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Abstract—The increasing prevalence of chronic non-
communicable diseases makes it a priority to develop
tools for enhancing their management. On this matter,
Artificial Intelligence algorithms have proven to be
successful in early diagnosis, prediction and analysis in
the medical field. Nonetheless, two main issues arise
when dealing with medical data: lack of high-fidelity
datasets and maintenance of patient’s privacy. To face
these problems, different techniques of synthetic data
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generation have emerged as a possible solution. In this
work, a framework based on synthetic data generation
algorithms was developed. Eight medical datasets
containing tabular data were used to test this framework.
Three different statistical metrics were used to analyze the
preservation of synthetic data integrity and six different
synthetic data generation sizes were tested. Besides, the
generated synthetic datasets were used to train four
different supervised Machine Learning classifiers alone,
and also combined with the real data. F1-score was used
to evaluate classification performance. The main goal of
this work is to assess the feasibility of the use of synthetic
data generation in medical data in two ways: preservation
of data integrity and maintenance of classification
performance.

Index Terms — Synthetic Data, Artificial Intelligence,
Machine Learning, Generative Adversarial Networks,
Classification, Data Augmentation, Imbalance

I. INTRODUCTION

RTIFICIAL Intelligence (Al) is arising as a potential
Atruly helpful tool in clinical practice. Risk factor

analysis, disease or disorder prediction, risk estimation
or image segmentation are just a few examples of how Al
could help physicians in their work [1],[2]. Besides, there are
some diseases that specially need tools to enhance their
management due to their continuously increase in prevalence
all over the world [3].

Even though Al techniques are potentially beneficial in
healthcare, they need to be fed with large amounts of data.
When using small databases, these algorithms are not able to
generalize to the overall population, and they overfit the data
they are trained on [4]. In addition, there are two main issues
that arise when dealing with medical data: (i) lack of available
high-fidelity datasets and (ii) maintenance of patient’s data
privacy [5]. The former is due to the high cost of acquiring
medical data and ethical bureaucracy associated to it, apart
from the fact that some institutions might be suspicious to
share their data. The latter refers to the potential, inappropriate
re-identification of patients, even when using anonymized
data, as patient’s privacy must be kept [6].

To face these problems, different synthetic data generation
techniques have emerged. Synthetic data generation can be
defined as the technique of creating “fake” samples from a
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