the generation process (GANEV et al.,
2022; CHENG et al., 2021). This has been shown specially for di erentially pri-
vate synthetic data (GANEV et al., 2022; CHENG et al., 2021) but also for regular
synthetic data.

These works that conduct fairness evaluations on synthetic tabular datasets are
more directly related to this study. For this reason, they will be discussed in detail
in Section 3.2, along with an analysis of how they di er from this work.
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Chapter 3
Methodology

This section details the methodology of this work. First, it shares the motivation

behind this study. Then, it discusses the most closely related work, highlighting its
similarities and di erences with this study. Subsequently, it describes the datasets
used in this work. Lastly, it presents the proposal for this study and provides a
detailed explanation of the experimental setup.

3.1 Motivation

In recent years, there has been a signi cant increase in research and industry ap-
plications of synthetic tabular datasets. These datasets are generated by machine
learning models that are trained to learn the complex distribution of tabular datasets
in a way that allows them to be used to sample new instances from these distribu-
tions.

These datasets can then be utilized in privacy-preserving applications, to aug-
ment existing datasets, and for other analytical purposes. Despite the recent growth
in the area, several challenges still exist, such as ensuring that the synthetic data
closely follows the real distribution of the original data without copying or leaking
private information.

Another critical challenge when working with tabular data is ensuring the fairness
of machine learning models trained on a given dataset. This theme has garnered
attention from the media and research community over the last decade. Still, it has
been overlooked in synthetic tabular data generation, despite evidence that synthetic
tabular datasets may either preserve or exacerbate fairness issues in the original data
(GANEV et al., 2022; LIU et al., 2025).
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3.2 Related Work

As discussed in the subsection 2.3, fairness in STDG models is typically examined
in two distinct ways. One approach involves utilizing modi ed STDG models to
generate fair data. The other approach, which is more directly related to this work,
focuses on assessing the fairness of standard STDG models.

Following this second approach, BHANOT et al. (2021) investigated the pres-
ence of unfairness in synthetically generated datasets created using the HealthGAN
(YALE et al., 2020) model. They evaluated the fairness of these synthetic datasets
using two novel fairness metrics, which were designed to assess the similarity be-
tween the fairness properties of the synthetic and original datasets, such as the rate
of protected groups and the preservation of the relationship between the sensitive
variable and time series covariates.

Similarly, GANEYV et al. (2022) demonstrated that STDG models trained with
di erential privacy constraints exhibit disparate e ects on class and subgroup sizes,
which can impact classi er accuracy, particularly for underrepresented classes.
These e ects intensify with stronger privacy guarantees and higher levels of data im-
balance. Also, examining STDG models with di erential privacy, PEREIRA et al.
(2024) compares marginal-based and GAN-based synthetic data generators, reveal-
ing mixed results regarding fairness for GANs, with cases where training classi ers
on GANSs' synthetic data reduced fairness metrics but at a drastic performance cost,
probably related to poor delity to the original data distribution.

While previous works focused on di erential privacy STDG models or had limited
scope, testing only a few STDG models and datasets, the work that most closely
relates to this study is LIU et al. (2025), which conducted a more comprehensive
analysis. In their research, the authors assessed the fairness of classi ers trained on
synthetic datasets generated by multiple STDG models. Furthermore, they applied
fairness preprocessing methods to evaluate their e ectiveness on synthetic data.
Their ndings indicate that di erent STDG models achieve varying balances between
fairness, privacy, and utility, and that preprocessing fairness mitigation algorithms
can help reduce unfairness in synthetic tabular datasets.

While their work shares similarities with the present study, there are several dif-
ferences between them. First, LIU et al. (2025) focused on Learning Analytics (LA)
datasets, whereas this work examines common fairness benchmark datasets. Sec-
ond, their exploration included utility-focused, privacy-focused, and fairness-focused
STDG models, while this study concentrates speci cally on state-of-the-art utility-
focused STDG models. Third, the fairness mitigation algorithms adopted di er be-
tween the studies. Additionally, the experimental setups vary signi cantly. In LIU
et al. (2025), no hyperparameter tuning or cross-validation was performed for STDG
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model training, although cross-validation and hyperparameter tuning were applied
to downstream classi ers. In contrast, this work employs a cross-validation frame-
work for the entire work ow, encompassing both STDG model training and down-
stream classi er evaluation, with hyperparameter tuning applied to STDG models
but not to downstream classi ers.

3.3 Datasets

Datasets featured in fairness-related research span various sectors, including nance,
criminal justice, and healthcare. Recent work has reviewed the most common
datasets used in fairness machine learning research (LE QUY et al., 2022). The
authors mention 15 datasets cited by at least three papers in the fairness domain.
Among them, the four most commonly used datasets encountered in the fairness
literature were Adult (BECKER e KOHAVI, 1996), COMPAS, German and Bank
Marketing, in this exact order. These datasets were chosen for the experiments in
this work.

The rst of them, Adult, also known as Census Income, is a dataset that contains
demographic and socio-economic data from a representative sample of individuals
who responded to the March 1994 US Current Population Survey. The amount by
which each entry represents the total population is given by the variable 'fnlwgt'.
The dataset has 15 variables and 48842 instances and is used in the machine learning
literature for the prediction of the variable ‘income’, which represents if the individ-
ual has an annual income greater than 50,000 US dollars. It is used in the fairness
literature to study the fairness in relation to attributes such as gender and race. In
this work, the variable 'sex’, which represents the person's gender, was used with
women de ned as the protected group.

The second dataset, COMPAS, originates from the COMPAS (Correctional Of-
fender Management Pro ling for Alternative Sanctions) software, a tool designed to
predict risk scores for individuals recidivism on criminal charges. This software has
been used by several justice courts in the United States and it has received attention
from the media and research community after the studies from ProPublica revealed
racial disparities in the algorithm’'s predictions (ANGWIN et al., 2016).

Since then, it has become an important source for public discussions and studies
on the topic of fairness in machine learning systems. The dataset is available in two
versions, one with violent charges and the other with both violent and non-violent
ones. The latest, is adopted in this study, and it comprises 7214 instances and
11 attributes. The attribute 'two_year_recid’, a binary variable indicating if the
individual has or has not reincidivated in crime o enses, is used as target variable
and the feature 'race' is used for the sensitive variable with the class 'Caucasian’
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being de ned as the privileged group and the remaining classes as the protected
group.

The German dataset, also known as German Credit Dataset or Statlog, is a
dataset of credit approval for 1000 individuals from a German bank. It contains 20
attributes, including both numerical and categorical variables, such as age, employ-
ment status, credit history, and purpose of the loan. The target variable for this
dataset is the attribute’ class label' which represents if the individual has a good
or bad credit risk. The sensitive variable adopted for the german dataset is the
attribute 'sex’' which indicates the person gender.

Lastly, the Bank Marketing dataset is a dataset from a Portuguese banking
institution, containing information related to direct marketing campaigns conducted
via phone calls. The dataset has 45211 instances and 17 attributes, which include
variables such as age, job, marital status, education, among others. The target
variable for this dataset is the variable 'y' which indicates if the person has subscribed
a term deposit or not. Both the attributes 'marital-status' and 'age' have been used
as protected attributes in this dataset LE QUY et al. (2022). In this work, the
variable 'age’' was used as a sensitive variable with persons with ages less than 25 or
greater than 60 being the protected group.

These characteristics of the datasets are summarized in Table 3.1. As evident
from the table, these datasets have distinct characteristics, including their purpose,
size, and the sensitive attribute used. The datasets span a range, from the smallest
German dataset with 1,000 rows to the largest Adult dataset containing 48,842
samples. The COMPAS dataset and Bank Marketing dataset fall in between. The
number of features also varies, from 10 columns in COMPAS to 22 in the German
dataset.

Furthermore, the datasets exhibit distinct imbalance levels. As evident from the
target positive rate information in Table 3.1 and the barplots in Figure 3.1, Bank
Marketing has the highest imbalance, with only 11.7% of the positive group of the
target variable occurring. On the other hand, the COMPAS dataset is the most
balanced, with 45.07% of positive values.

The rates of sensitive attributes also di er signi cantly. The lowest rate is found
in the Bank Marketing dataset, with 5.74% of the protected group occurring. The
COMPAS dataset has the highest rate of the protected variable with 65.98% of
instances from Non-Caucasians.

In all datasets, the rates of positive values in the target variable di er based on
the sensitive variable, which can be a source for fairness concepts like Demographic
Parity. The Adult and Bank Marketing datasets exhibit the most signi cant varia-
tion, with the di erence in target rates between one class being three times greater
than in the other. In the Adult dataset, the lower target rate is observed in the
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protected group, while in the Bank Marketing dataset, the situation is reversed.

The sensitive attributes chosen for each dataset follow conventions in fairness
literature. Beyond academic conventions, these attributes re ect critical dimensions
of social inequality. For instance, gender in the Adult and German datasets addresses
wage gaps and nancial discrimination against women. Race in COMPAS highlights
systemic bias in criminal justice, particularly given documented racial disparities in
recidivism prediction. Age in Bank Marketing addresses discrimination against both
younger and older populations in nancial services.

Table 3.1: Overview of datasets used in the study with their characteristics and
fairness-related attributes.

Dataset Adult Compas German Bank Marketing
Rows 48,842 7,214 1,000 45,211
Columns 15 10 22 17
Target Column income two_year_recid class-label y
Target Value >50K 1 2 1
Sensitive Column sex race sex age
Protected Group Female Non-Caucasian female <25 or 60
Protected Group Rate 33.15% 65.98% 31.00% 5.74%
Target Positive Rate 23.93% 45.07% 30.00% 11.70%
Target Positive Rate (Privilege) 30.38% 48.00% 27.68% 10.52%
Target Positive Rate (Protected) 10.93% 39.36% 35.16% 31.12%
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Figure 3.1: Target variable frequencies for protected and non-protected groups.

3.4 Proposal

In this work, six distinct synthetic tabular data generation models will be used for
generating synthetic datasets for 4 datasets commonly used in the fairness literature.
Then, these synthetic datasets will be evaluated in respect to their fairness by using
them for training machine learning classi ers in binary tasks. Lastly, the e ective-
ness of commonly used fairness mitigation algorithms will be evaluated when they
are applied in classi ers trained with synthetic data.
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3.5 Experimental Setup

In this section, the experimental setup is fully de ned. First, an overview of the
methodology is provided. Then, the stages of the study, including hyperparameter
tuning of the synthetic data generators, fairness and performance evaluation, and
fairness mitigation experiments, are presented in detail.

3.5.1 Overview

An overview of the work ow adopted in this study is illustrated in the Figure 3.2
and is brie y described in this section.

The full work ow used in the experiments in this study, comprising the synthetic
data generation models tuning, the synthetic data generation and the downstream
fairness evaluating and mitigation experiments was done in a 5 fold K-Fold cross val-
idation procedure strati ed by the target variable of each dataset. In each iteration,
three folds were used as train set, one as validation and one as test set. The training
set is used for training the STDG models, the validation set for the hyperparameter
tuning of these models and the test set for evaluating the performance and fairness
of classi ers trained on both real and generated data and to evaluate the fairness
mitigation experiments.

To generate synthetic data, the models TVAE, CTGAN, CTABGAN+, Tab-
DDPM, ARF, and RealTabFormer were utilized. These models were chosen to
represent a diverse set of architectures commonly used in this eld, including VAES,
GANSs, Di usion Models, Transformer variants, and more. The hyperparameters for
these models were optimized in each iteration of the cross-validation with the Op-
tuna library. The objective function was set to maximize the Matthews Correlation
Coe cient (MCC) of a downstream classi er trained on the synthetic data produced
by each model and evaluated on the real validation set. The classi er used in all
downstream classi cation experiments in this study, including fairness evaluation
and mitigation experiments, was the LightGBM classi er, a well-known and widely
adopted gradient boosting model in the industry.

After the tuning procedure, a best hyperparameter con guration for each model
in each fold was selected and the corresponding model was used for generating a
synthetic dataset with the same size as the original train dataset.

Once generated, these synthetic datasets had their quality evaluated. This eval-
uation procedure included univariate and multivariate similarity analysis between
the synthetic and original data.

Utility and fairness of the synthetic datasets were evaluate by training a classi er
on these datasets and evaluating then on real data test set. For evaluating the
fairness, Demographic Parity and Equalized Odds were used as measures.
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Finally, fairness mitigation experiments were conducted on downstream classi-
ers trained with the real and synthetic datasets. The fairness mitigation algorithms
selected for this task were the Threshold Optimizer and the Reductions method, both
available in the Fairlearn Python library (WEERTS et al., 2023).These algorithms
are compatible with various classi ers, including the LightGBM classi er used here,
and can be applied with multiple fairness measures, such as Demographic Parity
and Equalized Odds.

Once the classi ers were trained, they were evaluated using the real data test set
to assess both performance and fairness. Following the completion of all experiments,
statistics like the mean and standard deviation were calculated across all folds for
each experiment.

Figure 3.2: Experimental Setup Work ow.

3.5.2 STDG Hyperparameter Tuning

All the STDG models used in this work, except for ARF, are based on neural net-
works. As is well known, neural network architectures are usually highly sensitive to
hyperparameter con gurations. Since the primary focus of this work lies in empir-
ical experiments and comparisons, it is crucial to ensure that the hyperparameters
of the synthetic data generators are appropriately tuned for each dataset.

To achieve this, a hyperparameter tuning process was conducted for each model
within each dataset, spanning an adequate hyperparameter space. For this, the
Optuna library (AKIBA et al., 2019) was used. The objective function was set to
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maximize the MCC of a downstream classi er trained on synthetic data and evalu-
ated on the real validation set. This involved running 20 trials for each combination
of models and datasets. The sampler used in the tuning process was the TPESam-
pler. A illustration of this work ow for the hyperparameter tuning stage is shown in
Figure 3.3. The exception to this methodology was for the RealTabFormer model,
which had expensive computational running times and a limited number of signif-
icant hyperparameters to tune in its original implementation. Consequently, only
the batch size was tuned with two possible values.

The hyperparameter space for each model was determined based on its speci-
cations. For CTGAN, TVAE, TabDDPM, and ARF, the hyperparameter space
was de ned following the Synthcity library. In contrast, CTABGAN+ utilized only
simple hyperparameters, such as the learning rate and batch size, as its research
paper did not provide detailed descriptions of the hyperparameters employed. In
most cases, the same hyperparameter space was used for all the datasets, with ex-
ception of batch size for TVAE, CTGAN, CTABGAN+ and TABDDPM, that was
changed according to the dataset size, and the ARF hyperparameter "min_node_-
size" in which the minimum value of the range was changed from 3 to 4 for the Bank
Marketing dataset as the value of 3 incurred in errors for this dataset.

To train STDG models the speci ¢ data preparation process of each STDG model
was used. For training classi ers used to evaluate synthetic data utility, categorical
features were one-hot-encoded and numerical features were standardized.

This hyperparameter tuning stage was conducted on multiple machines, includ-
ing personal and cloud-based ones, each equipped with distinct GPUs and speci ca-
tions. Although each run cannot be directly compared to another due to the varying
speci cations of the machines used, the total computing time required to perform
this hyperparameter tuning for all models across all folds exceeded 40 days of GPU
computing time.

Figure 3.3: Hyperparameter Tuning Work ow.
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3.5.3 Synthetic Data Quality Evaluation

Following the generation of synthetic datasets, a comprehensive evaluation frame-
work was implemented to assess the quality of the synthesized data. This evalua-
tion methodology was adapted from the quality assessment procedures established
in KOTELNIKOQOV et al. (2023) and encompasses multiple analytical dimension.

The evaluation framework consisted of univariate similarity analysis, which em-
ployed statistical measurements and distribution plots to quantify the similarity be-
tween real and synthetic feature distributions. For categorical variables, the Jensen-
Shannon Divergence (JSD) served as the primary similarity metric:

ISD(P;Q) = 3Dw (PiiM)+ 3Dt (QiiM) @)

where M = %(P + Q) represents the average distribution and R, denotes the
Kullback-Leibler divergence. For continuous numerical variables, the Kolmogorov-
Smirnov (KS) test statistic was utilized to measure distributional similarity:

Dks =supjFn(x) F m(X)j (3.2)

where F,(x) and F, (x) represent the empirical cumulative distribution functions
of the original and synthetic datasets, respectively.

Bivariate relationships were also examined through the di erence of association
matrices between the original and synthetic datasets. These association matrices
employed di erent association measures depending on the variable types: Pear-
son correlation coe cient for numerical-numerical variable pairs, correlation ra-
tio for numerical-categorical associations, and Cramér's V statistic for categorical-
categorical relationships.

The resulting di erence matrices were visualized as a heatmap to identify pairs
of variables with substantial discrepancies in association. Selected variable pairs
exhibiting signi cant di erences were further examined through appropriate visual-
izations for qualitative assessment.

Additionally, statistical properties related to sensitive and target attributes were
computed and compared between the original and synthetic datasets to verify the
preservation of critical demographic characteristics.

The Distance to Closest Record (DCR) is one of the most widely adopted privacy
measures in the synthetic tabular data literature, especially among utility-focused
STDG models, which are not exclusively focused on preserving privacy.

In this work, the Manhattan distance was calculated to determine the closest
instance between the synthetic data and the original training data instances. This
measure was calculated for the synthetic datasets generated in the rst iteration of
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the cross-validation. Statistics of the DCR, such as the fth percentile, median, and
mean, were used to evaluate and compare the distinct synthetic datasets.

Furthermore, DCR values were also calculated for the validation set in relation
to the original training set. This can be used as a baseline to assess whether the
STDG models are merely copying the original data or are really learning to represent
the underlying data distribution. In the rst case, the synthetic DCR distribution
would be closer to zero than the DCR of the validation set. In the second case,
the DCR of the synthetic data would be similar to the DCR of the validation data.
Another possible scenario is that the distribution of DCR values in the synthetic
data is larger than that of the validation set. This could indicate that the synthetic
samples are deviating from the real data distribution, resulting in poor delity and
utility of the synthetic data.

3.5.4 Downstream Performance and Fairness Evaluation

Once the hyperparameters for each model in each dataset were optimized, the best
con guration was used to train each STDG model on the training set. Subsequently,
each model was utilized to generate a synthetic dataset with the same size as the
real training set.

These synthetic datasets were then used to train a LightGBM classi er for binary
classi cation tasks on each dataset. To evaluate the classi er, the real data test set
was utilized, and performance and fairness metrics were calculated based on the
model's results on this real test set. The LightGBM was used with the default
con gurations in all the datasets.

Accuracy, F1-score, and MCC were calculated as performance metrics, with MCC
being the primary focus of analysis. This is because MCC is a measure that can be
applied to imbalanced datasets, such as those used in this work, which have varying
levels of imbalance. As can be seen in the Equation 3.3, MCC uses true and false
positive and negative rates. Demographic parity and equalized odds were calculated
as fairness metrics and used for evaluation.

MCC = 6 TP TN FP FN

P (3.3)
(TP +FP)TP +FEN)(TN+FP)(TN +FN)

3.5.5 Synthetic Data Downstream Fairness Mitigation

To evaluate the e ectiveness of fairness mitigation algorithms when applied to clas-
si ers trained on synthetic data, distinct algorithms were introduced into the clas-

si ers' prediction pipeline. These algorithms included the Threshold Optimizer and
the Reductions methods. These algorithms were chosen as they can be used with
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distinct types of classi ers, including LightGBM, and they can be used to mitigate
either Demographic Parity or Equalized Odds.

For each fairness metric being evaluated, namely Demographic Parity and Equal-
ized Odds, a LightGBM classi er with these fairness mitigation algorithms applied
to it was trained on synthetic datasets with the fairness mitigation algorithm set
to mitigate the corresponding fairness metric. The results were then evaluated on
the real test set, and fairness and performance metrics were calculated. These met-
rics were compared with their counterparts prediction pipelines trained with real
data. This procedure was applied to each fold of the cross validation and were then
aggregated in the end to get nal scores.
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Chapter 4
Results

This section presents and discusses the main experimental results. First, the out-
comes of the hyperparameter tuning for the generation models are presented. Sub-
sequently, the performance and fairness of classi ers trained on datasets generated
by the best-performing generator models are compared against classi ers trained on
the original data. Finally, the fairness mitigation results of classi ers trained on
synthetic data are presented and compared with their counterparts trained on the
original dataset.

4.1 Hyperparameter Tuning

Boxplots of the MCC of all the trials of the hyperparameter tuning accumulate along
the ve folds of the cross-validation of the STDG models are presented in the Figure
4.1. As can be seen, there was some variability in the models' performance across
the trials, specically with CTABGAN+, CTGAN, and TVAE, where, across all
datasets, they presented a wide range of MCC depending on the hyperparameter
con guration.

In the Adult dataset, RealTabFormer achieved the best performance score, de-
spite the small number of runs, as it was the only model with consistent values over
0.6. TabDDPM, ARF, CTABGAN+, and TVAE were the next with the best max-
Imum scores, with maximum values over 0.6, with a greater variability for CTAB-
GAN+ and TVAE. In CTGAN and CTABGAN+, a greater variability in scores is
observed, with values under 0.4 and even cases of total model collapse near 0.

RealTabFormer was also the best performer in the Bank Marketing dataset,
with most runs achieving values exceeding 0.5. It's also evident that there is greater
variability in the trials for CTGAN, TVAE, and CTABGAN+, with the latter having
a signi cant number of trials that resulted in the model's complete collapse, with
values approaching 0.

In the COMPAS dataset, RealTabFormer, which was the best performer in Adult
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and Bank Marketing, exhibited the worst performance here, with still small vari-
ability but with maximum scores over the runs being lower than those of the other
models. In this dataset, ARF and TabDDPM achieved the best results, with the
best values around 0.35. CTABGGAN+ once again demonstrated a signi cant num-
ber of trials close to 0. Despite CTABGAN+, CTGAN, TVAE, and TABDDPM
exhibited the most variability.

In the German dataset, the observed patterns di er from those in the previous
dataset. A larger variation in MCC values is observed across all datasets, indicating
greater sensitivity to hyperparameter con guration across all models in this dataset.

Figure 4.1: Histograms of the MCC of all the trials of the hyperparameter tuning
of each model for all datasets.

4.2 Synthetic Data Quality Evaluation

In this section, the results for the quality evaluation of the synthetic datasets are
presented and discussed. First, the results for the univariate data analysis are shown,
which include plots and statistical measures to evaluate the similarity between the
features of the synthetic and real datasets. Then, the joint distributions of the
datasets are assessed by comparing their correlation matrix and the di erence to
the original correlation matrix of the dataset. Also, the multivariate distribution is
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compared with the MMD metric.

4.2.1 Univariate Quality Analysis

The Tables 4.1 to 4.4 present the results of the univariate analysis of the datasets
features similarities. For each dataset, the comparison between the synthetic data
and the original data is performed for each feature individually. The JS Divergence
is used for categorical variables, while the KS statistic is used for numerical ones.

Observing the tables, it's evident that some models consistently perform better or
worse than others. For instance, CTABGAN+ consistently shows poor performance
across most features, with particularly high divergence values in the Bank Marketing,
COMPAS, and German datasets. On the other hand, TabDDPM, RealTabFormer,
and ARF seem to be the models with the most adherence to the original data across
the four datasets. TabDDPM speci cally excels in numerical features while also
maintaining good results for categorical ones. ARF also shows generally excellent
scores, mainly with categorical features, except for high-cardinality ones such as
native-country (JS=0.260) and occupation (JS=0.227) in the Adult dataset.

RealTabFormer demonstrates overall strong performance without signi cant de-
viations in any features across the datasets. An intriguing aspect of RealTabFormer
is that, while it excels at high-cardinality categorical variables like those in the
Adult dataset, it yields the worst results for simpler categorical features such as
income, relationship, and sex within the same dataset. TVAE exhibits mixed per-
formance across datasets, with slightly better results in numerical features than in
categorical ones, particularly struggling to capture complex categorical features like
native-country in the Adult dataset (JS=0.437). CTGAN also faces challenges with
high-cardinality categorical variables, which is particularly evident in the native-
country feature (JS=0.543) and capital-gain distributions (KS=0.466).
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Table 4.1: Univariate quality analysis with JS Divergence for categorical and KS
Statistic for numerical features for the Adult dataset

Feature TVAE CTGAN CTABGAN+ TabDDPM RealTabFormer ARF

Categorical Features (JS Divergence)

education 0.272 0.357 0.074 0.06¢ 0.050 0.185
income 0.007 0.010 0.024 0.0C 0.031 0.003
marital-status 0.051 0.019 0.041 0.028 0.0: 0.009
native-country 0.437 0.543 0.073 0.05¢ 0.046 0.260
occupation 0.295 0.213 0.061 0.05 0.055 0.227
race 0.044 0.016 0.036 0.031 0.0¢ 0.005
relationship 0.038 0.015 0.038 0.01 0.039 0.007
sex 0.020 0.004 0.00 0.004 0.020 0.004
workclass 0.048 0.02: 0.052 0.027 0.03: 0.009

Numerical Features (KS Statistic)

age 0.053 0.03¢ 0.113 0.008 0.029 0.014
capital-gain 0.320 0.466 0.033 0.008 0.016 0.187
capital-loss 0.023 0.025 0.02 0.006 0.010 0.140

education-num 0.157 0.15:¢ 0.264 0.016 0.039 0.067
fnlwgt 0.049 0.044 0.04: 0.009 0.032 0.039
hours-per-week 0.22( 0.221 0.046 0.023 0.038 0.176

Note: Blue highlighting indicates best performance (lowest value). Red highlighting indicates
worst performance (highest value).
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Table 4.2: Univariate quality analysis with JS Divergence for categorical and KS
Statistic for numerical features for the Bank Marketing dataset

Feature TVAE CTGAN CTABGAN+ TabDDPM RealTabFormer ARF
Categorical Features (JS Divergence)
contact 0.040 0.01C 0.261 0.017 0.02: 0.010
default 0.058 0.010 0.039 0.019 0.0z 0.003
education 0.031 0.01¢ 0.043 0.019 0.02: 0.004
housing 0.004 0.01:Z 0.063 0.003 0.017 0.005
job 0.300 0.279 0.085 0.10 0.034 0.231
loan 0.013 0.01& 0.030 0.009 0.02( 0.003
marital 0.045 0.019 0.050 0.012 0.03( 0.004
month 0.282 0.300 0.240 0.07: 0.037 0.227
poutcome 0.029 0.01: 0.536 0.008 0.035 0.019
y 0.020 0.014 0.197 0.015 0.027 0.011
Numerical Features (KS Statistic)

age 0.015 0.01( 0.036 0.014 0.01: 0.006
balance 0.138 0.099 0.11( 0.009 0.030 0.109
campaign  0.160 0.151 0.13: 0.020 0.037 0.039
day 0.080 0.044 0.120 0.013 0.043 0.046
duration 0.094 0.106 0.105 0.009 0.039 0.079
pdays 0.451 0.362 0.710 0.011 0.025 0.104
previous 0.026 0.03: 0.721 0.009 0.026 0.019

Note: Blue highlighting indicates best performance (lowest value). Red highlighting indicates

worst performance (highest value).

Table 4.3: Univariate quality analysis with JS Divergence for categorical and KS
Statistic for numerical features for the COMPAS dataset

Feature TVAE CTGAN CTABGAN+ TabDDPM RealTabFormer ARF
Categorical Features (JS Divergence)
age_cat 0.045 0.023 0.061 0.045 0.036 0.039
c_charge_degree 0.023 0.008 0.038 0.009 0.032 0.009
race 0.075 0.03¢ 0.102 0.034 0.04¢ 0.024
sex 0.041 0.032 0.026 0.018 0.0z 0.018
Numerical Features (KS Statistic)

age 0.118 0.066 0.111 0.05 0.053 0.064
juv_fel_count 0.018 0.020 0.099 0.006 0.014 0.011
juv_misd_count 0.015 0.028 0.139 0.011 0.017 0.019
juv_other_count  0.014 0.039 0.179 0.015 0.013 0.017
priors_count 0.089 0.065 0.186 0.078 0.053 0.079
two_year_recid 0.028 0.034 0.099 0.032 0.04( 0.027

Note: Blue highlighting indicates best performance (lowest value). Red highlighting indicates

worst performance (highest value).
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Table 4.4: Univariate quality analysis with JS Divergence for categorical and KS
Statistic for numerical features for the German dataset

Feature TVAE CTGAN CTABGAN+ TabDDPM RealTabFormer ARF

Categorical Features (JS Divergence)

checking-account 0.050 0.04 0.054 0.054 0.04( 0.028
credit-history 0.084 0.042 0.127 0.057 0.05¢ 0.029
employment-since 0.067 0.04 0.095 0.076 0.06¢ 0.025
foreign-worker 0.030 0.016 0.028 0.0z 0.033 0.012
housing 0.037 0.027 0.064 0.060 0.04t 0.023
job 0.061 0.029 0.087 0.072 0.047 0.026
other-debtors 0.065 0.027 0.047 0.061 0.0¢ 0.018
other-installment 0.056 0.028 0.052 0.044 0.0< 0.014
personal-status 0.061 0.050 0.0t 0.062 0.040 0.027
property 0.052 0.036 0.07: 0.076 0.058 0.019
purpose 0.109 0.075 0.107 0.096 0.0¢ 0.050
savings-account 0.076 0.054 0.074 0.062 0.0% 0.032
sex 0.031 0.02¢ 0.046 0.045 0.02¢ 0.013
telephone 0.009 0.015 0.035 0.03 0.046 0.020

Numerical Features (KS Statistic)

age 0.118 0.08: 0.141 0.113 0.07: 0.063
class-label 0.032 0.05; 0.076 0.039 0.03¢ 0.010
credit-amount 0.141 0.125 0.095 0.12 0.064 0.113
duration 0.170 0.132 0.137 0.13 0.065 0.134
existing-credits 0.065 0.02¢ 0.184 0.060 0.06: 0.018
installment-rate 0.049 0.052 0.190 0.061 0.07: 0.016
number-people-provid... 0.051 0.02 0.189 0.050 0.018 0.020
residence-since 0.060 0.04 0.142 0.039 0.06: 0.014

Note: Blue highlighting indicates best performance (lowest value). Red highlighting indicates
worst performance (highest value).

The results of the analysis with statistical measures can be easily veri ed and
illustrated visually through with graphical representations of the distribution of the
features of synthetic and original datasets.

For instance, the attribute 'native-country' from the Adult dataset, which show-
cased the worst results for the TVAE and CTGAN models and best results for the
RealTabFormer and TabDDPM, can be visualized in Figure 4.2. This attribute,
which indicates the country of origin of a person, has a total of 42 possible values
in the original dataset. However, their occurrence is highly concentrated in the
value "United States," with approximately 90% of the instances. Consequently, the
remaining 41 possible values represent the other 10% of the instances. This imbal-
ance poses a challenge for STDG models, as evident in the gure, where TVAE and
CTGAN failed to represent many of the possible values.
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Figure 4.2: Barplots with frequency of values in the variable native-country across
the synthetic and original versions of the Adult dataset.

A similar pattern can be noted for the 'occupation’ attribute of the same dataset,
which indicates the person's job, represented in the Figure 4.3. This attribute
has 15 possible values in the original dataset, with six of the most frequent values
accounting for approximately 70% of the instances. Although it is less imbalanced
compared to the "native-country' attribute, it exhibits a similar pattern. TVAE and
CTGAN failed to accurately represent the original distribution, while TabDDPM,
RealTabFormer, and CTABGAN+ demonstrated a much closer alignment with the
original dataset.

Figure 4.3: Barplots with frequency of values in the variable occupation across the
synthetic and original versions of the Adult dataset.

When the categorical attributes have fewer possible values and a higher frequency
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