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Abstract: Synthetic data generation has emerged as an important approach in the healthcare field to address data scarcity, disease class
imbalance, and privacy restrictions that limit access to patient data. Among generative approaches, generative adversarial networks
(GANSs) have gained increasing attention, especially because of their ability to generate realistic data across complex data distributions
such as medical imaging, electronic health records (EHRs), laboratory data, and phenotype codes. This narrative review focuses on
the evolution of major GAN architectures and their application in disease prediction. The original GAN introduced the adversarial
paradigm, while Deep Convolutional GAN advanced image generation and became widely used in MRI, CT, and histopathology tasks.
Wasserstein GAN variants (WGAN and WGAN-GP) improve training stability and prove to be more suitable for tabular and structured
healthcare data such as EHRs. More specialized architectures, including Conditional Tabular GAN and Medical GAN, further extended
synthetic data generation to mixed-type datasets and sparse diagnostic records. The review also examines evaluation practices based on
data fidelity, downstream utility, and privacy preservation, including differential privacy and resistance to membership inference attacks.
Overall, the literature shows that GAN-generated synthetic data can support disease prediction research, but important challenges
remain in benchmarking, reproducibility, interpretability, and ethical deployment. Emerging directions include hybrid GAN-diffusion
models, federated training strategies, and standardized evaluation frameworks to support clinically reliable and privacy-preserving
adoption.

Keywords: generative adversarial networks (GANSs), synthetic data generation, electronic health records (EHR), Al in healthcare, disease
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1. Introduction

Artificial intelligence (AI) systems for disease prediction are
often constrained by data scarcity, class imbalance, and pri-
vacy restrictions that limit access to patient-level data. These
constraints can degrade model performance and hinder repro-
ducibility across sites and populations. A growing body of work
positions synthetic data as a practical complement to real data,
expanding sample size, balancing minority classes, and enabling
data sharing without exposing raw patient records. Recent reviews
in healthcare underscore both the promise and the caveats of syn-
thetic data across imaging, tabular, and time-series modalities [1].

Within generative approaches, generative adversarial net-
works (GANs) have become a central technique for synthesizing
realistic samples by framing generation as a two-player game
between a generator and a discriminator. The original GAN
formulation established the adversarial learning paradigm and
demonstrated compelling sample quality, catalyzing rapid adop-
tion in medical Al [2]. Building on this, Wasserstein GAN
(WGAN) introduced an Earth Mover’s (Wasserstein-1) distance
objective that improves training stability and correlates better with
sample quality, an important property when synthesizing hetero-
geneous clinical data [3].

*Corresponding author: Swathi Ganesan, Department of Computer and
Data Science, York St John University, UK. Email: s.ganesan@yorksj.ac.uk

Healthcare spans diverse data types, including radiological
images, pathology slides, electronic health records (EHR), lab-
oratory measurements, and physiological time series, so GAN
architectures have evolved along modality lines. Convolutional
variants such as Deep Convolutional GAN (DCGAN) are widely
used for image synthesis and augmentation in radiology and
digital pathology, while EHR/tabular synthesis is commonly
addressed with architectures tailored to mixed discrete-continuous
variables (e.g., Medical GAN [MedGAN], Conditional Tabu-
lar GAN [CTGAN]) and with WGAN/WGAN-GP objectives to
stabilize training on structured data. Collectively, this literature
shows DCGAN-style models are effective for images, whereas
WGAN:-based and tabular-specific designs (CTGAN/MedGAN)
are frequently preferred for structured health data [4].

Beyond feasibility, evaluation has matured from visual
inspection to three complementary axes:

1) Fidelity — how closely synthetic distributions match real data
(e.g., Wasserstein distance, Kolmogorov—Smirnov (KS) tests).

2) Utility — performance of downstream predictive models trained
on or augmented with synthetic data.

3) Privacy — resilience to attacks such as membership inference
and re-identification.

Recent studies and reviews emphasize the privacy—utility
trade-off, noting that partially synthetic datasets may be more
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vulnerable than fully synthetic ones and calling for standardized,
multi-metric reporting in medical contexts [5].

Given this landscape, this literature review synthesizes GAN-
based synthetic data generation for disease prediction across
modalities, highlighting architectural choices (with attention to
WGAN’s stability advantages for tabular/EHR data), evalua-
tion practices, and ethical/regulatory considerations. Our goal is
to provide a theory-led, application-oriented overview that helps
researchers select suitable GAN variants for specific medical data
types and reporting standards that align with contemporary guid-
ance on Al and data protection [3].

2. Scope of Literature Review

This review adopts a narrative (literature) review approach
rather than a systematic review, allowing for a broader and more
flexible synthesis of the most influential and representative stud-
ies on GANSs for synthetic data generation in disease prediction.
Unlike systematic reviews that exhaustively identify and appraise
every eligible study, narrative reviews focus on key contributions,
trends, and conceptual advances, offering a richer theoretical and
methodological context.

2.1. Databases and search

To identify relevant literature, we consulted PubMed, IEEE
Xplore, Scopus, Web of Science, and arXiv between January 2014
and January 2025, a period coinciding with the rapid develop-
ment of GAN architectures and their first applications to medical
Al. Search strings combined the terms “synthetic data,” “GAN,”
“disease prediction,” “healthcare,” “tabular data,” and “medical
images.” We also examined reference lists of recent reviews and
key studies to ensure inclusion of foundational papers.

» e

2.2. Selection criteria

Studies were included if they:

1) Described or applied a GAN architecture (including variants
such as DCGAN, WGAN, MedGAN, CTGAN).

2) Generated synthetic data for any medical or health-related dis-
ease prediction task (tabular, image, or time-series).

3) Reported at least one evaluation metric (fidelity, utility, or pri-
vacy).

Excluded were papers focused solely on non-healthcare
domains or on generative models other than GANs (e.g.,
Variational Autoencoders (VAEs), diffusion) unless used as a
comparison to GANs.

Following this initial screening, the studies discussed in detail
were curated purposively to reflect milestone contributions in the
development and application of GANs for healthcare synthetic
data generation. Papers were prioritized if they met one or more
of the following criteria:

1) Introduced a foundational GAN architecture or a widely
adopted variant relevant to healthcare data synthesis;

2) Demonstrated early or influential application of GANSs in dis-
ease prediction;

3) Represented major healthcare data modalities, including tab-
ular EHRs, medical imaging, and time-series data; and/or

4) Reported evaluation outcomes relevant to data fidelity, down-
stream utility, or privacy preservation.

02

As a narrative review, the intention was not to produce
an exhaustive catalog of all published studies but to provide
a balanced and conceptually representative synthesis of key
methodological and applied developments in the field.

2.3. Scope and emphasis

This review focuses on the theoretical foundations of major
GAN architectures, their subsequent extensions, and their appli-
cability across key healthcare data modalities, including medical
imaging, tabular EHRs, time-series biosignal data, and multi-
modal disease prediction tasks. Particular attention is given to
how different GAN variants address the technical challenges asso-
ciated with these data types and how they support synthetic data
generation for downstream predictive modeling.

While WGAN is highlighted as a leading approach for tab-
ular/structured data, the review also examines DCGAN and
other convolutional variants for medical imaging to provide a
balanced view across modalities. This cross-modal perspective
enables the review to capture the methodological evolution of
GAN-based synthetic data generation from foundational archi-
tectures to more specialized healthcare applications. Rather than
undertaking formal study-level bias assessment or exhaustive
enumeration, the review emphasizes conceptual developments,
comparative strengths, and practical relevance to disease predic-
tion research.

3. Overview of Synthetic Data Generation in
Healthcare

In this section, we survey how synthetic data generation
(especially via GANG) is being used in healthcare, with attention
to data types, application areas, and recent architectural advances.

3.1. Data modalities and application areas

Healthcare synthetic data span multiple modalities, each with
distinct methodological challenges. These include tabular struc-
tured data such as EHRs and laboratory records, time-series and
longitudinal data such as electrocardiogram (ECG) and contin-
uous monitoring signals, and medical image data such as MRI,
CT, ultrasound, and pathology images.

Tabular structured data: EHRs, clinical laboratory data, and
risk factor datasets represent a major area of healthcare synthetic
data generation. GANs are applied in this context to address
minority-class underrepresentation, handle missing values, and
enable privacy-protected data sharing. Ghosheh et al. reviewed
GAN applications for EHRs and documented how fidelity and
privacy metrics are used across such studies [6]. Beyond general
data synthesis, more recent work has focused on improving the
quality and completeness of structured healthcare records. Miss-
ing data remains one of the most critical challenges in real-world
healthcare datasets, particularly in EHRs, where clinical variables
are often irregularly recorded and highly sparse. To address this
issue, a clinical conditional GAN (cGAN) framework has been
proposed for imputing missing values by modeling nonlinear and
multivariate relationships across patient records [7]. Unlike tra-
ditional imputation approaches that rely on linear assumptions
or univariate statistics, this model conditions the generation pro-
cess on available clinical features, enabling it to infer missing
values while preserving complex dependencies between variables.
This is particularly important in healthcare settings, where labo-
ratory tests and clinical observations are not collected uniformly
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over time. The study reported that the proposed framework sig-
nificantly outperformed existing imputation methods, improving
imputation accuracy by approximately 19.79% and enhancing
downstream predictive performance on real-world multicenter
diabetic datasets [7]. It also demonstrated robustness across vary-
ing levels of missingness, highlighting its practical relevance in
clinical environments. These findings emphasize that GAN-based
methods are valuable not only for synthetic data generation but
also for improving data quality and completeness, both of which
are essential for reliable machine learning-based disease prediction
systems.

Time-series and longitudinal data: Physiological signals, such
as ECG recordings and continuous monitoring data, as well as
repeated longitudinal measurements, represent another important
modality in healthcare synthetic data generation. The scoping
review by Loni et al. identifies a growing body of work using
adversarial models to generate time-series and longitudinal health
records [8]. Beyond general sequence generation, GAN-based
approaches have also been applied to clinically relevant signal
restoration tasks, particularly in ECG denoising and reconstruc-
tion. A recent survey reports the use of architectures such as
WGAN, Conditional Generative Adversarial Network (CGAN);
CycleGAN, and Least Squares Generative Adversarial Network
(LSGAN) for modeling ECG noise distributions and recovering
clinically meaningful waveform patterns [9]. These methods have
been shown to improve signal-to-noise ratio and reduce mean
squared error relative to traditional signal processing approaches,
while preserving diagnostically important waveform components
such as the P wave, QRS complex, and T wave [9]. At the same
time, the literature identifies ongoing challenges, including vari-
ability in noise sources, training instability, and computational
cost, which continue to limit robust clinical deployment. Taken
together, these findings reinforce the suitability of GAN-based

methods for time-series healthcare data, particularly in continu-
ous disease monitoring and signal-based diagnostic applications.

Image data: Radiology, pathology, and medical imaging
(MR, CT, ultrasound). GANs (DCGAN, cGAN, etc.) have been
heavily used for image augmentation, anomaly detection, and
converting between image modalities. Ibrahim et al. (2024) pro-
vide a systematic survey covering image-based synthesis among
other modalities [10]. More recent radiology-focused reviews
further emphasize that synthetic medical imaging has become
increasingly important for addressing data scarcity, class imbal-
ance, and privacy constraints in image-based Al workflows, while
also drawing attention to persistent challenges related to realism,
validation, and clinical usability [11].

3.2. Key GAN architectures in use with evaluation
metrics

Over the past several years, various GAN variants have
been adapted for synthetic healthcare data. Several review studies
have provided a broad overview of GAN architectures and their
applications across domains, including healthcare. These works
highlight the rapid growth of GAN-based models since 2016 and
their use in tasks such as image processing, medical data analysis,
and pattern generation, while also identifying key challenges such
as mode collapse, training instability, and evaluation limitations
[12]. Table 1 summarizes the key architectures and their roles.

3.3. Challenges in synthetic data generation

While GANSs offer powerful tools, multiple challenges recur
in the literature:

Heterogeneity of tabular data: Medical datasets often mix cat-
egorical, ordinal, continuous, and sometimes missing data. Many

Table 1
Key GAN architectures in use with evaluation metrics

GAN variant Main features/advantages Typical use cases in healthcare Evaluation metric
Original Basic adversarial setup; Class-conditioned medical image syn- Quality metrics: FID and IS are used
GAN/condi- conditional GANs thesis and targeted minority-class to evaluate the visual quality and
tional GAN incorporate class labels or augmentation for disease classification diversity of the generated medical
(cGAN) attributes into both gen- tasks [13] images
erator and discriminator Computational considerations: Train-
through auxiliary-classifier ing stability and convergence time
mechanisms, enabling are important considerations given
class-controlled sample that medical images are of very high
generation (e.g., disease- dimensions
specific synthesis)
DCGAN Uses convolutional archi- Image augmentation (X-ray, CT, MRI), Quality metrics: FID is commonly

tectures; well-suited for
images; stable in high-
dimensional pixel spaces

ited [10]

especially where real images are lim-

used to assess realism, while sta-
tistical similarity measures (e.g.,
pixel-level distributions and correla-
tion patterns) evaluate how closely
synthetic images match real scans

Utility metrics: Performance on
downstream tasks (e.g., classifica-
tion or detection)

(Continued)
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Table 1
(Continued)
GAN variant Main features/advantages Typical use cases in healthcare Evaluation metric
Wasserstein Uses Wasserstein distance in Tabular/EHR data generation; works Privacy metrics: Re-identification
GAN the loss, which improves that need stable output distributions; risk, membership inference attack

(WGAN/WGAN- gradient behavior, reduces

mixed categorical-continuous datasets.

Ahmed et al. [14] compared multiple
GAN variants, including WGAN,
CTGAN, and CRAMER-GAN for
tabular disease-related datasets and
reported WGAN among the better

success rate, and formal differential
privacy guarantees

Utility metrics: Improvement in per-
forming the tasks downstream, i.e.,
prediction tasks

GP, etc.) mode collapse, and yields

more stable training.

Especially relevant for het-

erogeneous, structured data

performers
Other e.g., MedGAN, CTGAN,

variants/spe- DRAGAN, CRAMER-
cialized GAN, etc. These often
GANs incorporate modifica-

tions for mixed data types,
privacy, stabilization, or
better handling of discrete
variables

Structured data, synthetic EHRs,
privacy-aware tasks [15]

Privacy metrics: Re-identification
risk, membership inference attack
success rate, and formal differential
privacy guarantees

Utility metrics: Improvement in
downstream prediction tasks

GANs struggle with preserving distributions across mixed vari-
able types. Studies show that architectures or preprocessing that
explicitly handle mixed data types (e.g., via specialized encoding)
are more successful [16]. Recent work also shows that imbalance
may exist within classes, not only between them. In medical image
augmentation, GANs may improve class balance while still fail-
ing to capture sparse intra-class regions, limiting sample diversity
and downstream performance [17].

Training stability and mode collapse: GANs can struggle with
mode collapse (where many synthetic samples are similar), espe-
cially with limited data, which occurs commonly in rare disease
contexts. To address this issue, the WGAN family, particularly
WGAN-GP, is frequently used because of its improved training
stability [10]. In addition, this review emphasizes evaluation across
fidelity, utility, and privacy, underscoring the urgent need for
standardized benchmarking protocols.

Evaluation metrics: There is no consensus on a standard set
of metrics. Many works report fidelity (distribution similarity, sta-
tistical distance), utility (performance of downstream prediction),
and sometimes privacy (risk of re-identification). However, met-
rics vary widely, making comparison difficult. Reviews call for
more standardized benchmarks [10].

Privacy—utility trade-offs: Synthetic data can leak information
if privacy is not handled properly; yet, stronger privacy constraints
can degrade utility. Many studies highlight this trade-off [8].

Generalizability and clinical validity: Even when a synthetic
generator works well on a given dataset, issues emerge when
applying it in new settings or external validation. Ensuring that
synthetic disease patterns are clinically plausible and not just sta-
tistically accurate is critical [18].

3.4. Recent empirical comparisons

Some recent works provide direct empirical comparisons
between GAN variants for healthcare synthetic data:

1) Ahmed et al. [14] generated synthetic data using six GAN
variations, including GAN, cGAN, CTGAN, Cramer-GAN,
DRAGAN, and WGAN on healthcare tabular datasets
(Breast Cancer, Lung Cancer, CTG). The authors com-
pared classification performance (XGBoost, Support Vector

04

Machine (SVM), statistical/correlation analyses, and hybrid
datasets (real + synthetic) versus purely synthetic datasets.
Their results suggest that CTGAN and cGAN often perform
well for classification utility on tabular data, while WGAN
shows stable statistical fidelity.

2) The survey “A Comprehensive Survey of Synthetic Tabular
Data Generation” by Shi et al. [16] compares a broad range
of generative paradigms (GANSs included) for tabular data,
highlighting trade-offs in fidelity, privacy, and heterogeneity
handling.

4. GAN Architectures and Applications

GANSs have become a key tool for addressing several recur-
ring challenges in healthcare data, particularly data scarcity, class
imbalance, and privacy constraints. By learning to approximate
complex data distributions, GAN-based generators can synthe-
size realistic medical samples that supplement or partially replace
sensitive real-world data. This is especially valuable in disease
prediction tasks where annotated datasets are limited, highly
imbalanced, or expensive to collect.

Different GAN variants have been introduced to mitigate
specific technical limitations of the original framework, such as
training instability, mode collapse, lack of control over the gener-
ated outputs, or difficulty modeling heterogeneous tabular data.
Architectural refinements, including conditioning mechanisms,
convolutional layers, and alternative loss functions, have enabled
tailored solutions for applications ranging from tumor detection
in imaging to chronic disease risk prediction in structured EHRs.

Taken together, these architectures form a family of models
that can be matched to the characteristics of the target data (image,
tabular, time-series) and the downstream prediction task in disease
modeling.

4.1. Variants of GANs

Although all GANSs share the same generator—discriminator
backbone, several variants have been developed to tackle specific
drawbacks of the original formulation and to adapt the adver-
sarial idea to diverse healthcare data modalities. In each case,
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the generator aims to produce synthetic samples that are indis-
tinguishable from the real data, while the discriminator evaluates
their authenticity. What differs between variants is how the gen-
erator is guided, which loss function is optimized, and how the
architecture is adapted to image, tabular, or sequential data.

4.1.1. Original GAN

The original GAN introduced by Goodfellow et al. for-
malized the adversarial training paradigm as a minimax game
between generator and discriminator [2]. The generator receives
random noise as input and learns to map it into synthetic samples
that mimic the real data distribution, whereas the discriminator
attempts to distinguish real samples from generated ones. Over
successive training iterations, the two networks co-evolve: the
generator improves at fooling the discriminator, and the discrim-
inator becomes more accurate at detecting fakes.

Despite its conceptual elegance, the original GAN is prone
to training instability and mode collapse, particularly in high-
dimensional settings typical of medical data [2]. Early healthcare
studies often used this baseline architecture as a proof of concept,
for instance, to augment small medical imaging datasets with syn-
thetic scans, demonstrating that even simple GANs can improve
classifier performance when real data are scarce.

Figure 1 illustrates the adversarial training process between
the generator and discriminator. The generator receives random
noise as input and attempts to produce synthetic samples that
resemble the real data distribution. The discriminator processes
both real data and generated samples, learning to classify them
as real or fake. During training, adversarial feedback flows from
the discriminator back to the generator, enabling the generator
to iteratively improve its ability to create realistic outputs. This
adversarial loop forms the foundation for all GAN variants used
in subsequent sections.

In the medical domain, the original GAN framework
established the basis for later healthcare-specific generative mod-
els by demonstrating how adversarial training could be used
to generate realistic synthetic data from limited datasets [19].
Recent reviews in medical imaging note that this foundational
generator—discriminator structure has supported a wide range
of downstream applications, including synthetic image genera-
tion, image enhancement, segmentation, detection, classification,
reconstruction, and augmentation [19]. Although later variants

Figure 1
General GAN architecture
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were introduced to improve stability, conditioning, and cross-
modal performance, the original GAN remains conceptually
important because it introduced the adversarial learning mecha-
nism that underpins subsequent developments in medical image
synthesis and analysis.

4.1.2. Conditional GAN

The cGAN extends the original GAN framework by intro-
ducing class-conditioning information into both the generator
and discriminator [13]. Instead of relying solely on random noise,
the generator also receives an auxiliary variable such as a class
label, disease status, or other patient attributes that guide the type
of sample it should produce. The discriminator is trained with
the same conditioning variable, so it can assess whether a sam-
ple is both realistic and consistent with the specified condition.
This conditioning mechanism makes cGANs highly effective for
healthcare applications where the goal is to generate class-specific
or attribute-controlled samples. For example, cGANs can synthe-
size tumor-specific MRI images, minority-class patient records,
or disease-positive time-series sequences, thereby addressing data
imbalance in prediction tasks [1]. Because the model explicitly
incorporates clinically relevant labels, cGANs serve as a powerful
augmentation strategy for disease classification pipelines where
certain diagnostic categories are underrepresented.

Figure 2 illustrates the cGAN workflow, where both the gen-
erator and discriminator receive the same conditioning variable
(e.g., class label). The generator uses this information to produce
synthetic samples aligned with the specified class, while the dis-
criminator checks whether the input sample is real or synthetic.
The discriminator also checks whether the input sample matches
the provided condition. This architecture enables targeted syn-
thetic data generation, making cGANs particularly suited for
imbalanced medical datasets [20].

Beyond healthcare, cGANs have also been used in other
structured image synthesis tasks, illustrating the flexibility of
conditioning mechanisms in controlling generated outputs [21].
However, in medical applications, their value lies more specifically
in enabling class-guided synthesis, minority-class augmentation,
and disease-targeted data generation.

4.1.3. Deep Convolutional GAN

DCGAN represents one of the most influential architectural
refinements of the original GAN framework. It replaces fully con-
nected layers with convolutional and transposed-convolutional
(deconvolutional) layers, enabling the model to learn hierarchi-
cal spatial representations far more effectively than a multilayer
perceptron. Jenkins and Roy [22] describe how this architecture
leverages convolutional feature extraction, batch normalization,
and nonlinear activation functions to construct stable training
pipelines capable of generating high-fidelity synthetic images.

In the DCGAN generator, a latent noise vector is progres-
sively upsampled through stacked transpose-convolutional layers

Figure 2
Conditional GAN architecture
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to form a synthetic image. Each layer learns increasingly com-
plex spatial patterns, beginning with coarse structural outlines
and refining into fine-grained textures. Conversely, the discrimi-
nator uses standard convolutional layers to downsample real and
generated images into feature maps, enabling more robust dis-
crimination than fully connected counterparts.

These architectural features make DCGAN particularly
effective for medical imaging tasks, where spatial coherence and
anatomical consistency are essential. The model has been widely
applied for:

1) Image augmentation, generating synthetic CT, MRI, and X-
ray scans to expand limited datasets for tumor detection or
lung disease classification.

2) Anatomical structure synthesis, where DCGAN learns to
replicate patterns such as lesions, organ boundaries, and tissue
texture with high fidelity.

3) Support for modality translation pipelines, in which DCGAN
often acts as the backbone generator for more complex GAN
variants in MRI-CT mapping tasks.

4) Super-resolution, serving as a foundational component in
frameworks that enhance undersampled or low-contrast med-
ical images.

Beyond healthcare imaging, DCGAN has also demonstrated
strong performance in modeling fine-grained spatial patterns in
other domains, such as deepfake generation and biometric syn-
thesis. For instance, Ganesan et al. [23] illustrate how DCGAN
architectures can capture subtle structural variations in human
facial features, an insight that directly translates to generating
anatomically coherent synthetic medical images.

Figure 3 shows a typical DCGAN configuration, where the
generator upsamples a noise vector into an image using transpose-
convolutional layers and the discriminator uses convolutional
filters for downsampling. This layered design enables DCGAN to
learn spatial hierarchies essential for high-fidelity medical image
synthesis. Despite the rise of more specialized image-focused
GANs, DCGAN remains a widely used baseline because of its
stability, interpretability, and strong spatial feature learning, mak-
ing it a reliable option for disease prediction applications where
high-quality synthetic images are needed.

Extensions of DCGAN have also explored supervised learn-
ing settings to improve performance on multi-class image datasets.
A supervised DCGAN framework has been proposed to incorpo-
rate label information directly into the training process, enabling

more effective learning across multiple categories and improv-
ing classification performance [24]. Such approaches highlight the
potential of GANs not only for data generation but also for
enhancing supervised learning tasks, particularly when labeled
data are available.

4.1.4. Wasserstein GAN

The WGAN was introduced to address key challenges asso-
ciated with the original GAN framework, such as unstable
gradients, sensitivity to hyperparameters, and mode collapse.
Rather than using the Jensen—Shannon divergence, WGAN opti-
mizes the Wasserstein (Earth Mover’s) distance, which provides
smoother and more meaningful gradients even when the gener-
ated and real distributions have little overlap [3]. As a result,
WGAN offers more stable and reliable convergence behavior
compared to earlier GAN variants.

A fundamental change in WGAN is the replacement of the
discriminator with a critic, which outputs a continuous score indi-
cating how close a sample is to the real data distribution. The critic
is trained to assign higher scores to real data and lower scores to
generated samples, while the generator is optimized to increase
the critic’s score for synthetic data. This formulation yields a more
informative training signal and mitigates common issues such as
mode collapse.

The rapid evolution of GAN architectures has led to exten-
sive comparative studies evaluating their performance across
different tasks and datasets. A recent comparative analysis
demonstrates that while standard GANs are capable of gener-
ating realistic samples, they often suffer from instability, mode
collapse, and inconsistent convergence [25]. In contrast, WGAN
introduces the Wasserstein distance as a loss function, resulting
in smoother gradient behavior and improved training stability.
Further enhancement through WGAN-GP addresses limitations
associated with weight clipping by incorporating a gradient
penalty term, leading to more stable convergence and higher-
quality synthetic outputs. Experimental findings indicate that
WGAN-GP consistently produces clearer and more structurally
coherent outputs with fewer artifacts compared to earlier variants.
These insights are particularly relevant for healthcare applica-
tions, reinforcing the preference for WGAN-based architectures
in modeling complex and high-dimensional data distributions.

The effectiveness of WGAN in medical image augmenta-
tion has been demonstrated in brain MRI studies. A WGAN-GP
framework was used to generate synthetic brain MR images

Figure 3
Deep Convolutional GAN architecture
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from healthy datasets to address data scarcity and support age
classification tasks [26]. When combined with real images, the
synthetic data improved Convolutional Neural Network (CNN)
classification accuracy from 95.14% to 98.37%, indicating that
WGAN:-based augmentation can enhance robustness and gener-
alization in medical image analysis, particularly when labeled data
are limited [26].

Beyond its theoretical contributions, WGAN has been
effectively used in practice across various data modalities. For
example, the work by Ebner and Eltelt [27] demonstrates
how a standard adversarial framework can incorporate stabil-
ity principles that conceptually align with WGAN-like training
improvements. Their approach applies these stability concepts to
audio inpainting tasks, where the model learns to reconstruct
missing segments of audio signals. Although their application
domain differs from healthcare, the emphasis on improved gradi-
ent behavior and training stability remains relevant to any domain
requiring robust generation of structured, high-dimensional data.
This highlights the versatility of WGAN principles and their
adaptability beyond image synthesis.

Figure 4 [27] illustrates a typical WGAN architecture, where
the critic evaluates real and synthetic samples using a continuous
scoring function, and the generator seeks to maximize this score
for its outputs. This configuration enhances training stability and
allows WGAN to model complex data distributions more effec-
tively than classical GANs [27].

In healthcare, WGAN is especially valuable for modeling
tabular medical datasets, such as EHRs, laboratory values, and
mixed-type clinical variables. These datasets often contain com-
plex dependencies, non-Gaussian distributions, and significant
class imbalance that benefit from the stable gradient properties of
WGAN. A study by Ganesan and Somasiri [28] further demon-
strates this capability by using WGAN to generate synthetic
records for underrepresented patient groups while maintaining
distributional fidelity. Their findings reinforce WGAN’s suitabil-
ity for disease prediction scenarios where real clinical data are
limited, imbalanced, or privacy-sensitive.

Recent work in medical imaging further supports the effec-
tiveness of WGAN-GP for synthetic image generation. In chest
X-ray synthesis, a modified WGAN-GP incorporating adap-
tive 4 and the AdaBelief optimizer has been shown to improve
training stability and image quality compared with DCGAN,
WGAN, and standard WGAN-GP, as assessed using Fréchet
inception distance (FID) and Inception Score (IS) [29]. These
findings reinforce the suitability of WGAN-based approaches for
privacy-conscious data augmentation and synthetic medical image
generation.

4.1.5. Conditional Tabular GAN

CTGAN was introduced to address the unique challenges
associated with modeling tabular datasets, which are common in
healthcare. Unlike images, which have spatial regularity, medical
tabular data typically consist of mixed variable types (continu-
ous, categorical, ordinal), highly imbalanced distributions, and
complex interdependencies that classical GANs struggle to learn.
CTGAN overcomes these limitations by incorporating a condi-
tional generator and a training-by-sampling strategy that explicitly
targets underrepresented categories and non-Gaussian variable
distributions [30].

A central innovation in CTGAN is its ability to handle cate-
gorical variables through a conditional mechanism. During each
training iteration, the model selects a discrete attribute (e.g., diag-
nosis category) and samples real data that belong to that attribute.
The generator then receives both random noise and the selected
condition, producing synthetic rows consistent with that attribute.
This conditional process ensures that CTGAN learns the distribu-
tion of each subgroup more accurately, making it well-suited for
medical datasets with diagnostic labels, comorbidities, or patient
stratification markers.

In addition, CTGAN uses a mode-specific sampling strat-
egy, which focuses on difficult or underrepresented values of
continuous features. This improves its ability to model skewed
clinical variables such as laboratory biomarkers, physiological
measurements, or rare comorbidity patterns, variables that stan-
dard GANs or even WGAN variants often struggle to reproduce.

As shown in Figure 5 [31], the work by Asimopoulos
et al. [31] depicts a typical CTGAN workflow, where real
patient records are grouped by discrete attributes during train-
ing, and the generator synthesizes new samples conditioned on
these attributes. The discriminator evaluates whether each record
(real or synthetic) matches the corresponding condition, enabling
CTGAN to model both feature distributions and inter-feature
dependencies within tabular healthcare data. CTGAN has been
widely adopted in healthcare studies requiring the synthesis of
realistic patient-level records. It has been applied to generate:

1) Synthetic EHR rows, including demographics, laboratory val-
ues, diagnosis codes, and treatment indicators;

2) Minority-class patient cohorts, supporting predictive modeling
tasks with imbalanced clinical outcomes;

3) Tabular clinical datasets that require preserving multi-feature
interactions for risk prediction models;

4) Synthetic disease phenotypes, enabling testing and validation
of machine learning models without exposing sensitive patient
data [32].

Figure 4
Wasserstein GAN architecture
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Figure 5
CTGAN architecture
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Because of its focus on conditional modeling and mixed-type
variables, CTGAN is frequently used when the downstream task
involves disease prediction from structured medical datasets, espe-
cially when real-world data are limited or contain rare disease
categories. Its ability to replicate complex tabular distributions
makes it a strong complement to image-focused GANs such as
DCGAN and a specialized solution for structured data where
WGAN may still struggle without additional transformations.

Recent research has extended GAN-based tabular syn-
thesis in healthcare, particularly for cardiovascular datasets
containing mixed continuous and categorical variables. Enhanced
cGAN architectures have been proposed to better preserve
heterogeneous feature distributions and inter-feature dependen-
cies through specialized handling of continuous and categorical
data [33]. Experimental results using metrics such as the
Kolmogorov—Smirnov statistic and Jaccard similarity suggest
improved preservation of marginal distributions and feature rela-
tionships compared with baseline methods such as CTGAN and
Tabular Variational Autoencoder (TVAE) [33]. These findings
reinforce the importance of GAN-based synthetic tabular data
for privacy-preserving healthcare analytics and robust predictive
modeling.

4.1.6. Medical GAN

MedGAN is one of the earliest GAN architectures designed
specifically for high-dimensional, sparse, and discrete medical data,
particularly EHRs. Traditional GANs struggle with multi-hot
encoded diagnosis codes, procedure vectors, or binary clinical indi-
cators because these inputs lack the continuous structure found
in image or audio data. MedGAN overcomes this challenge by
integrating a denoising autoencoder with the GAN framework,
allowing it to model sparse clinical vectors more effectively [34].
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In MedGAN, the autoencoder first learns a compressed
latent representation of the high-dimensional EHR data. The gen-
erator is then trained to produce synthetic latent vectors, which
are passed through the decoder to reconstruct full-dimensional
clinical records. This hybrid approach enables MedGAN to han-
dle discrete and binary medical attributes, as the decoder learns
to map latent variables back into structured multi-hot representa-
tions. Meanwhile, the discriminator works at the data-space level,
distinguishing between real and decoded synthetic records, which
encourages the generator to produce latent vectors that decode
into realistic patient profiles.

A key advantage of MedGAN is its ability to preserve
co-occurrence patterns across diagnosis and procedure codes, a
crucial requirement for disease prediction tasks. Medical datasets
often contain strong dependencies between conditions (e.g.,
diabetes—hypertension comorbidities), and MedGAN has been
shown to reproduce these patterns more effectively than base-
line GANs. This makes it highly suitable for generating synthetic
cohorts for risk modeling, readmission prediction, and comorbid-
ity analysis.

Figure 6 [35] presents the imaging-based MedGAN workflow
proposed by Guo et al. [35]. This model differs from the origi-
nal EHR-focused MedGAN introduced by Choi et al. [34], which
was designed for sparse, multi-hot clinical records. In the imaging-
based version, MedGAN is described as an adaptive extension of
the GAN framework designed to address training instability, mode
collapse, and poor convergence in medical image generation tasks.
By incorporating dynamic training strategies and Wasserstein-
based convergence measures, this approach improves adversarial
stability and supports downstream tasks including disease classi-
fication and lesion localization in data-limited imaging scenarios
[35]. Although both models share the name MedGAN, they are
distinct and correspond to different healthcare data modalities.
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Figure 6
MedGAN architecture
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MedGAN has been applied to generate:
1)

2)

Synthetic diagnosis and procedure vectors, supporting predic-
tive modeling when real data are sparse or privacy-restricted;
High-dimensional EHR profiles, including thousands of
binary indicators;

Rare disease patient records, enhancing classifier performance
in imbalanced prediction tasks;

Comorbidity structures, useful for disease correlation analysis
and simulation studies [34, 36].

3)

4)

Because MedGAN directly addresses the discrete nature of
clinical coding systems, it occupies a distinct position among
GAN variants. Whereas WGAN and CTGAN focus on tabu-
lar mixed-type data, MedGAN is optimized for binary, sparse,
high-dimensional vectors, making it particularly valuable for
applications involving ICD codes, procedure codes, medication
vectors, and other structured EHR fields.

Although GAN variants have substantially expanded the
applicability of synthetic data generation in healthcare, each
architecture also presents important limitations and is best suited
to particular clinical scenarios. The original GAN is conceptually
foundational but is often affected by training instability and mode
collapse, especially in high-dimensional medical settings. cGANs
improve control over generated outputs and are useful when class
labels or disease categories are available, although their perfor-
mance depends on the quality and balance of the conditioning

Adaptive alternate training strategy

Few-shot learning based on MedGAN

information. DCGAN is highly effective for image-based appli-
cations because of its convolutional design, but it is less suitable
for structured tabular records. WGAN improves training stability
and is often preferred for heterogeneous or imbalanced health-
care datasets, although it introduces added training complexity
and computational demands. More specialized models such as
CTGAN and MedGAN are better aligned with mixed-type tab-
ular data and sparse clinical records, respectively, but they may
still struggle with rare event preservation or complex inter-feature
dependencies. Therefore, the selection of a GAN variant should
be guided by the nature of the target data, the downstream med-
ical objective, and the balance required between fidelity, stability,
and interpretability.

Table 2 summarizes the key limitations of common GAN
variants and their most appropriate healthcare application scenar-
ios, providing a practical guide to model selection across different
medical data types.

4.2. Applications across disease prediction

GANsS have increasingly been adopted in healthcare research
as prominent tools for synthesizing multimodal data, including
images, tabular records, and time-series signals. Disease prediction
has, in turn, benefited from the diversity of GAN architectures
and the adaptability of adversarial training across different data
types.

Table 2
Limitations of common GAN variants and their suitable healthcare scenarios

GAN variant Main limitation Most suitable healthcare scenario

Original GAN Prone to training instability and mode collapse; Baseline or proof-of-concept synthetic data
limited control over outputs generation

cGAN Performance depends on high-quality labels and Class-specific generation, minority-class aug-
can be affected by class imbalance mentation, labeled disease categories

DCGAN Less suitable for tabular or mixed-type clinical vari-  Medical imaging, such as MRI, CT, X-ray,

ables
WGAN/WGAN-GP

requirements

CTGAN May struggle with rare categories and highly com-
plex dependencies

MedGAN Less suitable for image data and complex temporal

structures

More complex optimization and higher tuning

ultrasound, and pathology images

Structured or heterogeneous healthcare data,
including EHR and imbalanced tabular
datasets

Mixed-type tabular healthcare datasets and
disease prediction records

Sparse EHRs, diagnosis codes, and multi-label
clinical records
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4.2.1. Tumor detection and classification

In oncology, GANs are widely used because medical imag-
ing datasets are often limited and class-imbalanced. cGANs and
DCGANSs can generate synthetic histopathology slides or brain
tumor MRI scans to augment training datasets and improve clas-
sifier performance [1, 4]. These augmented samples have been
shown to reduce overfitting and improve sensitivity in tumor clas-
sification tasks.

4.2.2. Chronic disease prediction

Structured tabular datasets are more common than large
imaging datasets, mostly in cases of cardiovascular disease and
diabetes. WGANs and CTGANSs are particularly suitable for
modeling such data because they can capture correlations that
might exist between heterogeneous variables (e.g., lab results,
demographics, and lifestyle factors) without collapsing the modes
[28]. Risk assessment models had been developed on these syn-
thetic datasets; hence, there is an indirect stratification of patients
based on risk, which may still be applicable in low-resource set-
tings.

4.2.3. Rare disease studies

With this approach, patients suffering from rare diseases
and having a few cases can be very much at a disadvantage.
c¢GANs and CTGAN:Ss generate patient records for rare conditions
such as pulmonary hypertension or genetic disorders realistically,
oversampling minority classes [1, 32]. This increases the gener-
alizability of the classifiers and supports early diagnostic tool
developments.

4.2.4. Image modality translation

Multimodal imaging plays an important role in medical prac-
tice. GANs, particularly DCGANs and pix2pix form cGANS,
have been used for modality translation tasks for generating CT
images from MRI and MRI from Positron Emission Tomogra-
phy (PET), thereby reducing additional imaging procedures and
supporting multimodal prediction pipelines [10]. These methods
enhance cross-modality tumor detection and facilitate prognostic
modeling.

4.2.5. Time-series disease monitoring

Besides image and tabular data, GANs have also been
extended toward time-series signals, ECG, and Electroen-
cephalography (EEG) data. By creating realistic sequences,
adversarial systems help in training deep models for arrhyth-
mia detection, seizure prediction, and sleep-stage classification
[36]. The value of such methods is higher for continuous disease
monitoring, where it becomes costly to obtain large, annotated
datasets.

4.2.6. Comorbidity and disease progression analysis
MedGAN and its hybrid derivatives have been strong per-
formers in synthetic EHRs, where mixtures of diagnostic codes
and medications must be accounted for together [34, 36]. Syn-
thetic EHRs were also used for predicting disease progression
(such as complications arising from diabetes) and comorbid-
ity patterns (e.g., hypertension with obesity), supporting clinical
decision-making without disclosing sensitive patient information.
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4.3. Summary

GAN architectures for healthcare retain a shared
foundation—a generator synthesizing data and a discriminator
or critic assessing its quality, but the key innovations lie in
domain-specific challenges.

1) ¢GANSs provide control by conditioning on labels so that one
can target the minority disease classes for synthesis.

2) DCGAN:S use convolutional filters to detect spatial hierarchies,
thus fitting well to medical images.

3) WGAN:Ss offer the advantage of providing a more stable crite-
rion for learning, especially in areas such as structured/tabular
data like EHRs.

4) CTGAN and MedGAN further extend this landscape by
addressing mixed-type tabular records and sparse discrete clin-
ical codes, respectively.

GANSs have been successfully applied across medical applica-
tions for image augmentation in tumor detection, risk prediction
for chronic diseases, oversampling for rare diseases, multi-
modality image translation, time-series signal generation, and
EHR synthesis for comorbidity analysis. Architectural innova-
tion in tandem with the data modality images (DCGAN/cGAN),
structured EHRs (WGAN/CTGAN/MedGAN), and signals
(time-series GANSs) has allowed researchers to extend the infer-
ence power of machine learning models and provide remedies for
data scarcity and privacy-constrained environments.

5. Evaluation of GAN-Generated Data

GANs represent a significant advancement in genera-
tive modeling because they can learn complex data distributions
and produce realistic synthetic data. However, no single eval-
uation metric is sufficient to assess GAN performance com-
prehensively. Instead, the literature supports a multidimensional
evaluation framework based on quality, utility, privacy, and
computational considerations. Recent systematic reviews fur-
ther highlight the growing role of GANs in medical image
reconstruction and enhancement tasks. Across a wide range of
imaging modalities, GAN-based approaches have been applied to
improve image quality, reconstruct incomplete data, and support
diagnostic workflows [37]. These studies also show that GAN per-
formance is influenced by factors such as network architecture,
dataset characteristics, and loss function design, while emphasiz-
ing ongoing challenges related to training stability and evaluation
consistency in medical imaging applications [37].

5.1. Quality metrics

The metrics indicate the degree of similarity between gen-
erated data and real data distributions in terms of realism and
diversity. Typically, these metrics are used to compare different
GAN architectures and to monitor training progress.

Statistical similarity: This metric computes the difference
in the statistical properties between the synthetic and the real
datasets. For tabular data, such differences may be checked in
terms of, for example, column-wise distributions, means, and cor-
relation matrices. However, for images, a more abstract statistical
comparison is generally employed in a feature space.

Distribution overlap: These measures assess how closely the
distribution of generated data matches that of the real data. Com-
monly used metrics include:
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1) FID [38]
2) 1S [39]

While metrics such as FID explicitly compare real and gener-
ated data distributions, others such as IS evaluate output quality
and diversity.

Wasserstein distance: The Wasserstein distance is a metric
used in optimal transport theory. It measures the weighted cost
of transforming one probability distribution into another accord-
ing to some cost function. With the Wasserstein distance, one
gets meaningful, continuous gradients even when the distributions
have zero overlap, unlike the Jensen—Shannon divergence used in
the original GAN. This feature made the learning process in the
WGAN much more stable. A lower distance indicates better align-
ment of the two distributions [3].

Recent review work has further emphasized that GAN eval-
uation remains an open challenge, as commonly used automated
metrics cannot fully capture both objective fidelity and subjective
quality [40]. This is highly relevant in healthcare settings, where
synthetic outputs may appear statistically plausible yet still fail
to reflect clinically meaningful structure. As a result, more bal-
anced evaluation frameworks that combine automated scores with
human-informed assessment may be necessary when judging the
quality and usability of medical synthetic data.

5.2. Utility metrics

These metrics assess the functional value of synthetic data,
specifically whether it can effectively replace real data in practical
applications.

Improvement in downstream prediction tasks: One of the typ-
ical approaches is to train a machine learning model on synthetic
data and use a separate, real-world test set to evaluate its per-
formance. If the model performs well, then the synthetic data
are deemed highly useful. This approach often constitutes a more
task-specific and practical evaluation than general quality metrics.

AUC and Fl-score: These are just standard metrics used for
evaluating the performance of a classifier created on synthetic
data. The area under the receiver operating characteristic curve
(AUC-ROC) checks the ability of a classifier to classify an instance
into one or another class, whereas the F1-score gives a balanced
estimate of precision and recall over imbalanced datasets [39].

5.3. Privacy metrics

Privacy evaluation is paramount for applications involving
sensitive data such as health records. These metrics quantify the
risk of information leakage of datasets in training.

Re-identification risk: This is a chance that a synthetic data
record is linked to a real individual who was part of the original
training data. Researchers attempt to “re-identify” records using
known information or adversarial attacks [41].

Differential privacy (DP): A formal, mathematical frame-
work for quantifying privacy guarantees. GANs can be trained
with differentially private mechanisms that limit the impact of any
single training record on the success of the final generated distri-
bution, thus producing a provable privacy guarantee [19].

Membership inference: This attack attempts to determine
whether a point of data was used by the machine learning model
in its training. If a membership inference attack succeeds at a
reasonably high frequency, then the model has memorized exact
training data and may indicate privacy leakage [42].

5.4. Computational considerations

These metrics are centered on attributes that could be
observed during each GAN training session, which are considered
quite challenging.

Training stability: In GAN training methods, instability is
commonly observed, underscored by the adversarial minimax
game shared between the generator and discriminator. Metrics or
observations attributing stable and non-collapsing loss curves to
a good behavior of GANs have been offered [43]. Typical modes
of failure, from mode collapse (loss of diversity on the generator’s
side) to oscillations of the loss, are key signs of instability.

Convergence time: Convergence time is the amount of time
it takes for the GAN to achieve a stable equilibrium, where it
can produce high-quality samples. While difficult to define math-
ematically, faster convergence practically requires quicker model
development.

6. Discussion

The findings of this narrative review highlight the growing
relevance of GAN-based synthetic data generation across diverse
areas of disease prediction and healthcare analytics. While each
GAN variant addresses specific challenges such as modeling spa-
tial complexity in medical images, handling heterogeneous tabular
features, or stabilizing training on limited datasets, their collective
evolution demonstrates a clear trend toward architectures tailored
for clinical data scarcity, privacy preservation, and class imbal-
ance. The reviewed studies consistently show that synthetic data,
when generated using suitably chosen GAN models, can enhance
model robustness, support downstream diagnostic tasks, and
mitigate constraints associated with real-world clinical datasets.
However, despite these advancements, challenges remain regard-
ing evaluation standards, clinical validity, and the interpretability
of synthetic data, all of which warrant closer examination in sub-
sequent subsections.

6.1. Trends and insights

The application of GANSs in disease prediction highlights
serious, clear-cut trends whereby GAN architectures are reviewed
concerning the data modality. DCGANs remain the most widely
used model for generating medical imagery of high quality. The
convolutional architecture enables them to effectively capture
spatial hierarchies and fine-grained details present in radiology
images, pathological images, and dermatology images. With a
wealth of publications and open-source implementations around
the concept of DCGAN:S, their superiority in this realm is well
established, making them the preferred toolkit for image augmen-
tation and synthesis.

Conversely, WGANs and their variants (e.g., WGAN-GP)
have gained much interest in handling tabular data, such as EHRs
and lab values. Regular GANs have great difficulties in managing
the heterogeneity of tabular data, which contains combinations of
continuous, categorical, and discrete variables. WGANS, by using
the Wasserstein distance as a loss function, allow a more stable
training process and avoid mode collapse that poses an obstacle
to the generation of a wide and representative variety of patient
records [3]. In the case of difficult mixed-type datasets, WGANs
are preferably chosen because of this kind of stability, as concluded
by Ahmed et al. [14].
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Domain-specific GANs, such as CTGAN and MedGAN,
attempt to solve the peculiarities of tabular healthcare data: long-
tail distributions and multi-label conditions. As a result, they are
able to control their impulses and are skilled at solving problems
that general-purpose GANSs struggle with. Earlier reviews that
focused primarily on GAN applications in either imaging or tabu-
lar data alone [1, 10], whereas this review integrates findings across
multiple modalities including tabular, time-series, and imaging.
This review also explicitly compares key GAN architectures side
by side, highlighting WGAN’s distinct advantages for structured
health data. The synthesis presented here can guide researchers
in selecting GAN architectures tailored to their data modality:
DCGAN for high-dimensional imaging tasks, WGAN for hetero-
geneous tabular EHRs, and CTGAN/MedGAN for mixed-type
records requiring fine-grained control over discrete attributes.

6.2. Strengths and weaknesses of GAN approaches

Despite their promise, the implementation of GANs in
healthcare is loaded with many implementation issues, posing sig-
nificant challenges. Knowing their strengths and weaknesses is an
operative mechanism for their deployment with utmost responsi-
bility.

6.2.1. Strengths

Data augmentation: GANs can generate large volumes of
synthetic data. This is particularly useful for rare diseases or
conditions where patient data are scarce, as GANs can almost
generate realistic examples. This ability helps to address the
“small data” problem, allowing the training of more robust and
generalized machine learning models that would otherwise risk
overfitting on a limited dataset [44].

Privacy preservation: One of the most compelling advantages
of GANSs in the healthcare industry is that they generate syn-
thetic data with statistical maturity like that of real data but
without compromising any original patient information. Hence,
researchers would be able to freely share realistic datasets for col-
laborative studies and algorithm development while drastically
reducing patient privacy concerns. This bridges the gap that arises
from the legal and ethical issues tied to sharing very sensitive data
like EHRs [36].

6.2.2. Weaknesses

Training instability: Training the GAN is an infamously diffi-
cult task. The instability in the adversarial minimax game between
the generator and the discriminator often leads to the very com-
mon modes of failure. One can expect the loss functions to bounce
around between local minima with no convergence, never telling
when the model has become “good enough.” Such instability then
makes the training difficult, leading at times to extensive hyper-
parameter tuning or the use of specialized architectures to handle
it [39].

Model collapse: Another major weakness of many GAN
architectures is mode collapse. During mode collapse, the gener-
ator learns to produce only a few selected samples out of the real
data distribution and disregards most of the data. For example,
a GAN trained on a rich set of medical images may learn only
to generate images of tumors of a single type and ignore others.
The resulting data thus become very poor candidates for training
robust models [39].

Privacy concerns: With the potential to preserve privacy,
GANs create an additional privacy attack vector. Research,
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therefore, has shown that certain kinds of GANSs are in fact vul-
nerable to privacy attacks such as membership inference attacks.
An attacker may gain confidence in whether someone was used
as training data for the GAN. This calls for even more mitiga-
tion tools, such as DP, which provide stronger guarantees to the
system [42].

By framing GAN-generated synthetic data within the context
of privacy, fairness, and clinical acceptability, this review adds a
layer of ethical and regulatory awareness often absent from purely
technical surveys.

6.3. Implications for disease prediction

Disease predictive models developed by Al require synthetic
data produced by GANs for model generalization and fairness.
Providing synthetic data from augmented, small, and imbal-
anced datasets or those under private restrictions could nearly
improve a model’s ability to generalize to new, unseen patient
populations. This is particularly important for rare diseases or
conditions, where real data are virtually non-existent. A larger
training set with greater variety helps avoid overfitting to lim-
ited examples [44]. On the other hand, synthetic data might
also provide a solution to ameliorate unfairness from data bias.
Real-life medical datasets often have demographic groups that
are underrepresented (say, certain ethnicities or gender groups),
which in turn makes the existing models perform poorly on
those populations. GANs can artificially generate data from
these underrepresented groups upon which real datasets shall be
leveled, thus making sure that models trained for all patients
are more unbiased and more accurate [45]. If there is a way
to reduce algorithmic bias, then that is one aspect that goes
a fair way toward equitable healthcare outcomes. The cross-
modal perspective taken here points toward hybrid models (e.g.,
GAN-diffusion or GAN-federated approaches) as promising next
steps for scalable, privacy-preserving synthetic data generation in
healthcare.

6.4. Limitations of this narrative review

This review adopts a narrative rather than a systematic
approach, which has implications for completeness and repro-
ducibility. Although multiple databases were searched and recent
surveys were consulted to identify influential work on GAN-
based synthetic data generation in healthcare, the search was not
exhaustive, and some relevant studies may have been missed. No
formal study-level quality appraisal or risk-of-bias assessment was
performed, as the emphasis was on architectural themes, evalua-
tion practices, and application patterns rather than on comparing
individual study outcomes. In addition, the field of generative Al
is evolving rapidly, so papers published after the search window
(up to early 2025) are not captured. These limitations mean that
the findings should be interpreted as a conceptual and method-
ological synthesis rather than as a definitive or exhaustive account
of all GAN applications in disease prediction.

6.5. Future research directions

Although the applications of GANs have been demonstrated
for disease prediction, medical imaging, and synthetic EHR gen-
eration, certain open directions remain critical for progressing the
field.

Hybrid GANs and GAN+ diffusion models: One of the promi-
nent trends in the research is the development of hybrid generative
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market systems, where GANs are combined with other architec-
tures to leverage their complementary strengths. Perhaps the most
notable example would be the combination of GANs with diffu-
sion models [46]. While GANSs can quickly synthesize high-fidelity
images, they often suffer from unstable training procedures and
mode collapse, thereby restricting output diversity. Diffusion
models, by contrast, are famous for their stable training and the
ability to generate a wide variety of high-quality and diverse sam-
ples. However, they come with a high computational cost and
exhibit a slow image generation speed. Hybrid models such as
SupResDiffGAN aim to inherit these advantages in producing
quality images with high stability and speed in generation for
tasks like super-resolution of medical imagery.

Federated learning (FL): Data silos and privacy regulations
present major barriers; therefore, GANs and FL integration is
a huge research field. The FL paradigm prescribes that several
institutions (hospitals) collaborate in training the GAN model
without sharing their raw patient data. Each institution trains a
local discriminator using its own data. An update is transmitted
to a central server where the global generator is trained. Such a
general structure allows for a robust and generalized model to be
trained on a larger and more diverse dataset, which complies with
stricter patient privacy and security regulations. Research works
on making the frameworks more efficient and secure, some of
which prevent the leakage of the generator from the server to
clients [41].

Standardized evaluation frameworks: The absence of a univer-
sally accepted evaluation framework remains a major challenge
in GAN-based synthetic data research. Future work should
focus on developing standardized evaluation frameworks that
enable results to be reported consistently and compared reliably
across studies and application domains. Such frameworks should
extend beyond traditional image-quality metrics, such as FID
and IS, to include broader dimensions such as downstream util-
ity, privacy preservation, and clinical acceptability. They should
also incorporate rigorous assessments of re-identification risk
and clinician-blind evaluation to determine whether generated
images are clinically indistinguishable from real data. Establish-
ing such comprehensive evaluation standards would strengthen
trust, transparency, and confidence in the clinical use of GAN-
generated data [47].

7. Ethical Considerations

The ethical use of GANs in healthcare is complex, involv-
ing critical components of privacy, fairness, and transparency
that are essential for achieving clinical acceptability. Even though
GANSs are more suitable for generating synthetic data for research
purposes under privacy protection, they remain vulnerable to
attacks. Some of the prime concerns raised by researchers relate
to re-identification and membership inference attacks, where an
adversary might identify whether data belonging to an individual
was used to train a GAN. Accordingly, the dominant research
trends have centered around integrating DP, which means that
noise added during training ensures that no single data point can
significantly influence the final model. As a result, it provides
strong privacy protection [19].

GANSs may also exacerbate biases found in genuine health-
care datasets, potentially leading to unfair outcomes for minorities
[45]. Ensuring fairness requires devising bias-aware GAN architec-
tures and then auditing the synthetic data so that it adequately and
fairly represents the disparate patient demographics. Moreover,
existing reviews emphasize that successful adoption of machine

learning in healthcare depends not only on technical performance
but also on ethical safeguards, transparency, and clinician trust,
all of which are critical when deploying synthetic data systems
[48].

Beyond statistical fidelity and downstream predictive per-
formance, recent studies increasingly emphasize the importance
of clinical validity through domain-expert assessment. Clinical
validity in this context refers not only to preserving overall data
distributions but also to ensuring that generated records, images,
or temporal patterns remain medically plausible, internally coher-
ent, and reflective of meaningful disease relationships. Emerging
evaluation approaches therefore advocate complementing algo-
rithmic metrics with clinician-centered validation, such as blind
expert review and assessment of diagnostic realism. For exam-
ple, recent work has proposed hybrid evaluation frameworks that
combine quantitative metrics with expert assessment to ensure
that synthetic data are clinically relevant and usable in real-world
settings [49]. More broadly, recent reviews of generative Al in
healthcare emphasize that evaluation must extend beyond tech-
nical performance to include real-world clinical utility, safety,
explainability, and responsible integration into healthcare work-
flows [50]. This is particularly important in healthcare, where
synthetic samples may appear statistically convincing while still
failing to capture subtle but clinically important dependencies.

These concerns are closely linked to one of the most promi-
nent barriers to GAN adoption: the lack of transparency and
interpretability. Most GANs are still regarded as black-box sys-
tems, which can reduce clinician confidence in models trained on
synthetic data. It is therefore essential to develop validation and
interpretability strategies that demonstrate not only the realism of
GAN-generated data but also their clinical plausibility and relia-
bility [47]. Addressing these ethical and practical limitations will
be critical to building the confidence of both medical practition-
ers and patients in the use of GAN-based synthetic data.

8. Conclusion

With the emergence of GANSs, synthetic data generation has
become a feasible and increasingly valuable approach for disease
prediction research. GANs help address limited data availability,
class imbalance, and privacy restrictions by enabling the genera-
tion of realistic medical images, EHRs, and laboratory data. In
robust predictive modeling, especially in populations where col-
lecting and distributing large-scale datasets is nearly impossible,
the value of GAN-generated synthetic datasets is unmatched; they
offer diverse and representative data. Hence, from these applica-
tions, GAN methods aid the advancement of machine learning in
healthcare while somewhat sidestepping the ethical and logistical
issues pertinent to real patient data. This review consolidates and
evaluates the rapidly expanding literature on GAN-based syn-
thetic data generation for disease prediction, providing researchers
with a single reference point for architectural choices, evaluation
practices, and ethical considerations.

Among the different types of GANs, the WGANs (WGAN
and WGAN-GP) hold merit in handling tabular medical data that
are often heterogeneous, sparse, and imbalanced. These models
replace the Jensen—Shannon divergence with the Wasserstein dis-
tance, which carries with it smoother gradients with respect to
critic parameters and more stable convergence behavior, hence
reduced mode collapse between other models. Stability is impor-
tant in generating structured EHRs and laboratory results, as
traditional GANs often are not able to grasp the full depth of
the interaction among the categories and continuous variables.
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Hence, WGAN-based methods have thus far shown promising
results, for example, in synthesizing patient records that retain sta-
tistical soundness and thus would be preferable for downstream
prediction tasks. By highlighting the strengths and weaknesses of
specific GAN variants, the paper offers practical insights for inves-
tigators seeking to enhance data availability, model robustness,
and fairness in medical Al.

While the work and use of GANSs in healthcare Al cre-
ate good prospects, they simultaneously bring challenges. Future
work may explore hybrid GANs and diffusion-based approaches
to improve data fidelity, as well as federated and privacy-
preserving GANSs, allowing for secure collaboration across institu-
tions. Future progress will depend on community-wide efforts to
establish standardized benchmarks and cross-institutional collab-
orations, particularly those integrating GANs with FL, to ensure
both scientific rigor and privacy compliance.

Meanwhile, the community needs to address reproducibil-
ity, evaluation, and ethical deployment, ensuring that synthetic
data supports not only improved prediction performance but
also patient privacy and clinical soundness. Striking a balance
between innovation and responsibility would be instrumental in
unleashing the full potential of synthetic data generated by GANs
in support of next-generation disease prediction and healthcare
analytics. As highlighted in prior work on machine learning inte-
gration in healthcare, ethical and operational considerations must
complement technical advancements to ensure clinical trust and
adoption [48]. If such steps are taken, GAN-generated synthetic
data can become a cornerstone of next-generation disease predic-
tion, enabling equitable, privacy-preserving, and clinically reliable
Al tools across diverse healthcare settings.
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