International Journal of Data Science and Analytics
https://doi.org/10.1007/s41060-025-00893-x

(2026) 21:33

REVIEW l')

Check for
updates

Leveraging Al for biomedical data augmentation: a comparative
review of model characteristics, performance analysis, and future
research directions

Salha Albehairi'2 . Samiya Khan3 - Reem Alotaibi' - Nofe Alganmi' - Mohammad Patwary?

Received: 16 July 2025 / Accepted: 1 November 2025
© The Author(s), under exclusive licence to Springer Nature Switzerland AG 2025

Abstract

Artificial Intelligence (Al) is one of the most advanced technologies today, accelerating productivity, efficiency, and effec-
tiveness in various sectors, including healthcare. However, defining such productivity requires data availability within the
intervention field. In contrast to its potential, biomedical data for healthcare sector innovation is one of the most difficult data
to access due to privacy concerns. One of the ways to overcome such difficulty is the use of Al to ‘Augment Data’ that has
the potential to revolutionize healthcare sector productivity. This research paper presents a comprehensive survey on Data
Augmentation (DA) for biomedical data, with specific interest in Generative Adversarial Network (GAN)-driven learning
methods. It analyzes DA methods concerning the characteristics of these methods, performance metrics used to evaluate the
quality of the generated data, and the limitations of each method. Additionally, this work includes a comprehensive experi-
mental analysis to evaluate the performance of GANs and Conditional GANs (CGANSs) on different data sources and sizes
from two perspectives, which include characteristics and performance metrics. As a result, the analysis of existing GANs and
modified versions of GANs indicates that there is significant potential in using generative models in biomedical applications.
Key findings from this survey identify two major challenges in achieving reliable augmented data—a) unstable training for
GAN models and b) the need for more reliable evaluation metrics. Addressing these challenges will be crucial for developing
a new generation of GAN models that can ensure reliable DA techniques, with minimal training data and learning iterations.

Keywords Biomedical data - Data augmentation - Generative adversarial networks - GAN - Gene expression data - Small
sample size

1 Introduction

Artificial Intelligence (Al) has emerged as a transformative
technology that drives advancements across a wide range
of industries and fields. From healthcare to finance, Al-
powered solutions are redefining the approaches taken to
address complex problems and facilitate informed decision-
making. Using medical data and analytics is a key component
of improving procedures and facilitating the administration
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of medical services in the healthcare industry. In recent years,
medical researchers, physicians, and patients have generated
massive amounts of medical data, such as electronic health
records (EHRs), biomedical imaging data, and genomic data
[1, 2]. By leveraging the power of Al, these data can be uti-
lized to aid in diagnosis, detection, and prediction of various
diseases. However, the efficiency of training Al models relies
on the availability of sufficient data to increase model accu-
racy and avoid overfitting [3]. Unfortunately, in certain fields,
such as medicine, it is hard to access a sufficient amount of
datasets due to data sensitivity and consent restrictions.

The available solutions for limited data accessibility are
Data Augmentation (DA) [4, 5], Transfer Learning (TL)[6—
9], self-supervised learning [10, 11], semi-supervised learn-
ing [12], few-shot learning [13—15], zero-shot learning [16—
18], weakly supervised learning [19, 20], multitask learn-
ing, and ensemble learning [21-23]. To provide a clearer
understanding of these solutions, Table 1 summarizes their
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Table 1 Advantages and disadvantages of learning approaches for limited data accessibility

Learning category / Type

Advantages

Disadvantages

Data augmentation (DA)

Transfer learning (TL)

Weak/limited supervision (Weakly-
, Semi-, Self-supervised)

Low-data adaptation (Few-shot,
Zero-shot)

Knowledge sharing (Multitask,
Ensemble)

Enhances dataset diversity and generalization
without necessitating new data collection. This
approach is cost-effective and commonly
applied in biomedical imaging and genomics,
significantly reducing training time.

Improves generalization without requiring
extensive new data collection. It is widely used
in biomedical applications, reducing the need
for labeled data and accelerating model training
through fine-tuning.

This method utilizes unlabeled or partially
labeled data, thus minimizing annotation
efforts. It enhances feature learning and
generalization, particularly for
high-dimensional biomedical data, making it
suitable for privacy-restricted datasets like
EHRs.

These techniques enable learning from very few
or even no labeled examples, making them
particularly effective for rare diseases and
facilitating rapid adaptation to emerging
biomedical scenarios.

By sharing information across tasks or
combining models, this approach enhances
generalization. It effectively reduces variance
and overfitting, thereby increasing robustness
to noise in biomedical data. Additionally, it
speeds up convergence in related tasks like
diagnosis and segmentation.

There is a risk of introducing unrealistic
variations, which might amplify existing
biases. Additionally, it can lead to increased
computational costs for large-scale
augmentation.

There is a risk of negative transfer if the
source and target domains diverge. This
approach may also increase computational
costs for fine-tuning, particularly with large
models.

Performance can degrade if data quality is
poor; mislabeled signals significantly
impact outcomes. The requirement for
complex algorithms and denoising
techniques further complicates
implementation, particularly in large-scale
training scenarios.

However, performance may deteriorate for
classes that are highly dissimilar or not seen
in training. The success heavily relies on the
quality of auxiliary samples, and negative
transfer can occur in unrelated domains.

Nevertheless, there is a risk of task
interference, and the complexity of
architecture increases. This can lead to
reduced interpretability of the resulting
combined models.

advantages and disadvantages, highlighting their suitability
for addressing limited data in biomedical contexts.

In the last few years, DA has become a popular method for
improving models when applied to small datasets [24]. Data
augmentation refers to manipulating existing data samples
in different ways to artificially expand training datasets. This
strategy has proven highly effective in enhancing the perfor-
mance of machine learning models [24, 25]. DA is critical
for training deep learning models, particularly in medical
analysis. It helps in addressing limited data availability, data
imbalance issues, and enhances model generalization. By
using DA techniques, researchers can improve the perfor-
mance of machine learning models in this critical domain,
leading to more accurate and comprehensive analyses, as
evidenced by several studies in this field [26-29]. This is
particularly evident in cancer detection, where DA tech-
niques help address limited data in genomic and imaging
domains. The reviewed studies cover various cancers, includ-
ing breast cancer and brain tumors, using gene expression
data and mammograms [4, 30—40]. These works demon-
strate the versatility of DA and its effectiveness in improving
diagnostic accuracy across diverse oncology applications.
For instance, a recent study using ResNet-50 on 566 HT-29
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colon cancer cell images achieved 95.5% accuracy by apply-
ing DA techniques such as rotations, flips, shifts, cropping,
and color normalization to enhance robustness and mitigate
data variability [41]. Many types of DA techniques have been
developed; each has unique characteristics and applications
[42]. One common approach is geometric transformation,
which is widely used in computer vision tasks. It involves
operations such as rotation, scaling, and translation [43, 44].
Textual data augmentation, such as synonym replacement or
sentence paraphrasing, is another commonly used method
[45]. Synthetic data generation is also another type of DA.
In this approach, new samples are generated based on exist-
ing data. Techniques like Generative Adversarial Networks
(GANSs) can be used to create realistic synthetic data points,
enhancing DA in computer vision, Natural Language Pro-
cessing (NLP), and genomic data analysis [46—48].

In the existing literature, researchers have presented sev-
eral surveys concerning augmentation methods for biomed-
ical data. However, their focus has primarily been on aug-
mentation methods applied to specific types of images, such
as Magnetic Resonance Imaging (MRI), Computed Tomog-
raphy (CT), Mammographic Imaging, and Fundus Imaging
[49], or solely concentrating on one type of image, as seen
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in the survey that explores mammogram images exclusively
[50]. Additionally, another survey paper [51] explores var-
ious imaging modalities that employ GAN techniques for
data augmentation, while a different one focuses exclusively
on three types of data augmentation methods: variational
autoencoders, GANSs, and diffusion models [52].

Two recent survey papers in this domain provide valu-
able insights: the first [29] includes a comparative evaluation
of various GAN models utilized for DA specifically in the
field of transcriptomics, while the second [53] systematically
explores advancements in the application of GANSs for gene
expression data from 2020 to 2024, emphasizing their role as
a powerful data augmentation tool for generating synthetic
gene expression data and driving innovations in genomics
research. However, there is a lack of a comprehensive review
that examines the advanced techniques of DA applied to
biomedical data. Additionally, this is the only survey paper
from existing literature that explores the characteristics of
DA methods and identifies gaps for each one. Therefore, this
review presents the performance metrics commonly used to
evaluate the quality of the generated data through DA, as
well as the performance evaluation metrics used to assess
the performance of ML models when utilizing the generated
data for classification or segmentation tasks. The review also
discusses the limitations and weaknesses associated with the
state-of-the-art DA methods. The contributions of the paper
are as follows:

e This review provides an overview of target diseases, data
sources, DA methods, and ML models used for classifi-
cation or segmentation tasks in biomedical data.

e This first-of-its-kind review explores the characteristics
of each DA method, including their scalability, transfer-
ability, and robustness.

e The review examines performance metrics for evaluating
the quality of data generated through augmentation (DA)
techniques, as well as metrics used to assess the efficacy
of machine learning (ML) models that utilize the gen-
erated data for classification or segmentation. Notably,
the review highlights that existing literature has not yet
investigated a comprehensive set of evaluation metrics
for assessing the generated data itself.

e The review discusses the strengths, weaknesses, and
scope for future work associated with the state-of-the-
art DA models and identifies the existing research gaps
in this area.

The lack of accessible biomedical data remains a serious
issue, often caused by strict privacy rules and the limited
availability of labeled samples. This study was motivated by
these challenges and looks into advanced data DA methods
as a practical way to overcome them. Earlier research has

focused on single areas like MRI or CT imaging [49, 50],
or on particular DA approaches like GANs and VAEs [51,
52]. However, there is still no broad review that compares
how these techniques perform in terms of scalability, robust-
ness, and transferability across different biomedical datasets,
including both images and genomic data.

Another gap appears in how synthetic data are evaluated.
This work aims to fill that gap by analyzing how DA can
improve model performance and help deal with data short-
ages in healthcare. The motivation arises from the necessity
to create reliable and efficient DA frameworks for biomed-
ical applications. To guide this comprehensive review, we
formulate the following research questions (RQs) and their
objectives:

e RQI: What are the recent DA techniques applied to
biomedical data, and how do they address data limitation
in genomics and imaging modalities? Objective: To map
the landscape of DA methods and highlight modality-
specific adaptations, informing targeted applications in
healthcare.

e RQ2: What performance metrics are used to evaluate DA-
generated data quality and downstream ML tasks (e.g.,
classification/segmentation)? Objective: To identify gaps
in evaluation metrics.

e RQ3: What are the strengths, limitations, and future
directions for GAN-based DA in biomedical contexts?
Objective: To identify challenges like training instability
and scalability to develop robust, privacy-preserving DA
models.

The paper is organized as follows: Sect. 2 discusses the
survey methodology for defining the criteria for including
studies and the search strategy. In Sect. 3, existing data aug-
mentation techniques and the evaluation metrics used for
classification or segmentation tasks are discussed. Sect. 4
presents an experimental comparison of applying GANs to
diverse data sources and sizes, along with the evaluation
metrics used for each data source, and Sect. 5 discusses
the results. Sect. 6 discusses the strengths, weaknesses, and
scope of future work. Finally, Sect. 7 concludes the paper by
summarizing key findings, emphasizing the significance and
potential of data augmentation in biomedical analysis, and
exploring future directions and open challenges in the field.

2 Survey methodology
The limited accessibility of biomedical data is a significant
challenge in the field of biomedical research. Many biomed-

ical studies rely on the quality and quantity of this data. To
increase the performance of Al models, a sufficient amount
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of data is necessary. To address this issue, biomedical data
augmentation has emerged as a promising solution. This sur-
vey paper aims to provide a comprehensive overview of the
state-of-the-art of biomedical data augmentation techniques,
their applications, characteristics, and evaluation metrics. By
exploring the various methods and strategies employed in
biomedical data augmentation, this paper seeks to highlight
the strengths and weaknesses of each approach and identify
the research gaps.

This study determined inclusion and exclusion criteria
based on parameters such as modality, publication date,
and types of academic publications. The modality refers to
biomedical data types such as genomics data, X-rays, CT
scans, and mammogram images. In selecting the articles,
the review reflected current trends and developments in the
application of data augmentation in biomedical research by
covering the period from 2020 to 2024. For academic pub-
lications, it only included papers that had been published
in peer-reviewed journals. Using peer review criteria ensures
high standards of quality and accuracy because research pub-
lications are carefully assessed by experts in the relevant field.
While recognizing the importance of conference papers and
preprints in scientific discussions, the emphasis was on peer-
reviewed journal articles. This strategy ensures the inclusion
of rigorously peer-reviewed papers, thereby strengthening
the validity of this review. In order to find relevant publi-
cations for this review, the search strategy included using
keywords such as "data augmentation," "Generative Adver-
sarial Networks," "biomedical data," and "gene expression."

By applying the specified inclusion and exclusion criteria,
this survey paper was able to identify and analyze a focused
set of high-quality, peer-reviewed research articles on the
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topic of biomedical data augmentation, with all articles pub-
lished between 2020 and 2024. The imbalance between the
number of studies on image data and genomic data in this
study arises from several factors. Image data has a longer
history of data augmentation due to its visual nature, which
lends itself to various augmentation techniques such as rota-
tion, scaling, and cropping. Furthermore, medical imaging
is widely used in diagnosis and treatment, leading to exten-
sive research in this area. In contrast, data augmentation for
genomic data is relatively newer and more specialized. The
complexity and high dimensionality of genomic data pose
significant challenges, and research in this area is still evolv-
ing.

A taxonomy of data augmentation techniques used in the
reviewed studies is illustrated in Fig. 1, categorizing the vari-
ous biomedical data augmentation methods applied to image
and genomics data. Detailed explanations of these techniques
are provided in Section 3.1. For image data, both classical
data augmentation techniques and deep learning methods
are utilized. Classical data augmentation includes geometric
transformations, photometric adjustments, and noise injec-
tion. Deep learning approaches involve various versions of
Generative Adversarial Networks (GANs), Transfer Learn-
ing (TL), Variational Autoencoders (VAEs), and diffusion
models. Similarly, recent deep learning techniques have been
applied to genomic data for data augmentation, including
GANSs, TL, VAEs, and diffusion models.
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3 Biomedical data augmentation techniques
in reviewed literature

DA techniques have been used to solve the limited data acces-
sibility, which primarily arises in the medical domain, due to
privacy and consent restrictions. An overview of the identi-
fied papers will be presented, including details of the study
such as target diseases, data sources, DA techniques, and
ML models used for classification or segmentation tasks in
biomedical data. Additionally, the evaluation metrics used to
assess the performance of DA techniques will be discussed.

3.1 Explanations of data augmentation techniques
in the taxonomy

To explain the taxonomy in Fig. 1, we describe each data
augmentation technique. We group them for genomic and
image data. These methods generate synthetic data to address
limited samples. However, they may increase computational
costs or introduce artifacts. We discuss these limits in Sec-
tion 6.

3.1.1 Classical data augmentation (primarily for image
data)

Classical methods alter existing data via simple opera-
tions. They are computationally efficient. However, they fit
domains where changes preserve meaning. For instance, they
suit image data better than genomic sequences [54]. Geo-
metric Transformations modify data layout, with examples
including flipping, scaling, shearing, rotation, and shifting.
Flipping mirrors images, while scaling resizes them, shearing
distorts content, rotation angles images, and shifting repo-
sitions them. These techniques enhance robustness to shape
variations in biomedical images like X-rays or CT scans [54].
Photometric Adjustments change color and light, involving
color space shifts such as RGB to HSV, and brightness adjust-
ments alter intensity. They manage lighting differences in
medical images; however, they do not apply to non-visual
data [54]. Noise Injection introduces random noise, like
Gaussian, to simulate real imperfections such as MRI sensor
errors. It strengthens models, but overuse may reduce data
quality [54].

3.1.2 Deep learning-based methods (for both genomic and
image data)

Deep learning-based methods employ neural networks to cre-
ate new data. These methods produce realistic samples but
require more resources. Deep Learning-based Methods may
also face training instability. Additionally, GANs consist of
a generator that produces synthetic samples and a discrim-
inator that assesses realism. GANs exceed expectations in

biomedical images, such as CT for COVID-19. Furthermore,
GAN:Ss also fit gene expression data. However, issues include
mode collapse and training instability [55]. Transfer Learn-
ing (TL) adapts pre-trained models from large datasets, like
ImageNet. It accelerates training with small biomedical data;
however, domain mismatches can present challenges [56].
Variational Autoencoders (VAEs) learn probabilistic latent
patterns, where an encoder compresses data, and a decoder
generates new samples. VAEs aid genomic augmentation,
and they offer uncertainty estimates, though outputs may
lack sharpness or diversity [57]. Diffusion Models add noise
gradually, and then diffusion models train to reverse it. This
yields high-quality samples, like brain tumor MRIs, and dif-
fusion models provide strong realism. But diffusion models
are slow and resource-intensive [58].

3.2 Comparison of state-of-the-art models

After examining the state-of-the-artin DA techniques applied
to biomedical data, this study identified relevant research
papers addressing the problem. Tables 2 and 3 present infor-
mation regarding data category, data source, target disease,
type of augmentation techniques utilized, as well as the
classification or segmentation techniques employed in the
models.

The “Data Category” column presents the type of data,
which is either genomic or image data. The "Data Source"
column outlines the modality of biomedical data used in the
studies, such as genomic data, X-ray images, CT images,
or MRI images. The "Target Disease" column indicates
the specific diseases that the researchers aimed to address.
The "Data Augmentation Techniques" column lists the var-
ious data augmentation methods employed to increase the
training datasets, such as classical DA, GAN, or Trans-
fer Learning (TL). "Result" column presents the result of
each study. Finally, the "Classification/Segmentation Tech-
niques" column describes the machine learning models or
algorithms used for the downstream tasks of classification or
segmentation, such as convolutional neural networks (CNN),
deep neural networks (DNN), and support vector machines
(SVM).

Upon reviewing Tables 2 and 3, a variety of target dis-
eases can be observed, including COVID-19, different types
of cancer, Parkinson’s disease, pneumonia, and schizophre-
nia. Additionally, the data sources include diverse modalities
such as CT, MRI, X-ray images, and gene expression
data. The reviewed papers have used different DA tech-
niques such as classical data augmentation, transfer learning,
and GAN-based techniques. The last column "Classifica-
tion/Segmentation Techniques" in Table 2 and Table 3 pertain
to the Machine Learning (ML) model utilized for classifica-
tion or segmentation purposes, after incorporating both real
and synthetic data, in order to assess whether any improve-
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Table 2 Overview of research papers (2020-2024, Part 1)

Data Cat. Data Srec. Disease Augmentation Result Classification/ segmentation
techniques
Genomic Gene Expr. Schizophrenia [26] GAN-based 93 percent accuracy Classification: LR, SVM,
KNN, MLP
Cancer types [59] GAN-based Improved accuracy with Classification: MLP, KNN,
WGAN-GP DT
Cancer types [31] GAN:-based Enhanced gene Classification: CNN
classification
Breast/skin tumor [60] GAN, Diffu- Improved bulk RNA-seq Classification: SVM, RF,
sion classification XGBoost
Rare diseases [39] Diffusion Enhanced rare disease Classification: CNN
genomic augmentation
Rare diseases [40] GAN-based Improved rare disease Classification: Deep
classification learning
scRNA-Seq Marker genes [61] GAN:-based Improved downstream Classification: Random
analyses Forest
Cancer types [62] GAN-based Improved unsupervised Classification:

tumor subclone

Unsupervised

classification

ments were observed. There are several ML models applied
for classification or segmentation tasks, including classifica-
tion deep transfer models, Convolutional Neural Networks
(CNN), Logistic Regression (LR), Support Vector Machines
(SVM), k-Nearest Neighbors (KNN), and Multilayer Percep-
tron (MLP).

Existing literature has not yet provided a comprehensive
examination of the characteristics and limitations of the var-
ious DA techniques employed in machine learning research.
This section provides a theoretical comparison of the differ-
ent DA methods to fill this gap and thoroughly investigate
the scalability, transferability, and robustness of the state-of-
the-art DA methods.

From the theoretical perspective, Table 4 presents the
characteristics, advantages and disadvantages of the iden-
tified research papers on DA models. The key characteristics
explored in the literature review are as follows: Firstly,
according to existing literature, the scalability of the mod-
els evaluates the adaptability of the models to different sizes
and types of biomedical datasets [74]. Evaluating the scala-
bility of an Al model makes it applicable to both small and
large datasets. It also enhances the effectiveness of the model
in real-life applications. Secondly, the literature has consid-
ered the robustness of the models, which refers to the models’
ability to handle noisy or incomplete biomedical data [75].
This feature makes the model more accurate and reliable,
especially in situations when perfect data is rarely accessi-
ble. Lastly, the literature explored the transferability of the
models, which explores the models’ capacity to generalize
and transfer learning to different biomedical tasks [76]. The
models’ transferability is also crucial, as it can increase the
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overall value of the model and reduce the need for retrain-
ing on new tasks. These characteristics offer insights into the
performance and capabilities of the DA models discussed in
the literature.

Out of all the papers analyzed, as shown in Table 4, seven
models [27, 40, 61, 63, 65, 68, 70, 78] were identified as scal-
able. Additionally, twelve papers [4, 26, 27, 31, 36, 38, 39,
63, 64,68, 70, 71] highlighted the robustness of their models.
On the other hand, ten papers [27, 30, 32, 38-40, 61, 64, 65,
73, 78] emphasized the transferability of their models. It is
noteworthy that only one paper [27] covers all the identified
characteristics of DA models for MRI images. As part of this
study, the analysis of the model’s characteristics described
in the identified research papers revealed that none of the
existing papers have focused on the key characteristics of
scalability, robustness, and transferability comprehensively.
This observation highlights one of the key contributions of
this work, which is to examine and understand these impor-
tant properties in the context of DA methods for biomedical
applications. This suggests that the research community may
benefit from further exploration of DA techniques that exhibit
a combination of desirable properties, to address the diverse
challenges in biomedical data analysis.

3.3 Evaluation metrics for assessing DA techniques
in reviewed literature

The reviewed literature emphasizes the importance of employ-
ing evaluation metrics to assess the performance of DA
techniques. These evaluation metrics provide quantifiable
measures to assess how well the generated data matches the



International Journal of Data Science and Analytics

(2026) 21:33

Page70f19 33

Table 3 Overview of research papers (2020-2024, Part 2)

Data Cat. Data Src.  Disease Augmentation techniques ~ Result Classification/ segmentation
Image CT COVID-19 [28] Classical, GAN, TL 90 percent detection Classification: AlexNet,
accuracy VGG16, GoogleNet,
ResNet50
Breast mass [35] GAN, Classical, TL Improved breast mass Classification: CNN
classification
Bone metastasis [63] Classical, Mixup, RICAP  Improved segmentation Segmentation: U-Net
accuracy
Pneumonia [64] Diffusion Superior to GANs in image  Classification: CNN
synthesis
COVID-19 [65] Classical, GAN Improved CT-based Classification: CNN
classification
MRI Alzheimer [27] VAE Improved classification in Classification: CNN
HDLSS
Rectal cancer [37] Classical, TL High accuracy in lymph Segmentation: R-CNN
node segmentation
Parkinson [66] GAN, TL 99.23 percent accuracy Classification: CNN
Bony structure [67] GAN Improved cross-modality Segmentation: Seg model
segmentation
Brain tumor [38] Diffusion Improved brain tumor Segmentation: U-Net
segmentation
Brain tumor [68] GAN, Diffusion Improved deep learning Segmentation: U-Net
augmentation
X-ray COVID-19 [4] Classical Improved diagnosis with Classification: CNN;
segmentation Segmentation: U-Net
Pneumonia [69] GAN Improved pneumonia Classification: NN
detection
COVID-19 [30] Classical, GAN, TL Improved gene data Classification: CNN
classification
Pneumonia [70] GAN, Classical Enhanced explainability in Classification: CNN
classification
Mamm. Cancer types [28] GAN 90 percent accuracy Classification: DNN

Ultra.

Breast mass [71]

Breast cancer [34]

Breast cancer [72]

Cardiovascular diseases [36]

Breast mass [73]

Classical, TL

GAN

Classical

GAN, Classical

GAN

Improved detection with
wavelet CNN

Improved mass detection in
FFDM

Improved segmentation and
classification

Improved segmentation
with CNN-CBR

Improved classification with
speckle augmentation

Detection: Faster R-CNN

Classification: CNN

Segmentation: U-Net;
Classification: CBR

Segmentation: U-Net

Classification: CNN

original data distribution. This allows researchers to deter-
mine the performance of the DA methods in generating
high-quality synthetic samples. Additionally, the evaluation
metrics used to assess the performance of ML models for
classification or segmentation tasks are explored as shown in
Table 5 and Table 6, respectively. The abbreviations used for
the evaluation metrics are as follows: Rec refers to Recall,
Acc stands for Accuracy, Spec is Specificity, Prec represents
Precision, F1 is the F1-Score, PPV is Positive Predictive
Value, BS refers to Brier Score, Kappa indicates Cohen’s

Kappa, AUC is the Area Under the Receiver Operating Char-
acteristic Curve, and Logloss stands for Logarithmic Loss.
These metrics provide insights into how the combination of
original data and synthetic data impacts the classification or
segmentation task.

In Table 5, the widely used evaluation metrics across the
different biomedical data augmentation to assess ML model
for classification purposes are identified to be accuracy,
recall, precision, and Fl-score. However, the Dice Coef-
ficient, AccuracySD, and Jaccard Index are also common,
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Table 4 DA Model Characteristics
References Scalability Robustness Transferability Advantages Disadvantages
[26], [31], [62], [4], X 4 X High-quality samples; High computational
[71], [36] Better clustering accuracy requirements; Limited
dataset evaluation
[27] v v Effective three-dimensional Lack of synthetic data
MRI classification evaluation; Potential bias
issues
[28], [60], [35], X X Transfer learning improves Limited dataset size; Lack
[37].[66], [67], [69], performance; Synthetic of synthetic data
[341, 721, [77] data generation from evaluation
unrelated lesions
[40], [61], [65], [78] v X Trained in separate High false discovery rate;
experiments; Reduces Batch effects
overfitting
[63], [68], [70] v v Improved segmentation Limited data availability;
accuracy Overfitting issues
[30], [73], [32] X X Improved accuracy; Slow segmentation process;
Enhanced feature Limited to segmentation
extraction tasks
[39], [64], [38] X v Generated high-fidelity High computational
data; Improved detection demands; Overfitting with
accuracy small datasets
Table 5 Performance metrics
for classification after DA References Spec Prec Fl1 PPV BS Kappa AUC Logloss
[26] v X X X X v X X X
[28] v X v X X X X X X
[31] v X X X X X X X X
[60] X X X v X X v v v
[39] v X v X X X X X X
[40] v X X X X X X X X
[61] X X X v X X X X X
[35] v v X X X X X X X
[63] X X X X v X X X X
[64] v X v v X X X X X
[65] v X X v X X X X X
[37] X X v X X X X X X
[66] v v X X X X X X X
[38] v X X v X X X X X
[68] v X X X X X X X X
[69] v X v X X X X X X
[70] v X v X X X X X X
[71] 4 v v v X X X X X
[34] X v X v X X X X X
[72] v v X X X X X X X
[36] v X v X X X X X X
[77] v v v v X X X X X
[78] X X v X X X X X X
[32] v X X X X X X X X
6 9 9 1 1 1 1 1
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Table 6 Performance metrics

for segmentation after DA References Dice Coefficient AccuracySD Jaccard Index

[27] X v X
[31] X v X
[67] v X X
(41 4 X v/
[73] 4 X X
[77] 4 X X
No. of Studies 4 2 1

indicating a focus on evaluating segmentation performance
(see Table 6). Some less common metrics include Spec,
AccSD, PPV, SD, and FPR, which are used selectively in
different studies.

Analyzing these performance metrics is essential for
understanding the strengths and limitations of using data
augmentation to address data scarcity in biomedical applica-
tions. It was found that only eight research papers evaluated
the quality of the generated data using various metrics such
as Wasserstein distance (WD) [31, 69], Pearson correlation
coefficient [61], KL divergence [30], Mean Absolute Error
(MAE) [32], and t-SNE plots [61, 62, 72], and Frechet Incep-
tion Distance (FID) [73] before using it for classification or
segmentation tasks.

4 Model evaluation and comparative
performance analysis

To investigate the performance and characteristics of these
generative models and explore the evaluation metrics for each
type of data, this section presents an experimental compari-
son of applying GANs to diverse data sources and sizes. As
highlighted in the introduction, existing literature has not yet
investigated a comprehensive set of evaluation metrics for
assessing the quality of data generated through augmenta-
tion techniques. This experimental comparison is required
to better understand the strengths and limitations of GANs
when faced with different data modalities and volumes and
to identify suitable evaluation metrics for the generated data.

4.1 DA techniques and evaluation metrics for
experimental use

Literature suggests that GAN-based is one of the most
advanced techniques for biomedical data augmentation.
GANSs are powerful unsupervised learning neural networks.
There are two neural networks in a GAN, namely a Dis-
criminator (D) and a Generator (G). In order to produce
artificial data close to real data, adversarial training is used,
often described as a minimax two-player game. Generators

produce random noise samples in an attempt to fool the dis-
criminator, whose task is to distinguish between generated
and real data. As a result of this competitive interaction, real-
istic, high-quality samples are produced, which gives each
network the opportunity to advance. The minimax two-player
game depending on G and D is evaluated with a cost function
V(G, D), which is defined by Equation 1:

mGin S V(G, D) = Ex~ pyy.[log D(x)]
FE;~p. [log(l = D(G(2)))] (M

where x is sampled from the real data distribution pga, (x), z
is from input noise variables p,(z), and [E(-) is the expecta-
tion. A distribution pg(x) can also be defined as a generated
data distribution, G(z) as the data generated by G, subject to
Pdata, and D (x) as the likelihood that x is sampled from pgata.
The second model is the Conditional Generative Adversar-
ial Network (CGAN), which is an improved version of the
GAN. The only difference between them is that CGAN adds
label information and uses the powerful learning capabilities
of neural networks to produce samples with specified labels.

The generated data is evaluated by using different evalua-
tion metrics for gene expression data, which are Wasserstein
Distance (WD) and correlation coefficient (r-value). How-
ever, the metrics used for evaluating the image data included
WD, Fréchet Inception Distance (FID), and KL divergence,
as found in the existing literature. WD, which is calculated
between P, P, is defined as follows:

W(P,,P,) = inf

E ~y Xy — x 2
yeT(B,.Py) (xr,Xg) y[” r g”] ( )

The set IT(P,, ;) consists of all joint distributions y (x,, xg)
whose marginals are P, and PPg, respectively. A transport
plan, also called y (x,, x,), represents how much "mass" has
to be transferred from x, to x, in order to convert P to Pg.
The range is typically defined as [0, 00), with zero represent-
ing the optimal value. The formula for the second evaluation
metric, r-value, is provided as follows:
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pPXY=—"""— &)

where px y is the Pearson product-moment correlation coef-
ficient, cov(X, Y) is the covariance of variables X and Y,
ox is the standard deviation of X, and oy is the standard
deviation of Y.

For image data, in addition to WD, the reviewed studies
also utilized other evaluation metrics such as FID [79] and
KL divergence to assess the quality of generated images. The
range of FID values is typically defined as [0, co), with zero
indicating the optimal value. The formula is presented below:

FID = ||, — pell® + Tr (E,+2g _Q(Erzg)l/2> @)

where p, is the mean value of the real data, ug is the mean
value of the generated data, X, is the covariance matrix of
the real data, X, is the covariance matrix of the generated
data, || - || denotes the Euclidean distance, and Tr(-) repre-
sents the trace of a matrix. The next evaluation metric is
Kullback-Leibler (KL) Divergence [80]. A lower KL diver-
gence indicates a closer match between the two distributions,
while a higher KL divergence suggests a larger discrepancy.
The calculation of KL divergence can be performed using
the following formula:

P(x)
KL(P|Q) Z P (x) log (Q (x)) )
where x is a possible event in the probability space, P (x) and
Q(x) are the probabilities of x in the distributions P and Q,
respectively, and the ratio P (x)/Q (x) represents the relative
likelihood of event x according to P compared to Q.

To compare the most advanced DA techniques in the lit-
erature and identify research gaps, this section discussed
the existing DA techniques selected for our experimental
study and provides a detailed explanation of the evaluation
metrics chosen. As previously mentioned, the findings from
all the selected papers underscore the relevance of GAN-
based models for DA in biomedical data. Several of these
papers advance GAN models by addressing critical issues
such as data quality, overfitting, and mode collapse. How-
ever, in terms of stability, only one study among all the papers
proposed a solution to improve stability. Han et al. (2022)
achieved this by replacing the default GAN loss function
with the Wasserstein distance loss [31]. Nevertheless, train-
ing stability remains an unresolved challenge in the literature,
which is the primary focus of this paper.

4.2 Experimental setup and methodology

The experiments were conducted using Python 2.7.5 and
a computational environment consisting of an Intel(R)
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Xeon(R) CPU E5-2695 v2 @ 2.40GHz with 94GB of RAM,
running CentOS Linux 7 (Core). All of the datasets used
in this study were available online. The gene expression
dataset for Schizophrenia was downloaded from the NCBI
archive (accession number GSE93987). The chest CT images
for COVID-19 and chest X-ray images for pneumonia were
available on Kaggle. All the results were generated using the
same experimental setup.

For preprocessing, the gene expression data normal-
ized using the MinMaxScaler from scikit-learn to scale
values between 0 and 1, ensuring consistency across fea-
tures. Image data were preprocessed by resizing to 64x64
pixels and normalizing pixel values to the range [0, 1]
using OpenCV. Implementation leveraged Python libraries
including PyTorch for gene data, utilizing a Generator and
Discriminator architecture with Adam optimizers at a learn-
ing rate of 0.001 over 200 epochs, and TensorFlow/Keras
for image data, employing RMSprop with a learning rate of
0.0001 and weight decay of 6e-9 over 20,000 epochs. These
setups facilitated the generation and evaluation of synthetic
data. To illustrate the implementation of the models used in
this study, pseudocode for GAN and CGAN is provided in
Algorithms 1 and Algorithms 2, respectively.

Algorithm 1 Pseudocode for GAN Model

1: Initialize Generator G and Discriminator D with random weights

2: Define loss functions: L p (Discriminator loss), L (Generator loss)

3: for each training iteration do

4:  Sample random noise vector z from noise distribution p;(z)

5:  Generate fake data G (z)

6:  Sample real data x from true data distribution pg4s4 (x)

7:  Update D by minimizing Lp = —Ey~,,,,[logD(x)] —
E.~p.[log(1 — D(G(2))]

8:  Update G by minimizing L = —E.~ ), [log D(G(z))]

9: end for

10: Output: Generated synthetic data G (z) (gene expression or images)

Algorithm 2 Pseudocode for CGAN Model

1: Initialize Generator G and Discriminator D with random weights

2: Define loss functions: L p (Discriminator loss), L (Generator loss)

3: for each training iteration do

4 Sample random noise vector z from noise distribution p,(z)

5 Sample condition ¢ (class label)

6:  Generate fake data G(z, ¢) conditioned on ¢

7 Sample real data x and condition ¢ from true data distribution
Pdata(X, €)

8:  Update D by minimizing Lp = —E(,c)~pyu, [10g D(x, ¢)] —
E(: o)~ p. [log(1 = D(G(z, 0), )]

9:  Update G by minimizing Lg = —E(; ¢)~p.[log D(G(z, ¢), ¢)]

10: end for

11: Output: Generated synthetic data G (z, ¢) (conditioned gene expres-
sion or images)
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From the perspective of the experimental comparison, dif-
ferent versions of GAN were applied to various data sources
to evaluate model characteristics and assess the quality of
generated data using specific evaluation metrics. Specifically,
GAN and CGAN were applied to three types of biomedical
data: gene expression with two different dataset sizes (50,
202 samples) as shown in Table 7. Additionally, the impact of
varying the GAN configurations on gene expression data was
investigated. Different versions of the GAN were used to con-
trol the relationship between the input and generated (output)
data. Specifically, GAN(1) refers to a model where the size of
the input and output data are equal, while GAN(2) generates
output data thatis twice the size of the input data, and GAN(3)
produces output data three times larger than the input data.
The same approach was applied to CGAN. The second type
of data was X-ray images, with dataset sizes of 600 and 5,233
images. The third data type was CT images, with dataset sizes
of 500 and 3,000 images as shown in Table 8. For all dataset
types, the study included multiple repetitions (Rep) of the
experiments, where each repetition represents a single iso-
lated run of the code on the same dataset.

4.3 Results and analysis

After applying GAN and CGAN to different biomedical data
sources with various sizes and many repetitions (Rep), the
results yielded some interesting observations (see Table 7
and Table 8). Notably, the values were observed to vary con-
siderably across the different Rep and different sizes of the
dataset, even when utilizing the same code and dataset. For
instance, in Table 7, after applying GAN to 50 samples of
gene expression data with three Rep, different results were
obtained for each evaluation metric. For the WD metric, the
first run yielded a value of 0.734, the second run 0.31, and
the third run 0.521. A similar pattern was observed for the
r-value, with values of 0.78, 0.894, and 0.71 across the three
repetitions. Furthermore, when applying CGAN to a larger
dataset of 202 samples, the same inconsistent behavior was
evident. As shown in Table 7, with CGAN(1), the WD val-
ues varied across the three Rep, taking on values of 0.006,
0.124, and 0.0632. Similarly, the r-values were 0.99, 0.676,
and 0.707 for the respective repetitions. The same behavior
was observed in the image data in Table 8.

Existing literature suggests that increasing the size of the
dataset generally leads to improved model performance [31].
However, the results of the current experiment show that in
certain cases, increasing the dataset size did not lead to bet-
ter performance and, in some instances, actually resulted in
worse outcomes. For instance, as shown in Table 7, when
applying the GAN(3) model to gene expression data, with
a dataset size of 50 samples, the WD metric was 0.220 in
Rep.1. However, when the dataset size was increased to 202
samples, also with GAN(3), the WD metric worsened to

1.485 in Rep.1. The same trend was observed with image
data in Table 8: for CT images, GAN(500) had an FID score
of 1680.90 in Rep.1, while GAN(3000) had an FID score
of 2328.044 in Rep.1. The observed variance across repeti-
tions, even with identical code and datasets, strongly suggests
instability in the training process. Further investigation into
the causes of this instability is necessary.

Another key observation from the study is the incon-
sistency in model evaluation across various performance
metrics. The evaluation of the generated data showed that
the results could vary significantly, even when applied to
the same dataset and model configuration. For instance,
in Table 7, the experiment with gene expression data (50
samples) shows that GAN(1) for the first repetition (Rep)
produced a WD of 0.734, which is considered a poor result,
as the optimal value is close to 0. However, the same experi-
ment yielded an r-value of 0.78, which is considered a good
result, as it is closer to the ideal value of 1. Additionally,
for image data in Table 8, the WD for X-ray images using
CGAN(5233) in Rep.2 was 3.972, indicating a poor result,
while the KL Divergence value was 0.003, which indicates a
good result, as a value closer to 0 is optimal. The conflicting
evaluation results suggest that it cannot be confidently deter-
mined which metric provides the most reliable assessment of
the model’s performance.

Additionally, the percentage of variability in Table 7 and
Table 8§ is extremely high in most cases. While the variabil-
ity is acceptable in some instances, applying the same model
to identical data can yield another evaluation metric with
high variability. For instance, in Table 7 for GAN(3) with
202 samples, the WD in Rep.1 is 1.485, while the standard
deviation (SD) is 0.488, indicating high variability. Another
example is the r-value for CGAN(1) with 202 samples, where
the r-value for Rep.1 is 0.99 and the SD is 0.173, again show-
ing high variability. Similarly, for image data in Table 8, for
CT images using CGAN(3000), the FID score for Rep.3 is
2744.717 with an SD of 747.668, further highlighting high
variability.

From a characteristics perspective, in the GAN model,
when the data size increases in X-ray images from 648 to
5233 (GAN(648) and GAN(5233)), the FID score decreases
in all repetitions (see Table 8), indicating a small improve-
ment in performance. For gene expression data, increasing
the sample size from 50 to 202 does not consistently improve
the result. However, CGAN shows significant improvement
with larger datasets. For instance, in X-ray images, the FID
score decreases drastically from 1786.043 for CGAN(648) to
1099.218 for CGAN(5233). Also, for gene expression data in
Table 7, increasing the sample size from 50 to 202 improves
WD consistently (e.g., CGAN(1) from 0.196 to 0.006), sug-
gesting better scalability. For transferability, CGANs show
better and more consistent performance across different types
of data (X-rays and CTs) and different sizes, suggesting
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Table 7 Comparison of model

. Metric ~ Model Gene expression (50) SD Gene expression (202) SD
gzgormance of gene expression Rep.1 Rep.2 Rep.3 Rep.1 Rep.2 Rep.3
WD GAN(1) 0.734  0.31 0.521 0212  0.62 0.623  0.814 0.111
GAN(2) 0.525 0.886  1.125 0.302 0283 0.753 0.4154 0.242
GAN(3) 0220 0.554  0.619 0214 1485 0.791 0.541 0.488
CGAN(1) 0.196 0.124  0.053 0.072  0.006 0.124  0.0632 0.059
CGAN(2) 0.074 0.142 0.222 0.074 0.074 0.039 0.04 0.020
CGAN(@3) 0.13 0.090  0.087 0.024  0.052 0.042  0.062 0.010
r-value  GAN(1) 0.78 0.894  0.71 0.092  0.81 0.802  0.805 0.003
GAN(2) 0.809 0.567  0.428 0.192  0.82 0.825  0.739 0.048
GAN(3) 0812 0815 0.825 0.007  0.21 0.717  0.775 0.310
CGAN(1) 0.663 0.803 0.766 0.072  0.99 0.676  0.707 0.173
CGAN(2) 0.78 0.71 0.791 0.044  0.722  0.701 0.705 0.011
CGAN@3) 0.696 0.678 0.746 0.035  0.69 0.74 0.706 0.025
ZralsleC(s} A(Ij\?ﬁggreilssogno)f(igN Modality Metric Model (size) Rep.1 Rep.2 Rep.3 SD
and CT images CT FID GAN (500) 1680.90 1628.692 1809.733 93.184
GAN (3000) 2328.044 2730.015 2744717 236.436
CGAN (500) 1558.69 1531.357 1465.660 47.815
CGAN (3000) 1465.88 1434.141 2744717 747.668
WD GAN (500) 28.728 81.164 34.898 28.659
GAN (3000) 19.274 14.127 17.653 2.632
CGAN (500) 24.788 29.976 18.853 5.566
CGAN (3000) 7.932 7.4726 16.526 5.100
KL GAN (500) 0.175 0.704 0.268 0.282
GAN (3000) 0.134 0.093 0.352 0.139
CGAN (500) 0.064 0.138 0.088 0.037
CGAN (3000) 0.036 0.036 0.352 0.182
X-Ray FID GAN (648) 1901.158 2261.705 2534.180 317.530
GAN (5233) 1840.789 2054.279 2271.390 215.303
CGAN (648) 1786.043 1936.256 2016.933 117.177
CGAN (5233) 1099.218 1335.23 1156.755 123.062
WD GAN (648) 11.489 3.456 23.553 10.115
GAN (5233) 7.821 7.83 33.184 14.641
CGAN (648) 7.832 4.870 11.858 3.507
CGAN (5233) 5.518 3.972 10.173 3.228
KL GAN (648) 0.028 0.020 0.242 0.126
GAN (5233) 0.027 0.0341 0.451 0.243
CGAN (648) 0.008 0.003 0.0157 0.006
CGAN (5233) 0.008 0.003 0.013 0.005

higher transferability. For gene expression data, the r-value
remains relatively high (around 0.70 to 0.80), indicating
good transferability in capturing the underlying data struc-
ture across different sample sizes. Within the scope of this
experimental analysis, a comparison based on robustness was
not possible. Robustness, in this context, involves testing the
model under varying conditions to assess its ability to han-
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dle noisy or incomplete biomedical data. Such an evaluation
would require a more extensive analysis to understand the
computational complexity and determine the model’s relia-
bility under different data conditions.

Among all the papers reviewed in this study, only one
study [31] explicitly addresses the issue of model stability.
This paper improves model stability by using a set partition
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method based on sample dispersion to ensure the authen-
ticity and stability of the training set distribution, as well
as by employing a constraint penalty. Other papers, such as
[33] and [81], improve the stability of the model by replac-
ing the traditional GAN loss function with the Wasserstein
distance, which has been shown to provide a more stable
training process. Future research should focus on developing
more generalized training stabilization methods and flexible
evaluation frameworks that can accommodate diverse data
modalities and generation tasks.

Table 9 presents the theoretical results addressing the
research questions (RQs) outlined in the Introduction, syn-
thesized from the literature review (Section 3) and experi-
mental findings (Section 4). These results provide a compre-
hensive overview of data augmentation (DA) techniques in
biomedical contexts, focusing on their application, evalua-
tion, and future potential. The results indicate that while DA
techniques effectively mitigate data limitations, their eval-
uation and stability remain underdeveloped, necessitating
advanced metrics and robust models.

5 Discussion

This section examines the results of data augmentation
(DA) techniques in addressing biomedical data challenges,
focusing on their strengths and limitations. We analyze exper-
imental findings, compare them with prior research, and
identify key issues like training instability and metric vari-
ability.

The experimental results presented in the "Experimental
Setup and Results" subsection of Section 4 offer valuable
insights into the performance of GAN and CGAN for DA
in biomedical applications. There is wide variation in per-
formance metrics—Ilike the WD, which ranges from 0.220
to 1.485 for GAN(3) across datasets with 50 and 202 gene
expression samples, and the FID, which increases from
1680.90 to 2328.044 for GANs on CT images (500 to 3000
samples), highlights significant training instability.

This instability appears across repeated runs. For instance,
the SD of 0.488 for GAN(3) WD on 202 samples suggests
recurring issues like mode collapse or vanishing gradi-
ents problems that are documented in GAN research [83].
Notably, increasing dataset size does not always improve
performance. In some cases, metrics worsen as the sam-
ple size increases. This suggests that simply scaling data is
not enough. Without careful tuning of model architecture or
training procedures, performance may remain unreliable.

Our findings also reflect trends observed in prior work.
For example, in study [31] improved GAN stability through
set partitioning and constraint penalties, while another work
[33] employed Wasserstein loss to similar effect. However,
we find our results discrepancies between evaluation metrics

themselves. For instance, GAN(1) on 50 samples achieves
a WD of 0.734 but an r-value of only 0.78. Such incon-
sistencies raise concerns about the reliability of current
evaluation frameworks for assessing synthetic data quality.
This research gap discussed in Section 6. Out of all reviewed
studies, only 9 included evaluation of the synthetic data gen-
erated, pointing to a clear need for more comprehensive,
multi-metric assessment methods. Furthermore, high SD like
747.668 for CGAN(3000) FID on CT images emphasize how
sensitive these models are to experimental conditions and
lead to unstable training.

The implications of these findings are significant. Unstable
training destroys the trustworthiness of synthetic data used to
train diagnostic models. Inconsistent metrics make it difficult
to evaluate and compare results. These issues call into ques-
tion the reliability of current DA techniques in healthcare
applications. This reinforces the future directions outlined in
Section 6. Ultimately, these results highlight the need for DA
methods that are not only accurate but also robust and scal-
able. Addressing these challenges is critical for advancing
trustworthy and effective biomedical Al

6 Current gaps and emerging research areas

This study critically examines the current research on DA
techniques applied to biomedical data, identifying both
strengths and limitations present in the literature. To define
clear directions for enhancing the application of DA in
biomedical data, this section will highlight the research gaps
and necessary future work.

6.1 Identified research gaps

This review presented various studies that applied DA tech-
niques to biomedical data. Regarding the characteristics of
DA methods, it is noted in one paper [27] that despite
covering all the identified model characteristics (scalability,
robustness, and transferability), there is still limited research
or a gap in the literature concerning how these crucial charac-
teristics are integrated into data augmentation methods. This
indicates the need for further exploration and investigation
into developing DA techniques that have all the identified
characteristics to enhance the effectiveness and performance
of models. For evaluation, a variety of performance metrics
were employed by all research papers to assess the classifi-
cation or segmentation models after using the synthetic data.
These metrics included accuracy, precision, recall, F1-score,
sensitivity, specificity, and Jaccard Index.

The selection of metrics differed depending on the specific
research objectives and the characteristics of the problem
addressed in each individual paper. However, it is notewor-
thy that only nine research papers in the reviewed studies
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Table 9 Theoretical results for research questions

Research question

Theoretical results

Supporting evidence

RQI1: What are the recent DA tech-
niques applied to biomedical data,
and how do they address data lim-
itation in genomics and imaging
modalities?

RQ2: What performance metrics are
used to evaluate DA-generated data
quality and downstream ML tasks?

Recent DA techniques include GANS,

CGANSs, VAEs, and diffusion models,
addressing data scarcity by generating
synthetic gene expression data (e.g., 50-202
samples) and imaging data (e.g., X-rays,
CT). GANs enhance diversity, while VAEs
ensure smoothness, reducing overfitting by
10-20% in small datasets

Metrics include Fréchet Inception Distance

(FID), Wasserstein Distance (WD), Pearson
correlation (r-value), and Kullback-Leibler

Literature: [30, 31, 38]; Experiments:
GAN/CGAN on 648-5233 X-ray images

Literature: [33, 37]; Experiments: Metric
discrepancies in Tables 7, 8

(KL) divergence. Only 9 of the reviewed
studies use these, with FID and WD
showing variability, indicating a gap in
robust evaluation frameworks

RQ3: What are the strengths, lim-
itations, and future directions for
GAN-based DA in biomedical con-

Strengths include enhanced dataset diversity
and cost-effectiveness; limitations include
training instability and computational

Literature: [39, 82]; Experiments: Instability
observations in Section 4

texts? demand. Future directions involve stable
training (e.g., StyleGAN2) and
privacy-preserving methods, addressing
gaps in reviewed studies lacking stability

focus

evaluated the quality of synthetic data using various metrics
before utilizing them for training machine learning models
for classification or segmentation purposes. These evalua-
tion metrics vary depending on the type of data source. For
image data, the evaluation metrics include Wasserstein Dis-
tance (WD), t-Distributed Stochastic Neighbor Embedding
(t-SNE), Fréchet Inception Distance (FID), and Kullback—
Leibler (KL) divergence. For gene expression data, the
evaluation metrics are Pearson correlation coefficient (r-
value), WD, and Mean Absolute Error (MAE). This indicates
a relatively low focus on assessing the fidelity and effective-
ness of synthetic data in the reviewed studies.

The experimental results showed significant variability in
the performance of GAN and CGAN models across different
biomedical datasets, even under identical conditions, which
indicates instability in the training process. This variabil-
ity, observed in metrics like WD and r-value, challenges the
assumption that larger datasets always improve model perfor-
mance. In some cases, larger datasets led to worse outcomes,
highlighting the sensitivity of the models to dataset size and
repetition. The inconsistency between different evaluation
metrics further suggests that the current methods may not
reliably reflect true model performance. This study identifies
issues of unstable training and the lack of reliable evaluation
metrics. For unstable training, GAN training can become
unstable due to issues such as non-convergence, vanishing
gradients, exploding gradients, and mode collapse. Various
studies address GAN instability by proposing different archi-
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tectures, alternative cost functions, and training techniques
[83]. Regarding the evaluation framework, more complex
statistical methods are required to provide a better assessment
of the generated data. The inconsistency in evaluation results
observed across different performance metrics suggests that
the current evaluation metrics are not robust enough to draw
reliable conclusions.

6.2 Scope for future work

Recent studies have identified several strengths and gaps
that can guide future research to improve the performance
and reliability of generative models in biomedical data.
Table 10 provides a clear and concise comparison between
DA techniques that are used in the identified studies, helping
researchers quickly determine the most suitable techniques
for their specific needs. Additionally, it highlights areas
where further research is needed, guiding future studies to
address existing limitations and improve the efficacy of DA
techniques in the biomedical field.

Future work could include diverse and synthetic datasets
to address limitations such as small sample sizes and biases,
as seen in studies [27] and [28]. Developing enhanced frame-
works for evaluating synthetic data is crucial, especially
when data is overfitted or lacks sufficient variability [37].
Another critical area for exploration is reducing computa-
tional resource demands without sacrificing performance,
particularly for high-performance models that require sig-
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Table 10 Identification of scope for future research

Ref Strengths

Weakness and Scope for Future Work

[28], [351, [77], [68], [70] Transfer learning with 4 CNNs improved
performance, Ability to generate synthetic data
from unrelated lesions, Improved classification
performance across multiple TL models

[27] Effective 3D MRI classification

[63] Improved segmentation accuracy with RICAP and
traditional augmentation

[67] DA methods with transfer learning enhanced
performance

[37] Provides lymph node (LN) detection and
segmentation

[66] DA methods with transfer learning enhanced
performance

[72] Enhanced feature extraction from unlabeled data

[26], [31] Generate high quality of samples

[61] The model was trained in two separate experiments
by using human and animal data

[69] Reducing overfitting problem

[30], [32] The accuracy is improved

[60] The model enhances the performance and reliability
of downstream tasks and using diverse and rich
data

[62] The model reduces noise and improves clustering
accuracy

[4] Segmented models increase reliability and prediction
quality

[34] This is the first study on OPTIMAM Mammography
Image Database

[36] CBR system increased classification accuracy by
11%

[73] The model enhances the quality and diversity of

generated data

[391.,[40], [78], [64], [65], [38] Generated high-fidelity genomic data for rare
diseases, Improved pneumonia detection accuracy
with synthetic X-ray data, Superior structural
fidelity in brain tumor segmentation

Used a limited dataset, and there was a lack of
synthetic data evaluation. Future work could
include diverse datasets and an enhanced
framework for evaluating synthetic data.

The study lacked evaluation of the synthetic data and
had a bias problem. Future research should focus
on evaluating synthetic data and addressing these
biases.

The study was limited by the data used and faced
issues with overfitting. Future research should
involve a more diverse dataset to mitigate these
challenges.

The approaches demand high computational
resources. Future work could explore reducing
resource demands without sacrificing performance.

High FDR values indicate that the generated samples
differ from the original data. Future work should
focus on reducing batch effects

Future work could focus on enhancing the model’s
ability to link copy number variations with
genomic data

Slow image segmentation. Future research should
focus on developing efficient segmentation
methods, using larger datasets, and evaluating
synthetic data

Future work should explore methods to classify
masses more accurately

Future work could explore methods to enhance
segmentation and feature extraction for better
classification

The model is only for segmentation without
classifying the images. Future research should aim
to combine segmentation and disease classification
for comprehensive IVUS image analysis

High computational resource demands and potential
overfitting with small datasets. Future work should
focus on optimizing efficiency and enhancing
synthetic data evaluation frameworks.
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nificant resources, as noted in [26] and [31]. Additionally,
combining multiple modalities—such as integrating seg-
mentation with disease classification—could provide a more
comprehensive analysis, especially for detailed imaging
tasks like IVUS image analysis [73]. The refinement of
methods for segmentation and classification is also impor-
tant, especially when dealing with complex medical images,
where accuracy and feature extraction need to be enhanced
[36]. While these future directions offer significant poten-
tial, several challenges may arise when implementing them,
including:

e Lack of Diverse Datasets: A lack of real biomedical
data, data privacy concerns, proprietary restrictions, and
limited sample sizes in certain diseases limit the devel-
opment of comprehensive datasets.

e Overfitting and Variability in Synthetic Data: Overfitting
remains a critical problem, preventing current models
from capturing all the variability experienced in real data.
Advanced techniques for generating and validating syn-
thetic data are required, which can be computationally
and technically challenging.

e High Computational Resource Demand: Achieving high-
performance models with reduced computational resources
without compromising accuracy is not an easy task.
Many research teams lack access to advanced comput-
ing resources (e.g., GPUs, TPUs), making it difficult to
train large models practically.

It is critical to address these research gaps to enhance
data augmentation techniques in biomedical fields. Due to
persistent training instability in GAN architectures, recent
GAN variants such as StyleGAN2 have been explored, which
improve training stability and image quality through adap-
tive normalization and progressive growing techniques, as
demonstrated by [82]. However, instability persists when
training on small datasets, a common challenge in biomed-
ical domains. Additionally, although diffusion models have
gained attention for data augmentation, their stability remains
a concern. The study by [84] proposed a mixup-based dif-
fusion approach for motor imagery EEG augmentation,
yet noted challenges in maintaining consistent performance
across varying sample distributions, highlighting the sensi-
tivity of such models to noise and limited training data. Due
to resource constraints and the scope of this survey, experi-
ments with StyleGAN?2 and Diffusion Models are postponed
to future work, where we aim to evaluate their effective-
ness in stabilizing training and addressing the limitations of
small biomedical datasets. Future studies should focus on
improving existing methods, evaluating synthetic data, and
overcoming the identified computational and dataset limita-
tions.

@ Springer

7 Conclusion

Al techniques have a great impact in the healthcare sector for
tasks such as image analysis, disease diagnosis, and treatment
planning. The primary challenge in leveraging Al in this field
is the limited availability of biomedical data, often due to
privacy concerns, consent restrictions, or its scarcity in rare
diseases. To address the issue of insufficient training data,
the use of DA has become one of the proposed solutions.

In this survey paper, DA methods in recently published
research papers were explored, focusing on the character-
istics of these methods and investigating the strengths and
weaknesses of each. As DA methods are discussed in the
literature, characteristics such as scalability, robustness, and
transferability provide insights into their performance. As a
result of the review, researchers will be able to determine
which DA model is suitable for their work based on these
important performance characteristics, and this understand-
ing will inform future advances in biomedical DA techniques.

Experiments were then conducted on existing DA meth-
ods, specifically GAN and CGAN, across various data
sources and sizes, to examine the characteristics for each
model and evaluation metrics used for each type of data.
The experimental analysis reveals the inherent instability in
training GAN-based models, with significant variability in
performance across different datasets and repetitions. The
findings suggest the need for future research to develop
more training stabilization methods and reliable evaluation
frameworks that can better assess model performance across
different biomedical data types.
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